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Abstract

This paper presents a novel framework for economic risk assessment, called Dynamic
Adversarial Risk Assessment, which leverages Generative Adversarial Networks to enhance
resilience testing in economic systems. Traditional risk models often fail to anticipate
unprecedented economic crises due to their reliance on historical data patterns. The DARA
framework addresses this limitation by generating synthetic yet plausible extreme economic
scenarios that may not exist in historical datasets. Our methodology employs dual-network
architecture, where one network generates increasingly complex risk scenarios while the other
evaluates their plausibility, creating an evolutionary system for stress-testing economic
policies. We demonstrate the framework's efficacy through a case study of banking sector
stability, where DARA successfully identified systemic vulnerabilities that conventional
models overlooked. Results show that DARA-enhanced stress tests improved risk detection
rates by 37% compared to traditional methods, with strength in identifying compound risk
factors. This research contributes to the growing literature on Al applications in economic
forecasting and offers policymakers a powerful tool for proactive risk management. The
framework's adaptability makes it suitable for implementation across various economic sectors

and regulatory environments.
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1. Introduction
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The global economic landscape has been marked by unprecedented disruptions in recent
decades, ranging from the 2008 financial crisis to pandemic-induced economic shocks. These
events have exposed significant limitations in traditional economic risk assessment
methodologies, which predominantly rely on historical data patterns and conventional
statistical models. As Taleb's work on "The Black Swan" has documented (Investopedia.,
2024), these highly improbable occurrences with extreme impact continue to challenge our

predictive capabilities and risk management frameworks.

Economic risk assessment serves as a cornerstone of financial stability and policy formulation.
However, conventional approaches suffer from inherent limitations when confronted with
novel or complex systemic threats. The Bank for International Settlements has noted in their
annual economic report that traditional econometric models failed to adequately capture the
cascading effects of interconnected risks during the global financial crisis. Similarly, research

by (Borio et al., 2020) has demonstrated that standard risk metrics systematically underestimate

tail risks that had not previously been manifested in historical datasets.

The emergence of artificial intelligence, particularly deep learning techniques, presents new
opportunities for enhancing predictive capabilities in economic risk assessment. Recent

advancements in Generative Adversarial Networks, as introduced by (Breugel & Schaar, 2023)

and (lglesias et al., 2023), have demonstrated remarkable success in generating synthetic but

realistic data across various domains. While GANs have been extensively applied in image
generation and natural language processing, their potential for economic risk modeling remains
largely unexplored, with limited exceptions such as the work by (CatSat, 2024) on synthetic

financial time series generation.

This research addresses this gap by introducing the Dynamic Adversarial Risk Assessment
framework, which harnesses the generative capabilities of GANSs to create synthetic economic
stress scenarios that retain economic plausibility while exploring extreme conditions that do
not present in historical data. Unlike conventional approaches that rely on predefined scenarios
or historical patterns, such as those outlined in the Basel Committee on Banking Supervision's
stress testing principles (Stress Test Scenarios, 2024), DARA employs an adversarial training

process where one network continuously generates increasingly complex risk scenarios while

another evaluates their economic coherence and plausibility.
This paper makes three key contributions:

e \We develop a novel GAN-based model tailored for generating economic risk scenarios.
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e We introduce methods to assess the plausibility and stress-inducing capability of

synthetic economic scenarios.

e and we showcase the practical application of this framework through a case study on
banking sector stability assessment, where DARA successfully identified systemic

vulnerabilities that conventional models overlooked.
2. Literature Review
2.1 Economic Risk Assessment: Traditional Approaches and Limitations

Traditional approaches to economic risk assessment have evolved yet remain challenged by
systemic crises. The Basel Committee on Banking Supervision established comprehensive
frameworks for risk measurement, particularly for financial institutions, emphasizing Value-

at-Risk and stress testing methodologies (Basel Framework, 2024). However, as (Danielsson

et al., 2023) demonstrate, these traditional approaches often exhibit procyclical characteristics,

potentially amplifying rather than mitigating economic vulnerabilities. (Drehmann & Juselius,

2014) introduced early warning indicators for financial crises, showing that credit-to-GDP gaps
and debt service ratios provide predictive signals for banking system distress. Nevertheless,
their research acknowledged significant limitations in capturing novel risk configurations. The
International Monetary Fund further highlighted these shortcomings, noting that traditional
models failed to adequately account for the unprecedented nature of COVID-19's economic

impact (International Monetary Fund, 2023).A fundamental limitation of conventional

approaches lies in their reliance on historical distributions. As(Haldane, 2020) and (Mili, 2024)

argue, complex adaptive systems often exhibit nonlinear behaviors that defy historical

precedent. This view is reinforced by (Reinhart, 2019) and(Rogoff, 2021), whose research

revealed that economic actors persistently underestimate risks by assuming “this time is
different.”

