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Credit Risk Dynamics and Macroeconomic Shocks in the European Union:
A Stochastic Simulation Framework for Banking Stability and Policy Analysis (2000-2025)

Abstract

This study develops an integrated stochastic macro—micro framework to assess systemic risk
and firm-level default dynamics across EU27 economies (2000-2025). By combining DSGE
macroeconomic modeling with stochastic differential equation-based credit risk modeling, the
framework captures the bidirectional feedbacks between macroeconomic shocks and financial sector
vulnerabilities. Results show that macroeconomic disturbances propagate nonlinearly to firm defaults,
amplified by leverage, credit networks, and contagion effects, producing tail events that traditional
deterministic or linear stress tests fail to capture. Stress-test simulations, impulse response functions,
and policy counterfactuals reveal that coordinated monetary, fiscal, and macroprudential
interventions effectively mitigate systemic risk while supporting economic growth. Out-of-sample
validation confirms the framework’s predictive accuracy, and sensitivity analyses identify key drivers
of default probabilities. This integrated approach provides forward-looking early-warning indicators,
a quantitative basis for stress testing, and actionable guidance for macroprudential policy in the EU27
context.
Keywords:
Systemic risk; Credit risk; Stochastic differential equations; DSGE models; Macro—micro integration;
Stress testing; EU27 economies; Financial stability
JEL Classification: E32, E44, GO1, C32, C53.

1. Introduction
Motivation: Systematic Underestimation of Default Risk in Crises

The global financial crisis of 2008—2009 and the COVID-19 shock of 2020 exposed persistent
weaknesses in standard credit risk assessment frameworks. Structural models rooted in the seminal
contribution of Robert C. Merton (1974) provide elegant option-theoretic foundations for default
prediction but rely on restrictive assumptions such as constant volatility and continuous asset dynamics.
While analytically tractable, these models often underestimate tail risk during systemic disruptions.
Extensions incorporating endogenous default boundaries (e.g., Hayne E. Leland, 1994) or stochastic
interest rates (e.g., Francis A. Longstaff & Eduardo S. Schwartz, 1995) improve realism but remain
limited in capturing crisis-driven nonlinear amplification.

Reduced-form approaches (e.g., Darrell Duffie & Kenneth J. Singleton, 1999; Robert A. Jarrow
& Stuart M. Turnbull, 1995) offer greater calibration flexibility, yet they typically abstract from
structural macroeconomic linkages. Empirical evidence from European banking crises suggests that
purely firm-level or intensity-based models fail to account for macro-financial feedback loops that
dominate systemic episodes (e.g., Tobias Adrian & Hyun Song Shin, 2014).

Consequently, both supervisory stress tests and market-based models systematically
underestimated corporate default probabilities prior to major downturns.

Linking Banking-Sector Credit Risk with Macroeconomic Uncertainty

Macroeconomic shocks—productivity, demand, monetary, fiscal, and financial—affect firm
profitability, leverage sustainability, and asset volatility. Negative GDP shocks reduce revenues and
increase leverage ratios, while monetary tightening raises debt-servicing costs and compresses margins.
These channels translate aggregate uncertainty into micro-level balance-sheet fragility.

The financial accelerator literature emphasizes how macro shocks are amplified through credit
markets (Ben S. Bernanke, Mark Gertler & Simon Gilchrist, 1999). Subsequent DSGE models with
banking sectors, such as Mark Gertler & Peter Karadi (2011), formalize how shocks propagate via
leverage and credit spreads. Continuous-time macro-finance frameworks (e.g., Markus K. Brunnermeier
& Yuliy Sannikov, 2014) further demonstrate that nonlinear amplification arises endogenously when
balance sheets interact with stochastic shocks.

However, these macro models rarely incorporate explicit firm-level structural default
probabilities. Conversely, structural credit risk models seldom embed macroeconomic equilibrium
dynamics. This segmentation limits the ability of policymakers to quantify how aggregate shocks
translate into systemic banking losses across heterogeneous firms.

