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 Given the rising volatility in global financial markets and the increasing demand for 

sophisticated risk management approaches, this research explores the potential of 

cryptocurrencies as instruments for hedging against extreme losses in sectoral equity 
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markets. The study primarily aims to assess the capacity of digital assets, specifically 

Bitcoin and Ethereum, to alleviate severe downside risks within sectoral portfolios, 

with particular attention to technology equities. A quantitative methodology was 

adopted, integrating GARCH (1,1) models to estimate marginal volatility, Gaussian 

copula functions to model dependencies, and machine learning classifiers trained on 

simulation-generated datasets using Python on Google Colab. The results indicate that 

cryptocurrencies, notably Bitcoin, provide greater predictive value for identifying tail 

events than conventional sectoral equity measures, with Bitcoin emerging as the most 

significant feature for tail risk prediction. Nevertheless, the classifier encountered 

difficulties in detecting rare tail events accurately, as evidenced by zero precision, 

recall, and F1-scores, attributed to pronounced class imbalance. The study suggests 

that cryptocurrencies convey meaningful signals regarding tail risk dynamics and 

warrant consideration in portfolios sensitive to such risks. It advocates incorporating 

alternative assets and simulation-driven stress testing within tail risk management 

frameworks. Practically, these findings offer guidance for institutional investors 

seeking adaptive, data-oriented hedging strategies. A principal limitation of the study 

is the skewed distribution of data, which reduced model sensitivity; future 

investigations should address this through more sophisticated copula models and 

balanced learning methodologies. 

 

Keywords: Cryptocurrency, Tail Risk, Hedging, Copula-GARCH, Sectoral Equities. 

 

INTRODUCTION 

The increasing interconnectedness of financial markets, coupled with the rising 

frequency and severity of extreme events, has heightened the importance of risk-

management strategies aimed at mitigating tail risks. In this context, the potential of 

assets such as cryptocurrencies has garnered considerable attention from both 

academics and institutional investors. This study examines the effectiveness of 

cryptocurrencies in stabilising equity portfolio returns under extreme risk conditions 

through the application of simulation techniques combined with a Copula model. 

Investors’ concerns regarding tail risk—the possibility that asset prices deviate 

significantly from typical patterns, often as a result of major systemic shocks such as 

the 2008 financial crisis or the COVID-19 pandemic—have intensified (Tobias & 

Brunnermeier, 2016). Such events often reveal vulnerabilities within financial 

systems, resulting in widespread losses across diverse asset classes. Traditional 

hedging instruments have recently demonstrated limitations in particularly stressed 

markets, as their correlations with other assets have shifted unpredictably (Baur & 

McDermott, 2010).  

Due to their decentralised nature and distinct characteristics compared with 

conventional assets, Bitcoin and Ethereum are increasingly being considered as 
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potential diversifiers or hedging instruments by investors (Corbet et al., 2018). While 

highly volatile, cryptocurrencies are posited to act as hedges or safe havens in specific 

market conditions, as supported by empirical evidence (Jondeau & Rockinger, 2006). 

However, existing literature remains inconclusive, particularly concerning sectoral 

equity portfolios exposed to extreme risk factors. Modelling the relationship between 

cryptocurrency and equity returns becomes especially challenging when such 

associations are non-linear and deviate from Gaussian distributions, features 

commonly observed during financial tail events (Patton, 2006; Patton, 2012). Recent 

advancements in risk modelling suggest that the Copula-GARCH framework is well-

suited for capturing both time-varying risks and complex interdependencies among 

stocks, even under extreme market conditions (Chollete et al., 2009). Combining this 

framework with simulation-based data generation enables the testing of diverse 

scenarios and the assessment of the robustness of hedging strategies, thereby 

improving the evaluation of tail risk management. The integration of sophisticated 

predictive models further enhances the capacity to forecast risk and supports decision-

making in adverse conditions.  

