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ARTICLE INFO ABSTRACT

JEL: We propose robust multivariate range-based volatility models designed to improve the forecasting of risk and
€220 interdependencies across financial markets. Methodologically, the paper combines two complementary features
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within a single multivariate framework: robustness to outliers and the use of range-based volatility measures
constructed from daily open, high, low, and close prices. As a result, the proposed framework operates entirely in
a daily-data setting and does not require high-frequency intraday observations. Two new model specifications are
introduced, both extending the standard dynamic conditional correlation framework to enhance model stability
and predictive accuracy. Empirical results indicate that the proposed models provide more reliable forecasts of
covariances and portfolio risk than conventional multivariate volatility models. They also deliver more accurate
Value-at-Risk forecasts, underscoring the practical relevance of robust range-based volatility models for financial
forecasting and risk management. The empirical analysis covers crude oil, gold, equities, and Bitcoin, reflecting
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the growing integration of traditional and alternative asset classes.

1. Introduction

Modeling relationships among financial time series is of considerable
practical importance. Understanding and forecasting volatility and
cross-market dependencies are central to modern financial analysis.
Accurate covariance and correlation forecasts are essential for portfolio
allocation, hedging strategies, and systemic risk monitoring. These is-
sues have become particularly important in recent years due to the
increasing integration of traditional assets, such as equities, commod-
ities, and gold, with alternative assets, including cryptocurrencies.
Consequently, financial institutions, portfolio managers, and regulators
increasingly rely on multivariate volatility models to assess portfolio risk
and tail exposures across heterogeneous asset classes.

Multivariate GARCH models are particularly well suited to modeling
financial time series because they allow for the joint modeling of time-
varying volatilities and correlations across assets, which is crucial for
portfolio allocation, hedging strategies, and risk management. Unlike
many alternative approaches, these models provide a coherent frame-
work for generating dynamic covariance matrices that can be directly
employed in portfolio optimization and Value-at-Risk (VaR) calcula-
tions. As a result, multivariate GARCH specifications have become the

dominant econometric framework for modeling volatility interactions
across financial and commodity markets (see, e.g., Ali & Khurram, 2025;
Archakov et al., 2026; Lai et al., 2025; Yin et al., 2025; Campos-Martins
& Amado, 2026; Kim, 2026).

A substantial strand of the volatility forecasting literature relies on
high-frequency data and realized volatility measures, often modeled
within frameworks such as the HAR model (Corsi, 2009). Although these
approaches can provide statistically more efficient volatility estimators,
their practical implementation requires access to high-frequency
intraday data and involves several methodological choices, including
the sampling frequency, the selection of realized volatility estimators,
and the treatment of market microstructure noise. In multivariate set-
tings, the construction of realized covariance measures introduces
additional challenges related to nonsynchronous trading and computa-
tional complexity.

In contrast, the approach adopted in this paper focuses on volatility
models based on daily data. Range-based estimators constructed from
daily open, high, low, and close (OHLC) prices provide substantially
more information than close-to-close returns while avoiding the data
requirements and implementation challenges associated with high-
frequency approaches. The empirical illustration presented in this
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study is based on four assets representing major and economically
distinct segments of global financial markets: crude oil, gold, equities,
and Bitcoin. These assets are among the most widely traded instruments
within their respective classes and are frequently used as benchmarks in
empirical financial research. At the same time, they exhibit markedly
different volatility dynamics, market structures, and responses to mac-
roeconomic shocks. Oil reflects commodity and energy markets, gold is
traditionally viewed as a safe-haven asset, equities represent the core of
financial markets and global economic activity, while Bitcoin captures
the rapidly evolving cryptocurrency market characterized by extreme
volatility and structural breaks. Such a heterogeneous set of assets
provides an appropriate environment for evaluating multivariate vola-
tility models, as it facilitates the analysis of cross-market volatility in-
teractions and risk transmission across fundamentally different asset
classes.

The rapid proliferation of volatility models has created a nontrivial
challenge for empirical research, making it increasingly difficult to
determine which modeling mechanisms are most effective in improving
volatility and covariance forecasts in practice. Recent studies have
emphasized the importance of two aspects of financial volatility
modeling: (1) robustness to extreme observations and (2) the use of
statistically more efficient volatility estimators than close-to-close
returns, particularly during periods of heightened market uncertainty.
Nevertheless, these two strands of the literature have largely evolved
independently, and their joint empirical relevance in multivariate set-
tings has remained unexplored.

Financial and commodity prices are well known to exhibit sudden
jumps and extreme observations, especially during periods of market
stress. A prominent example is the oil market, which experienced severe
disruptions following the outbreak of the COVID-19 pandemic in 2020.
It is well established that outliers can severely distort tests of conditional
homoscedasticity, parameter estimates, volatility forecasts, and risk
measures in univariate frameworks (see Hotta & Trucios, 2018, for a
survey). However, the literature addressing the impact of outliers in
multivariate volatility models remains relatively limited. Grane et al.
(2019), for instance, developed a wavelet-based outlier detection algo-
rithm applied to residuals from multivariate volatility models and
examined its effect on correlations in several popular specifications,
including the diagonal BEKK (Baba, Engle, Kraft, and Kroner; Engle &
Kroner, 1995), CCC (Bollerslev, 1990), and DCC (Engle, 2002) models.
Their Monte Carlo results demonstrate that conditional correlations are
highly sensitive to the presence of outliers. Similar conclusions were
reached by LaBarr (2010) for the DCC model and by Boudt et al. (2013)
and Trucios et al. (2018) for the corrected DCC (cDCC; Aielli, 2013)
specification.

At the same time, there is strong empirical evidence that large return
shocks tend to exert a relatively smaller effect on subsequent volatility
than moderate shocks (e.g., Andersen et al., 2007; Bauwens & Storti,
2009; Boudt et al., 2013). Standard multivariate GARCH models, how-
ever, generally fail to capture this feature and often overstate volatility
following extreme returns. Consequently, various robust modeling
strategies have been proposed to mitigate the excessive influence of
extreme observations. Section 2 provides an overview of the relevant
literature on robust multivariate volatility models and highlights their
advantages during periods of heightened market uncertainty.

In addition to the appropriate treatment of outliers, a practical
challenge in modeling financial markets stems from the limited avail-
ability of high-quality intraday observations. High-frequency data are
often available only for relatively short periods, restricted to the most
liquid instruments, or accessible only at considerable cost. As a result,
researchers have long relied on alternative volatility measures derived
from more readily available data, and interest in these approaches has
recently resurged. In this context, range-based models have regained
attention because they exploit daily OHLC prices, which are widely
available across markets and contain substantially more information
about price variability than closing prices alone. A growing body of
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empirical evidence demonstrates that range-based volatility measures
consistently outperform return-based alternatives in terms of forecasting
accuracy (see Petropoulos et al., 2022, for a comprehensive survey).

Taken together, these considerations suggest that both robustness to
extreme observations and the use of range-based volatility measures are
particularly important in empirical settings characterized by heightened
uncertainty and abrupt shifts in volatility. From an applied perspective,
a modeling framework that integrates these two features within a uni-
fied multivariate structure is therefore highly desirable. Situations
involving outliers or unexpected volatility shocks are pervasive in
empirical financial research, and the issue becomes even more pro-
nounced when analyzing portfolios composed of heterogeneous assets.
In such cases, elevated volatility in a single portfolio component may
substantially affect the dynamics of conditional variances and correla-
tions, underscoring the need for models that are both robust and infor-
mationally efficient.

This study makes two main contributions to the financial econo-
metrics literature. First, we introduce two robust multivariate range-
based volatility models that combine the advantages of range-based
specifications with robust estimation techniques. In the first model, we
apply the modified bounded innovation propagation (BIP) procedure of
Boudt et al. (2013) to the DCC-RGARCH framework of Fiszeder et al.
(2019). In the second model, a different approach is adopted in the
univariate component, whereby the modified BIP procedure is combined
with the robust estimation approach of Muler and Yohai (2008).
Accordingly, the second model represents a multivariate extension of
the BM-RGARCH univariate volatility model proposed by Fiszeder et al.
(2024). Our contribution extends beyond a simple combination of
existing modeling elements: we introduce modifications that enable the
robust filtering mechanism to be applied to variables inherent in range-
based volatility models. Both models employ the DCC parameterization
because of its popularity and ease of implementation; however, we
adopt the corrected DCC (cDCC) specification proposed by Aielli (2013).
To the best of our knowledge, these are the first robust multivariate
range-based volatility models proposed in the literature. Unlike existing
approaches, the proposed models jointly address two important chal-
lenges in financial volatility modeling: sensitivity to extreme observa-
tions and the efficient use of intraday price information contained in the
high-low range. These models are designed to enhance both the
robustness and informational efficiency of multivariate volatility
frameworks, which is essential for accurate risk measurement and
portfolio management in financial markets.

The second contribution is empirical and directly relevant to finan-
cial applications. We demonstrate that the proposed models deliver
more accurate forecasts of covariances and Value-at-Risk, two key
measures used in portfolio risk management and financial regulation. By
applying the models to a diversified portfolio consisting of oil, gold,
equities, and Bitcoin, we illustrate how robust range-based volatility
models can improve the assessment of cross-asset risk exposures in
portfolios that combine traditional and alternative assets. The remainder
of the paper is organized as follows. Section 2 reviews the relevant
literature. Section 3 introduces the theoretical background and presents
the proposed models. Section 4 describes the data and reports summary
statistics. Section 5 presents the in-sample estimation results, including
parameter estimates and conditional correlations. Section 6 evaluates
the accuracy of covariance forecasts for the 30 models under consider-
ation. Section 7 reports the results of the VaR forecasting exercise.
Section 8 provides a robustness check based on the Parkinson variance
estimator. Section 9 discusses the limitations of the study and directions
for future research, and Section 10 concludes.

2. Literature review
Two promising strands of research have recently emerged in the

multivariate modeling of financial time series volatility. The first con-
cerns robust modeling and forecasting methods, whereas the second
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focuses on the use of range-based volatility estimators. Within the
former strand, two main approaches have been proposed to address the
problem of outliers in financial data. The first involves iteratively
identifying and removing outliers, followed by fitting the model to the
cleaned data until no further outliers are detected. Under this approach,
extreme observations are identified, corrected, and subsequently
analyzed using standard volatility models. The second approach relies
on estimators that are inherently robust to outliers. Our focus is on the
latter. Accordingly, we review studies that introduce robust estimators
for multivariate volatility models and apply them to financial time se-
ries. For a broader discussion of related issues, including testing, spec-
ification, estimation, and forecasting, see Hotta and Trucios (2018).

Boudt and Croux (2010) introduced a robust M-estimation frame-
work for the BEKK model and proposed a modification — bounded
innovation propagation — that limits the impact of extreme innovations
on future volatility. Through both Monte Carlo simulations and an
empirical application involving the Nasdaq and NYSE Composite
indices, they demonstrated the strong robustness of the M-estimator
under a fat-tailed Student's t-loss function. Their approach also
improved minimum-variance portfolio allocations. However, the
method has an important limitation: it restricts the impact of shocks on
conditional variance according to the extremeness of the entire lagged
return vector rather than that of individual returns. Consequently, the
volatility of assets less affected by outliers may be underestimated.

Croux et al. (2010) proposed a robust version of the multivariate
exponential smoothing model. Their simulation study showed that the
robust method produced more accurate covariance forecasts in the
presence of outliers and reduced the downward bias in the estimation of
smoothing parameters. When applied to monthly housing data, the
approach successfully generated cleaned series free from extreme
observations.

LaBarr (2010) developed a robust estimation method for the DCC
model based on a bounded deviance function. The approach yielded
improved volatility estimates in both simulated data and foreign ex-
change series involving the U.S. dollar against major currencies. How-
ever, the estimation of correlation parameters remained comparatively
less accurate.

Boudt et al. (2013) extended this line of research by introducing a
robust DCC model and applying it to the EUR/USD and JPY/USD ex-
change rates. Their results demonstrated more accurate out-of-sample
covariance forecasts than the standard DCC specification, as well as
improved portfolio performance characterized by similar returns but
lower turnover. Because this model forms part of our study, a detailed
methodological description is provided in Section 3.2.

Further contributions were made by Igbal (2013a, 2013b), who
proposed robust estimation methods for the simplified multivariate
GARCH (S-GARCH; Harris et al,, 2007) and orthogonal GARCH
(O-GARCH; Alexander & Chibumba, 1996) models. Because these
frameworks require only univariate GARCH estimation, they are
computationally more tractable. Monte Carlo simulations revealed that
estimators such as least absolute deviation (LAD) and the B-estimator
outperformed quasi-maximum likelihood estimation (QMLE), particu-
larly in forecasting correlations and VaR. Applications to equity and
exchange rate data further confirmed their predictive advantages.