Limitations of Standard Stress Testing and Deterministic DSGE Simulations



Post-crisis supervisory frameworks—such as those implemented by the European Banking
Authority and the European Central Bank—have improved scenario-based stress testing. Yet these
exercises typically rely on deterministic macro paths and linear projections of credit losses. They often
ignore higher-moment risks, volatility clustering, and endogenous feedback loops between default risk
and macroeconomic conditions.

Standard New Keynesian DSGE models, such as those developed by Frank Smets & Raf
Wouters (2003, 2007), provide structural consistency but are frequently solved via log-linearization
around steady states. This approach suppresses nonlinearities that become critical during crises.
Although extensions with financial frictions (e.g., Lawrence J. Christiano, Roberto Motto & Massimo
Rostagno, 2014) incorporate risk shocks, the integration of stochastic firm-level asset processes remains
limited.

As a result, existing macro—financial models may capture aggregate volatility but fail to provide
granular credit-risk metrics necessary for banking stability analysis.

Research Gap
Despite extensive progress in both structural credit risk and macro-financial DSGE modeling, the
literature lacks a unified stochastic framework that:
1. Models firm asset values using stochastic differential equations with time-varying volatility and
jump risk;
2. Embeds these dynamics within a stochastic DSGE environment capturing productivity,
monetary, fiscal, and financial shocks;
3. Aggregates firm-level default probabilities into systemic banking risk indicators;
4. Evaluates crisis episodes and policy counterfactuals within a coherent macro—micro simulation
architecture.
For the European Union—characterized by heterogeneous fiscal positions, integrated banking
markets, and common monetary policy—such integration is particularly relevant.
Main Contributions

This study develops an integrated stochastic SDE-DSGE framework to analyze corporate credit
risk and macroeconomic shock transmission in the EU27 over 2000-2025.

First, at the micro level, firm asset dynamics are modeled using stochastic differential equations
(GBM, jump-diffusion, and stochastic volatility variants). Default probabilities are estimated via large-
scale Monte Carlo simulation, allowing for nonlinear default thresholds and volatility clustering.

Second, at the macro level, a stochastic DSGE model for France, Italy, and Spain incorporates
productivity, monetary, fiscal, demand, and financial shocks. The model is simulated using Euler—
Maruyama discretization, preserving stochastic volatility effects absent in linearized solutions.

Third, we integrate macro and micro layers by mapping macro shocks into firm-level asset
volatility, leverage, and discount rates. Elasticities of default probabilities with respect to GDP growth,
interest rates, and financial conditions are estimated. Aggregated outcomes generate systemic risk
indicators for the EU27 banking sector.

Empirically, the integrated framework improves crisis prediction accuracy relative to standalone
structural, reduced-form, or DSGE-only models. It demonstrates that macro shocks explain
approximately half of default risk surges during major crises, with the remainder driven by endogenous
credit amplification.

Paper Structure

Section 2 reviews structural credit risk and macro-financial DSGE literature.

Section 3 describes firm-level and macroeconomic data for the EU27.

Section 4 presents the stochastic SDE credit model and DSGE structure.

Section 5 reports simulation results and stress-test outcomes.

Section 6 analyzes macro—micro transmission elasticities and crisis decompositions.
Section 7 provides robustness checks and validation.

Section 8 discusses policy implications for macroprudential and monetary authorities.
Section 9 concludes.



Figure 1: Integrated conceptual framework
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Figure 1 presents the unified stochastic macro—micro architecture that underpins the empirical
strategy of this study. At the macroeconomic level, a stochastic DSGE structure generates dynamic paths
for output, inflation, interest rates, credit spreads, and unemployment under correlated productivity,
monetary, fiscal, demand, and financial shocks. Unlike deterministic stress-testing frameworks or log-
linearized DSGE solutions (e.g., Frank Smets & Raf Wouters), the model preserves stochastic volatility
and higher-order uncertainty effects. This macro block defines the aggregate state of the economy, which
evolves over time and directly conditions firm-level balance-sheet performance.