Problem Statement and Literature Gap 

Although a number of studies have examined the role of cryptocurrencies as hedging 

instruments for broad market movements and general financial crises, there has been 

limited investigation into their effectiveness within equity portfolios during periods of 

pronounced, sector-specific market losses. Research by Urquhart and Zhang (2019) 

highlights Bitcoin’s potential as a hedge, but much of this work focuses on aggregate 

markets rather than analysing individual industry sectors. Previous studies frequently 

address average market conditions or rely on linear dependency assumptions, thereby 

overlooking the critical influence of extreme tail events (Daníelsson & Zigrand, 2006; 

Reboredo, 2013). Furthermore, the existing body of literature lacks a comprehensive 

integration of simulation-based stress testing, advanced machine learning prediction 

techniques, and a Copula-GARCH framework. This omission is significant, as 

traditional parametric models often fail to capture the relationship between rare events 

and substantial losses, leading to an underestimation of true exposure (Embrechts et 

al., 2002). Consequently, there is a pressing need to construct a robust computational 

model that can assess the capacity of cryptocurrencies to mitigate tail risks across 

different sectors of the equity market.  

Aims and Objectives 

The primary objective of this research is to examine whether cryptocurrencies can 

serve as effective instruments for mitigating significant downside risks across various 

global equity sectors through detailed computational simulations. Initially, the study 

employs a quantitative modelling framework to evaluate the joint behaviour of global 

sectoral equities and cryptocurrencies under extreme market conditions. A secondary 
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objective is to construct and evaluate predictive models that can identify and manage 

tail risk exposures in sectoral equities when these are hedged with cryptocurrencies 

across multiple simulated scenarios. Specifically, the study aims to:  

• Investigate and model the co-movement of returns between global sectoral 

equities and cryptocurrencies under conditions of market stress using a 

quantitative dependence modelling approach.  

• Develop and validate predictive frameworks for detecting and controlling tail risk 

exposures in sectoral equities when hedged with cryptocurrencies across diverse 

simulated environments.  

Significance of the Study 

This study contributes to the financial risk management literature by introducing a 

novel methodology for analysing the relationships between cryptocurrencies and 

sectoral equities through simulation. By focusing on sector-level markets, the 

approach provides nuanced insights that can assist portfolio managers and institutional 

investors in designing effective hedging strategies. Moreover, the incorporation of 

advanced predictive modelling within the Copula-GARCH framework enhances the 

practical relevance of the findings, allowing for adaptable, data-driven management of 

risk. Consequently, this research bridges traditional economic modelling with 

contemporary data science techniques, offering a more comprehensive approach to 

understanding and mitigating tail risk. 

LITERATURE REVIEW 

Given the frequent emergence of financial crises and heightened market volatility, 

practitioners and researchers are compelled to reassess conventional risk management 

approaches. With growing attention on cryptocurrencies and other alternative assets, 

this section reviews the existing literature on the role of digital currencies in 

mitigating extreme losses within equity markets, employing both simulation 

techniques and predictive tools. It examines current evidence regarding joint return 

behaviours under severe market stress, the development of forecasting models for 

managing risk, and the theoretical foundations underlying these methodologies. 

Modelling Joint Return Behaviour under Extreme Market Conditions 

A central concern for portfolio risk managers is understanding how asset classes 

interact during periods of extreme market stress. Employing copulas to characterise 

these dependencies has become a standard practice in financial econometrics. Genest 

et al. (2009) emphasise that copulas are particularly effective in disentangling the 

relationships between individual variables and their joint dependencies, a feature that 

is crucial when analysing atypical market movements during crises. However, 

empirical evidence remains inconclusive regarding the interconnection between 
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equities and cryptocurrencies and their behaviour during tail events.  

Frequency-domain analyses indicate that, in periods of elevated market volatility, 

asset classes exert stronger and more rapid influences on each other over the short 

term. These time-varying co-movements challenge the assumptions of static 

correlations inherent in traditional risk models. Research by Akhtaruzzaman et al. 

