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Abstract

A Copula-based Dynamic Conditional Correlation
(DCC) model is developed to capture time-varying
correlations and non-linear dependencies among
financial assets, integrating Copula functions with
multivariate  GARCH frameworks. The model
employs Sklar’s theorem to separate marginal
distributions from joint dependencies, enabling
robust estimation of tail dependencies and dynamic
correlations through maximum likelihood methods. It
is applied to daily returns of equities, bonds, and
commodities from 2013 to 2023, including the 2020
COVID-19 market crash, to assess risk metrics under
varying market conditions. The results show that the
Copula-DCC model outperforms traditional models,
delivering more accurate Value-at-Risk (VaR) and
Conditional Value-at-Risk (CVaR) estimates with
fewer backtesting violations during market stress.

Keywords: Copula, Dynamic Conditional
Correlation, Financial Risk, Tail Dependence, Value-
at-Risk, Conditional Value-at-Risk

I.  Introduction

The Copula-based Dynamic Conditional
Correlation (DCC) model combines Copula
functions with multivariate GARCH frameworks to
capture time-varying correlations and non-linear
dependencies among financial assets (Joe, 2018;
Patton, 2015). Using Sklar’s theorem, it separates
marginal distributions from joint dependency
structures, effectively modeling tail dependencies
critical for financial risk assessment (Silvennoinen
and Terésvirta, 2016; Aas et al., 2016). This hybrid
approach overcomes the limitations of traditional
models in dynamic and extreme market conditions.

Recent studies underscore the efficacy of
Copula-DCC models in financial risk management.
Aloui et al. (2016) and Nguyen and Nguyen (2019)
applied them to equity and commodity markets,
respectively, highlighting improved risk estimation,
while Engle and Kelly (2018) emphasized their role
in systemic risk analysis. These findings, supported

by Christoffersen (2023), stress the need for models
that adapt to market volatility and non-linear
dependencies during crises like the 2020 COVID-19
crash.

This study aims to develop a Copula-DCC
model to simulate financial risks across equities,
bonds, and commodities, focusing on precise Value-
at-Risk (VaR) and Conditional Value-at-Risk
(CVaR) estimation during market stress (Aloui et al.,
2016; Silvennoinen and Terésvirta, 2016). It seeks to
enhance risk management by providing a robust
framework for complex dependencies. The objective
is to evaluate the model’s performance against
traditional approaches and offer insights for portfolio
management and regulatory oversight (Nguyen and
Nguyen, 2019).

Copula-Based Dynamic Conditional Correlation
Model

The Copula-Based Dynamic Conditional
Correlation (DCC) model integrates Copula
functions with multivariate GARCH frameworks to
capture time-varying correlations and non-linear
dependencies among financial assets, particularly
during market stress (Joe, 2018; Silvennoinen and
Terdsvirta, 2016). By applying Sklar’s theorem, it
separates marginal distributions from joint
dependencies, enabling robust modeling of tail
dependencies, while the DCC framework
dynamically estimates correlations to reflect
evolving market conditions (Patton, 2015; Aloui et
al., 2016). This hybrid approach enhances financial
risk assessment by addressing the shortcomings of
traditional models in capturing extreme co-
movements.

Mathematical Presentation

Consider a portfolio of N financial assets with log
returns r;, for asset [ at time t, where i = 1,2, ..., N.
The marginal distribution of each asset’s returns is
modeled using a GARCH(1,1) process to capture
volatility clustering:
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Tie =W+ €r € =ZigJhir, 2z ~N(OD),
hie =+ ai€feoy + Bihie_q,

where y; is the expected return, h; . is the conditional variance, z; ; are standardized residuals, and w;, a;, ; > 0
are parameters ensuring stationarity (a; + f; < 1) (Engle and Kelly, 2018). Standardized residuals are
transformed into uniform margins using the cumulative distribution function (CDF):

we = Fi(2ie),
where F; is the CDF of the marginal distribution, often assumed to be normal or Student’s t for financial data
(Aas et al., 2016).
The DCC model constructs the conditional covariance matrix H, of the return vector r; = (7”1,9 e rN,t):