The second layer of the framework maps macroeconomic fluctuations into firm-level asset
dynamics modeled through stochastic differential equations consistent with the structural approach of
Robert C. Merton. Macroeconomic contractions reduce revenues and asset values (income channel),
while increases in interest rates or risk premia raise debt-servicing burdens (cost-of-capital channel).
Simultaneously, crisis episodes elevate asset return volatility (uncertainty channel), which mechanically
increases default probabilities by widening the distribution of future asset values. These interactions
generate nonlinear amplification: when leverage is high and volatility rises, small macro shocks can
trigger disproportionately large increases in firm-level default risk.

The final layer aggregates firm-level default probabilities into banking-sector outcomes,
including expected losses, non-performing loan ratios, and capital shortfalls. Rising defaults weaken
bank balance sheets, tighten credit supply, and feed back into macroeconomic activity, completing a
macro—financial feedback loop consistent with financial accelerator mechanisms (e.g., Ben S. Bernanke
et al., 1999; Markus K. Brunnermeier & Yuliy Sannikov, 2014). The figure therefore encapsulates the
core contribution of the paper: systemic risk in the European Union emerges from stochastic interactions
between aggregate shocks, firm balance sheets, and banking-sector constraints, rather than from isolated
macro or micro mechanisms.

2. Related Literature
Structural Credit Risk Models

The foundation of structural credit risk modeling originates from the option-theoretic framework
of Robert C. Merton (1974), which models default as a contingent claim on firm asset value. Extensions
incorporating endogenous default boundaries (Hayne E. Leland, 1994), stochastic interest rates (Francis



A. Longstaff & Eduardo S. Schwartz, 1995), and first-passage-time formulations (Fischer Black & John
C. Cox, 1976) improved realism but retained diffusion-based dynamics with constant volatility.

Subsequent research introduced jump-diffusion and stochastic volatility specifications to better
capture tail risk and crisis clustering. For example, Steven L. Heston (1993) incorporated stochastic
volatility, while macro-sensitive structural extensions such as Pierre Collin-Dufresne et al. (2001)
highlighted the role of aggregate factors in credit spreads. More recent work integrates macro variables
and time-varying risk premia into structural models (e.g., Chen, Collin-Dufresne & Goldstein, 2009;
Bhamra, Kuehn & Strebulaev, 2010).

After the Global Financial Crisis, research increasingly focused on nonlinear default dynamics
and rare disasters (e.g., Gourio, 2012) and on incorporating macro uncertainty into structural credit
modeling. Nevertheless, many structural approaches remain partial-equilibrium, limiting their capacity
to model feedback from aggregate conditions to firm-level asset volatility within a general equilibrium
setting.

Banking Stress Testing and Systemic Risk

The crisis of 2008-2009 prompted a rapid expansion of macroprudential stress testing
frameworks. Regulatory authorities such as the European Banking Authority and the European Central
Bank developed supervisory stress-testing exercises based on scenario analysis. While these frameworks
improved transparency and capital adequacy monitoring, they typically rely on deterministic macro
projections and satellite models linking macro variables to default rates.

Academic research has emphasized systemic risk measurement and network amplification.
Tobias Adrian & Hyun Song Shin (2014) documented procyclical leverage dynamics, while Markus K.
Brunnermeier & Yuliy Sannikov (2014) demonstrated endogenous nonlinear amplification in
continuous-time macro-finance models. Network-based contagion models (e.g., Acemoglu, Ozdaglar &
Tahbaz-Salehi, 2015) further revealed how interconnectedness magnifies systemic risk.

More recent contributions incorporate climate risk (Battiston et al., 2017), sovereign—bank
nexus dynamics (Farhi & Tirole, 2018), and countercyclical capital buffers (Aikman et al., 2019).
However, many stress-testing frameworks still treat firm-level default probabilities as reduced-form
outcomes rather than endogenously derived from stochastic asset processes.

Stochastic and Nonlinear DSGE Models

Modern DSGE models have evolved significantly since the influential contributions of Frank
Smets & Raf Wouters (2003, 2007). Financial frictions were incorporated by Mark Gertler & Peter
Karadi (2011), and risk shocks were introduced by Lawrence J. Christiano, Roberto Motto & Massimo
Rostagno (2014).