(2021) identified significant tail dependencies between Bitcoin and major financial 

indices, albeit only during the COVID-19 pandemic. Similarly, studies examining 

sector-specific dynamics are limited. Ahumada et al. (2022) investigated sectoral 

responses to the pandemic, highlighting that shocks in the energy and finance sectors 

propagated differently across assets. This underscores the necessity of incorporating 

sectoral equities in analyses, as aggregate indices can obscure such heterogeneity. Yi 

et al. (2025) further demonstrate that vine copulas, which accommodate time-varying 

dependence, are essential because the correlations between cryptocurrencies and 

equity sub-markets intensify during periods of market turbulence.  

In these contexts, the copula-GARCH framework proves useful for modelling 

volatility dynamics independently from the overall distributional structure. Naeem et 

al. (2023) applied a copula-GARCH approach to examine Bitcoin’s role in energy 

sector investments, revealing asymmetries in its tail behaviour under fluctuating 

volatility conditions. While the development of such models is expanding, they are 

predominantly applied to broad market analyses or sector-neutral strategies. A sector-

focused approach, however, provides insights into the heterogeneous reactions of 

market segments to substantial shocks. Moreover, simulation techniques are 

increasingly employed to construct stress scenarios that lack historical precedent. 

Research by Nasrazadani et al. (2024) illustrates that combining simulations with 

estimated copulas enhances stress testing and modelling of extreme co-movements, 

particularly when archival tail-event data is insufficient. Their findings indicate that 

copula-GARCH models, when integrated with simulated data, offer more robust 

analysis of substantial losses.  

Predictive Models for Tail Risk in Hedged Portfolios 

The capacity to anticipate significant market shifts is essential for proactive risk 

management. Traditional econometric models, though widely used, often struggle to 

accommodate the non-linear trends and evolving distributions characteristic of 

financial data. In response, machine learning (ML) approaches have gained 

prominence in financial risk forecasting over recent years. While numerous models 

focus on price prediction, others have been adapted specifically for risk management 

purposes. Krauss et al. (2017) demonstrated that deep neural networks, gradient-

boosting machines, and random forests can effectively forecast stock returns across 

diverse market conditions. Similarly, Vilela et al. (2019) employed tree-based 

algorithms to identify clusters of volatile asset returns, illustrating that ML techniques 
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are capable of capturing intricate temporal patterns. Although these studies did not 

focus explicitly on tail risk, their methodologies provide a foundation for predicting 

extreme events.  

Recent research indicates that econometric frameworks can be effectively integrated 

with ML techniques. Such hybrid approaches have been applied to Value-at-Risk 

models, enhancing their predictive power. Chatzis et al. (2018) employed similar 

strategies to anticipate impending market crashes, emphasising that ML models 

trained on synthetically augmented datasets offer superior reliability in forecasting 

extreme scenarios. Cryptocurrencies introduce additional complexity, as their high 

volatility, irregular return distributions, and sensitivity to macroeconomic shifts make 

them both challenging and valuable as hedging instruments. Köse et al. (2024) found 

that flexible ML-based models outperform traditional techniques in managing crypto-

asset volatility under stressed market conditions.  

Despite these advances, empirical investigations focusing exclusively on ML 

applications within portfolios comprising leading cryptocurrencies and sector-specific 

equity holdings remain scarce, particularly when synthetic extreme scenarios are 

considered. Furthermore, much of the literature does not examine how ML models 

facilitate the prediction of crypto-driven events across different sectors, each of which 

responds distinctly to crypto hedges due to its structural characteristics. The 

integration of copula-based frameworks with ML methodologies appears particularly 

well-suited to this challenge. By combining structural modelling with data-driven 

techniques, predictive accuracy and interpretability are enhanced, as highlighted by 

García-Medina and Aguayo-Moreno (2024). Nevertheless, this approach has yet to be 

empirically validated for crypto-hedged sectoral portfolios under stress-testing 

conditions, signalling the need for further research.  