Ebrahimi and Seyedhosseini (2015) introduced a robust M-estimator
for the multivariate FIGARCH model in BEKK form that incorporates
bounded innovation effects. Their model was applied to the analysis of
volatility transmission between WTI crude oil and the Tehran and Dubai
stock indices.

The second promising strand of research concerns range-based
volatility modeling. Comprehensive reviews are provided by Chou
et al. (2015) and Petropoulos et al. (2022); therefore, we briefly sum-
marize five recent contributions.

De Nard et al. (2022) proposed the IDR-DCC-NL model, which re-
places close-to-close returns with intraday-regularized (OHLC-based)
returns and employs range-based estimators as volatility proxies.
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Applied to U.S. equities, the model improved global minimum-variance
portfolio allocation and outperformed both the standard DCC and DCC-
NL models.

Fiszeder et al. (2023a) introduced the DCC-OHLC model, which in-
corporates OHLC information into both the variance and correlation
equations. Using Molnar's (2016) RGARCH model for conditional vari-
ances and Popov's (2016) OHLC-based correlation estimator, they
demonstrated superior covariance forecasts and VaR predictions across
ETF and foreign exchange datasets relative to standard and alternative
range-based DCC specifications.

Building on this work, Fiszeder et al. (2023b) proposed the DCC-X-
RGARCH-X model, an extension of the DCC-RGARCH framework that
incorporates exogenous variables into the mean, variance, and covari-
ance equations. Applied to ETFs representing oil, equities, and gold, the
model outperformed competing specifications, with Google search in-
tensity for the term “oil prices” serving as a significant predictor of
covariances.

Wu et al. (2023) developed the bivariate VS-ACARR model,
extending Chou's (2005) univariate CARR framework to capture vola-
tility spillovers. Applied to WTI crude oil and Bitcoin, the model iden-
tified strong spillover effects from oil to Bitcoin and a weak leverage
effect in Bitcoin, while delivering more accurate volatility forecasts than
GARCH- and CARR-based alternatives.

Yan et al. (2025) introduced three new multivariate models: the
DCC-REGARCH, co-range REGARCH (CRREGARCH), and co-range
CARR (CRCARR). The DCC-REGARCH and CRREGARCH models
exhibited the strongest out-of-sample performance in forecasting
variance-covariance matrices for the GBP/USD and EUR/USD exchange
rates, as well as the SPDR S&P 500 ETF Trust and the United States Oil
Fund ETF. These models also generated the lowest portfolio variance
and turnover for global minimum-variance portfolios in the majority of
cases.

Despite these advances, a notable gap remains in the literature.
Existing studies on robust multivariate volatility models focus primarily
on handling outliers within return-based GARCH frameworks, whereas
the literature on range-based volatility models emphasizes the infor-
mational advantages of price-range measures but typically does not
address robustness to extreme observations.

The present study bridges these two strands of research by proposing
multivariate volatility models that simultaneously incorporate robust
estimation techniques and range-based volatility measures. In doing so,
the paper extends both the literature on robust multivariate GARCH
models and the literature on range-based volatility modeling.

3. Theoretical background

In this section, we first present two models from the literature that
serve as the foundation for our proposed specifications: the cDCC model
of Aielli (2013) (Section 3.1) and the BIP-cDCC model of Boudt et al.
(2013) (Section 3.2). Combined with the DCC-RGARCH model of
Fiszeder et al. (2019), these frameworks form the basis of the proposed
BIP-cDCC-BIP-RGARCH and BIP-cDCC-BM-RGARCH models, which are
described in Sections 3.3 and 3.4, respectively.

3.1. The cDCC model of Aielli (2013)

In this subsection, we describe the standard ¢cDCC model based on
closing prices and its estimation using the quasi-maximum likelihood
method. To clearly distinguish this specification from our proposed
models, which rely on different univariate volatility equations, we refer
to it as the cDCC-GARCH model. This parameterization provides a more
tractable version of Engle's (2002) DCC model.

Let €; denote the N x 1 vector of demeaned observed returns given
by:

€y, ~ N(0,cov,) €y
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where y,_; denotes the information set available at time t — 1, N denotes
the multivariate normal distribution, and cov, is the N x N symmetric
conditional covariance matrix.

The ¢cDCC(P, Q)-GARCH(p, q) model by Aielli (2013) can be written

as:
cov, = D,cor,D, 2
cor, = Q,7'Q,Q,™" 3
Q P P
Q = (1 ¢ Z@) Z (Q iz Q)+ > 6Q,; @
i=1 Jj=1 i=1 j=1
1
where D; = diag(hm h ...,h%,), and the conditional variances hy (for
n =1,2,...,.N)are descrlbed by univariate GARCH models (Egs. (5)—(6)).

Furthermore, z. denotes the standardized N x 1 residual vector,
assumed to be serially independent and given by z, = D; e, cor, is the
time varying N x N conditional correlation matrix of z;, S is the un-
conditional N x N covariance matrix of Q, z, and Q; is the diagonal N x
N matrix composed of the square roots of the diagonal elements of Q,.
The parameters {; (for i = 1,2,...,Q), 6; (for j = 1,2, ..., P) are
nonnegative and satisfy the condition 32, ¢; + Zle 6 < 1.

The univariate GARCH(p, q) model of Bollerslev (1986), used to
calculate the conditional variances, is given by:

em‘l//t,l NN(Oyhnt)7 n=12..,N ()]
q p

hnt = Ono + Z (lmfg t—i + Zﬁnjhn t—j (6)
i1 =

where €y = 't — 740, Tne denotes the return, and y,, is the constant. In
most applications, it is assumed that a,9 > 0, a,; > 0, and Prj 20 (for
n=12..N;i=12,..,4q;j=1,2,...p). However, weaker conditions
ensuring the non-negativity of the conditional variance may also be
considered (Nelson & Cao, 1992). The covariance -stationarity condition
for ene is Y0y ani+ >0 By < 1.

The parameters of the cDCC model can be estimated using a two-
stage quasi-maximum likelihood procedure. Let the parameter vector
of the model, denoted by ®, be partitioned into two groups such that
@ = (04,0;), where ©; contains the parameters of the conditional
mean and variance equations and @, contains the parameters of the
correlation component. The log-likelihood function can then be
expressed as the sum of two components:

L(®) = Lyo(01) + Leorr (02|01 ) ()

where Ly, (01) can be written as the sum of the log-likelihood functions
of N univariate GARCH models:

1 N T 2
LVol 01 _E (Tln 277 + Z (ln nt) + t) > (8)
t=1

ni
n—1 nt
while Lo (©2]01 ) represents the correlation component:
1 T
Leor (0201 ) = — > > (Injcor,| + zcor, 'z, — 7z, ) 9
t=1

Accordingly, in the first stage, the parameters of the univariate
GARCH models are estimated separately for each series. In the second
stage, the parameters @, are estimated conditional on the parameter
estimates @, obtained in the first stage. The estimation of the matrix S
and the parameters O, is interdependent because S is updated sequen-
tially as the correlation matrix of Qt z,. In contrast, in Engle's (2002) DCC
model, the matrix S is computed only once prior to the estimation of the
parameters @,.

International Review of Financial Analysis 117 (2026) 105260
3.2. The BIP-cDCC model of Boudt et al. (2013)

Boudt et al. (2013) introduced a robust dynamic conditional corre-
lation model and proposed three modifications to the original ¢cDCC
framework. First, the standard GARCH specification is replaced with the
BIP-GARCH model. Second, the impact of large innovations on the
correlation matrix is bounded through the BIP procedure applied in the
updating equation for Q,. Third, a robust procedure is employed to es-
timate the unconditional correlation matrix. To clearly distinguish this
specification from related models, we refer to it as the BIP-cDCC-BIP-
GARCH model.

The BIP-cDCC(P, Q)-BIP-GARCH(p, q) model can be expressed as:

ely,  ~t,(0,cov,) (10$)
cov, = D,cor,D, an
cor, = Q,'Q,Q,™" (12)

Q » Q
Q = (1 - G- 9;) Srw + Y Citkyy (de 1) (Q) 2 2 1Q ;)
i1 =1 i1
P
+ Z eth—j
=

13)

where t, denotes the multivariate Student's t-distribution with v degrees
of freedom, d;_1 = 7, 1 cor;}1 z,_1 is the squared Mahalanobis distance,

. ks . c .
@, (W) = csy min (1, 07”) is a weighting function, cs;n=

W is a correction factor, and ks is the § quantile of the
chi-square distribution with N degrees of freedom. The introduction of
the correction factor ¢;y follows from the use of the threshold-based
weighting function wy,,. Specifically, the factor rescales the weighted
term so that, after the filtering implied by the weighting function, the
conditional expectation of the weighted term remains equal to the
conditional correlation in the absence of outliers. The remaining vari-
ables are defined analogously to those in the cDCC-GARCH model. The
choice of § reflects the standard efficiency-robustness trade-off. In the
proposed models ks is determined empirically (details are provided in
Sections 3.3 and 3.4).

The sample correlation matrix S model may be biased in the presence
of additive jumps. To address this issue, Boudt et al. (2013) employ the
reweighted unconditional correlation matrix estimator:

Sgw = RC"IRCRC™ ! a4

where RC’ is the diagonal N x N matrix containing the square roots of
the diagonal elements of RC, while RC is defined as RC=

§95N ST 221, with weights L, = 1[z,SC, 'z, < 4%(0.95)]. The cor-
=1 Le

rected Spearman correlation matrix is given by SC; = 2sin (% ﬂCt>.

The Spearman correlation matrix C, is computed within a local
window centered around each observation z;. This window spans the

interval {t -Lt+ g] Near the sample boundaries, when t < K/2, the

interval is defined as [1,K + 1], whereas when t > n— K/2, it is defined
as [T — K, T]. Boudt et al. (2013) set K = 30.

Conditional variances are modeled using the BIP-GARCH specifica-
tion, which takes the following form:

€m‘l//t,1 ~ tp(oahnt)v n= 1727 N (15)
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q 2 P
M:%+Z%%(#gﬁH+z%mH (16)
i=1 i j=1

The unconditional mean return is estimated using a robust
reweighted sample mean:

Tnelne

M=

~
Il
-

To = n=1,2,...N a”

T )
> e
t=1

where I, =1 {(r"‘"’;ﬂd;“;("“))z < l} , Iis an indicator function, MAD; de-

notes the median absolute deviation m-median;(|r, — median,(ry) | ),
with the correction factor m set to 1.483, and [ is the threshold corre-
sponding to the 0.95 quantile of the chi-square distribution. The
correction factor m is set equal to 1.483 to ensure that MAD,, when used
as a volatility estimator, is consistent with the corresponding volatility
measure under the assumption of normality. Both the local median; and
MAD; are computed within moving windows analogous to those used in
the estimation of the Spearman correlation matrix.

The parameters of the BIP-cDCC-GARCH model are estimated using
an M-estimation procedure implemented in two stages. Let the param-
eter vector @ be partitioned into two components @ = (1, @), where
©; contains the parameters governing the conditional variances and @,
contains the parameters of the correlation component. In the first stage,
the parameters of the univariate BIP-GARCH models are estimated
separately for each series by minimizing the average value of the
objective function p(.), evaluated at the logarithm of the squared
devolatilized residuals:

. N 1 T 6'2
®; = arg min — p <ln —"‘) (18)
! 0 "Z; |:T ; hpe

where p(.) is associated with the Student's t4 density function, i.e., p(z) =
N pyy, (@) = (N4 2)In (14 %),
E {p}m (u)U}

In the second stage the parameters @, are estimated conditional on

- Z+ 0'174Pn4(EXp(Z) )’ ONy =

the first-stage estimates ®;. The M-estimator for the correlation
component is given by:

0, = arg min Z [In|cor,| + op(2z,cor,'z,) | 19)

[E) =1

where ¢ is a correction factor equal to on 4, p(u) = p,,, (u).

Note that when p(z) =z and ¢ = 1, the Gaussian QML estimator is
obtained as a special case.

The matrix Sgw and the parameter vector @, are estimated itera-
tively. The procedure begins with the estimation of Sgw as the
reweighted unconditional correlation matrix of Q; Z1, ..., Q;zr. Subse-
quently, the algorithm alternates between updating Sgw and estimating
O, using Student t; M-estimation within the BIP-cDCC framework until
convergence is achieved.

3.3. The BIP-cDCC-BIP-RGARCH model

In this subsection, we introduce the first of the proposed models,
referred to as the BIP-cDCC-BIP-RGARCH model. This specification
combines the BIP-cDCC-BIP-GARCH model of Boudt et al. (2013) with
the DCC-RGARCH model of Fiszeder et al. (2019). To ensure that the BIP
procedure is appropriate for both the RGARCH framework and the
analyzed time series, we introduce several modifications.