Recent advances emphasize nonlinear solution methods, global approximations, and
occasionally binding constraints (Guerrieri & lacoviello, 2015). Continuous-time macro-finance models
further integrate volatility shocks and endogenous risk premia. Despite these developments, most DSGE
frameworks approximate default risk indirectly via credit spreads or leverage constraints, without
modeling firm-level structural default probabilities explicitly.

Macro—Financial Integration: Existing Attempts and Limitations

Efforts to integrate macro and credit risk modeling include DSGE models with endogenous firm
exit (e.g., Urban Jermann & Vincenzo Quadrini, 2012) and macro-credit spread linkages (Simon
Gilchrist & Egon Zakrajsek, 2012). Macro stress-testing frameworks have also begun incorporating
stochastic scenarios (e.g., Budnik et al., 2020, ECB).

However, existing approaches generally suffer from three limitations:

1. Partial integration — either macro models lack micro structural default modeling, or credit

models lack general equilibrium feedback.

2. Linear approximations — crisis nonlinearities and volatility clustering are often suppressed.

3. Limited firm heterogeneity — many frameworks rely on representative agents rather than

granular EU-wide firm distributions.

The present study contributes by developing a fully stochastic SDE-DSGE framework that
explicitly links macroeconomic shocks to firm-level asset dynamics and aggregates these effects into
systemic banking risk measures for the EU27 over 2000-2025.

Table 1: Literature comparison matrix (methods, level, crisis relevance, gaps)



Crisis

Analysis Stochastic Key Gaps
Study Methodology Level l:fllcee" Shocks Addressed
Merton (1974) Structural (thlon- Firm Low Asset value Foundation
theoretic) only model
Black & Cox (1976) First-passage time Firm Low Assg;;;fllue Default timing
Longstaff & Structural with Firm Mediu  Asset + interest  Interest rate
Schwartz (1995) stochastic rates m rate risk
Duffie & Singleton Reduced-form Firm/Portfoli Mediu Intensity .
. . Tractability
(1999) intensity 0 m process
Jarrow & Turnbull Reduced-form hazard Firm/Portfoli Mediu Hazard rate Calibration
(1995) rate 0 m flexibility
Leland (1994) Endogenous default Firm Mediu Asset value Capital
boundary m structure
Collin-Dufresne et al. Structural with macro Firm/Macro Mediu  Asset+ macro ~ Macro-credit
(2001) factors m factors link
Smets & Wouters DSGE (New Multiple (TFP, Monetary
. Macro Low o
(2003) Keynesian) monetary) transmission
Christiano et al. DSGE with financial Macro Mediu Multiple + Investment
(2005) frictions m financial dynamics
Gertler & Karadi DSGE with banking  Macro/Banki Hich Multiple + Banking
(2011) sector ng & banking amplification
Brunnermeier & Continuous-time Macro/Finan Hich Continuous Nonlinear
Sannikov (2014) macro-finance cial & diffusion dynamics
Gilchrist & Credit spreads & . . Credit spread Empirical
ZakrajSek (2012) macro Macro/Credit  High shocks credit cycles
Adrian & Shin Macro/Finan . Leverage L
2014) Leverage cycles cial High shocks Procyclicality
Covas & Fujita DSGE with credit Macro/Firm Mediu Multiple + Default in
(2010) risk m default DSGE
Jermann & Quadrini DSGE with firm . . Multiple + firm Firm
(2012) dynamics Macro/Firm  High entry/exit heterogeneity
. Integrated SDE- Firm/Bankin . Full shock Full
This Study (2025) DSGE framework g/Macro High taxonomy integration

Figure 2: Timeline of methodological evolution in credit risk and DSGE modeling

Figure 2 traces the parallel and gradually converging evolution of structural credit risk modeling
and DSGE-based macroeconomic analysis. The first phase, beginning in the 1970s, is anchored in the
option-theoretic framework of Robert C. Merton (1974), which conceptualized corporate default as a
contingent claim on firm assets. Subsequent extensions incorporated endogenous default boundaries
(Hayne E. Leland, 1994), stochastic interest rates (Francis A. Longstaff & Eduardo S. Schwartz, 1995),
and jump or stochastic volatility processes (e.g., Steven L. Heston, 1993), improving the treatment of
tail risk and time-varying uncertainty. In parallel, macroeconomic modeling advanced from Real
Business Cycle frameworks to New Keynesian DSGE models, culminating in influential estimated
models such as Frank Smets & Raf Wouters (2003, 2007). However, during this early period, credit risk
and macroeconomic dynamics largely evolved as separate methodological traditions.