Theoretical Framework 

This research draws on Modern Portfolio Theory (MPT), as formulated by Rubinstein 

(2002), which posits that diversification can reduce portfolio risk without diminishing 

expected returns. However, the reliance of MPT on assumptions of normality and 

linear correlations is inadequate when sudden, extreme correlations arise (Ang & 

Chen, 2002). To address this limitation, Post-Modern Portfolio Theory (PMPT) has 

been proposed as a more suitable framework. PMPT emphasises downside risk and 

semi-variance, aligning more closely with investors’ concerns regarding substantial 

losses (Cumova & Nawrocki, 2014). By accommodating asymmetric returns and non-

linear relationships, PMPT can be effectively integrated with copula-based modelling 

techniques. In addition, Extreme Value Theory (EVT) is employed to characterise the 

behaviour of return distributions at their extremes. EVT provides methodological 

support for analysing exceptionally rare and severe market events (McNeil et al., 

2005). Collectively, the integration of these theoretical frameworks offers a robust 
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foundation for managing the risks associated with incorporating cryptocurrencies into 

investment portfolios.  

Literature Gap 

Interest in cryptocurrencies as financial instruments is growing, yet their effectiveness 

in mitigating unusual sector-specific risks remains underexplored. Existing research 

predominantly examines broad market indices or conventional portfolios, often 

neglecting the fact that different sectors respond differently to economic and global 

shocks. Although copula-GARCH models are widely employed in financial risk 

analysis, their application in conjunction with simulation-based datasets and advanced 

tail risk forecasting remains limited. Another gap lies in the integration of traditional 

statistical correlation frameworks with contemporary machine learning approaches for 

predicting extreme events in hedged portfolios. Most studies focus separately on the 

predictive capabilities of copula models or ML techniques, rather than combining 

them. Moreover, limited attention has been paid to implementing hedging strategies 

under simulated tail-risk scenarios that are not present in historical data. 

Consequently, there is a pronounced need for further research into the role of 

cryptocurrencies as hedging instruments within sector-specific equity portfolios under 

computer-generated stress conditions.  

RESEARCH METHODOLOGY 

This section outlines the methodology employed to examine the effectiveness of 

cryptocurrencies in mitigating downside risks within global sectoral equities. The 

approach integrates quantitative analysis with simulation-based data, combining both 

econometric and machine learning techniques to investigate the interrelationships 

among various risk factors and to forecast extreme market events. The methodology is 

designed to ensure accuracy, facilitate reproducibility, and provide a clear framework 

for guiding subsequent analysis. 

Research Method and Design 

This study adopts a quantitative methodology employing a simulation-based 

experimental design. The evolution of individual cryptocurrencies and their dynamic 

interactions with global equity returns are examined through a Copula-GARCH 

framework, capturing both short- and long-tail behaviours (Nelsen, 2006). In addition, 

advanced machine learning techniques are applied to the simulated datasets to forecast 

tail risks. This combined approach enables the analysis of non-linear patterns and 

enhances predictive accuracy, allowing an assessment of the effectiveness of hedging 

strategies under extreme market conditions (Basu, 2011). The design also facilitates 

the simulation of multiple stress-test scenarios, each representing different magnitudes 

of tail risk. Implementation in Python via Google Colab ensures that the code is 

extendable, reproducible, and adaptable for analyses across diverse sectoral datasets.  
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Data Collection Techniques 

The dataset for this study is derived entirely from simulations based on 

cryptocurrencies and sectoral equity returns. Historical data, readily available from 

sources such as Bloomberg and Yahoo Finance, are used to estimate key statistical 

properties. Using these parameters—including conditional volatilities, tail indices, and 

correlation structures— Bauwens et al. (2006) propose a two-step simulation 

procedure, known as Copula-GARCH, to generate simulated returns. The marginal 

return of each asset is modelled using a GARCH (1,1) specification, while copula 

functions characterise the dependence structure among assets. The empirical quantile-

based fitting method ensures accurate modelling of extreme outcomes in the tail 

regions. This approach allows simulations to incorporate rare but severe events, which 

are critical for a comprehensive assessment of tail risk (Joe, 2014; McNeil et al., 

2005).  

