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ABSTRACT

This study proposes an integrated econometric framework for forecasting insurer capital requirements under conditions of
volatility clustering, heavy-tailed risk, and dynamic cross-market dependence. The framework combines ARMA-based mean
modeling, GARCH-family volatility estimation, Extreme Value Theory (EVT) for tail risk refinement, and Dynamic Conditional
Correlation (DCC) models for multivariate dependence structures. The motivation stems from the increasing instability of
financial and insurance markets, where traditional risk models often underestimate extreme losses and correlation shifts
during crises. Building on established literature in volatility modeling (Bollerslev, 1986; Engle, 2002) and tail risk estimation
(McNeil & Frey, 2000; Gengay & Selcuk, 2004), the study integrates copula-inspired risk aggregation concepts and EVT-
enhanced GARCH structures to improve capital forecasting accuracy. A conceptual empirical simulation is developed to
illustrate insurer capital exposure under different market regimes. The findings suggest that EVT-enhanced GARCH
significantly improves tail sensitivity, while DCC structures capture systemic risk spillovers more effectively than univariate
models. The proposed framework provides a unified tool for regulators and insurers to estimate capital adequacy under
Basel-aligned risk conditions and extreme market stress scenarios.

Keywords: Insurer capital requirements; ARMA-GARCH; Extreme Value Theory; DCC-GARCH; volatility
clustering; tail risk; systemic risk; Value-at-Risk; financial econometrics; risk modelling.

especially during financial crises (McNeil & Frey, 2000).
1. INTRODUCTION

To address this limitation, Extreme Value Theory (EVT) has

Complex The measurement and forecasting of insurer
capital requirements is a central concern in financial risk
management, particularly under regulatory regimes such
as Solvency Il and Basel-aligned frameworks. Insurance
institutions are inherently exposed to multifaceted risks,
including underwriting risk, market risk, and systemic
financial contagion. These risks exhibit strong
nonlinearity, time-varying volatility, and extreme tail
behavior, making classical linear forecasting models
insufficient.

Volatility clustering, first formalized in ARCH and GARCH
frameworks (Bollerslev, 1986), remains a foundational
characteristic of financial time series. Subsequent
extensions such as ARMA-GARCH models have been
widely used to capture both conditional mean dynamics
and heteroskedastic variance structures (Ali et al., 2022).
However, empirical evidence suggests that GARCH-type

models alone underestimate extreme tail events,

been introduced to model tail distributions more accurately,
particularly for Value-at-Risk (VaR) and Expected Shortfall
estimation (Gengay & Selcuk, 2004). Meanwhile, multivariate
dependence modeling through Dynamic Conditional
Correlation (DCC-GARCH) frameworks (Engle, 2002) has
enabled researchers to capture time-varying correlations
across asset classes and markets.

In the insurance context, capital adequacy is directly
influenced by correlated risk exposures and extreme market
movements. Regulatory capital requirements must therefore
reflect both marginal risk distributions and joint dependency
structures. Prior studies emphasize that ignoring dependence
dynamics leads to systematic underestimation of risk exposure
(Engle & Sheppard, 2001; Longin & Solnik, 2001).

This study aims to integrate ARMA-GARCH, EVT-enhanced
GARCH, and DCC-GARCH into a unified econometric
framework for insurer capital forecasting. The primary
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objectives are: (1) to model conditional mean and
volatility dynamics in insurance-related financial returns;
(2) to incorporate extreme tail risk using EVT-based
corrections; and (3) to capture systemic dependence
structures through multivariate DCC modeling.

A key theoretical foundation is derived from portfolio risk
aggregation techniques such as copula-GARCH-EVT-CVaR
frameworks (Deng, Ma, & Yang, 2011), which demonstrate
that hybrid models significantly outperform standalone
volatility models in capturing joint tail risk. This insight is
particularly relevant for insurance capital estimation,
where risk aggregation across heterogeneous portfolios is
essential.

2. LITERATURE REVIEW

The evolution of financial risk modeling has progressed
through several key stages, beginning with ARCH/GARCH
models (Bollerslev, 1986), which introduced time-varying
conditional variance. These models have been widely
applied in insurance and financial forecasting contexts
(Ali et al., 2022; Makhwiting et al., 2012). However, their
limitation lies in their inability to fully capture extreme tail
events and nonlinear dependence structures.

To overcome these limitations, EVT-based approaches
were introduced to model rare but high-impact events.
McNeil and Frey (2000) demonstrated the effectiveness of
EVT
heteroscedastic time series. Similarly, Gencay and Selguk

in estimating tail-related risk measures for
(2004) showed that EVT outperforms conventional
methods in emerging markets where fat tails are
prevalent.

Further advancements include hybrid models combining
GARCH with EVT and CVaR measures, particularly in
portfolio optimization contexts (Deng, Ma, & Yang, 2011).
Such frameworks highlight the importance of integrating
tail risk and wvolatility clustering simultaneously.
Bhattacharyya and Ritolia (2008) also emphasize
conditional VaR improvements using EVT-based margin
schemes.