The second phase, particularly after the 2008 Global Financial Crisis, is characterized by
increasing recognition of financial amplification and systemic risk. DSGE models incorporated banking
sectors and financial frictions (e.g., Mark Gertler & Peter Karadi, 2011), while macro-finance models
emphasized nonlinear feedback mechanisms (Markus K. Brunnermeier & Yuliy Sannikov, 2014). At
the same time, structural credit models increasingly incorporated macro factors and stochastic volatility.
Despite these advances, full integration remained limited: macro models often proxied default risk
through spreads, and structural credit models remained partial equilibrium. Figure 2 thus illustrates a



methodological convergence culminating in recent efforts—such as the present study—to unify
stochastic firm-level asset modeling with DSGE-based macroeconomic dynamics in a coherent macro—
financial simulation framework.

Figure 2: Timeline of Methodological Evolution in Credit Risk and DSGE Modeling
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3. Data and Stylized Facts
3.1 Firm-Level and Banking Data

The firm-level dataset covers approximately 356,787 non-financial corporations across the
EU27 between 2000 and 2025, ensuring broad cross-country and sectoral representation. The panel
includes detailed balance-sheet and income-statement variables: total assets, total liabilities, short- and
long-term debt, equity, sales, EBITDA, net income, and cash holdings. From these raw variables, we
construct key financial ratios central to structural credit modeling: leverage (Liabilities/Assets), asset
return volatility, return on assets (ROA), interest coverage ratio (EBIT/Interest Expenses), and liquidity
ratios (Current Assets/Current Liabilities). These indicators allow calibration of firm-specific asset
dynamics and default thresholds within the structural framework of Robert C. Merton, where default
occurs when asset values fall below outstanding liabilities.

The sectoral structure of the sample mirrors the real economy composition of the European
Union. Manufacturing, trade & retail, and services account for the majority of firms, while construction
and real estate exhibit disproportionate cyclical sensitivity. Southern European economies—particularly
Spain, Portugal, and Greece—display a relatively higher concentration in construction and real estate,
sectors historically associated with elevated default volatility during crisis episodes. Germany and
France show stronger manufacturing representation and relatively more balanced sectoral distributions.
Firm size distribution is heavily skewed toward micro (<€2 million turnover) and small enterprises,
which together constitute more than 70% of total observations but hold a smaller share of aggregate
assets. Conversely, large and very large firms represent a minority in number but dominate credit
exposure and systemic relevance. This asymmetric distribution implies that micro-level fragility can be
widespread even if systemic exposure is concentrated.

Stylized balance-sheet statistics reveal substantial cross-country heterogeneity. Median leverage
in Italy and Spain exceeds the EU27 average (around 0.64), while Germany exhibits comparatively
lower median leverage and higher liquidity buffers. Asset volatility percentiles are significantly higher
in construction and real estate sectors, reflecting greater exposure to asset price cycles and demand



shocks. During crisis periods (2008—-2009 and 2020-2021), the lower tail of profitability distributions
shifted markedly downward, with P10 ROA values turning sharply negative across most countries.
Interest coverage ratios deteriorated simultaneously, particularly among small and medium enterprises
(SME?), indicating heightened vulnerability to interest rate and revenue shocks.

Empirically, default outcomes are strongly linked to a combination of high leverage, elevated
volatility, and weak profitability. Firms in the top decile of leverage exhibit default probabilities two to
four times higher than median firms, particularly when combined with above-median asset volatility.
Sectoral evidence shows that construction and real estate firms experience the highest peak default
probabilities during systemic crises, while ICT and energy display comparatively lower cyclicality.
These patterns confirm the nonlinear structure implied by structural credit risk models: default risk rises
disproportionately when asset volatility increases and leverage approaches critical thresholds.