The BIP-cDCC(P, Q)-BIP-RGARCH(p, q) model can be written as:

€|y, ; ~D(0, cov,) (20)
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cov, = D,cor,D, 21
cor, =Q,'QQ, " (22)
Q P Q )
Q. = <1 - Z §i— Z 9;) Srw + Z Ciok, (1) (Qpi2e-iZ-1Q, ;)
i—1 = i—1
P
+>6Q,
=1
(23)

where D denotes either the multivariate normal distribution or the
multivariate Student's t-distribution. The constant parameters of the

weighting function wy,, (1) = ¢sn min(l, k”T”) , namely the scaling fac-

tor ¢;n and the threshold ks are calibrated using the empirical distri-
butions of the observed time series.' Specifically, the values of ks are
determined as quantiles of the empirical distribution of z,cor; 'z, while
the constants ¢,y are chosen so that the weighting scheme preserves the
conditional expectation of the weighted term under the absence of
outliers, thereby ensuring consistency with the conditional correlation
structure.

To determine these constants, the empirical distribution of z;cor;, 1z,
is obtained from a preliminary estimation based on the standard DCC-n
model. This procedure replaces the constants derived from the chi-
square distribution, which rely on the restrictive and often unrealistic
assumption of normally distributed returns. The modification is intro-
duced to ensure consistency between the multivariate and univariate
components of the model. In the univariate specification, theoretically
derived constants cannot be employed because the standard variance
estimator is replaced with a more efficient volatility estimator, as dis-
cussed in detail below in the description of the univariate component.
The estimated values of these constants are reported in Tables 1 and 2.
The remaining variables and parameters are defined analogously to
those in the BIP-cDCC-BIP-GARCH model. The choice of the filtering
level & reflects the standard efficiency-robustness trade-off. In this
study, we consider four values of §, hereafter referred to as filtration
levels: 0.99, 0.975, 0.95, and 0.90.

Conditional variances are modeled using the BIP-RGARCH specifi-
cation:

enelyq ~d(0,hy), n=1,2,....N 24)

q 52 ) p
M:%+Z%%(%ﬁyam+2%%a 25)
i-1 n j

t—i =

where d denotes the univariate normal or Student's t-distribution,
62¢ne = 0.5[In(Hn/Lne))* — (2In2 — 1)[In(Cne/Ope) >, represents the
Garman-Klass variance estimator (Garman & Klass, 1980). The vari-
ables Oy, Hpy, Ly, Cre denote the daily open, high, low, and close prices,
respectively, of the n-th asset. Although the Garman-Klass estimator is
employed in the baseline specification, alternative range-based variance
estimators can also be used. The weighting function wy,, is adjusted in
the same manner as in the Q, equation. Specifically, the constants c;1
and ks ; are calibrated to the empirical distributions of the observed time
series rather than being derived under the chi-square assumption. This
adjustment is necessary because the standard squared-return term in the
variance equation is replaced by an efficient range-based variance
estimator. Consequently, the correction factor derived from the theo-
retical distribution of squared returns is no longer appropriate. Instead,

1 The parameter adjustments are done with the use of the empirical data from
the first rolling window and rely on preliminary estimates obtained from a basic
DCC-n model.
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Adjusted values of the threshold parameter ks based on the empirical distribution of returns.

Filtering level & Models with the normal distribution

Models with the Student's t-distribution

N=1 N=2 N=3 N =4 N=1 N =2 N=3 N =
0.9 2.415 4.609 6.670 8.585 2.343 4.556 6.619 8.358
0.95 4.014 7.179 9.738 12.582 4.005 7.046 9.870 12.375
0.975 6.212 10.277 13.568 16.361 6.046 10.320 13.409 16.454
0.99 10.144 14.850 19.271 22.938 10.161 15.000 19.817 24.663

Note: The table presents adjusted values of the ks parameter of the weight function wy,, based on estimates obtained from the empirical time series.

Table 2

Adjusted values of the correction factor ¢;y based on the empirical distribution of returns.

Filtering level & Models with the normal distribution

Models with the Student's t-distribution

N=1 N=2 N=3 N =4 N=1 N=2 N = N =
0.9 1.512 1.320 1.248 1.210 1.563 1.352 1.276 1.243
0.95 1.291 1.178 1.143 1.116 1.322 1.209 1.163 1.140
0.975 1.172 1.107 1.086 1.076 1.204 1.128 1.108 1.096
0.99 1.089 1.062 1.051 1.046 1.110 1.082 1.069 1.060

Note: Adjusted parameter values are obtained from empirical return distributions estimated from the sample data.

the parameters are calibrated to preserve the same distributional char-
acteristics as those implied by the original BIP framework, while their
numerical values are determined empirically from the sample rather
than analytically. In this way, the conceptual interpretation of the pa-
rameters is retained while adapting them to the distributional properties
of the alternative variance estimators employed in the model. This
approach follows the empirical correction procedure proposed by
Fiszeder et al. (2024). The values of the correction factors adjusted for
the modified variance Eq. (25) based on the Garman—Klass estimator are
reported in Table 3.

The unconditional mean return, used to obtain the demeaned returns
ene is estimated using the robust reweighted estimator in Eq. (17). The
constants [ and m are adjusted, analogously to the previous parameter
corrections, to match the sample characteristics of the empirical distri-
butions. For the threshold [ we use the quantile kg 951 (the choice of the
0.95 quantile follows the recommendation of Boudt et al., 2013),
whereas for the correction factor m we use a value 1.898. This value
ensures the consistency of the MAD; estimator with the volatility of the
empirical time series in the absence of outliers.

The parameters of the BIP-cDCC-BIP-RGARCH model can be esti-
mated in the same manner as those of the BIP-cDCC-BIP-GARCH model,
with appropriately adjusted values of the oy4 parameter, reported in

Table 3
Adjusted values of the weighting-function parameters k;; and c;s; for univariate
models.

Filtering level 5 ks Cs1

Normal Student's t, Normal Student's t,
0.9 1.992 1.939 1.247 1.257
0.95 2.942 2.798 1.152 1.167
0.975 4.172 4.030 1.097 1.110
0.99 6.350 6.489 1.059 1.066

Notes: The reported values correspond to the adjusted weighting-function pa-
rameters used with the Garman-Klass volatility estimator. The adjustments are
based on empirical distributions estimated from the sample data.

Table 4

Adjusted values of the correction factor oy 4 for Student's t-distribution models.
N=1 N=2 N=3 N=4
0.974 0.949 0.936 0.929

Note: The table reports adjusted values of the correction factor oy 4, originally
proposed by Boudt et al. (2013), obtained from empirical time series.

Table 4. However, when the normal distribution is selected in specifi-
cation (20), the function p(z) must be modified accordingly, i.e.:

p(z) = —log((zﬂ)—o.s e*°-5(e“z>>

In addition, both p(z) and ¢ must correspond to the Gaussian case,
implying that p(z) =z and ¢ = 1.

(26)

3.4. The BIP-cDCC-BM-RGARCH model

Our second proposed robust multivariate range-based model is pre-
sented in this subsection and will be referred to as the BIP-cDCC-BM-
RGARCH model.? The covariance component of the model is similar
to that of the BIP-cDCC-BIP-RGARCH specification; however, the con-
ditional variances are modeled using the BM-RGARCH model of Fiszeder
et al. (2024) rather than the BIP-RGARCH model.

The BIP-cDCC(P, Q)-BM-RGARCH(p, q) model can be written as:

&|y,_; ~ D(0, cov,) 27
cov, = D,cor.D, (28)
cor, =Q,'Q.Q, " (29)

2 The acronym BM follows Muler and Yohai (2008) and refers to: B —
“bounding” the influence of outliers in past volatility (evaluated as squared
residuals) on subsequent volatility estimates through the filtering function, and
M - the M-estimator employed instead of the standard ML estimator.
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with the variables and parameters defined analogously to those in the
BIP-cDCC(P, Q)-BIP-RGARCH(p, g) model.

The univariate BM-RGARCH(p, ¢) model used to calculate condi-
tional variances is given by:

enly, 1 ~d(0,h,), n=1,2...,N (31)

"t

d o [ Chkn i U
hy =0+ Y anicy, | (ZK—t) Ooxneit OByl (32)
i=1

n t—i j=1

where the weighting function does not include the correction factor, i.e.

ks

w;“ (u) =min <l, > >, and the threshold ks y is the empirical § quantile

calibrated to the observed data.
The M-estimator is obtained by minimizing and comparing the
following objective functions:

=~ _ [ Smif M(Gm) < Mk(’G\nz) 33
g”{mﬁM%bMGm ©3

where ¢,; = arg miIgM(gn), Gn2 = arg migM* (6,) for some convenient
Sn€! 6n€

compact set C, functions M and M" have the forms:

M) - — @ In(27) + 1 /TZT; p(ln hé(zg)) 34)
M(c) = _(;) In(27) + 1 /Tg p(ln h;('zzn)) (35)

where function p is defined as p(z) = 7log<(27z)’0'5 e’°'5(ez’z)> for the
Gaussian case and p(z) = —z + 01,p,,,(exp(z) ) for the Student's t-dis-
tribution with v degrees of freedom. Furthermore, h,; denotes the vari-
ance equation corresponding to Eq. (32) with the weighting function
omitted.

The parameters of the covariance component of the BIP-cDCC-BM-
RGARCH model can be estimated in the same manner as the covari-
ance parameters of the BIP-cDCC-BIP-GARCH model.

4. Description of data

We analyze four markets: oil, gold, equities, and Bitcoin. To this end,
we use three exchange-traded funds (ETFs) listed on the NYSE Arca,
together with the BTC/USD cryptocurrency pair. The ETFs include the
United States Oil Fund (USO), which primarily holds short-term NYMEX
WTI crude oil futures and other oil-related instruments; SPDR Gold
Shares (GLD), which holds physical gold bullion; and SPDR Portfolio
S&P 500 Growth (SPYG), which tracks large-cap growth stocks included
in the S&P 500 index. Throughout the paper, we refer to these in-
struments as oil, gold, and equities, respectively. For Bitcoin, the data
are obtained directly from the Kraken cryptocurrency exchange.

Our objective is to generate more accurate volatility and covariance
forecasts using only daily data. Accordingly, daily observations are
employed both for model estimation and forecasting, whereas intraday

data are used exclusively for forecast evaluation. The sample period
spans from July 1, 2016, to June 28, 2024.°

Overnight volatility and opening jumps may introduce additional
noise into return series. To mitigate this issue, we analyze open-to-close
returns rather than close-to-close returns. Specifically, we use percent-
age logarithmic returns calculated as rp = 100 In(Cp¢/Ont), where Cp
and Op; denote the closing and opening prices of the n-th asset at time t,
respectively. Open-to-close returns are employed to avoid the noise
associated with overnight volatility; however, the main findings of our
study are also robust to the use of close-to-close returns. To calculate the
range-based variance estimators, we use daily open, high, low, and close
prices. As a proxy for daily variance, we employ realized variance
computed as the sum of squared 15-min returns. Similarly, realized
covariances, calculated as the sum of the cross-products of 15-min
returns, are used as proxies for daily covariance.

An important issue in empirical studies that combine traditional
financial assets and cryptocurrencies concerns the synchronization of
trading hours. Exchange-traded funds and other exchange-traded assets
are traded during fixed exchange sessions, whereas cryptocurrencies
such as Bitcoin trade continuously on a 24-h basis. To ensure compa-
rability across markets and avoid nonsynchronous trading effects, all
daily range-based measures in this study are constructed using a com-
mon trading window corresponding to U.S. exchange trading hours.
Specifically, the daily open, high, low, and close prices are calculated
over the interval from 13:30 to 20:00 UTC during the daylight-saving
period and from 14:30 to 21:00 UTC during the standard-time period,
corresponding to the regular trading hours of U.S. exchanges. For Bit-
coin, the same time window is used when computing daily OHLC prices.
This synchronization ensures that the volatility and covariance mea-
sures are based on aligned trading intervals across all assets. The same
trading window is also used when constructing realized -volatility
proxies from intraday data.

Fig. 1 presents the time series of prices, returns, and volatilities for all
analyzed assets. Descriptive statistics for returns and realized variances
are reported in Table 5. The summary statistics indicate that average
returns are positive for Bitcoin and equities but negative for oil and gold.
Bitcoin is the most profitable investment, however, it is also associated
with the highest level of risk. The standard deviation of Bitcoin returns is
nearly 2.5 times higher than that of oil, almost five times higher than
that of equities, and more than seven times higher than that of gold. The
return distributions exhibit negative skewness, whereas the distribu-
tions of realized variances are positively skewed. All return and realized-
variance distributions display high kurtosis, which is particularly pro-
nounced for realized variances.

Large outliers in both returns and realized variances are clearly
visible in Fig. 1, particularly for Bitcoin and oil. Some of the most
extreme observations occurred during the outbreak of the COVID-19
pandemic in March 2020. These patterns provide strong support for
the use of robust estimation methods.