2.2 Applying Artificial Intelligence to Economic Modeling

The application of artificial intelligence to economic modeling has emerged as a rapidly
evolving field. Athey provides a comprehensive survey of machine learning applications in
economics, highlighting the potential for these techniques to transform predictive modeling.

Specifically for risk assessment, (Mullainathan & Spiess, 2017) demonstrate how machine

learning algorithms can outperform traditional econometric approaches in capturing complex

economic patterns.
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Deep learning applications have also gained particular attention in economics. For instance,

(Gu et al., 2020) utilized neural networks to predict asset returns, outperforming traditional

factor models. Similarly, (Giglio et al., 2022) applied deep learning techniques to construct
novel measures of financial market vulnerability, showcasing their ability to detect intricate
patterns preceding market distress. These advancements in artificial intelligence have the
potential to revolutionize the field of economic modeling and risk assessment. By leveraging
the power of machine learning and deep learning, researchers can uncover previously
undetectable patterns and relationships within complex economic systems, leading to more

accurate predictions and proactive risk management strategies.
2.3 Generative Adversarial Networks and Their Applications

Generative Adversarial Networks, formally introduced by (Goodfellow et al., 2020), have

revolutionized synthetic data generation across multiple domains. GAN architecture consists
of two competing neural networks: a generator that produces synthetic data and a discriminator
that distinguishes between real and synthetic examples. This adversarial training process

enables the generation of increasingly realistic and diverse synthetic data.

The applications of GANs have expanded significantly in finance and economics. For instance,
(Xu & Veeramachaneni, 2018) utilized GANSs for stock price prediction, while (Wiese et al.,
2020) and (Zeng & Xue, 2022)developed a GAN framework for generating realistic financial

time series. Going beyond finance, the (European Central Bank, 2024) has also explored GAN
applications for central bank stress testing, acknowledging their potential for generating more
diverse and plausible economic scenarios compared to traditional methods. These
advancements highlight the versatility and power of GANSs in tackling complex problems in

the economic and financial domains.
2.4 Research Gap and Contribution

Despite these advances, significant gaps remain in existing literature. While Generative
Adversarial Networks have demonstrated potential for synthetic data generation in finance,
their application to macroeconomic risk assessment and policy stress testing is still

underdeveloped. Existing approaches, such as those reviewed by (Ericson et al., 2024) and

(Kubiak et al., 2023)in their works of machine learning applications in central banking,
primarily focus on prediction rather than scenario generation. Furthermore, as (Brunnermeier
& Reis, 2023) argue in their work on macroprudential policy, effective risk management

requires tools that can anticipate novel risk configurations—precisely where traditional models
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falter. This research addresses these gaps by developing a GAN-based framework specifically
designed for economic risk scenario generation, with a particular emphasis on capturing
complex interdependencies between economic variables and generating plausible yet extreme
scenarios for stress testing. Our approach builds upon recent innovations in conditional GANs
and domain adaptation techniques, adapting these advances to the specific requirements of
economic modeling. By doing so, we contribute to the emerging literature on Al applications
in economic policy and risk management, as outlined in the Bank for International Settlements'

focus on technological innovation in supervision and regulation.
3. Theoretical Framework and Methodology
3.1 Foundations of Dynamic Adversarial Risk Assessment

The Dynamic Adversarial Risk Assessment framework builds upon established economic
theory while leveraging recent advancements in artificial intelligence. At its core, the

framework draws from Hyman Minsky's Financial Instability Hypothesis (Minsky & Hyman,

2016), which suggests that economic stability paradoxically breeds instability by encouraging
increasingly risky behavior. DARA formalizes this concept through an adversarial network

structure that continuously generates and evaluates increasingly complex risk scenarios.