Multivariate extensions using DCC-GARCH models (Engle,
2002) allow dynamic correlation estimation, capturing
systemic risk and contagion effects. Studies by Joyo and
Lefen (2019) and Mishra and Dash (2024) demonstrate
that DCC-GARCH
dependencies, especially during turbulent periods.

effectively models inter-market

Insurance-specific risk literature also highlights
regulatory dimensions. Schwarcz and Schwarcz (2014)
and Xie (2013) emphasize systemic risk regulation in
insurance markets, underscoring the need for robust
capital forecasting models. Gaganis et al. (2016) further
show how regulatory frameworks influence reserve

management and income smoothing behavior in

insurance firms.

Despite extensive literature, a key research gap persists: the
lack of a fully integrated framework combining ARMA-based
forecasting, EVT tail correction, and DCC-based dependence
modeling specifically tailored for insurer capital estimation.
Existing models tend to focus on either univariate volatility or
multivariate correlation but rarely integrate all three
components into a unified system.

This study addresses this gap by synthesizing volatility, tail
risk, and dependence modeling into a single coherent
framework, building conceptually on hybrid risk models such
as copula-GARCH-EVT-CVaR systems (Deng, Ma, & Yang, 2011),
which serve as a foundational reference for integrated risk
modeling.

3. METHODOLOGY
3.1 Model Framework Design

The proposed framework integrates three interconnected
layers: ARMA mean modeling, GARCH volatility estimation,
EVT-based tail correction, and DCC-based multivariate
dependence modeling. Let rtr_trt represent insurer-related
financial returns. The conditional mean is specified using an
ARMA(p,q) process:

rt=p+)i=1poirt-i+)j=1q0jet-j+etr_t = \mu + \sum_{i=1}"{p}
\phi_i r_{t-i} + \sum_{j=1}"{q} \theta_j \epsilon_{t-j} +
\epsilon_trt=p+i=1) poirt-i+j=1) q0jet-j+et

where et\epsilon_tet represents innovation terms.

3.2 Volatility Modeling with GARCH

Conditional variance is modeled using GARCH(1,1):
ot2=w+aet-12+Pfot-12\sigma_t*2 = \omega + \alpha
\epsilon_{t-1}"2 + \beta \sigma_{t-

1} 20t2=w+aet-12+Bot-12

This captures volatility clustering effects (Bollerslev, 1986; Ali
etal, 2022).

3.3 EVT-Based Tail Risk Enhancement

To correct underestimation of extreme losses, EVT is applied to
standardized residuals. The Generalized Pareto Distribution
(GPD) is used for tail modeling:

P(X>x|X>u)~GPD(§,R)P(X > x |
\beta)P(X>x|X>u)~GPD(E,()

X > u) \sim GPD(\xi,

This improves tail risk estimation in capital forecasting
(McNeil & Frey, 2000; Gengay & Selcuk, 2004). The integration
of EVT with GARCH is conceptually aligned with hybrid
frameworks such as Deng, Ma, and Yang (2011), which
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emphasize joint volatility-tail CVaR

optimization.

modeling for

3.4 DCC-GARCH Dependence Structure

Dynamic correlations between multiple risk sources are
modeled using DCC:

Ht=DtRtDtH_t = D_t R_t D_tHt=DtRtDt

where RtR_tRt evolves dynamically based on past
standardized residuals (Engle, 2002). This allows capture
of systemic risk spillovers across insurance asset
portfolios (Mishra & Dash, 2024).

3.5 Capital Requirement Estimation

Insurer capital
measures:

requirement is derived using risk

Capital=VaRa+ESaCapital =
ES_{\alpha}Capital=VaRa+ESa

VaR_{\alpha} +

where VaR and Expected Shortfall are computed from
EVT-enhanced distributions. The hybrid structure ensures
both marginal and joint risks are incorporated.

The methodological integration is conceptually consistent
with copula-GARCH-EVT-CVaR frameworks (Deng, Ma, &
Yang, 2011), which demonstrate superior performance in
portfolio optimization under extreme risk conditions.

4. RESULTS

The integrated framework demonstrates significant
improvements in forecasting insurer capital requirements
compared to standalone ARMA-GARCH or basic DCC
models. The inclusion of EVT-based tail correction
substantially increases sensitivity to extreme losses,
particularly during simulated crisis periods characterized

by high volatility clustering and correlation breakdown.

Under normal market conditions, ARMA-GARCH models
adequately capture
However, during stress regimes, the model exhibits
systematic underestimation of tail risk. EVT-enhanced
corrections mitigate this limitation by adjusting the upper
quantile distribution, leading to more accurate VaR and
Expected Shortfall estimates. This finding aligns with

short-term volatility dynamics.

McNeil and Frey (2000), who emphasize EVT’s superiority
in modeling extreme financial losses.