5. Parameter estimates in multivariate volatility models

We consider six DCC-type models:
1) The DCC-GARCH model of Engle (2002).

3 The data is available at the following address: https://doi.org/10.181
50/ANS5NET.
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Fig. 1. Daily prices, returns, and realized variances of oil, gold, equities, and Bitcoin.

2) The ¢cDCC-GARCH model of Aielli (2013) (Section 3.1), which
represents a more tractable version of the DCC-GARCH model.

3) The DCC-RGARCH model of Fiszeder et al. (2019). In this speci-
fication, the univariate GARCH component of the DCC model is replaced
by the RGARCH model.

4) The BIP-cDCC-BIP-GARCH model of Boudt et al. (2013) (Section
3.2), which constitutes a robust version of the cDCC-GARCH model.

5) The first proposed model, BIP-cDCC-BIP-RGARCH (Section 3.3).
In this specification, the univariate BIP-GARCH model within the BIP-
c¢DCC-BIP-GARCH framework is replaced by the BIP-RGARCH model.

6) The second proposed model, BIP-cDCC-BM-RGARCH (Section

3.4). In this specification, the univariate BIP-GARCH model within the
BIP-cDCC-BIP-GARCH framework is replaced by the BM-RGARCH
model.

To evaluate the performance of the proposed models, we compare
them with several benchmark specifications representing well-
established approaches in the multivariate volatility literature. The
cDCC-GARCH model serves as a standard benchmark in empirical ap-
plications because of its widespread use and improved statistical prop-
erties relative to the original DCC specification. The BIP-cDCC-BIP-
GARCH model introduces robustness to outliers through bounded
innovation propagation. Finally, the DCC-RGARCH model incorporates
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Table 5

Descriptive statistics of daily returns and realized variances for ETFs and BTC.
Asset Mean Min Max Standard dev. Skewness Kurtosis
Returns
0il —0.055 —14.842 11.616 1.642 —-0.724 8.591
Gold —0.006 —4.154 3.149 0.574 —0.185 4.47
Eqiuties 0.016 —-5.777 4.682 0.843 —-0.273 4911
Bitcoin 0.157 —48.674 22.47 4.093 —0.931 12.553
Realized volatility
0il 3.196 0.135 462.429 13.732 25.556 765.638
Gold 0.325 0.02 8.371 0.497 7.85 88.537
Equities 0.708 0.005 32.495 1.922 11.053 149.319
Bitcoin 5.677 0.065 227.035 12.765 8.467 104.148

Note: The sample period spans from July 1, 2016, to June 28, 2024.

range-based volatility measures, which have been shown to provide
more efficient volatility estimates than those based solely on closing
prices. These models therefore constitute natural benchmarks for
assessing whether the proposed robust multivariate range-based speci-
fications improve both robustness and forecasting performance.

For the three variants of the robust models, we consider four filtra-
tion levels — 0.99, 0.975, 0.95, and 0.9 - resulting in twelve robust
specifications. In addition, all models are estimated under two distri-
butional assumptions: the normal distribution and the Student's t-dis-
tribution, the latter allowing for heavy-tailed return distributions.
Combined with the standard DCC and ¢cDCC models, the DCC-RGARCH
specifications, and the robust variants, this results in a total of thirty
models. For all RGARCH-based specifications, the Garman—Klass vari-
ance estimator is employed.

We begin by comparing the in-sample fit of the models. The pa-
rameters of all specifications are estimated using the full sample, span-
ning the period from July 1, 2016, to June 28, 2024. The GARCH,
RGARCH, and DCC models are implemented with first-order lags, i.e.,
p =1,q=1in Egs. (6), (16), (25), and (32), and P =1, Q =1 in Egs.
(4), (13), (23), and (30).

The estimation results are reported in Table 6. For brevity, we pre-
sent only the estimated coefficients of the correlation component,
namely {; and 0;. The results for the univariate models are consistent
with those reported by Fiszeder et al. (2024) and are available from the
authors upon request.

Across all models, estimates of the {; parameter are lower and esti-
mates of the 8; parameter are higher when the conditional Student's t-
distribution is assumed than when the conditional normal distribution is
used. In addition, the {; parameter tends to be slightly higher and the 6,
parameter slightly lower in DCC-RGARCH models than in DCC-GARCH
models, which is consistent with the findings of Fiszeder et al. (2023b).
For positive covariances, a higher value of {; indicates that past shocks
exert a stronger influence on current covariances, implying a faster
response to changing market conditions. For negative covariances,
however, this relationship may be reversed.

In most cases, the proposed robust DCC-RGARCH models yield
higher {; estimates and lower 6, estimates than their standard coun-
terparts. Similar patterns were reported by LaBarr (2010) for robust
DCC-GARCH models applied to U.S. dollar exchange rates against the
euro, British pound, Swiss franc, Japanese yen, and Canadian dollar.
Likewise, Boudt et al. (2013), using the BIP-cDCC-BIP-GARCH model for
S&P 500 sector indices, found higher {; estimates in the robust model
than in the standard ¢cDCC-GARCH specification for the energy, in-
dustrials, and information technology sectors, whereas the opposite
pattern was observed for the remaining sectors.

The increase in the standard errors of the correlation parameters in
the robust specifications is a theoretically expected consequence of the
well-known robustness-efficiency trade-off. As formally demonstrated
by Muler and Yohai (2008) for the BM-estimator and discussed by Boudt
and Croux (2010) and Boudt et al. (2013) in the context of multivariate

GARCH models, robust estimators achieve resistance to outliers by
down-weighting or truncating extreme observations, for example
through the bounded innovation propagation mechanism. Although this
filtering process successfully stabilizes the conditional covariance ma-
trix and prevents the propagation of outliers, it inevitably reduces the
effective amount of information available for parameter estimation.
Consequently, the asymptotic variance of robust estimators is larger
than that of standard QML estimators, resulting in larger standard er-
rors. Therefore, the higher standard errors and lower in-sample statis-
tical significance of ¢; and 6, can be viewed as a natural statistical
premium paid for improved out-of-sample predictive robustness. As
demonstrated by the out-of-sample results presented in the following
sections, this trade-off proves highly beneficial, as the robust models
substantially outperform the standard specifications in terms of both
HMSE and Value-at-Risk forecasting accuracy.

Fig. 2 compares the time-varying conditional correlations estimated
using two selected DCC specifications: the standard range-based DCC-
RGARCH-n model and the robust range-based BIP-cDCC-BM-RGARCH-n
model with a filtration level of 0.90, which achieves the best HMSE
performance (see Section 6).

The weakest correlations are observed between oil and Bitcoin,
fluctuating around zero, whereas the strongest occur between oil and
equities, with an average value of approximately 0.23. Following the
Russian invasion of Ukraine in 2022, the correlations between oil and
equities, as well as between oil and Bitcoin, declined sharply and
became negative. For the oil-equity pair, this decline resulted in the
lowest correlations observed during the entire sample period. At the
same time, oil-gold correlations increased substantially, reaching their
highest values within the sample.

Gold and equities also exhibit noteworthy dynamics. Immediately
after the outbreak of the war, their correlations fell below —0.2, repre-
senting the lowest values recorded in the dataset. Subsequently, how-
ever, the relationship strengthened, rising above 0.3 by the end of 2022,
which represents the highest level observed during the sample period.
The second-strongest correlations are found between equities and Bit-
coin, averaging approximately 0.15 and increasing markedly during
2022.

Having identified differences between the conditional correlations
generated by the robust range-based models and those produced by the
benchmark specifications, we further examine the time-series properties
of these discrepancies. As shown in Fig. A.1 in Appendix A, the corre-
lation differences exhibit substantial persistence over time. Interest-
ingly, the divergence between the models during periods of elevated
volatility (e.g., the COVID-19 shock of 2020) is highly asset-pair specific.
Although high volatility consistently leads to differences in correlation
estimates, both the magnitude and direction of these differences vary
across asset pairs, highlighting the complex nature of risk transmission
captured by the robust range-based filtering mechanism (Fig. A.2 in
Appendix A).

Because robustness to extreme observations is a key motivation for



P. Fiszeder and M. Matecka

Table 6

The results of parameter estimation for the correlation component.
Model £1(SE(61)) 6, (SE(61))
GARCH models
DCC-n 0.019 (0.002) 0.954 (0.017)
DCC-t 0.014 (0.003) 0.971 (0.031)
cDCC-n 0.020 (0.002) 0.953 (0.016)
cDCC-t 0.016 (0.004) 0.966 (0.038)

RGARCH models
DCC-n
DCC-t

0.020 (0.002)
0.017 (0.004)

0.951 (0.015)
0.962 (0.035)

Robust GARCH models, filtration 0.99
BIP-cDCC-n 0.020 (0.016)
BIP-cDCC-t 0.016 (0.019)

0.952 (0.116)
0.966 (0.155)

Proposed models: robust RGARCH, filtration 0.99

BIP-cDCC-n 0.021 (0.015) 0.949 (0.104)
BIP-cDCC-t 0.018 (0.018) 0.960 (0.135)
BIP*-cDCC-n 0.021(0.016) 0.948 (0.112)
BIP*-cDCC-t 0.017 (0.018) 0.960 (0.126)

Robust GARCH models, filtration 0.975
BIP-cDCC-n 0.020 (0.014)
BIP-cDCC-t 0.016 (0.017)

0.955 (0.100)
0.969 (0.123)

Proposed models: robust RGARCH, filtration 0.975

BIP-cDCC-n 0.022 (0.014) 0.947 (0.095)
BIP-cDCC-t 0.016 (0.015) 0.965 (0.103)
BIP*-cDCC-n 0.021 (0.014) 0.948 (0.100)
BIP*-cDCC-t 0.017 (0.019) 0.959 (0.134)

Robust GARCH models, filtration 0.95
BIP-cDCC-n 0.020 (0.015)
BIP-cDCC-t 0.017 (0.018)

0.958 (0.105)
0.965 (0.123)

Proposed models: robust RGARCH, filtration 0.95

BIP-cDCC-n 0.022 (0.012) 0.951 (0.085)
BIP-cDCC-t 0.017 (0.013) 0.963 (0.093)
BIP*-cDCC-n 0.020 (0.015) 0.954 (0.110)
BIP*-cDCC-t 0.018 (0.018) 0.960 (0.133)

Robust GARCH models, filtration 0.9
BIP-cDCC-n 0.021 (0.015)
BIP-cDCC-t 0.017 (0.018)

0.954 (0.106)
0.969 (0.121)

Proposed models: robust RGARCH, filtration 0.9

BIP-cDCC-n 0.022 (0.016) 0.953 (0.117)
BIP-cDCC-t 0.017 (0.026) 0.963 (0.192)
BIP*-cDCC-n 0.022 (0.016) 0.946 (0.120)
BIP*-cDCC-t 0.018 (0.019) 0.960 (0.139)

Notes: For all RGARCH models, the Garman-Klass variance estimator is applied.
BIP*-cDCC denotes the BIP-cDCC-BM-RGARCH model. Standard errors are re-
ported in parentheses. The estimation sample spans July 1, 2016 — June 28,
2024.

the proposed models, we provide an additional descriptive illustration of
their behavior during periods of large return shocks. Fig. 3 presents the
relationship between Bitcoin return shocks and the differences in con-
ditional correlations obtained from the standard and robust specifica-
tions for the Bitcoin-gold pair. The figure suggests that the differences
between the models tend to increase during periods of large shocks,
indicating that the robust filtering mechanism becomes particularly
relevant in the presence of extreme observations.

6. Accuracy of covariance forecasts

We generate out-of-sample one-day-ahead forecasts of the
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covariance matrix for each of the thirty models under consideration.
Model parameters are estimated using a rolling-window approach with
daily updates, and the window size is set to 1000 observations. The
calibration of the filtering constants is based exclusively on information
available within the initial in-sample estimation window. No observa-
tions from the out-of-sample evaluation period are used during the
calibration procedure. As a proxy for the daily covariance employed in
forecast evaluation, we use realized covariance computed as the sum of
the cross-products of 15-min returns. The evaluation period spans from
June 25, 2020, to June 28, 2024.

Forecast accuracy is assessed using the heteroscedasticity-adjusted
mean squared error (HMSE). This metric accounts for hetero-
scedasticity, ensuring that forecast errors are comparable across periods
of both high and low volatility.

The HMSE loss function is defined as:

M-1 M

HMSE =Y Y HMSEn,

m=1 n=m+1

(36)

where the loss associated with each pair of instruments is given by

2
1 N ([ OV — COVR e
HAMSEnm, = 5 > <hl/zhl/2 (37)
t=1 mt 'nt

where covg mn denotes the realized covariance between instruments m
and n, covgmn, denotes the corresponding covariance forecast at time ¢,
and T is the number of forecasts.