Our theoretical approach also incorporates elements from(Haldane & May, 2011)'s work on

systemic risk in financial networks, particularly their emphasis on complex adaptive systems
and the emergence of tail risks through interconnectedness. By modeling these complex
relationships, DARA aims to overcome what (Bookstaber, 2017) identifies as the "ergodicity

problem™ in economic risk modeling—the assumption that future states can be predicted based
on past observations. This approach acknowledges the nonlinear and often unpredictable nature
of modern economic systems, where traditional models may fail to capture emerging risks and

vulnerabilities.
3.2 Technical Architecture

The DARA framework employs a modified Generative Adversarial Network architecture

specifically designed for economic data.
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Figure 1: Technical architecture of the DARA framework

As illustrated in Figure 1, the framework consists of four primary components:

Generator Network (G): A deep neural network that transforms random noise vectors

into synthetic economic scenarios.

Following (Arjovsky et al., 2017), we implement Wasserstein GANs with gradient

penalty to improve training stability with economic time series data.

Discriminator Network (D): A parallel network that evaluates the plausibility of
generated scenarios against historical data, providing feedback to G through an

adversarial loss function.

Economic Constraints Module (E): A novel component that encodes fundamental
economic relationships (e.g., Taylor rules, accounting identities) as differentiable
constraints within the network architecture, ensuring that generated scenarios remain
economically coherent. This approach builds on the constrained optimization
techniques described by Karush-Kuhn-Tucker conditions(Karush-Kuhn-Tucker
Conditions, 2023).

Stress Intensity Controller (S): A calibration mechanism that modulates the intensity of
stress scenarios while maintaining their plausibility, inspired by conditional GAN
architectures(Mirza & Osindero, 2014)).

3.3 Data Requirements and Processing

The DARA framework requires a comprehensive historical economic dataset for training

purposes. Our implementation utilizes quarterly macroeconomic indicators spanning from
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1990 to 2023, sourced from the Federal Reserve Economic Data database and the Bank for

International Settlements. The dataset includes a variety of economic variables, such as:
e GDP growth rates and their components

Inflation metrics

e Interest rates across the yield curve
e Credit aggregates and financial conditions indices
e Labor market indicators

e International trade and capital flows to address the challenges inherent in economic
time series data, we implement specific preprocessing techniques as suggested by
(Drehmann & Juselius, 2014). These include:

e Seasonal adjustment using the X-13ARIMA-SEATS procedure
e Normalization methods that preserve the relative relationships between variables

e Trend-cycle decomposition using the Hodrick-Prescott filter, with parameters

calibrated for quarterly economic data.
3.4 Training Procedure and Loss Functions

The training procedure for the Dynamic Adversarial Risk Assessment framework employs a
modified adversarial approach. The objective function extends the standard Generative

Adversarial Network framework proposed by (Goodfellow et al., 2014) to incorporate

economic constraints. The objective can be expressed as:
mGin max V =E[log(D(x))]+ E[log(1—D(G(2)))] + AE[c(G(2))]
Where :

e E represents the expected value, over the data distribution P the latent noise

data !

distribution P,, and the generated data distribution P .

e The first part, E[log(D(x))], encourages the discriminator to correctly classify real

data samples x as coming from the true data distribution.
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e The second part, E[log(1— D(G(z)))], encourages the discriminator to classify

generated data G (z), where zis a latent noise vector sampled from P, , as fake (not from

the true distribution).

e AE[c(G(z))] introduces an additional term where c(G(z) represents an economic
constraint or validity check on the generated data. The hyperparameter A controls the

weight of this economic constraint, balancing it against the traditional GAN objective.

The training process incorporates techniques from (Gulrajani et al., 2017) to ensure Lipschitz

continuity through gradient penalty, which is particularly important for the stability of models

trained on economic data with heavy-tailed distributions, as documented by (Anil et al., 2018).

3.5 Evaluation Metrics

To comprehensively evaluate the quality and utility of the generated scenarios, we employ a
multifaceted approach that encompasses both statistical and economic metrics. This evaluation
framework ensures that the scenarios not only exhibit statistical fidelity but also demonstrate

economic coherence and alignment with regulatory requirements.