Data Analysis Method 

The data analysis begins with modelling the interdependencies among stocks using 

the Copula-GARCH framework. Subsequently, tail events are forecasted employing 

machine learning models trained on the simulated datasets. The entire analytical 

workflow is implemented in Python, utilising key libraries such as Arch, Copulas, 

scikit-learn, and TensorFlow. 

Marginal Volatility Modelling with GARCH 

For each asset rt, the conditional variance σt
2 is estimated using a GARCH (1,1) model 

in equations 1 and 2. 

rt=μ + ϵt, ϵt ∼ N (0, σt2)   (Equation 1) 

σt2=α0+α1.ϵ2t−1 + β1σ2t−1    (Equation 2) 

Where: 

 α0 is the long-term volatility component, 

 α1 captures the effect of recent shocks, 

 β1 represents the persistence of volatility. 

These marginal models facilitate the derivation of standardised residuals, which serve 

as inputs for the subsequent copula-based joint modelling. 

Dependency Modelling with Copulas 

In the following step, a multivariate distribution is constructed by linking the marginal 

distributions of the assets through copulas (Goel & Mehra, 2019). To assess 

dependence in the tail regions, a t-Copula is employed (see equation 3). 



69 

INTERNATIONAL JOURNAL OF ECONOMICS AND FINANCE STUDIES 

Vol: 17 No: 02 Year: 2025 ISSN: 1309-8055 (Online) (pp. 61-78) Doi: 10.34109/ijefs.2025170204 
 

 

C (u1, u2, ..., un) = 𝑡𝑣,𝛴
−1( 𝑡𝑣

−1(u1), 𝑡𝑣
−1(u2) ..., 𝑡𝑣

−1(un)   (Equation 3) 

Where: 

 C is the copula function, 

 ui=Fi(ri) are the marginal CDFs, 

 𝑡𝑣
−1 is the inverse of the t-distribution with ν degrees of freedom, 

 Σ is the correlation matrix. 

Joint return vectors are simulated by applying inverse-transform sampling to the fitted 

copula. 

Tail Risk Prediction Using ML Models 

Return observations are annotated using the 5th percentile to identify the most 

extreme events within the series. Machine learning models are then trained on these 

labelled datasets, applicable to both classification and regression tasks. Although 

specific models are not explicitly identified in this study, they are selected for their 

ability to detect complex patterns in multi-layered, non-linear data (Ghalanos, 2012). 

Model evaluation employs a range of fundamental metrics and out-of-sample tests. 

These procedures highlight the relative importance of different variables, thereby 

enhancing interpretability and improving overall model performance. 

Analytical Framework (Flowchart) 

The conceptual flowchart illustrating the data analysis procedure is presented in 

Figure 1.  

 
Figure 1: Conceptual Flowchart 

This organised workflow facilitates dynamic scenario testing, model training, and 

forecasting under simulated tail-risk conditions. 
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Ethical Consideration 

As this study utilises only simulated and publicly available data, the potential for 

unethical conduct is minimal. No private or confidential information is employed, and 

all datasets remain anonymised. Ethical standards are maintained by ensuring the 

methodology is fully transparent, results are reproducible, and all sources are properly 

cited. The Python code used for simulations and modelling is made accessible upon 

request, promoting openness and replicability in research. Measures are implemented 

to prevent overfitting during model development and to avoid generating misleading 

information for risk management purposes. Following the simulations, results are 

carefully analysed, and no financial guidance or trading recommendations are 

provided, preserving the objectivity of the study. 