The statistical significance of the results is assessed using the Model
Confidence Set (MCS) procedure proposed by Hansen et al. (2011). This
procedure identifies the set of superior models at a given confidence
level. The results of the joint evaluation across all assets are reported in
Table 7.

Based on the HMSE criterion and the MCS test, the set of best-
performing models consists exclusively of the proposed robust range-
based DCC specifications. The two highest-ranked models are the BIP-
c¢DCC-BM-RGARCH specification assuming a normal distribution with
filtration levels of 0.90 and 0.99. This finding indicates that the
covariance forecasts generated by the proposed models are more accu-
rate than those produced by all benchmark specifications considered in
the study, including the traditional DCC models, the standard range-
based DCC model, and the standard robust DCC model. The least accu-
rate forecasts are obtained from the traditional DCC specifications.

Robust DCC models estimated under the normal distribution gener-
ally outperform their counterparts based on the Student's t-distribution.
In particular, the BIP-cDCC-BM-RGARCH specifications with a normal
distribution consistently outperform the corresponding BIP-cDCC-BIP-
RGARCH models estimated under the same distributional assumption.
The results do not, however, identify a single clearly optimal filtration
level, although a value of 0.99 appears to perform particularly well. At
this filtration level, the models assuming a normal distribution rank
second and third overall.

We next evaluate covariance forecasting performance separately for
each asset pair. The results of this comparison are presented in Table 8.

The BIP-cDCC-BM-RGARCH model with a normal distribution and a
filtration level of 0.90 — the best-performing specification in the joint
evaluation — also produces the most accurate forecasts for the equities-
Bitcoin, gold-equities, and oil-gold pairs. For all pairs involving Bit-
coin (gold-Bitcoin, equities-Bitcoin, and oil-Bitcoin), only the proposed
robust range-based DCC models are included in the set of superior
models according to the MCS test. This superior performance is attrib-
utable to their lower sensitivity to outliers, which play a crucial role in
the dynamics of Bitcoin prices.

For the gold-equities and oil-gold pairs, the set of superior models
additionally includes the DCC-RGARCH specifications alongside the
proposed models. The only exception is the oil-equities pair, for which
the most accurate covariance forecasts are generated exclusively by the
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Fig. 2. Time-varying conditional correlations estimated by the DCC-RGARCH-n and BIP-cDCC-BM-RGARCH-n models.
Note: The blue line represents the BIP-cDCC-BM-RGARCH-n model with a filtration level of 0.9, while the gray line represents the benchmark DCC-RGARCH-n model

based on the Garman-Klass estimator.

DCC-RGARCH models.

The remaining conclusions from the joint covariance forecast eval-
uation are broadly consistent with the results obtained for individual
asset pairs. In particular, robust DCC models estimated under the normal
distribution outperform those based on the Student's t-distribution,
while the BIP-cDCC-BM-RGARCH specifications consistently outperform
their BIP-cDCC-BIP-RGARCH counterparts.
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7. Forecasting portfolio Value-at-Risk

The importance of accurate variance and covariance forecasts stems
not only from their role as fundamental descriptive measures in financial
markets but also from their wide range of practical applications. One of
the most important applications is risk measurement. In this context,
Value-at-Risk has become one of the most widely used risk metrics in
modern finance. Its popularity is attributable to several practical
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Fig. 3. Bitcoin return shocks and differences in conditional correlations between the DCC-RGARCH-n and BIP-cDCC-BM-RGARCH-n models for the Bitcoin-gold pair.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Note: Larger Bitcoin return shocks are generally associated with larger differences in conditional correlations, indicating a stronger impact of robust filtering during

periods of extreme market movements.

advantages. VaR has an intuitive interpretation, provides concise in-
formation about the maximum expected loss under normal market
conditions, and - particularly from a practical perspective — is readily
applicable to complex portfolios. These features have contributed to its
adoption as a standard risk measure regularly disclosed by major
financial institutions.

VaR forecasting is subject to many of the same challenges as variance
and covariance forecasting, particularly volatility clustering and the
presence of extreme observations. Outliers may result in persistently
inflated volatility estimates and, consequently, excessively conservative
VaR forecasts that fail to revert to normal risk levels once the underlying
shock dissipates. This issue is especially relevant during periods of
market stress, when extreme returns occur more frequently. Conse-
quently, the proper treatment of outliers is essential for reliable VaR
prediction. At the same time, exploiting the additional information
contained in daily high and low prices provides a more efficient measure
of price variability. Combining robust estimation techniques with range-
based volatility models therefore represents two complementary ap-
proaches that are particularly well suited to generating accurate and
stable VaR forecasts. Accordingly, in this section, we use the previously
obtained variance and covariance forecasts to generate VaR predictions
for a portfolio composed of the assets under study.

The VaR forecasts are computed using the same dataset and evalu-
ation period as those employed in the variance and covariance fore-
casting exercise. Specifically, we construct a portfolio consisting of oil,
gold, equities, and Bitcoin over the period from June 25, 2020, to June
28, 2024. As in the previous section, an out-of-sample one-day-ahead
rolling-window procedure is employed. The VaR confidence level is set
at the conventional 5%, and an equally weighted portfolio allocation is
assumed. VaR forecasts are generated for daily returns; intraday returns
are not used in the evaluation procedure. VaR for the portfolio return 70
is defined as follows:

P(r} < VaRe,(r})) =« (38)
where a denotes the VaR level. This expression shows that VaR corre-
sponds to the a-quantile of the portfolio return. To obtain VaR forecasts,
we employ the semiparametric filtered historical simulation method of
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Barone-Adesi et al. (1998), which combines parametric estimation of the
conditional mean and variance with nonparametric estimation of the
return quantile. The forecasts are obtained from the following

expression:
VAR o(P,;) = @71 + /@ €OV, 10 VAR (2, 1) (39)

where ® and 7;,; denote the vectors of portfolio weights and mean
forecasts, respectively, cov,,; denotes the predicted covariance matrix,

and VERW (zlt)ﬂ
portfolio return. The key inputs determining the VaR forecasts — the
conditional mean forecasts 7,1 and the conditional covariance forecasts
cov,,; — are derived from all previously considered volatility models.
These include both the newly proposed multivariate robust RGARCH
specifications and the conventional benchmark models, thereby
enabling an assessment of the practical usefulness of the proposed
approach in the context of VaR forecasting.

To evaluate the accuracy of the resulting VaR forecasts, we imple-
ment a two-step procedure consisting of statistical tests and loss-
function analysis. The statistical evaluation comprises a set of tests
designed to assess two fundamental criteria. The first is unconditional
coverage, which examines whether the observed number of VaR
exceedances is consistent with the assumed VaR level. This criterion is
evaluated using the binomial test, which relies on the exact discrete
distribution of exceedances, and the Kupiec test, which is based on an
asymptotic chi-square approximation within a continuous-distribution
framework (Kupiec, 1995). The second criterion is independence,
which assesses whether VaR exceedances occur independently over
time. This property is evaluated using the traditional Ljung-Box test,
based on the autocorrelation function (Ljung & Box, 1978), and the
generalized Markov test proposed by Pajhede (2017), which builds on
the Markov-chain framework and extends the well-known test of
Christoffersen (1998).

As indicated by the p-values of the VaR backtesting procedures re-
ported in Table 9, the VaR forecasts generated by all considered models
satisfy both evaluation criteria. Specifically, no model exhibits statisti-
cally significant deviations from the nominal VaR level in terms of

) represents the predicted a-quantile of the standardized
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Table 7
Joint evaluation of covariance forecast accuracy based on HMSE and the MCS
procedure.

Model HMSE MCS p-value Rank
GARCH models

DCC-n 1.695 0.000

DCC-t 1.677 0.001

c¢DCC-n 1.662 0.001

¢DCC-t 1.673 0.004

RGARCH models

DCC-n 1.254 0.001

DCC-t 1.242 0.001

Robust GARCH models, filtration 0.99

BIP-cDCC-n 1.351 0.001

BIP-cDCC-t 1.374 0.023

Proposed models: robust RGARCH, filtration 0.99

BIP-cDCC-n 1.119 0.105* 3
BIP-cDCC-t 1.170 0.105* 9
BIP*-cDCC-n 1.103 0.914* 2
BIP*-cDCC-t 1.206 0.023

Robust GARCH models, filtration 0.975

BIP-cDCC-n 1.387 0.000

BIP-cDCC-t 1.400 0.001

Proposed models: robust RGARCH, filtration 0.975

BIP-cDCC-n 1.139 0.105* 6
BIP-cDCC-t 1.181 0.023

BIP*-cDCC-n 1.125 0.105* 5
BIP*-cDCC-t 1.234 0.001

Robust GARCH models, filtration 0.95

BIP-cDCC-n 1.358 0.000

BIP-cDCC-t 1.404 0.001

Proposed models: robust RGARCH, filtration 0.95

BIP-cDCC-n 1.147 0.105* 7
BIP-cDCC-t 1.170 0.023

BIP*-cDCC-n 1.121 0.105* 4
BIP*-cDCC-t 1.252 0.004

Robust GARCH models, filtration 0.9

BIP-cDCC-n 1.352 0.000

BIP-cDCC-t 1.453 0.001

Proposed models: robust RGARCH, filtration 0.9

BIP-cDCC-n 1.165 0.023

BIP-cDCC-t 1.154 0.105* 8
BIP*-cDCC-n 1.103 1.000* 1
BIP*-cDCC-t 1.240 0.001

Notes: For all RGARCH models, the Garman-Klass variance estimator is applied.
HMSE is the sum of HMSE,,, for all instrument pairs. BIP*-cDCC denotes the BIP-
c¢DCC-BM-RGARCH model. The lowest value of the loss function is marked in
bold. The symbol * indicates that the model belongs to the set of best models at
the 0.90 confidence level. The ranking refers to models included in the set of best
models. The evaluation period spans from June 25, 2020, to June 28, 2024.
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exceedance frequency, and no evidence of dependence in VaR violations
is detected. Accordingly, all models can be regarded as statistically
acceptable according to the applied backtesting procedures.

The practical usefulness of the resulting risk forecasts is further
evaluated using loss functions. For this purpose, we employ the regu-
latory loss function (RLF) proposed by Sarma et al. (2003), together with
three additional regulatory loss functions - C1, C2, and C3 - introduced
by Caporin (2008). These loss functions are defined as follows:

RLF _ ('f+1 - ‘z‘-\Rt.a(’fﬂ) )27 ifrig < ‘z.-\Rt,a(rf+l)

L= . (40
0, otherwise,
'1— )£ ’ if o1 < VaRea(r,)

— 3 a\le1

[, = VaR,.(7.,) (41)

0, otherwise,
?.|— |VaR,, 2 —

c2 (| el /‘\ tallisn) |) , ifrea < VaRm(’fﬂ)

L5 = |VaRt-a (’fﬂ) (42)
0, otherwise,

c3 |7f+1 - ‘z‘-\Rt.a(rf+l) |= ifreg < ﬁRt.a(’fﬂ)

t+1 = ) (43)
0, otherwise.

These loss functions measure the magnitude of losses incurred when
the VaR threshold is breached. We consider them particularly relevant
from a practical perspective because they penalize underestimated VaR
forecasts, which may expose financial institutions to liquidity shortages.
Moreover, they are closely aligned with regulatory requirements
designed to safeguard the financial system against institutional
insolvency.

To formally assess the relative performance of the models under
consideration, we employ the MCS procedure. As in the covariance
forecasting analysis, this approach enables the identification of the set of
superior models at a given confidence level.

The mean values of the RLF, C1, C2, and C3 loss functions, together
with the results of the MCS test and the rankings of models included in
the set of superior models, are reported in Table 10.

The rankings obtained across all loss functions consistently indicate
that the best-performing specification belongs to the family of multi-
variate robust RGARCH models, thereby demonstrating the advantages
of the approach proposed in this study. The highest rank under all
evaluation criteria is achieved by the same specification, namely the
BIP-cDCC-BIP-RGARCH model assuming a normal distribution and a
filtration level of 0.975. Although the subsequent rankings vary across
specifications and depend on the selected loss function, an important
observation is that the highest-ranked models are consistently concen-
trated within the proposed model family. For each loss function, all
models ranked within the top four positions belong exclusively to this
group.

The MCS test further refines the conclusions regarding model per-
formance by incorporating statistical significance into the evaluation.
For two loss functions — RLF and C2 - the results are inconclusive
because the performance differences across models are relatively small.
Consequently, the resulting set of superior models is fairly broad and
includes representatives of all model classes considered in the study. In
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Table 8
Covariance forecast evaluation by asset pair based on HMSE and the MCS procedure.