The statistical fidelity of the scenarios is assessed by measuring the Wasserstein distance and

Maximum Mean Discrepancy between the distributions of key variables in the generated and

historical data, following the methodology proposed by (Ramdas et al., 2017). The economic
coherence of the scenarios is evaluated through quantitative measures of adherence to
established macroeconomic relationships, such as the Taylor rule residuals and IS-LM model

consistency, as formalized by (Clarida et al., 2006).

Additionally, the stress intensity of the scenarios is captured by measures of tail risk, including

Expected Shortfall at various confidence levels, as described by(Barendse, 2023).

Finally, the regulatory relevance of the scenarios is assessed by evaluating their alignment with

established stress testing frameworks from the(European Banking Authority, 2023) and

(Comprehensive Capital Analysis and Review, 2022). This comprehensive evaluation

approach ensures that the generated scenarios are not only statistically valid, but also

economically meaningful and practical for risk assessment applications.
4. Experimental Design and Implementation

4.1 Model Implementation Specifications
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The DARA framework was implemented using TensorFlow 2.9 as the primary deep learning

platform, following design patterns established by (Abadi et al., 2016). The Generator network
employed a temporal convolutional architecture with dilated convolutions, as recommended

by (Oord & Dambre, 2015) for time series data. This architecture consisted of six convolutional

layers with increasing dilation factors to capture both short-term and long-term economic
dependencies. The Discriminator network utilized a similar architecture but incorporated

spectral normalization techniques from (Miyato et al., 2018) to stabilize training on economic

time series data. Both networks were trained with a learning rate of 2x10™ using the Adam

optimizer, with parameters . = 0.5 and B> = 0.9, as suggested by (Miyato & Koyama, 2021)

for GAN training stability.

The Economic Constraints Module incorporated differentiable equations representing key
macroeconomic relationships, including Taylor Rule formulations for monetary policy
responses, IS-LM relationships for output-interest rate dynamics, and Phillips Curve
specifications for inflation-employment tradeoffs. These constraints were implemented as
differentiable functions within the computational graph, allowing for end-to-end training while
preserving economic relationships in the generated scenarios. This approach ensured that the
generated scenarios adhered to fundamental economic principles and maintained coherence
with established macroeconomic theories. By incorporating these constraints, the DARA
framework was able to generate synthetic economic scenarios that were not only statistically
plausible but also economically meaningful, making them more useful for risk assessment and

policy evaluation purposes.
4.2 Data Sourcing and Preprocessing

We compiled a comprehensive dataset comprising 47 macroeconomic indicators spanning 134
quarters, encompassing both advanced economies and emerging markets. The data were
obtained from the IMF's International Financial Statistics and World Bank databases, following

the approach outlined by (Hennig, 2023). The data preprocessing methodology employed

stationarity transformations determined by augmented Dickey-Fuller tests, standardization to
zero mean and unit variance for each variable, and missing value imputation using the EM

algorithm as described by (Augmented Dickey-Fuller Table, 2024). To ensure the robustness

of the analysis, the dataset was partitioned into training, validation, and testing sets, with the
test period deliberately including the COVID-19 pandemic to evaluate model performance
during unprecedented economic conditions. This comprehensive dataset allowed the
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researchers to capture a wide range of economic dynamics across different regions and time
periods, which was crucial for developing a robust and adaptable risk assessment framework.
The inclusion of the COVID-19 pandemic in the test set also enabled the evaluation of the
model's performance under extreme and unexpected economic conditions, further

strengthening the validity and practical applicability of the DARA approach.
4.3 Training Protocol

The training regimen employed a curriculum learning strategy, incrementally escalating the
complexity of economic variables, temporal dependencies, and stress intensity. This gradual
approach enabled the model to learn increasingly challenging economic relationships and
scenarios. The training was executed on a high-performance GPU and required approximately
87 hours to converge. Convergence criteria were based on monitoring the Wasserstein distance
and economic constraint violations, with early stopping applied when no further improvement
was observed on the validation set. This process ensured the model attained the desired level

of statistical fidelity and economic coherence before finalizing the training.
4.4 Stress Scenario Generation Methodology

The calibrated model was employed to generate stress scenarios across three distinct

categories:

e Moderate stress: Representing adverse economic conditions anticipated to occur once
per decade, calibrated to align with historical recessions as documented by the National
Bureau of Economic Research.

e Severe stress: Corresponding to conditions expected to occur once every 25 years,

benchmarked against the severity of the 2008 Global Financial Crisis.

e Extreme stress: Representing conditions foreseen to occur once every 50 years,
exceeding historical precedents while preserving economic plausibility.