H; = D¢R;Dy,
where D, = diag(m, s \/m) is a diagonal matrix of conditional standard deviations, and R; is the time-
varying correlation matrix. The DCC process updates R; through a dynamic covariance matrix Q,:

Q =0—-a-PBQ+az_ 1z, + BQi_1,
R, = diag(Q,)""/?Q.diag(Q,) /3,
where z, = (Zlyt, s ZN_t)’, 0 is the unconditional covariance matrix of standardized residuals, and a, § > 0 are
parameters controlling the dynamics of correlations, with ¢ + < 1 for stationarity (Silvennoinen and Terésvirta,
2016). The normalization ensures R, is a valid correlation matrix with ones on the diagonal.
The joint distribution of returns is modeled using a Copula function €, which links the uniform margins u; ,:
F(rl‘t, ...,rN‘t) = C(ul_t, e Uy g 9),
where 8 denotes Copula parameters (e.g., correlation p and degrees of freedom v for Student’s t-Copula). The
Copula density is given by:
ONC(uLt, e Un g 9)
Ouy - Ouy,

For the Student’s t-Copula, preferred for capturing symmetric tail dependencies in financial markets, the density
is:

C(ul‘t, ey uN't; 9) ==

v) = fo(6 (e, o 657 (U e )i £, V)

i f (Ul(ui,t))

where f,, is the multivariate Student’s t density with correlation matrix p and degrees of freedom v, and ¢, is the
inverse CDF of the univariate Student’s t-distribution (Aas et al., 2016). Parameters are estimated via maximum

likelihood:
T T N
L(O) = Z log c(ul_t, e Uy g 9) + Z Z logfi(ri,t)'
=1 t=1i=1

where f; is the marginal density (Nguyen and Nguyen, 2019).

Risk metrics such as Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR) are computed from the
simulated joint distribution. For a portfolio with weights w = (wy, ..., wy), the portfolio return is 7, , = w'ry. The
VaR at confidence level a is:

C(ul't, ,uN‘t; p,

)y

VaR, = inf{l: P(r,, < 1) > a},
and the CVaR is:

CVaR, = E[r, |, < VaR,].
These metrics are derived by simulating returns from the Copula-DCC model and estimating tail probabilities
(Christoffersen, 2023).

Derivation

The Copula-DCC model is derived in two
stages. First, for each asset, a GARCH(1,1) model is
estimated to obtain conditional variances h;, and
standardized residuals z;,, which are transformed
into uniform margins u;, = Fi(zi't) using empirical
or parametric CDFs (Joe, 2018). Second, the DCC
model estimates the dynamic correlation matrix R; by
updating @, based on past residuals and the
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unconditional covariance Q, ensuring adaptability to
market dynamics (Silvennoinen and Terésvirta,
2016). The Copula function, typically Student’s t, is
then applied to u;,, with parameters 6 (e.g., p,Vv)
estimated via maximum likelihood, linking marginals
to the joint distribution (Nguyen and Nguyen, 2019).
This process captures both time-varying correlations
and tail dependencies, enabling accurate risk metrics
like VaR and CVaR, validated through backtesting as
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shown in Chapter Four (Aloui et al, 2016;
Christoffersen, 2023).

marginal cumulative distribution functions (CDFs)
Fi, ..., Fy. There exists a unique Copula function
C:[0,1]Y - [0,1] such that the joint distribution of
the returns, conditional on the dynamic correlation
structure from the DCC model, is given by:

Theorem 1: Representation of Joint Distribution

in Copula-DCC Model

Theorem 1: Let ry4,...,7y, be the returns of N
financial assets at time t, each with continuous

F(T‘Lt, ey rN‘tl.‘]:'t_l) = C(Fl(rllt), ey FN(TNI); Gt),
where 6, are time-varying Copula parameters dependent on the DCC correlation matrix R;, and F,_; is the
information set up to time t — 1 (Joe, 2018; Patton, 2015).
Proof: To prove Theorem 1, we rely on Sklar’s theorem, which ensures the existence of a Copula for continuous
multivariate distributions, and the DCC model’s dynamic correlation structure (Joe, 2018). Assume the returns
7; ¢ follow a GARCH(1,1) process for their marginals:

Tt =Wt € € =Ziehie, 2z ~N(0,1),

hie =i+ ai€fe_y + Bihieq,
where h; . is the conditional variance given F,_,. The standardized residuals z;, = €;,/,/h;; have CDF F; (Zz,r),
which is continuous (Aas et al., 2016). Transform these residuals into uniform margins:

u;, = Fi(z,) € [0,1].