Model Gold-Bitcoin Equities-Bitcoin Oil-Bitcoin Gold-equities Oil-gold Oil-equities

HMSE MCS Rank HMSE MCS Rank HMSE MCS Rank HMSE MCS Rank HMSE MCS Rank HMSE MCS Rank

p-value p-value p-value p-value p-value p-value

GARCH models
DCC-n 0.353 0.000 0.808 0.000 0.115 0.000 0.151 0.000 0.102 0.031 0.167 0.000
DCC-t 0.332 0.000 0.786 0.000 0.124 0.000 0.163 0.000 0.105 0.007 0.167 0.000
c¢DCC-n 0.330 0.000 0.806 0.000 0.104 0.000 0.152 0.000 0.103 0.014 0.168 0.000
cDCC-t 0.324 0.000 0.794 0.001 0.116 0.000 0.164 0.000 0.104 0.014 0.170 0.000
RGARCH models
DCC-n 0.286 0.000 0.494 0.011 0.105 0.000 0.133 0.861* 2 0.098 0.391* 6 0.137 1.000* 1
DCC-t 0.277 0.000 0.485 0.004 0.111 0.000 0.134 0.861% 3 0.096 0.594* 2 0.138 0.606* 2

Robust GARCH models, filtration 0.99
BIP-cDCC-n 0.284 0.000 0.521 0.006 0.103 0.000 0.164 0.000 0.105 0.007 0.175 0.000
BIP-cDCC-t 0.277 0.002 0.518 0.033 0.103 0.000 0.178 0.000 0.110 0.006 0.188 0.000

Proposed models: robust RGARCH, filtration 0.99

BIP-cDCC-n 0.248 0.072 0.395 0.128* 8 0.094 0.048 0.137 0.071 0.099 0.014 0.145 0.001
BIP-cDCC-t 0.259 0.007 0.408 0.100 0.099 0.000 0.144 0.000 0.102 0.007 0.159 0.000
BIP*-cDCC-n 0.245 1.000* 1 0.388 0.190* 5 0.093 0.930* 2 0.136 0.142* 6 0.099 0.014 0.141 0.006
BIP*-cDCC-t 0.257 0.005 0.435 0.063 0.102 0.000 0.143 0.016 0.102 0.007 0.167 0.000

Robust GARCH models, filtration 0.975
BIP-cDCC-n 0.313 0.000 0.517 0.009 0.099 0.000 0.168 0.000 0.106 0.007 0.183 0.000
BIP-cDCC-t 0.304 0.000 0.504 0.021 0.099 0.000 0.181 0.000 0.112 0.007 0.201 0.000

Proposed models: robust RGARCH, filtration 0.975

BIP-cDCC-n 0.266 0.002 0.396 0.100 0.094 0.703* 4 0.139 0.003 0.098 0.391* 5 0.148 0.001
BIP-cDCC-t 0.272 0.000 0.403 0.129* 9 0.096 0.000 0.147 0.000 0.101 0.007 0.162 0.000
BIP*-cDCC-n 0.258 0.005 0.396 0.100 0.094 0.028 0.135 0.287* 5 0.097 0.391* 4 0.145 0.000
BIP*-cDCC-t 0.274 0.000 0.444 0.028 0.101 0.000 0.145 0.000 0.101 0.007 0.169 0.000

Robust GARCH models, filtration 0.95
BIP-cDCC-n 0.309 0.000 0.479 0.021 0.097 0.000 0.172 0.000 0.107 0.007 0.194 0.000
BIP-cDCC-t 0.307 0.000 0.486 0.021 0.098 0.000 0.187 0.000 0.115 0.006 0.211 0.000

Proposed models: robust RGARCH, filtration 0.95

BIP-cDCC-n 0.273 0.000 0.393 0.129* 7 0.094 0.028 0.139 0.005 0.099 0.371* 7 0.150 0.000
BIP-cDCC-t 0.278 0.000 0.384 0.538* 4 0.095 0.000 0.147 0.000 0.102 0.007 0.163 0.000
BIP*-cDCC-n 0.268 0.001 0.380 0.538* 3 0.095 0.000 0.135 0.547* 4 0.097 0.391* 3 0.146 0.000
BIP*-cDCC-t 0.285 0.000 0.450 0.047 0.101 0.000 0.145 0.000 0.101 0.014 0.170 0.000

Robust GARCH models, filtration 0.9
BIP-cDCC-n 0.303 0.000 0.460 0.021 0.096 0.000 0.173 0.000 0.110 0.007 0.210 0.000
BIP-cDCC-t 0.320 0.000 0.492 0.023 0.101 0.000 0.187 0.000 0.120 0.007 0.233 0.000

Proposed models: robust RGARCH, filtration 0.9

BIP-cDCC-n 0.286 0.000 0.390 0.291* 6 0.095 0.001 0.141 0.001 0.100 0.031 0.154 0.000
BIP-cDCC-t 0.274 0.005 0.369 0.825* 2 0.093 1.000* 1 0.147 0.000 0.103 0.007 0.169 0.000
BIP*-cDCC-n 0.270 0.002 0.366 1.000* 1 0.093 0.930* 3 0.133 1.000* 1 0.096 1.000* 1 0.145 0.001
BIP*-cDCC-t 0.287 0.000 0.434 0.049 0.103 0.000 0.143 0.000 0.100 0.014 0.173 0.000

Notes: For all RGARCH models, the Garman-Klass variance estimator is applied. BIP*-cDCC denotes the BIP-cDCC-BM-RGARCH model. The lowest values of the loss function are marked in bold. The symbol * indicates that
the model belongs to the set of best models at the 0.90 confidence level. The ranking refers to models included in the set of best models. The evaluation period spans from June 25, 2020, to June 28, 2024.
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Evaluation of VaR forecasts based on unconditional coverage and independence tests.

Model Unconditional coverage tests Independence tests

Binomial Kupiec LB Generalized Markov

Stat. P-value Stat. P-value Stat. P-value Stat. P-value
GARCH models
DCC-n 46 0.289 0.425 0.514 1.118 0.952 1.596 0.206
DCC-t 52 0.376 0.050 0.824 4.889 0.430 2.997 0.083
¢DCC-n 46 0.289 0.425 0.514 1.118 0.952 1.596 0.206
cDCC-t 51 0.431 0.006 0.937 3.706 0.592 2.413 0.120
RGARCH models
DCC-n 48 0.397 0.127 0.721 2.023 0.846 1.770 0.183
DCC-t 53 0.323 0.134 0.715 2.261 0.812 0.748 0.387
Robust GARCH models, filtration 0.99
BIP-cDCC-n 47 0.342 0.254 0.614 0.356 0.996 0.138 0.710
BIP-cDCC-t 48 0.397 0.127 0.721 3.603 0.608 0.911 0.340
Proposed models: robust RGARCH, filtration 0.99
BIP-cDCC-n 47 0.342 0.254 0.614 2.967 0.705 1.229 0.268
BIP-cDCC-t 53 0.323 0.134 0.715 2.261 0.812 0.748 0.387
BIP*-cDCC-n 47 0.342 0.254 0.614 2.363 0.797 2.265 0.132
BIP*-cDCC-t 52 0.376 0.050 0.824 1.832 0.872 0.411 0.521
Robust GARCH models, filtration 0.975
BIP-cDCC-n 46 0.289 0.425 0.514 0.385 0.996 0.290 0.590
BIP-cDCC-t 47 0.342 0.254 0.614 3.854 0.571 1.269 0.260
Proposed models: robust RGARCH, filtration 0.975
BIP-cDCC-n 47 0.342 0.254 0.614 2.967 0.705 1.229 0.268
BIP-cDCC-t 50 0.512 0.004 0.948 3.253 0.661 1.040 0.308
BIP*-cDCC-n 47 0.342 0.254 0.614 2.363 0.797 2.265 0.132
BIP*-cDCC-t 52 0.376 0.050 0.824 1.832 0.872 0.411 0.521
Robust GARCH models, filtration 0.95
BIP-cDCC-n 48 0.397 0.127 0.721 0.753 0.980 0.946 0.331
BIP-cDCC-t 49 0.454 0.044 0.833 3.498 0.624 1.338 0.247
Proposed models: robust RGARCH, filtration 0.95
BIP-cDCC-n 48 0.397 0.127 0.721 2.024 0.846 1.818 0.178
BIP-cDCC-t 51 0.431 0.006 0.937 3.047 0.693 0.719 0.396
BIP*-cDCC-n 46 0.289 0.425 0.514 2.379 0.795 1.688 0.194
BIP*-cDCC-t 51 0.431 0.006 0.937 2.084 0.837 0.660 0.417
Robust GARCH models, filtration 0.9
BIP-cDCC-n 47 0.342 0.254 0.614 1.528 0.910 0.606 0.436
BIP-cDCC-t 48 0.397 0.127 0.721 2.910 0.714 1.818 0.178
Proposed models: robust RGARCH, filtration 0.9
BIP-cDCC-n 51 0.431 0.006 0.937 1.271 0.938 0.606 0.436
BIP-cDCC-t 52 0.376 0.050 0.824 2.885 0.718 1.818 0.178
BIP*-cDCC-n 47 0.342 0.254 0.614 2.363 0.797 0.689 0.406
BIP*-cDCC-t 51 0.431 0.006 0.937 2.084 0.837 0.458 0.498

Notes: For all RGARCH models, the Garman-Klass variance estimator is applied. BIP*-cDCC denotes the BIP-cDCC-BM-RGARCH model. The evaluation period spans

from June 25, 2020, to June 28, 2024.

contrast, for the remaining loss functions — C1 and C3 - the differences in
forecasting performance are sufficiently pronounced to allow statisti-
cally significant discrimination among models. In both cases, all speci-
fications identified as superior belong to the family of multivariate
robust RGARCH models. This finding provides additional empirical
support for the proposed modeling framework.

With regard to the application of the proposed models to VaR fore-
casting, the analysis does not yield a definitive conclusion concerning
the optimal filtration level. Although the best-performing specifications
are generally associated with higher filtration thresholds, particularly
0.99 and 0.975, these differences are not statistically significant.

A clearer conclusion emerges with respect to the choice of

15

conditional distribution. Models estimated under the normal distribu-
tion perform significantly better than those based on the Student's t-
distribution. Specifications assuming the Student's t-distribution either
do not appear in the MCS set or rank substantially lower. This finding
reinforces the earlier evidence from the covariance forecasting analysis
and confirms the superiority of the normal distribution in the present
setting.

Overall, the principal conclusion is the consistent and robust out-
performance of the proposed models relative to the benchmark specifi-
cations in the context of VaR forecasting. This result highlights the
practical value of the robust RGARCH framework and underscores its
potential as a superior alternative to traditional volatility-modeling
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Evaluation of VaR forecasts based on the regulatory loss function RLF (Sarma et al., 2003), and the regulatory criteria C1, C2, and C3 (Caporin, 2008).

Model Loss function RLF Loss function C1 Loss function C2 Loss function C3

Function value MCS Rank Function value MCS Rank Function value MCS Rank Function value MCS Rank

p-value p-value p-value p-value

GARCH models
DCC-n 0.057 0.397* 15 0.019 0.056 0.030 0.422* 14 0.036 0.018
DCC-t 0.062 0.062 0.022 0.027 0.035 0.032 0.039 0.007
c¢DCC-n 0.057 0.292* 17 0.019 0.027 0.030 0.310% 16 0.036 0.007
cDCC-t 0.062 0.049 0.022 0.027 0.035 0.023 0.039 0.007
RGARCH models
DCC-n 0.056 0.470* 13 0.019 0.027 0.030 0.434* 12 0.036 0.007
DCC-t 0.066 0.034 0.024 0.016 0.038 0.048 0.041 0.006
Robust GARCH models, filtration 0.99
BIP-cDCC-n 0.057 0.385* 14 0.019 0.027 0.030 0.417* 13 0.036 0.007
BIP-cDCC-t 0.061 0.119* 21 0.022 0.027 0.034 0.096 0.039 0.007
Proposed models: robust RGARCH, filtration 0.99
BIP-cDCC-n 0.054 0.850* 3 0.018 0.362* 2 0.028 0.807* 3 0.035 0.379* 2
BIP-cDCC-t 0.063 0.140* 23 0.023 0.027 0.036 0.036 0.039 0.007
BIP*-cDCC-n 0.055 0.474* 8 0.019 0.056 7 0.029 0.449* 7 0.035 0.046
BIP*-cDCC-t 0.063 0.031 0.023 0.026 0.036 0.015 0.039 0.007
Robust GARCH models, filtration 0.975
BIP-cDCC-n 0.056 0.474* 10 0.019 0.136* 8 0.029 0.449* 8 0.035 0.144* 5
BIP-cDCC-t 0.059 0.267* 18 0.021 0.027 0.032 0.189* 18 0.038 0.007
Proposed models: robust RGARCH, filtration 0.975
BIP-cDCC-n 0.054 1.000* 1 0.018 1.000* 1 0.028 1.000* 1 0.035 1.000* 1
BIP-cDCC-t 0.063 0.194* 22 0.023 0.027 0.036 0.125% 21 0.039 0.007
BIP*-cDCC-n 0.055 0.639* 6 0.018 0.136* 6 0.029 0.627* 6 0.035 0.144* 5
BIP*-cDCC-t 0.063 0.071 0.023 0.027 0.036 0.017 0.039 0.007
Robust GARCH models, filtration 0.95
BIP-cDCC-n 0.056 0.639* 9 0.019 0.136* 9 0.029 0.708* 9 0.036 0.144* 6
BIP-cDCC-t 0.057 0.474* 16 0.021 0.027 0.031 0.422* 17 0.037 0.007
Proposed models: robust RGARCH, filtration 0.95
BIP-cDCC-n 0.054 0.850* 2 0.018 0.339* 3 0.028 0.807* 2 0.035 0.379* 3
BIP-cDCC-t 0.061 0.300* 20 0.022 0.027 0.035 0.220* 20 0.038 0.007
BIP*-cDCC-n 0.055 0.690* 4 0.018 0.339* 4 0.028 0.727* 4 0.035 0.379% 4
BIP*-cDCC-t 0.063 0.090 0.023 0.027 0.036 0.020 0.039 0.007
Robust GARCH models, filtration 0.9
BIP-cDCC-n 0.056 0.639* 11 0.019 0.027 0.029 0.807* 11 0.036 0.007
BIP-cDCC-t 0.056 0.819* 12 0.021 0.027 0.030 0.627* 15 0.037 0.007
Proposed models: robust RGARCH, filtration 0.9
BIP-cDCC-n 0.055 0.639* 7 0.019 0.030 0.029 0.449* 10 0.036 0.018
BIP-cDCC-t 0.060 0.397* 19 0.022 0.027 0.034 0.317* 19 0.038 0.007
BIP*-cDCC-n 0.055 0.639* 5 0.018 0.339* 5 0.028 0.708* 5 0.035 0.348* 6
BIP*-cDCC-t 0.063 0.053 0.023 0.027 0.036 0.025 0.039 0.007