The model was used to generate 1,000 scenario trajectories for each stress category, with
quarterly projections over a three-year period. These scenarios were calibrated to align with
the initial economic conditions of Q4 2023, ensuring their relevance to the current economic
landscape. This comprehensive approach enabled the framework to capture a broad spectrum

of potential economic shocks and their implications for the financial system.

4.5 Comparative Benchmark Models

Page No: 10



Journal on Communications(1000-436X) || Volume 20 Issue 12 2025 || www.jocs.review

To evaluate DARA's performance against established methodologies, we implemented three

benchmark models:

Historical simulation: Bootstrap resampling from historical stress periods, as described
by (Efron & Tibshirani, 2021). This method generates stress scenarios by randomly

resampling historical data, capturing the statistical properties of past economic

conditions.

Parametric VaR models: Multivariate GARCH models with Student-t distributions,
following the methodology of (Engle, 2000). These parametric models make
assumptions about the underlying distribution of economic variables and use historical

data to estimate the parameters.

Bayesian Vector Autoregression: With Minnesota priors, as implemented by (Banbura
etal., 2009) for macroeconomic forecasting. This approach uses a Bayesian framework
to capture the interdependencies between economic variables and generate stress
scenarios based on historical relationships. Each benchmark model was calibrated using
identical historical data and evaluated on the same test period to ensure a fair
comparison. The comparative analysis focused on both statistical accuracy and the
ability to generate economically meaningful stress scenarios, providing a

comprehensive evaluation of DARA's performance against established methodologies.

4.6 Case Study

To demonstrate DARA's practical application, we conducted a comprehensive case study on

banking sector stability assessment. Following the Methodological approach of (Drehmann et
al., 2009), we:

Selected a representative sample of 18 globally systemically important banks

Applied the generated stress scenarios to the balance sheets and income statements of
these G-SIBs.

Projected their capital adequacy ratios under the stress conditions using the
methodology established by the Basel Committee on Banking Supervision (Basel
Framework, 2024).

Identified potential systemic vulnerabilities within the banking sector using network

analysis techniques from (Tanaskovi¢, 2015).
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This case study demonstrates DARA's practical value for monitoring financial stability
and formulating macroprudential policies to bolster the resilience of the banking

system.
5. Results and Analysis
5.1 Model Performance Evaluation

The DARA framework exhibited superior performance across various evaluation metrics

compared to benchmark approaches.

Table 1 : Model performance evaluation metrics

Evaluation Metric DARA Historical Simulation Parametric VaR Bayesian VAR

Statistical Performance

Mean Wasserstein Distance 0.137 0.298 0.236 0.275

Tail Distribution Distance 0.163 0.452 0.379 0.412
Economic Coherence

Taylor Rule Residual 0.18 0.43 0.37 0.32

IS-LM Medel Consistency Score 0.85 0.67 0.68 0.7
Risk Detection

Risk Detection Rate +31% baseline +12% +18%

As shown in Table 1, the statistical performance, as measured by Wasserstein distance between
generated and actual economic variable distributions in the test period, was notably improved.
Specifically, DARA achieved a mean Wasserstein distance of 0.137 across all economic
variables, representing a 42% enhancement over the best-performing benchmark. This
performance advantage was particularly evident in the evaluation of tail distributions, where
DARA demonstrated a 57% reduction in distribution distance for extreme economic conditions

compared to parametric VaR models.

Furthermore, the economic coherence metrics revealed that DARA-generated scenarios
maintained key macroeconomic relationships more effectively than the benchmark approaches.
The average Taylor Rule residual in DARA scenarios was 0.18, compared to 0.43 for historical
simulation and 0.37 for parametric models. Similarly, the IS-LM model consistency scores
were 27% higher for DARA-generated scenarios relative to the benchmark models. These

findings suggest that the DARA framework can generate more statistically accurate and
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economically meaningful stress scenarios, providing a more robust and reliable assessment of

economic risks.
5.2 Stress Scenario Characteristics

Analysis of the DARA-generated stress scenarios revealed several distinctive characteristics

that differentiate this framework from traditional approaches.
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Figure 2: Characteristics of DARA-generated stress scenarios

As illustrated in Figure 2, the distribution of key economic variables under severe stress
conditions exhibited three notable features:

First, the DARA scenarios captured more complex interdependencies between economic
variables compared to conventional methods. The correlation structure between GDP growth,
unemployment, and financial market indicators demonstrated significantly higher conditional
dependencies during stress periods, aligning with empirical observations of historical crises as

documented in the literature.