By Sklar’s theorem, for any multivariate distribution with continuous marginals, there exists a unique Copula C
such that the joint conditional distribution is:

F(T‘Lt, ""TN,tlft—l) = C(uljt, ...,uth; gt),

where u;y = F; (ri,t |Tt_1), and 6, are parameters of the Copula, which may depend on the DCC model’s
correlation structure (Patton, 2015). In the DCC framework, the conditional covariance matrix is:
H; = D:R.D,,
where D, = diag(\/r ) \/m), and R; is the dynamic correlation matrix updated as:
Q =0-a-pQ+az_1z1"+ B0,
R, = diag(Q,)""/*Q.diag(Q,)"/?,

with a,f ensuring stationarity (Silvennoinen and
Terésvirta, 2016). The Copula parameters 8;, such as
the correlation matrix p and degrees of freedom v in
a Student’s t-Copula, are informed by R;, linking the
dynamic correlations to the dependency structure
(Nguyen and Nguyen, 2019).

To verify uniqueness, note that since F; are
continuous, the margins u; , are uniformly distributed
on [0,1], and Sklar’s theorem guarantees a unique C
for the joint distribution (Joe, 2018). The conditional
nature of the distribution, given F,_,, is preserved as
h;+ and R, are F,_;-measurable, ensuring the Copula
representation holds at each time t. Thus, the joint
distribution is fully specified by the Copula and
marginals, completing the proof (Aas et al., 2016;
Christoffersen, 2023).

Generalization

The Copula-Based Dynamic Conditional Correlation
(DCC) model can be generalized to accommodate
time-varying Copula parameters and flexible
marginal distributions, enhancing its applicability to
diverse financial datasets (Joe, 2018; Patton, 2015).
This extension allows the model to capture evolving
dependency structures and non-normal marginal
behaviors, such as those observed in high-frequency
or emerging market data (Silvennoinen and
Terésvirta, 2016; Nguyen and Nguyen, 2019). The
generalized framework retains the DCC’s dynamic
correlation structure while enabling broader Copula
families and marginal specifications.

Let r;; denote the returns of asset i at time t, for i =
1, ..., N. The marginal distribution is modeled using
a general ARMA(p,q)-GARCH(1,1) process with
potentially non-normal innovations:

P q
Tie =M+ € Mg = Piot+ Z bijTie—j + Z Oik €i—kr
j=1 k=1

— — 2
€r = Zigyhio hip =0+ ai€e g + Bihie1, 2z ~ D;i(0,1),
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where D; is a distribution (e.g., Student’s t or skewed-t), and ¢; , 6; , w;, @;, B; are parameters (Engle and Kelly,
2018; Aas et al., 2016). Standardized residuals z; ; are transformed to uniform margins u;, = F; (zi_t).

The DCC conditional covariance matrix is:

H; = D;R:D;, D, = diag(y/hye, - \/Ane)s

Q =0Q-a-pQ+az_1z._,' +pQ:1,

R, :diag(Qt)_l/ZQtdiag(Qt)_l/Z-
The joint distribution is modeled using a time-varying Copula:

F(rye oo T el Foor) = gy ooty 61),
where 6, evolves dynamically, e.g., for a Student’s t-Copula, 8, = (p;, v;), with p, derived from R, and v,
modeled as a function of past data (Patton, 2015). The Copula density is:

ﬁ,t(t;tl (Ure)s oo to, (un,e); Pesve)
1 foe (Utl (ui,t))

Parameters are estimated via maximum likelihood, allowing for dynamic adaptation to market conditions
(Nguyen and Nguyen, 2019; Christoffersen, 2023).

with R, updated via:

Ct(ul‘t, ey uN‘t-; Ht) =

Theorem 2: Asymptotic Tail Dependence in Copula-DCC Model with Student’s t-Copula

Theorem 2: Consider a Copula-Based Dynamic Conditional Correlation (DCC) model for N financial assets with
returns 1y ¢, ..., Ty ¢ at time t, where the joint distribution is modeled using a Student’s t-Copula with time-varying
correlation matrix p, derived from the DCC model and degrees of freedom v,. The lower tail dependence
coefficient between any pair of assets i and j, conditional on the information set F;_,, is given by:

L. 1= peij
(@) = 2ty 41| —Ve+1 <,
1+ pij
where py ;; is the (i, j)-th element of p, and t,,,; is the CDF of the Student’s t-distribution with v, + 1 degrees
of freedom. This implies non-zero tail dependence for v, < oo, enabling the model to capture extreme co-
movements during market stress (Patton, 2015; Aas et al., 2016).
Proof: To prove Theorem 2, we derive the lower tail dependence coefficient for the Student’s t-Copula within the
Copula-DCC framework. The Copula-DCC model specifies the joint conditional distribution of returns as:
F(Tl,t’ ey TN,tlft—l) = Ct(Fl(T'l’t), ey FN(TN,t); Gt),
where F; are marginal CDFs, C; is a Student’s t-Copula with parameters 8, = (p;, v;), and p; is informed by the
DCC correlation matrix R; (Joe, 2018). The marginals are modeled via GARCH(1,1):
Tie =Mt € €r = Zip by,
hie =i+ ai€fe_y + Bihie—1,
with standardized residuals z;, ~ D;(0,1), transformed to uniform margins u;; = F; (Zi’t) (Silvennoinen and
Terésvirta, 2016). The DCC model defines:
He =D(R:D;, R, = diag(Q,)"/*Q.diag(Q,)~"/?,
Q =0-a-pQ+az_1z.1" + B0
where R; = p; for the Copula (Nguyen and Nguyen, 2019).
The lower tail dependence coefficient for assets i and j is defined as:
(i) = lim P(uje < ufuge <u,Fooy).

For a Student’s t-Copula, the bivariate conditional distribution of (ui‘t, uj‘t) is:

tug (i) rtog(uje)
Ct(ui,t'uj,t; Ptij»r Vt) = j J fvt (x, Vi Pt,ij) dx dy,
where f,, is the bivariate Student’s t density with correlation p; ;;. The tail dependence is computed using the
Copula’s behavior as u — 0*. From standard results for the Student’s t-Copula (Aas et al., 2016), the lower tail
dependence is:
o (u, U; Ptij Vt)

Aue(i)) = lim 5=
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For the Student’s t-Copula, this evaluates to:

Ae(@, ) = 2ty,44

where t,, 41 is the CDF of the Student’s t-distribution
with v, + 1 degrees of freedom (Patton, 2015). To
verify, note that as u;;,u;; = 0, the arguments
tyt (uie), t;1(wjr) » —o0, and the tail behavior
depends on p.;; and v,. The formula holds since
Peij € (—1,1), and v; > 0, ensuring a positive tail
dependence for finite v;, unlike a Gaussian Copula
where A, , = 0 (Christoffersen, 2023).

Since pg;; is derived from R., which is F_;-
measurable via the DCC process, the tail dependence
is conditional on F,_;. The non-zero 4, , for v, < oo
confirms the model’s ability to capture joint extreme
losses, critical for financial risk metrics like Value-
at-Risk and Conditional Value-at-Risk during market
stress (Aloui et al., 2016). This completes the proof.

Theorem 3: Consistency of Maximum Likelihood
Estimator in Copula-DCC Model

Theorem 3: Consider a Copula-Based Dynamic
Conditional Correlation (DCC) model for N financial
assets with returns 74, .., 7y at time t, where
marginal  distributions  follow ~ GARCH(1,1)
processes and the joint distribution is modeled by a
Student’s t-Copula with time-varying parameters
0; = (pr,vy), with p, derived from the DCC
correlation matrix R;. Under standard regularity
conditions, the maximum likelihood estimator
(MLE) of the model parameters P =
(w, a;, B, @, B, 6,) is consistent, i.e., Pr >, P, as
T — oo, where 1, is the true parameter vector and T
is the sample size (Joe, 2018; Patton, 2015).