The DCC component reveals dynamic correlation spikes
between insurance-related financial assets and broader
market indices. These correlation shifts intensify during
volatility shocks, confirming findings by Engle (2002) and
Longin and Solnik (2001). Such behavior indicates that
insurer capital requirements are highly sensitive to

systemic risk transmission channels rather than isolated asset
volatility.

When compared to hybrid risk frameworks such as copula-
GARCH-EVT-CVaR models (Deng, Ma, & Yang, 2011), the
proposed integrated framework demonstrates comparable or
improved performance in capturing joint tail dependence,
particularly under extreme market stress scenarios. The
copula-based insights from prior literature support the validity
of combining dependence modeling with tail risk correction.

Empirical simulation results indicate that capital requirements
estimated using the integrated model are consistently higher
during crisis periods compared to conventional models. This
suggests that traditional approaches may underestimate
required regulatory buffers. The EVT component plays a
critical role in adjusting capital thresholds upward during tail
events, ensuring improved solvency protection.

Furthermore, volatility persistence captured through GARCH
dynamics confirms that shocks to insurer portfolios have long-
lasting effects. This persistence amplifies capital requirement
volatility over time. The integration of ARMA components
ensures that short-term predictive accuracy is maintained
while volatility dynamics remain responsive.

Overall, the findings highlight that insurer capital estimation is
highly sensitive to model specification. The combined ARMA-
GARCH-EVT-DCC framework provides a more comprehensive
risk representation by jointly modeling mean dynamics,
volatility clustering, extreme tail behavior, and inter-market
dependence. This integrated approach significantly enhances
risk sensitivity and regulatory relevance compared to
traditional univariate models.

5. DISCUSSION

The results demonstrate that insurer capital requirements are
fundamentally driven by nonlinear volatility structures and
extreme tail dependencies that cannot be adequately captured
by isolated econometric models. The integrated framework
highlights the necessity of combining multiple modeling
approaches to address the multidimensional nature of
financial risk.

From a theoretical perspective, the ARMA-GARCH component
captures short-term autocorrelation and volatility clustering,
consistent with established findings in financial econometrics
(Bollerslev, 1986; Ali et al,, 2022). However, its limitations
become evident under extreme market conditions where
distributional assumptions fail. EVT integration addresses this
limitation by explicitly modeling tail behavior, aligning with
McNeil and Frey (2000) and Gengay and Selguk (2004), who
emphasize the importance of extreme quantile estimation in
risk management.

The DCC structure adds a systemic dimension by capturing
time-varying correlations across risk factors. This is
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particularly relevant in insurance portfolios exposed to
multi-asset dependencies. Findings confirm Engle’s
(2002) assertion that correlation is dynamic rather than
staticc and that ignoring this behavior leads to
underestimation of systemic risk. The observed
correlation spikes during volatility shocks further support
the financial contagion hypothesis.

A critical implication of the study is that regulatory capital
frameworks relying on static or semi-static models may
underestimate solvency requirements. This is particularly
important for insurance institutions, where capital
adequacy is directly tied to systemic stability. The
integrated model suggests that capital buffers should be
dynamically adjusted based on evolving volatility and
correlation structures.

The study also reinforces the importance of hybrid
modeling approaches such as copula-GARCH-EVT-CVaR
systems (Deng, Ma, & Yang, 2011), which demonstrate
that combining dependence structures with tail risk
measures improves risk estimation accuracy. In this
context, the proposed framework extends prior research
by integrating ARMA dynamics into the hybrid structure,
enhancing both predictive stability and risk sensitivity.

However, several limitations exist. First, the framework
assumes parametric structures for GARCH and EVT
components, which may not fully capture structural
breaks in real financial data. Second, computational
complexity increases significantly when integrating
multivariate DCC with EVT corrections. Third, model
performance is sensitive to threshold selection in EVT
estimation.

Despite these limitations, the practical implications
remain strong. For regulators, the framework provides a
more robust mechanism for determining capital adequacy
under extreme market conditions. For insurers, it enables
improved internal risk management and strategic capital
allocation. Future research may explore machine learning
integration or non-parametric extensions to further
enhance predictive accuracy.

6. CONCLUSION

This study developed an integrated econometric
framework combining ARMA-GARCH, EVT-enhanced
volatility modeling, and DCC-based dependence
structures for forecasting insurer capital requirements.
The results demonstrate that incorporating tail risk and
dynamic correlations significantly improves the accuracy
and robustness of capital estimation under volatile
market conditions.

The study contributes to financial risk modeling literature
by bridging univariate volatility models and multivariate
dependence frameworks into a unified system. It also

reinforces the importance of extreme value theory in capturing
tail events and highlights the necessity of dynamic correlation
modeling for systemic risk assessment.

Future research should focus on extending this framework
using adaptive machine learning techniques and real-time data
assimilation to further enhance predictive performance in
rapidly evolving financial environments.
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