Notes: For all RGARCH models, the Garman-Klass variance estimator is used. BIP*-cDCC denotes the BIP-cDCC-BM-RGARCH model. The lowest loss values are
highlighted in bold. An asterisk * indicates inclusion in the MCS at the 90% confidence level. Rankings are reported only for models included in the MCS. The

evaluation period spans June 25, 2020 - June 28, 2024.

approaches in risk-management applications.
8. Robustness check using the Parkinson variance estimator
The proposed models, BIP-cDCC-BIP-RGARCH and BIP-cDCC-BM-

RGARCH, are based on the Garman-Klass variance estimator (see Egs.
(25) and (32)), which is constructed using daily open, high, low, and

16

close prices. However, because the opening price may be sensitive to
manipulation in periods of low liquidity and may not fully reflect market
equilibrium, we additionally perform a robustness check using the
Parkinson estimator (Parkinson, 1980), an alternative range-based
variance measure that relies exclusively on high and low prices
08nc = [In(Hy /Lye) 12/ (41n2). The Parkinson estimator has previously
been employed in both the DCC-RGARCH model of Fiszeder et al. (2019)
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Table 11
Estimation results for the correlation component using the Parkinson variance
estimator in RGARCH models.

International Review of Financial Analysis 117 (2026) 105260

Table 12
Joint evaluation of covariance forecast accuracy using the Parkinson variance
estimator.

Model

(1 (SE(1) 01 (SE(61))

GARCH models

DCC-n 0.019 (0.002) 0.954 (0.017)
DCC-t 0.014 (0.003) 0.971 (0.031)
¢DCC-n 0.020 (0.002) 0.953 (0.016)
¢DCC-t 0.016 (0.004) 0.966 (0.038)

RGARCH models
DCC-n
DCC-t

0.021 (0.002)
0.016 (0.004)

0.950 (0.016)
0.963 (0.031)

Robust GARCH models, filtration 0.99
BIP-cDCC-n 0.020 (0.016)
BIP-cDCC-t 0.016 (0.019)

0.952 (0.116)
0.966 (0.155)

Proposed models: robust RGARCH, filtration 0.99

BIP-cDCC-n 0.022 (0.019) 0.950 (0.145)
BIP-cDCC-t 0.017 (0.020) 0.961 (0.141)
BIP*-cDCC-n 0.023 (0.014) 0.945 (0.092)
BIP*-cDCC-t 0.018 (0.016) 0.959 (0.113)

Robust GARCH models, filtration 0.975
BIP-cDCC-n 0.020 (0.014)
BIP-cDCC-t 0.016 (0.017)

0.955 (0.100)
0.969 (0.123)

Proposed models: robust RGARCH, filtration 0.975

BIP-cDCC-n 0.023 (0.013) 0.947 (0.089)
BIP-cDCC-t 0.017 (0.011) 0.961 (0.074)
BIP*-cDCC-n 0.023 (0.016) 0.944 (0.108)
BIP*-cDCC-t 0.017 (0.022) 0.959 (0.155)

Robust GARCH models, filtration 0.95
BIP-cDCC-n 0.020 (0.015)
BIP-cDCC-t 0.017 (0.017)

0.958 (0.112)
0.965 (0.122)

Proposed models: robust RGARCH, filtration 0.95

BIP-cDCC-n 0.022 (0.015) 0.952 (0.112)
BIP-cDCC-t 0.016 (0.019) 0.968 (0.129)
BIP*-cDCC-n 0.023 (0.015) 0.945 (0.104)
BIP*-cDCC-t 0.017 (0.017) 0.960 (0.114)

Robust GARCH models, filtration 0.9
BIP-cDCC-n 0.021 (0.015)
BIP-cDCC-t 0.017 (0.018)

0.954 (0.106)
0.969 (0.121)

Proposed models: robust RGARCH, filtration 0.9

BIP-cDCC-n 0.022 (0.015) 0.955 (0.108)
BIP-cDCC-t 0.017 (0.019) 0.965 (0.145)
BIP*-cDCC-n 0.023 (0.016) 0.943 (0.105)
BIP*-cDCC-t 0.018 (0.018) 0.960 (0.129)

Notes: BIP*-cDCC denotes the BIP-cDCC-BM-RGARCH model. Standard errors
are reported in parentheses. The estimation sample spans July 1, 2016 — June 28,
2024.

and the BM-RGARCH model of Fiszeder et al. (2024).

We begin by estimating the parameters of all thirty models; the re-
sults are reported in Table 11. The parameter estimates obtained for the
proposed models are very similar to those presented in Table 6 in Section
5. The principal findings obtained using the Garman-Klass variance
estimator remain unchanged when the Parkinson estimator is employed.
Across all models, the estimates of {; are lower and those of 6; are higher
under the conditional Student's t-distribution than under the conditional
normal distribution. In addition, ¢; estimates tend to be higher and 6;
estimates lower in DCC-RGARCH models than in DCC-GARCH models.
In most cases, the proposed robust DCC-RGARCH specifications produce
slightly higher ¢; estimates and slightly lower 6; estimates than the
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Model HMSE MCS Rank
p-value

GARCH models

DCC-n 1.695 0.000

DCC-t 1.677 0.000

¢DCC-n 1.662 0.000

¢DCC -t 1.673 0.000

RGARCH models

DCC-n 1.354 0.029

DCC-t 1.306 0.004

Robust GARCH models, filtration 0.99

BIP-cDCC-n 1.351 0.021

BIP-cDCC-t 1.374 0.053

Proposed models: robust RGARCH, filtration 0.99

BIP-cDCC-n 1.156 1.000* 1

BIP-cDCC-t 1.204 0.102* 8

BIP*-cDCC-n 1.159 0.820* 2

BIP*-cDCC-t 1.277 0.071

Robust GARCH models, filtration 0.975

BIP-cDCC 1.387 0.000

BIP-cDCC 1.400 0.025

Proposed models: robust RGARCH, filtration 0.975

BIP-cDCC 1.175 0.304* 6

BIP-cDCC 1.212 0.099

BIP*-cDCC 1.162 0.820* 4

BIP*-cDCC 1.291 0.058

Robust GARCH models, filtration 0.95

BIP-cDCC 1.358 0.000

BIP-cDCC 1.404 0.005

Proposed models: robust RGARCH, filtration 0.95

BIP-cDCC 1.198 0.071

BIP-cDCC 1.197 0.102* 7

BIP*-cDCC 1.170 0.597* 5

BIP*-cDCC 1.299 0.071

Robust GARCH models, filtration 0.9

BIP-cDCC 1.352 0.001

BIP-cDCC 1.453 0.001

Proposed models: robust RGARCH, filtration 0.9

BIP-cDCC 1.231 0.058

BIP-cDCC 1.215 0.071

BIP*-cDCC 1.162 0.820* 3

BIP*-cDCC 1.273 0.058

Notes: For all RGARCH models, the Parkinson variance estimator is applied.
HMSE is the sum of HMSE,,, for all instrument pairs. BIP *-cDCC denotes the BIP-
c¢DCC-BM-RGARCH model. The lowest value of the loss function is marked in
bold. The symbol * indicates that the model belongs to the set of best models at
the 0.90 confidence level. The ranking refers to models included in the set of best
models. The evaluation period spans from June 25, 2020, to June 28, 2024.

standard DCC-RGARCH models.

Next, we compare the forecasting performance of all models under
consideration. The results of the joint evaluation across all assets are
reported in Table 12, whereas the results for individual asset pairs are
presented in Table 13.

The joint evaluation based on the Parkinson estimator, the HMSE
criterion, and the MCS test confirms the main findings previously ob-
tained using the Garman-Klass estimator. Specifically, the set of best-



Table 13
Covariance forecast evaluation by asset pair using the Parkinson variance estimator.

81

Model Gold-Bitcoin Equities-Bitcoin Oil-Bitcoin Gold-equities 0Oil gold Oil-equities

HMSE MCS Rank HMSE MCS Rank HMSE MCS Rank HMSE MCS Rank HMSE MCS Rank HMSE MCS Rank

p-value p-value p-value p-value p-value p-value

GARCH models
DCCn 0.353 0.000 0.808 0.000 0.115 0.000 0.151 0.006 0.102 0.007 0.167 0.000
DCCt 0.332 0.000 0.786 0.000 0.124 0.000 0.163 0.002 0.105 0.001 0.167 0.000
cDCCn 0.330 0.000 0.806 0.000 0.104 0.000 0.152 0.006 0.103 0.002 0.168 0.000
cDCCt 0.324 0.000 0.794 0.000 0.116 0.000 0.164 0.006 0.104 0.001 0.170 0.000
RGARCH models
DCCn 0.311 0.000 0.553 0.004 0.112 0.000 0.139 1.000* 1 0.099 0.434* 5 0.140 1.000* 1
DCCt 0.288 0.004 0.524 0.000 0.114 0.000 0.140 0.383* 2 0.098 0.653* 2 0.141 0.244* 2
Robust GARCH models, filtration 0.99
BIP-cDCC 0.284 0.001 0.521 0.006 0.103 0.000 0.164 0.001 0.105 0.000 0.175 0.000
BIP-cDCC 0.277 0.077 0.518 0.020 0.103 0.000 0.178 0.006 0.110 0.000 0.188 0.000
Proposed models: robust RGARCH, filtration 0.99
BIP-cDCC 0.257 1.000* 1 0.413 0.387* 9 0.095 0.484* 9 0.144 0.025 0.101 0.007 0.147 0.051
BIP-cDCC 0.264 0.330% 3 0.423 0.314* 12 0.099 0.000 0.152 0.006 0.103 0.000 0.162 0.000
BIP*-cDCC 0.258 0.686* 2 0.418 0.314* 10 0.096 0.011 10 0.143 0.221% 6 0.101 0.007 0.143 0.107* 3
BIP*-cDCC 0.268 0.139* 4 0.481 0.020 0.103 0.000 0.153 0.006 0.103 0.000 0.169 0.000
Robust GARCH models, filtration 0.975
BIP-cDCC 0.313 0.000 0.517 0.006 0.099 0.000 0.168 0.001 0.106 0.000 0.183 0.000
BIP-cDCC 0.304 0.000 0.504 0.010 0.099 0.000 0.181 0.005 0.112 0.000 0.201 0.000
Proposed models: robust RGARCH, filtration 0.975
BIP-cDCC 0.276 0.017 0.408 0.618* 5 0.094 0.733* 4 0.146 0.006 0.100 0.124* 6 0.151 0.000
BIP-cDCC 0.280 0.001 0.411 0.582* 7 0.097 0.000 0.153 0.005 0.104 0.000 0.167 0.000
BIP*-cDCC 0.272 0.036 0.408 0.571* 6 0.095 0.484* 8 0.142 0.286* 5 0.099 0.297* 4 0.146 0.003
BIP*-cDCC 0.285 0.001 0.479 0.020 0.103 0.000 0.153 0.006 0.102 0.001 0.170 0.000
Robust GARCH models, filtration 0.95
BIP-cDCC 0.309 0.000 0.479 0.007 0.097 0.010 0.172 0.001 0.107 0.000 0.194 0.000
BIP-cDCC 0.307 0.000 0.486 0.008 0.098 0.000 0.187 0.003 0.115 0.000 0.211 0.000
Proposed models: robust RGARCH, filtration 0.95
BIP-cDCC 0.291 0.001 0.411 0.361* 8 0.094 0.596* 5 0.146 0.009 0.101 0.007 0.155 0.000
BIP-cDCC 0.281 0.002 0.396 0.977* 2 0.093 0.733* 2 0.152 0.006 0.104 0.000 0.171 0.000
BIP*-cDCC 0.283 0.001 0.406 0.802* 4 0.095 0.484* 7 0.142 0.286* 4 0.098 0.434* 3 0.146 0.006
BIP*-cDCC 0.291 0.001 0.481 0.022 0.102 0.000 0.153 0.006 0.101 0.003 0.170 0.000
Robust GARCH models, filtration 0.9
BIP-cDCC 0.303 0.001 0.460 0.019 0.096 0.134% 11 0.173 0.002 0.110 0.000 0.210 0.000
BIP-cDCC 0.320 0.000 0.492 0.015 0.101 0.000 0.187 0.006 0.120 0.000 0.233 0.000
Proposed models: robust RGARCH, filtration 0.9
BIP-cDCC 0.303 0.000 0.423 0.270* 11 0.094 0.733* 3 0.147 0.038 0.102 0.002 0.163 0.000
BIP-cDCC 0.281 0.036 0.401 0.914* 3 0.093 1.000* 1 0.155 0.006 0.105 0.000 0.180 0.000
BIP*-cDCC 0.289 0.001 0.395 1.000* 1 0.094 0.733* 6 0.141 0.383* 3 0.098 1.000* 1 0.146 0.019
BIP*-cDCC 0.291 0.017 0.457 0.095 0.100 0.000 0.151 0.006 0.101 0.020 0.173 0.000