DATA ANALYSIS 

This section presents the findings derived from the simulation-based Copula-GARCH 

framework combined with machine learning analysis. The results are reported 

following the methodological sequence outlined in previous chapters: beginning with 

the simulation of time series, proceeding to marginal volatility estimation, modelling 

dependencies using a Gaussian copula, labelling extreme events, and applying 

machine learning techniques for prediction. Graphical and tabular representations are 

integrated into the analysis to highlight the contribution of each component in 

identifying and forecasting tail risks. 

Data Simulation 

In the initial stage of analysis, simulations were employed to produce five categories 

of financial data: three sectoral equity returns for global companies—Technology, 

Finance, and Healthcare—and two cryptocurrency returns, Bitcoin and Ethereum. 

Each return series was modelled by generating random variables from a Student’s t-

distribution with five degrees of freedom to capture the heavy-tailed characteristics 

observed in real-world financial data. The scale parameter was found to be lower for 

equities and higher for cryptocurrencies, reflecting the typically larger price 

fluctuations associated with the latter due to their market dynamics.  

Table 1: Simulated Asset Returns (First 5 Observations) 

Index Equity 

Tech 

Equity 

Finance 

Equity 

Healthcare 

Crypto 

Bitcoin 

Crypto 

Ethereum 

Tail 

Event 

0 0.617038 -0.002943 -0.750860 1.010877 -0.130668 0 

1 1.413099 1.537363 -0.135829 1.031855 0.959956 0 

2 0.367623 -1.729564 0.415601 1.581177 -1.038422 0 

3 0.214275 1.405771 0.342830 0.752600 -0.588891 0 

4 -0.234806 0.589869 0.309293 -1.109338 1.207465 0 
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Table 1 presents the first five rows of the simulated return dataset. The simulated 

return paths exhibit considerable variation across assets, with cryptocurrencies 

demonstrating the most pronounced fluctuations. In the subsequent analysis, a binary 

variable, Tail Event, was introduced and is presented here to clarify the focus of the 

study. 

Marginal Volatility Modelling Using GARCH (1,1) 

Each asset’s return series was modelled using a GARCH (1,1) framework to capture 

the temporal dynamics of volatility. The resulting standardised residuals from each 

individual model were extracted for subsequent use in dependency modelling. 

Although the GARCH algorithm indicated that the return series were not perfectly 

scaled—a common occurrence in low-variance financial datasets—this issue was 

readily corrected through rescaling. Despite the warnings, the models collectively 

produced standardised residuals suitable for further analysis. Ensuring the stability of 

volatility across all assets was a prerequisite before feeding the data into the copula 

function. These residuals are assumed to behave as approximately independent and 

identically distributed innovations, providing a foundational element for constructing 

multivariate joint distributions through copula modelling. 

Dependency Modelling Using Gaussian Copula 

After extracting the residuals, a Gaussian copula was employed to characterise the 

interdependencies among the asset classes. Copula parameters were estimated through 

maximum likelihood, and 2,000 joint observations were generated based on these 

estimates. During the fitting process, multiple warnings emerged relating to 

convergence issues and distributional constraints. These arose because the copula 

algorithm required iterative adjustments to satisfy strict optimisation criteria. 

Nevertheless, the model successfully completed the fitting procedure and produced a 

synthetic dataset that incorporated the interrelationships among asset types. Tail risk 

analysis was subsequently conducted on this simulated dataset, capturing tail 

dependencies that cannot be adequately represented through simple linear 

correlations. 

Labelling Tail Events (Bottom 5% of Equity Tech) 

For the purposes of model training, observations were categorised based on whether 

the simulated Technology equity returns fell within the lowest 5% of their 

distribution. Returns that were exceptionally negative were labelled as Tail Event = 1, 

while all other observations were assigned Tail Event = 0. In practical applications, 

financial institutions such as banks frequently employ binary classification models to 

identify substantial losses arising from extreme events within sector-specific 

portfolios. Professional risk measurement frameworks, including Value-at-Risk (VaR) 

systems, typically use the 5th percentile threshold as the criterion for detecting such 
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adverse outcomes. 