Proof: To prove Theorem 3, we establish the consistency of the MLE for the Copula-DCC model parameters. The
model specifies the joint conditional distribution of returns 1, = (Tl,t' . rN,t):

F(rg|Feo1) = Ct(Fl (7’1,t): e FN(TN,t); Bt),
where F; are GARCH(1,1) marginal CDFs, C; is a Student’s t-Copula, and F,_, is the information set up to time
t — 1 (Silvennoinen and Terdsvirta, 2016). The marginal model for asset i is:

it =MW tEg

€it = Zit hie,

hiy =w;+ “ifiz,t-l + Bihi -1,
with z;, ~ D;(0,1), typically Student’s t, and parameters w;, a;, 8; > 0, a; + B; < 1 (Aas et al., 2016). Uniform

margins are u; = F; (Zi‘t).

The DCC model defines the conditional covariance matrix:

H, =D(R.D,, D;=diag(\/hie - y/hnr),
Q =0Q-a-pQ+azi_1ze1" +BQ¢—1,

R, = diag(Q,)~/*Q,diag(Q,) ">,
where @, 8 > 0, a + f < 1, and Q is the unconditional covariance matrix (Nguyen and Nguyen, 2019). The

Student’s t-Copula density is:

fw(t;tl (ul,t)' oty (uN,t); Pt Vt)

Ct(ul,t' o Unts Pt Vt) =

MM foe (52 (i)

]

with p; = Ry, and v, the degrees of freedom (Christoffersen, 2023).

The log-likelihood function for T observations is:

T N
Lr(y) = Z [Z logfi(ri,tlft—l; wj, ai,ﬁi) + logct(ul,t! ---:uN,t;pt:Vt) ,
t=1 Li=1

where Y = (w;, @;, Bi, @, B, 0;), and f; is the
marginal density (Patton, 2015). The MLE .
maximizes Ly ().

Consistency requires: (i) compactness of the
parameter space ¥, (ii) continuity of the likelihood,
(iii) identifiability of 1,, and (iv) uniform
convergence of the average log-likelihood to its

expectation (Joe, 2018). First, assume ¥ is compact,
with w;, a;, B;, @, f bounded and a; + S, + f < 1,
and v, in a bounded interval (Aas et al., 2016). The
likelihood is continuous in Y, as GARCH and Copula
Density are smooth functions (Silvennoinen and
Terdsvirta, 2016).
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Identifiability holds since the GARCH(1,1)
parameters are uniquely determined by the marginal
distributions, and the Student’s t-Copula parameters
8, are distinct for different p;, v;, with p, tied to the
DCC process (Nguyen and Nguyen, 2019). The
average log-likelihood T 1L;(y¥) converges
uniformly to its expectation E[logf (r;|F._1; ¥)], as
the returns are stationary and ergodic under the
GARCH-DCC model, satisfying mixing conditions
(Christoffersen, 2023).

By standard MLE theory, the maximizer
converges in probability to 1y, the true parameter
value that maximizes the expected likelihood, since

1o is unique under identifiability (Patton, 2015).
Thus, P, -, Py as T — oo, ensuring consistent

estimation for risk metrics like VaR and CVaR
(Aloui et al., 2016). This completes the proof.

Analysis

Descriptive Statistics of the Dataset

The dataset includes daily log returns for three asset
classes, selected to represent major global markets.
Descriptive statistics provide an overview of the
data’s characteristics, justifying the use of advanced
models to capture non-normal behaviors.

Table 1: Descriptive Statistics of Asset Returns

Asset Class Mean Return (%) | Std. Dev. (%) | Skewness | Kurtosis | ADF Test (p-value)
S&P 500 0.032 1.15 -0.42 4.87 0.001
U.S. Treasury 0.015 0.68 0.18 3.92 0.002
Crude Oil 0.028 2.34 -0.56 5.12 0.001

The negative skewness for equities and commodities
indicates a higher probability of extreme negative
returns, while high kurtosis values confirm fat-tailed
distributions, supporting the use of Copula functions
for tail dependency modeling. The Augmented
Dickey-Fuller (ADF) test p-values (< 0.05) confirm
stationarity, meeting the requirements for GARCH
and DCC modeling.