Notes: For all RGARCH models, the Parkinson variance estimator is applied. BIP *-cDCC denotes the BIP-cDCC-BM-RGARCH model. The lowest values of the loss function are marked in bold. The symbol * indicates that the
model belongs to the set of best models at the 0.90 confidence level. The ranking refers to models included in the set of best models. The evaluation period spans from June 25, 2020, to June 28, 2024.
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performing models consists exclusively of the proposed robust range-
based DCC specifications. Within this group, the BIP-cDCC-BIP-
RGARCH and BIP-cDCC-BM-RGARCH models, both estimated under
the normal distribution with a filtration level of 0.99, achieve the
highest rankings.

The analysis further supports the conclusion that robust DCC models
estimated under the normal distribution outperform those based on the
Student's t-distribution. The results regarding the filtration level are also
consistent with the earlier findings, indicating a clear preference for the
highest level of 0.99, at which the models assuming normality rank first
and second. With respect to the choice between the BIP-cDCC-BM-
RGARCH and BIP-cDCC-BIP-RGARCH specifications, the BM-RGARCH
models generally outperform their counterparts, in line with the previ-
ous results.

The disaggregated analysis at the level of individual asset pairs re-
veals that the proposed robust RGARCH models deliver the most accu-
rate forecasts for four combinations: gold-Bitcoin, equities-Bitcoin, oil-
Bitcoin, and oil-gold. This finding is consistent with the earlier obser-
vation that, for all pairs involving Bitcoin, only the proposed robust
range-based DCC models are included in the MCS set of superior models.
These results highlight the importance of the reduced sensitivity to
outliers offered by the proposed specifications, particularly given the
pronounced volatility of Bitcoin prices. Consistent with the earlier evi-
dence, the only models outside the proposed family that appear in the
set of superior models are the DCC-RGARCH specifications. These
models perform best for the gold-equities and oil-equities pairs.

The conclusion that the normal distribution provides a more suitable
specification than the Student's t-distribution remains valid for most
asset pairs. By contrast, the preferred filtration level and the choice
between the BIP-RGARCH and BM-RGARCH specifications vary across
asset pairs.

As an additional robustness check, we examine the performance of
the Rogers-Satchell range-based estimator (Rogers & Satchell, 1991),
which relaxes the zero-drift assumption underlying the Parkinson and
Garman-Klass estimators. The comparison is conducted using mean
squared error (MSE) measures across the analyzed assets.

The results indicate that the Rogers-Satchell estimator generally
produces larger estimation errors than the Garman-Klass and Parkinson
estimators in our sample. This finding is consistent with the existing
literature, which suggests that although the Rogers—Satchell estimator is
robust to non-zero drift, it is typically less statistically efficient than the
Garman-Klass estimator under standard market conditions. For brevity,
the detailed results are reported in Table B.1 in Appendix B.

9. Discussion and directions for future research
9.1. Empirical scope of the analysis

The empirical analysis presented in this study focuses on assets
representing several important segments of global financial markets,
including commodities, equities, and cryptocurrencies. This heteroge-
neous set of assets provides a useful framework for examining volatility
dynamics and cross-market interactions in environments characterized
by diverse market structures, liquidity conditions, and exposure to
macroeconomic shocks. Such settings are particularly relevant for
evaluating multivariate volatility models, as investors increasingly
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construct diversified portfolios spanning both traditional financial in-
struments and emerging digital assets.

At the same time, the analysis should be regarded as an empirical
illustration rather than a comprehensive investigation covering all asset
classes and market conditions. Future research could extend the analysis
to a broader range of financial assets, including fixed-income securities,
alternative commodities, and sector-specific equity indices. Another
promising avenue would be to examine the performance of the proposed
models in other financial applications, such as portfolio optimization,
dynamic hedging, and systemic risk monitoring.

9.2. Robust modeling in the presence of extreme observations

The results highlight the importance of robust modeling techniques
when analyzing financial data that are frequently affected by extreme
observations and structural instability. Financial markets often experi-
ence abrupt price movements driven by macroeconomic announce-
ments, geopolitical events, or shifts in investor sentiment. In such
environments, volatility models that combine robustness to outliers with
information-rich volatility measures may provide a more reliable rep-
resentation of risk dynamics than conventional approaches based solely
on closing prices.

9.3. Relationship to heavy-tailed and high-frequency volatility models

An important consideration concerns the relationship between the
proposed framework and alternative approaches designed to capture
non-Gaussian features of financial returns. Multivariate GARCH models
with a conditional Student's t-distribution represent a widely used
approach for accommodating heavy tails in return distributions. In the
empirical analysis presented in this paper, models assuming both
Gaussian and Student's t-distributions are estimated to account for this
characteristic. The proposed framework therefore complements, rather
than replaces, heavy-tailed specifications by addressing a different
source of model instability, namely the influence of extreme observa-
tions on volatility dynamics.

Another important class of models relies on realized volatility or
realized covariance measures constructed from high-frequency intraday
data. Although such approaches may provide statistically more efficient
volatility estimators, their implementation requires detailed intraday
price information and involves additional challenges related to market
microstructure noise and irregular trading. By contrast, range-based
volatility measures extract substantially more information than closing
prices while relying only on daily OHLC data. Consequently, the pro-
posed models may be particularly useful in empirical settings where
high-frequency data are unavailable or costly to process.

9.4. Limitations of range-based variance estimators in the presence of
jumps

An important limitation concerns the properties of classical range-
based variance estimators in the presence of discontinuous price
movements. Estimators based on high-low ranges, such as those
developed by Parkinson (1980) and Garman and Klass (1980), are
derived under the assumption of continuous diffusion processes. In
financial markets characterized by jumps, overnight gaps, or abrupt
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news-driven price adjustments, these estimators may become biased
because such price movements are not fully consistent with the under-
lying diffusion framework.

Although the robust filtering mechanisms incorporated into the
proposed models help mitigate the influence of extreme observations on
volatility dynamics, they do not directly address structural biases asso-
ciated with jump components in asset prices. Consequently, the pro-
posed framework should be interpreted primarily as a robust extension
of range-based volatility modeling rather than a comprehensive solution
to jump-related measurement issues.

Future research could therefore investigate whether jump-robust
range-based estimators or bipower-type measures can be integrated
into the multivariate RGARCH framework. Such extensions could
combine the informational advantages of range-based volatility mea-
sures with improved robustness to discontinuous price movements.

9.5. Theoretical properties and future methodological work

From a theoretical perspective, the proposed models build upon
several well-established components of the multivariate volatility liter-
ature. The dynamic correlation structure follows the corrected DCC
framework introduced by Aielli (2013), while the robust filtering
mechanisms are based on the bounded innovation propagation
approach developed by Boudt et al. (2013) and the robust estimation
framework of Muler and Yohai (2008). The univariate volatility equa-
tions extend range-based RGARCH specifications through the incorpo-
ration of robust weighting schemes. As a result, the proposed framework
can be viewed as an integration of existing modeling components rather
than the introduction of an entirely new stochastic structure.

Nevertheless, the empirical calibration of the robust weighting
constants and the use of range-based volatility measures introduce
additional elements whose implications for stationarity, ergodicity, and
estimator consistency warrant further investigation. In particular, the
impact of empirically calibrated thresholds on asymptotic properties has
not yet been fully explored in the literature.

A complete theoretical treatment of these issues would require a
detailed probabilistic analysis of the joint dynamics of the range-based
volatility equations and the robust filtering mechanism. Such an anal-
ysis is beyond the scope of the present empirical study. Future research
could therefore focus on establishing sufficient conditions for covariance
stationarity and identification, as well as examining the asymptotic
properties of the associated estimators.

10. Conclusions

This study examined the relationships among financial assets, with
particular emphasis on the links between crude oil price fluctuations and
developments in the gold, equity, and cryptocurrency markets. To model
and forecast covariances within a portfolio composed of these assets,
multivariate GARCH models were employed. The analysis focused on
two features that are particularly important for modeling highly volatile
financial markets: (1) robust estimation techniques and (2) range-based
volatility measures.

The main methodological contribution of the study is the integration

Appendix A
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of these two features within a unified multivariate framework. Specif-
ically, the proposed models extend the standard ¢cDCC specification by
incorporating range-based volatility dynamics following Fiszeder et al.
(2019), while simultaneously introducing robustness to extreme obser-
vations. Two alternative robust estimation approaches are considered:
one based on the bounded innovation propagation (BIP) procedure of
Boudt et al. (2013) and another based on the bounded M-type variance
estimator developed by Muler and Yohai (2008).

The empirical results demonstrate that the proposed robust multi-
variate range-based GARCH models generate more accurate covariance
forecasts than several benchmark specifications. These benchmarks
include the standard DCC and ¢DCC models, the range-based DCC-
RGARCH models, and the robust BIP-cDCC models. The practical value
of the proposed framework is further supported by the superior Value-at-
Risk forecasting performance obtained for a portfolio consisting of ETFs
and Bitcoin representing the oil, gold, equity, and cryptocurrency
markets.

Overall, the findings underscore the practical relevance of the robust
RGARCH framework for modeling volatility spillovers and tail risks
across financial and commodity markets. From a financial perspective,
the results highlight the benefits of combining robustness to extreme
observations with information-rich volatility measures when modeling
risk in diversified portfolios. The proposed models improve the reli-
ability of covariance and VaR forecasts, which are important inputs for
portfolio allocation, risk management, and stress-testing applications.
These findings are particularly relevant in periods of elevated market
uncertainty and increasing integration between traditional financial
assets and cryptocurrencies.

The superior Value-at-Risk forecasting performance of the proposed
models also has important economic implications. More accurate VaR
forecasts enable financial institutions and investors to assess portfolio
risk more precisely, thereby improving capital allocation, risk control,
and hedging decisions. Consequently, the proposed framework may
offer tangible benefits for portfolio risk management relative to con-
ventional multivariate volatility specifications.
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Fig. A.1. Correlograms of correlation differences between BIP-cDCC-BM-RGARCH-n model and the benchmark DCC-RGARCH-n model.
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Fig. A.2. Differences between time-varying conditional correlations estimated using the BIP-cDCC-BM-RGARCH-n model and the benchmark
DCC-RGARCH-n model.
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Fig. A.2. (continued).
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Appendix B

Table B.1
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Mean squared errors of alternative range-based volatility estimators.

Assets Garman-Klass Parkinson Rogers-Satchell
Oil 44.535 24.268 61.448
Gold 0.068 0.079 0.112
Equities 0.531 0.701 0.922
Bitcoin 1870.117 1636.609 2843.171

Notes: The table reports mean squared errors (MSEs) for the Garman-Klass, Parkinson, and
Rogers-Satchell estimators. In the analyzed sample, the Rogers-Satchell estimator generally pro-

duces the largest estimation errors.

Data availability

The data is available at the following address: https://doi.

org/10.18150/ANSNET.
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