Train-Test Split and ML Modelling 

The dataset was partitioned, with 80% allocated for model training and the remaining 

20% reserved for testing. A Random Forest classifier was employed to predict tail 

events using the other asset classes, namely Equity Finance, Equity Healthcare, 

Bitcoin, and Ethereum. The predictive performance of the classifier is summarised in 

Table 2. The classifier achieved high accuracy for non-tail events, yet it failed to 

generate any correct predictions for the tail-event class. Consequently, precision, 

recall, and F1-score metrics for the minority class (Tail Event = 1) were not available. 

This outcome reflects a strong bias of the model towards the majority class, 

effectively disregarding the minority class entirely. The results suggest that future 

improvements could be achieved through techniques such as SMOTE, under-

sampling, or cost-sensitive learning to better capture rare occurrences. Despite this 

limitation, the findings provide valuable insight into the predictive importance of 

individual features in relation to the target variable. 

Table 2: Classification Report (Random Forest Classifier) 

Metric Class 0 Class 1 

Precision 0.95 0.00 

Recall 1.00 0.00 

F1-Score 0.97 0.00 

Support 380 20 

Overall Accuracy 0.95 

Feature Importance Visualisation 

Despite the model’s inability to accurately identify rare extreme events, it remains 

possible to interpret which features influenced its predictions. The feature importance 

scores derived from the Random Forest classifier are illustrated in Figure 2.  

 
Figure 2: Feature Importance in Tail Risk Prediction 
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Figure 2 indicates that Crypto Bitcoin had the greatest influence on the classification, 

followed by Crypto Ethereum. The prediction task derived more informative value 

from cryptocurrencies than from traditional equity features. This finding reinforces the 

proposition that cryptocurrencies may provide useful signals regarding tail-risk events 

across different sectoral equity markets. Digital asset indicators were more 

prominently represented in the analysis, likely reflecting their continued sensitivity to 

extreme movements in Technology equities within the current simulation framework. 

Interpretation and Implications 

The classifier’s failure to capture tail events highlights the challenges of predicting 

rare occurrences within imbalanced datasets. Nevertheless, the feature importance 

analysis indicates that Bitcoin and Ethereum may serve as informative predictors of 

stock market movements during periods of financial stress. This aligns with previous 

research suggesting that cryptocurrencies exhibit distinctive risk–return characteristics 

and can contribute to protection against systemic shocks. To enhance model 

sensitivity in future studies, the following approaches could be considered:  

• Application of data augmentation methods, such as oversampling with SMOTE,  

• Implementation of cost-sensitive learning strategies,  

• Utilisation of ensemble techniques designed for imbalanced datasets,  

• Adoption of more sophisticated copula structures (e.g., Vine copulas or t-Copulas) 

to better model tail dependencies.  

This section demonstrates that a Copula-GARCH framework, integrated with machine 

learning, can be employed to detect tail risks within sectoral equity portfolios. Despite 

the influence of class imbalance on predictive performance, the analysis provides 

evidence of the role of cryptocurrencies in shaping tail-risk dynamics. These insights 

offer a foundation for refining corporate hedging strategies and encourage further 

empirical research in finance using alternative methodological approaches.  

DISCUSSION OF FINDINGS 

The findings of this study provide significant insights into the role of cryptocurrencies 

in mitigating tail risks within sectoral equity portfolios. Simulation results indicate 

that Bitcoin and Ethereum are the most influential assets when forecasting substantial 

declines in Technology sector equity returns (Genest et al., 2009). This outcome 

supports the growing recognition among financial practitioners that cryptocurrencies 

exhibit distinctive behaviour during periods of market stress. The Gaussian copula-

based model revealed that cryptocurrency prices frequently co-move with sectoral 

equity prices under stressful conditions, corroborating previous research (Ahumada et 

al., 2022; Chatzis et al., 2018). Although the model struggled to accurately identify 

tail events due to the predominance of normal observations, the prominence of 

cryptocurrencies suggests their potential utility in signalling sudden market 
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downturns.  