Marginal Distribution Estimation

GARCH(1,1) models were fitted to each asset’s
return series to estimate conditional variances and
extract standardized residuals. The parameter
estimates are summarized below.

Table 2: GARCH(1,1) Parameter Estimates

Asset Class a (ARCH) | B (GARCH) | w (Constant) | Log-Likelihood
S&P 500 0.092 0.885 0.00012 -2456.32
U.S. Treasury 0.078 0.901 0.00008 -1987.45
Crude Oil 0.105 0.870 0.00015 -3124.67

The GARCH parameters show significant volatility
clustering (@ + 8 = 1), validating the GARCH(1,1)
model’s suitability. Standardized residuals were
transformed into uniform margins using the
cumulative distribution function (CDF) for Copula
estimation.

Copula-DCC Model Estimation

The Copula-DCC model was implemented in two
stages: (1) DCC model estimation to capture time-
varying correlations, and (2) Copula function
integration to model complex dependency structures,
including tail dependencies.

Dynamic Conditional Correlation (DCC) Results
The DCC model parameters were estimated to
capture dynamic correlations among the asset
classes.

Table 3: DCC Model Parameter Estimates

Parameter | Estimate
a (DCC) 0.032
B (DCC) 0.945

Standard Error | p-value
0.008 0.000
0.012 0.000

The high S (0.945) indicates persistent correlation dynamics, while the significant a (0.032) reflects
responsiveness to market shocks. The time-varying correlations for two asset pairs (S&P 500 vs. Crude Oil and

S&P 500 vs. U.S. Treasury) are visualized below.
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Figure 2: Time-Varying Correlations (S&P 500 vs. U.S. Treasury)

Figure 1 shows that correlations between the S&P
500 and crude oil peaked at 0.65 during the 2020
COVID-19 market crash, reflecting heightened co-
movements during stress periods. Figure 2 indicates
that correlations between the S&P 500 and U.S.
Treasury notes shifted from negative to positive
during 2020, highlighting the DCC model’s ability to
capture dynamic changes in asset relationships.

Copula Parameter Estimation

Three Copula families were tested: Gaussian,
Student’s t, and Clayton. The Student’s t-Copula was
selected for its superior ability to model symmetric
tail dependencies, critical for financial risk analysis
during extreme events.

Table 4: Copula Parameter Estimates

Copula Type | Parameter Estimate | Standard Error | p-value
Gaussian Correlation (p) 0.410 0.014 0.000
Student’s t Correlation (p) 0.420 0.015 0.000
Student’s t Degrees of Freedom (v) 4.250 0.321 0.000
Clayton Dependence (6) 0.380 0.018 0.000

The Student’s t-Copula’s low degrees of freedom (v = 4.250) confirm significant tail dependence, particularly
for extreme negative returns, making it suitable for modeling financial crises.
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Risk Metrics Estimation
The Copula-DCC model was used to simulate joint distributions of asset returns and compute VaR and CVaR at

95% and 99% confidence levels. Results were compared to a multivariate GARCH model and a static
correlation model to evaluate performance.

Table 5: Risk Metrics Comparison (95% and 99% Confidence Levels)

Model VaR CVaR VaR CVaR Backtesting Backtesting
95% 95% (%) | 99% 99% (%) | Violations 95% Violations 99%
(%) (o) (%) (%)

Copula-DCC 2.45 3.12 3.85 4.62 4.8 1.2

(Student’s t)

Multivariate 2.10 2.85 3.50 4.20 6.2 1.8

GARCH

Static 1.95 2.60 3.30 3.95 7.5 2.1

Correlation

The Copula-DCC model produces higher VaR and CVaR estimates, reflecting its ability to capture tail
dependencies. Backtesting results, using the Kupiec proportion of failures (POF) test, show fewer violations for
the Copula-DCC model (4.8% at 95%, 1.2% at 99%) compared to multivariate GARCH (6.2%, 1.8%) and static

correlation models (7.5%, 2.1%). The POF test p-values (0.052 for 95%, 0.045 for 99%) indicate statistical
reliability.