Second, the DARA scenarios displayed greater coherence in their transition dynamics. While
historical simulation and parametric approaches often produced unrealistic jumps between
quarters, the DARA framework generated smooth yet severe deterioration paths consistent with
the gradual propagation of economic shocks described in theoretical models of the financial

accelerator.
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Third, the DARA framework was able to capture novel stress configurations that were not
present in historical data. Principal component analysis of the generated scenarios revealed that
23% of the DARA stress paths represented economically plausible, yet previously unobserved,
combinations of macroeconomic variables, particularly in the interaction between monetary

policy, exchange rates, and financial stability indicators.

G-SIB CET1 Ratios Under Extreme Stress Interbank Contagion Risk Network

16% T
M Traditional Stress Tests

14% + B DARA Stress Tests [ stable Bark [ Vuinerable Bank
Vulnerable Banks =  Momal Exposere High Risk Channel
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6% .
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Key Banking Sector Stability Findings
+ DARA identified potential capital shortfalls in 5 out of 18 G-51Bs not detected by traditional approaches.
* Vulnerabilities stemmed from interactions between interest rate risk, credit quality, and liguidity constraints.

* Metwork analysis revealed potential contagion pathways through funding market disruptions and second-round effects.

Figure 3: Banking sector stability assessment results
5.3 Banking Sector Stability Assessment Results

The application of the Dynamic Adversarial Risk Assessment framework to banking sector
stability assessment yielded significant insights beyond those identified by conventional stress
testing methodologies. As presented in Figure 3, the projected Common Equity Tier 1 ratios
under various stress scenarios for the sample of globally systemically important banks revealed
important findings. Under extreme stress conditions, the DARA framework identified potential
capital shortfalls in 5 out of the 18 G-SIBs, which were not detected by regulatory stress tests
based on historical simulation. These vulnerabilities stemmed primarily from previously
underappreciated interaction effects between interest rate risk, credit quality deterioration, and
liquidity constraints, consistent with the Bank for International Settlements' analysis of
structural vulnerabilities in the banking system. Furthermore, the network analysis of interbank

exposures under DARA stress scenarios revealed potential contagion pathways that were not
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identified by benchmark approaches. Specifically, the model highlighted how funding market
disruptions could amplify capital adequacy challenges through second-round effects, creating
systemic vulnerabilities even in institutions that appeared well-capitalized under first-order
stress impacts. These findings underscore the value of the DARA framework in providing a
more comprehensive and nuanced assessment of banking sector stability, identifying risks that

may have been overlooked by traditional stress testing methodologies.
5.4 Comparative Analysis with Regulatory Stress Tests

A direct comparison of DARA's severe stress scenario with official regulatory stress test

frameworks, such as the (Stress Test Scenarios, 2024) Severely Adverse scenario and the

(European Banking Authority, 2023) adverse scenario, revealed both complementary insights

and notable differences.

Table 2: Comparative Analysis with Regulatory Stress Tests

Variable / Risk Dimension DARA Fed CCAR EBA
Severe Stress Severely Adverse Adverse Scenario
Traditional Variables
Real GDP Growth (trough) -4.8% -5.0% -4.5%
Unemployment Rate (peak) 9.8% 10.0% 95%
House Price Index (decline) -24% -25% -20%
Novel Risk Configurations
Financial Conditions Index -3.8 -25 -2.2
Stagflationary Scenario Included Mot included Mot included
Sectoral Divergence Significant Limited Limited
Sovereign-Bank Nexus Modeled Partially Partially

As shown in Table 2, DARA's stress path projected more pronounced deterioration in financial
conditions indices while maintaining comparable trajectories for GDP and unemployment.
This aligns with recent research emphasizing the importance of financial conditions in

amplifying economic downturns.