These results align with prior studies indicating that digital assets can function both as 

hedging instruments and as early indicators of market volatility. Evidence from earlier 

research highlights that while cryptocurrencies typically behave differently from 

conventional financial markets, their correlations tend to intensify during crises 

(Corbet et al., 2018). In the simulation study, cryptocurrencies demonstrated superior 

predictive capacity for unusual economic movements compared with the Finance and 

Healthcare sectors. Consequently, incorporating Bitcoin and Ethereum into 

investment portfolios may enhance risk management when traditional equity assets 

underperform (Köse et al., 2024). Consistent with the principles of Post-Modern 

Portfolio Theory, these findings support the inclusion of assets that either provide 

early warning signals for economic downturns or help buffer adverse effects during 

broader market declines (Cumova & Nawrocki, 2014).  

The methodology, which integrates GARCH-based volatility models with copula 

simulations and machine learning, facilitates a deeper understanding of complex 

interdependencies among assets. This approach aligns with existing literature 

advocating for hybrid econometric and machine learning frameworks to improve risk 

prediction (Basu, 2011; García-Medina & Aguayo-Moreno, 2024). While the classifier 

exhibited limitations in detecting rare tail events, the feature importance analysis 

offered valuable insights, confirming that machine learning retains utility even under 

class imbalance conditions (Belly et al., 2023). Overall, the study addresses a gap in 

the literature by combining empirical analysis with theoretical foundations, supporting 

a diversified and data-driven approach to hedging tail risks across multiple sectors.  

CONCLUSION OF THE STUDY 

This study investigated the potential of cryptocurrencies to mitigate risks within 
global sectoral equity markets through the application of a Copula-GARCH 
framework, supported by simulation-based data and machine learning techniques. The 
analysis employed a Gaussian copula to capture the dependencies among assets under 
extreme market conditions. Marginal distributions were validated using a GARCH 
(1,1) model, while a machine learning classifier was implemented to identify and 
predict tail events. Although the prediction of extremely rare events was limited by 
class imbalance, the findings indicate that cryptocurrencies, particularly Bitcoin and 
Ethereum, provide valuable signals for anticipating substantial negative movements in 
Technology sector equities. These results underscore the growing relevance of digital 
assets in portfolio risk management and contribute to the limited body of literature 
examining sector-specific tail risk hedging.  

PRACTICAL IMPLICATIONS 

The study provides actionable insights for institutional investors, portfolio managers, 
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and risk analysts seeking to enhance tail-risk management. Findings suggest that 

cryptocurrencies may serve as indicators of substantial losses within specific sectors, 

functioning either as early-warning signals or as partial safeguards during periods of 

market disruption. This role is particularly pertinent for technology-focused 

portfolios, where asset volatility is high and exposure to systemic risk factors is 

significant. Incorporating simulation and machine learning into risk assessment 

enables more adaptive and timely decision-making. Practitioners are encouraged to 

consider strategies that align riskier assets with atypical interdependencies under 

stressed market conditions. 

LIMITATIONS AND FUTURE DIRECTIONS 

While the study provides valuable insights, it is subject to several limitations. The 

principal challenge lies in the imbalanced classification, which reduces the accuracy 

of predictions for extreme tail events. This reflects a common difficulty in financial 

modelling, as forecasting rare and severe occurrences remains inherently challenging. 

Additionally, the use of a Gaussian copula, while computationally efficient, may 

underestimate the intensity of tail dependencies compared with alternative structures 

such as Student-t or Vine copulas. Future research could explore these more advanced 

copula models and apply techniques such as oversampling or cost-sensitive learning 

to address the scarcity of positive tail-event observations. Moreover, incorporating 

historical data and dynamic copulas could yield further understanding of how 

interrelationships among financial assets evolve over time and across varying 

economic conditions.  
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