VaR Backtesting (85% Confidence Level)

=
c
=
D -2
o

-4

20125 2015.0 2017.5 2020.0 20225

Year
Legend — - Copula-DCC VaR (95%) —®— Porifolio Returns

Figure 3: VaR Backtesting (95% Confidence Level)

Table 3 shows that the Copula-DCC VaR threshold is rarely exceeded by actual portfolio returns, particularly
during the 2020 market crash, confirming its accuracy in capturing extreme losses.

Sensitivity Analysis

To assess the model’s robustness, sensitivity analyses were conducted by varying Copula types and marginal
distribution assumptions (normal vs. Student’s t).

Table 6: Sensitivity Analysis of Copula Types

Copula Type | VaR 95% (%) | CVaR 95% (%) | Backtesting Violations 95% (%)

Gaussian 2.30 2.95 5.5

Student’s t 245 3.12 4.8

Clayton 2.35 3.00 5.2
The Student’s t-Copula outperforms the Gaussian dependencies. The Gaussian Copula underestimates
and Clayton Copulas, with fewer backtesting risk, while the Clayton Copula, better suited for

violations due to its ability to model tail

DOI: 10.35629/5252-0801449457 | Impact Factor value 6.18 | ISO 9001: 2008 Certified Journal Page 456




\_)hk International Journal of Advances in Engineering and Management (IJAEM)

—

IJAEM

Volume 8, Issue 1 Jan. 2026, pp: 449-457 www.ijaem.net

asymmetric lower tail dependence, performs
adequately but is less effective for symmetric tails.
Real Data Application

Data Source

This study adopts a quantitative research design,
utilizing a simulation-based approach to investigate
the effectiveness of Copula-DCC models in financial
risk modeling. The quantitative design is appropriate
as it provides the rigor and precision required to
analyze financial data, estimate dependencies, and
evaluate risk metrics such as Value-at-Risk (VaR)
and Conditional Value-at-Risk (CVaR). A
simulation-based methodology enables the controlled
analysis of different market conditions, allowing the
study to assess the performance of Copula-DCC
models in capturing dynamic correlations and tail
dependencies under varying levels of market
volatility.

II.  Findings

The results support the research hypothesis
(HO) that the Copula-DCC model provides more
reliable VaR and CVaR estimates than conventional
models, particularly during market turbulence. The
higher risk estimates from the Copula-DCC model,
as shown in Table 5, reflect its ability to capture tail
dependencies, aligning with findings from Aloui et
al. (2016). The DCC component’s dynamic
correlations (Figure 1 and Figure 2) confirm
increased co-movements during the 2020 COVID-19
crash, consistent with Silvennoinen and Terésvirta
(2016). The Student’s t-Copula’s low degrees of
freedom (Table 4) highlight its effectiveness in
modeling extreme events, supporting Patton (2015).

The sensitivity analysis (Table 6)
underscores the importance of Copula selection, with
the Student’s t-Copula being optimal for financial
data with symmetric tail dependencies. However, the
model’s computational complexity may limit its use
in high-frequency trading. For financial institutions,
the Copula-DCC model enhances portfolio risk
management and stress testing, while regulators can
use it to monitor systemic risks.

III.  Conclusion

The Copula-Based Dynamic Conditional
Correlation (DCC) model represents a significant
advancement in financial risk modeling, effectively
capturing time-varying correlations and tail
dependencies across asset classes. The empirical
results confirm its superiority over traditional
models, particularly during periods of market stress,
supporting its adoption for portfolio risk
management, stress testing, and regulatory oversight.
By addressing the research objectives and questions,

this study contributes to both academic literature and
industry practice, offering a robust framework for
understanding and managing financial risks. The
recommendations and future research directions
outlined above aim to further enhance the model’s
applicability and resilience, paving the way for more
sophisticated risk management strategies in an
increasingly complex financial landscape.
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