More significantly, the DARA framework identified novel risk configurations not captured in
regulatory scenarios. These included stagflationary scenarios combining elevated inflation with

economic contraction, which presented unique challenges for bank interest margins and risk

Page No: 15



Journal on Communications(1000-436X) || Volume 20 Issue 12 2025 || www.jocs.review

exposures. The framework also highlighted sectoral divergence patterns, where certain
economic sectors experienced severe stress while others remained relatively resilient, as well
as non-linear interaction effects between sovereign debt dynamics and banking sector stability
in emerging markets. These findings underscore DARA's potential as a complementary tool to
enhance existing regulatory approaches, particularly in identifying emerging vulnerabilities

that may not be fully captured by traditional methodologies.
5.5 Limitations and Robustness Analysis

To evaluate the robustness of our findings, we conducted extensive sensitivity analyses by
varying key model parameters and data inputs. The relative performance advantage of DARA
over benchmark approaches remained consistent across these variations, with the median
improvement in stress detection accuracy ranging from 34% to 41%. However, several
limitations warrant acknowledgment. First, the model's performance exhibited greater
sensitivity to initial conditions than benchmark approaches, particularly for extreme stress
scenarios. This sensitivity necessitates careful calibration to current economic conditions when
deploying the framework. Second, the computational requirements of DARA significantly
exceed those of traditional methods, with DARA requiring approximately 18 times the
resources of parametric VaR approaches. This constraint may limit the framework's
applicability in time-sensitive risk assessment contexts. Finally, the black-box nature of
DARA's deep learning components presents interpretability challenges. While the Economic
Constraints Module enhances the economic interpretability of the generated scenarios, the
internal representational dynamics of the generator network remain difficult to fully explicate,

a common challenge in deep learning applications as noted by (Rudin, 2019).
6. Discussion and Implications
6.1 Theoretical Contributions

The Dynamic Adversarial Risk Assessment framework represents a significant advancement
in economic risk modeling. First, it bridges the gap between traditional economic theory and
modern computational techniques by demonstrating how adversarial learning can enhance our

understanding of economic systems under stress. This integration addresses the "paradox of

prudence" described by (Brunnermeier & Sannikov, 2016), where conventional models tend to
underestimate systemic risks when stability appears highest. Second, the DARA framework
contributes to the literature on endogenous risk formation in economic systems. As

(Danielsson, 2022) argue, many economic risks emerge from within the system, rather than
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from exogenous shocks. The DARA framework explicitly models this endogeneity through its
adversarial architecture, generating risk scenarios that evolve from system dynamics rather
than imposing them externally. Third, the DARA framework advances the technical
implementation of economic constraints within deep learning architectures. By embedding
established economic relationships as differentiable constraints, the framework demonstrates
how domain knowledge can be effectively incorporated into neural network training,

addressing a key limitation identified by (Athey & Imbens, 2019) in applying machine learning

to economic problems.
6.2 Policy Implications

The findings of our research have significant implications for monetary and macroprudential
policy. First, the DARA framework's capacity to generate novel risk configurations
underscores the need for policymakers to expand the range of scenarios considered in risk

assessments. This aligns with the Financial Stability Board's recommendations (Quarles, 2020)
emphasizing the importance of comprehensive scenario analysis for monitoring financial

stability.

Second, the case study on the banking sector highlights potential blind spots in current
regulatory frameworks. The identification of vulnerabilities not captivated by conventional
stress tests suggests that supervisory authorities could benefit from complementing established

approaches with adversarial techniques. As (Cecchetti & Schoenholtz, 2020) have noted,

regulatory frameworks must continuously evolve to address emerging risks and financial

innovations.

Third, the DARA framework's enhanced ability to model complex interactions between
economic sectors provides valuable insights for policy coordination. The framework
illuminates how targeted interventions in one sector might have unintended consequences
elsewhere, supporting the need for integrated policy approaches as advocated by the Bank for

International Settlements in their macroprudential policy framework (Agénor et al., 2017).

6.3 Practical Applications

The Dynamic Adversarial Risk Assessment framework offers practical utility for financial
institutions and economic policymakers that extends beyond its academic and policy
contributions. For financial risk management, the framework facilitates more comprehensive

stress testing that identifies previously undetected vulnerabilities, thereby addressing
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limitations in existing internal risk models as highlighted by (Basel Committee, 2019) on

Banking Supervision following the financial crisis. Furthermore, DARA provides central banks
with a valuable tool for enhanced financial stability monitoring, enabling the generation of
plausible yet previously unobserved stress scenarios to support proactive policy approaches.
This capability is particularly valuable given the observation that financial crises often emerge
from unfamiliar configurations of familiar elements, as noted by Shin. Additionally, the DARA
framework offers international organizations and economic research institutions a platform for
collaborative scenario development across jurisdictions, aligning with the (International

Monetary Fund, 2023)'s emphasis on cross-border financial stability assessment and policy

coordination. By supporting more robust and comprehensive risk assessment, the DARA
framework can help financial institutions and policymakers better anticipate and mitigate
emerging economic and financial threats, ultimately contributing to greater economic

resilience.
6.4 Future Research Directions

Several promising avenues for future research emerge from this work. First, extending DARA
to incorporate alternative data sources, such as high-frequency financial market data, text-based
sentiment indicators, and geospatial economic activity measures, could further enhance its
predictive capabilities. Preliminary experiments suggest this approach might capture early

warning signals, as documented by (Barbaglia et al., 2022) in their research on the economic

policy uncertainty index.

Second, adapting the framework to address climate-related financial risks represents an
important extension. The Network for Greening the Financial System has emphasized the need
for forward-looking risk assessment tools in this domain, and DARA's ability to generate
plausible stress scenarios could be valuable for climate scenario analysis.

Third, developing interpretable visualization techniques for complex economic scenarios
would enhance the framework's utility for policymakers. Building on research by (Christie,
2020) on interpretable machine learning, future work could focus on creating specific tools for

communicating complex economic risk scenarios to non-technical stakeholders.

Finally, extending DARA to model structural economic transitions, such as technological
disruptions, demographic shifts, or geopolitical realignments, would address a significant gap

in current risk assessment methodologies, as identified by (Saxena et al., 2023) in their work

on complexity economics.
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7. Conclusion

This paper introduced the Dynamic Adversarial Risk Assessment framework, a novel approach
to economic risk modeling that leverages generative adversarial networks while maintaining
economic coherence. Through comprehensive empirical evaluation, the authors demonstrated
that DARA generates more diverse and realistic stress scenarios compared to conventional
approaches, while preserving economic plausibility. The framework's application to banking
sector stability assessment uncovered potential vulnerabilities that traditional methods had
overlooked, highlighting its value as a complementary tool for financial stability monitoring.
These findings contribute to both the theoretical understanding of economic risk modeling and
the practical implementation of effective risk management strategies. The DARA framework
represents a significant advancement in addressing the challenges posed by increasingly
complex and interconnected economic systems, offering a flexible approach that combines
economic theory with advanced computational techniques. By enabling the simulation of
previously unobserved yet plausible stress scenarios, it supports the development of more
robust economic and financial systems capable of withstanding a wider range of potential
disturbances.

The growing complexity and interconnectedness of modern economic systems underscores the
critical need for advanced, innovative risk assessment frameworks. The Dynamic Adversarial
Risk Assessment model represents a significant step forward in this domain, providing a
flexible approach that seamlessly integrates economic theory with cutting-edge computational
methods. By enabling the simulation of previously unobserved yet plausible stress scenarios,
the DARA framework empowers the development of more robust, resilient economic and
financial systems capable of withstanding a diverse range of potential disruptions and
unforeseen challenges. This integrated approach holds immense promise in supporting
policymakers, regulators, and financial institutions in proactively identifying and mitigating

emerging risks, thereby enhancing overall economic stability and resilience.

Future research could focus on incorporating additional data sources, such as high-frequency
financial market data, sentiment indicators, and geographic economic measures, to further
enhance the framework's predictive power. Adapting the DARA model to address climate-
related financial risks is another important area for exploration, aligning with the growing need
for forward-looking risk assessment tools in this domain. Developing visualizations to clearly
communicate complex economic scenarios to non-experts could also enhance the framework's

utility for policymakers. Finally, extending the DARA framework to capture structural
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economic shifts, like technological disruptions, demographic changes, or geopolitical

realignments, would address a key gap in current risk assessment methods. These

advancements would strengthen the DARA framework's value for both academic research and

practical applications in economic policy and financial regulation, ultimately contributing to

greater economic resilience.
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