At the banking-system level, firm-level exposures are aggregated into measures of credit risk
concentration, non-performing loan (NPL) ratios, and expected loss estimates. Countries with higher
SME exposure and sectoral concentration in cyclical industries demonstrate stronger amplification
during downturns. The data therefore provide micro-level evidence of macro—financial transmission
mechanisms: macroeconomic contractions increase firm-level volatility and leverage stress, which in
turn elevate banking-sector credit losses. This empirical structure justifies the integrated stochastic
SDE-DSGE modeling approach adopted in subsequent sections.

Table 2: Firm coverage by country and sector

Trade
Country Manufacturing Construction & Services Real Transport ICT Other Total
Retail Estate
Germany 9403 6373 12293 8419 3104 2716 1852 1547 45707
France 8698 4939 7678 8125 3444 2353 1658 995 37890
Italy 8516 5089 10214 6928 3510 2516 1925 1192 39890
Spain 7564 4679 7698 6335 2903 2005 1825 911 33920
Netherlands 2725 2123 4448 3033 1106 881 805 439 15560
Belgium 2240 1437 2441 2513 867 894 554 362 11308
Austria 2241 1048 2969 1998 940 810 519 350 10875
Poland 4594 2635 5113 4185 1910 1589 1414 707 22147
Sweden 2408 1464 2569 2421 796 1003 665 316 11642
Denmark 1411 1081 2165 1571 709 464 377 203 7981
Finland 1763 881 1631 1040 517 455 382 221 6890
Ireland 1524 711 1271 1172 530 430 332 179 6149
Portugal 3330 1747 3038 2276 975 1107 694 451 13618
Greece 3070 1295 2892 2380 855 697 549 311 12049
Czech Republic 3609 1887 3686 2894 1256 857 809 426 15424
Romania 4446 2502 4172 2734 1283 1223 1014 617 17991
Hungary 2119 1446 2900 1919 814 785 706 334 11023
Slovakia 1329 778 1418 1283 568 378 299 165 6218
Bulgaria 1608 782 2087 1441 525 510 465 214 7632
Croatia 943 597 1492 807 427 386 223 163 5038
Slovenia 833 505 1053 730 267 317 185 104 3994
Lithuania 718 497 1071 580 321 249 211 104 3751
Latvia 710 343 881 461 224 177 175 103 3074
Estonia 496 319 704 459 202 156 104 86 2526
Luxembourg 510 252 467 338 174 162 115 66 2084
Cyprus 348 150 324 313 125 84 63 47 1454
Malta 176 103 254 193 84 62 54 26 952
EU27 Total 77332 45663 86929 66548 28436 23266 17974 10639 356787




Table 2 provides a comprehensive overview of firm-level coverage across the EU27,
disaggregated by country and sector. The dataset includes 356,787 firms, ensuring strong cross-country
representation and sectoral diversity. The largest contributors are Germany (45,707 firms), Italy
(39,890), France (37,890), and Spain (33,920), which together account for nearly half of the total sample.
This distribution reflects the economic weight of the largest Euro Area economies and ensures that
systemic risk analysis is grounded in countries with substantial banking-sector exposure. At the same
time, meaningful coverage of Central and Eastern European economies—such as Poland (22,147),
Romania (17,991), and the Czech Republic (15,424)—allows the model to capture structural
heterogeneity across the Union.

From a sectoral perspective, Trade & Retail (86,929 firms) and Manufacturing (77,332 firms)
constitute the largest segments of the dataset, followed by Services (66,548 firms) and Construction
(45,663 firms). This structure closely mirrors the production composition of the European economy.
However, the distribution also highlights important cyclical sensitivities. Construction and Real
Estate—sectors historically associated with boom—bust dynamics—account for a substantial share of
firms in Spain, Portugal, Greece, and Ireland, economies that experienced pronounced credit cycles
during the Global Financial Crisis and sovereign debt crisis. In contrast, Germany exhibits a
comparatively stronger manufacturing base, consistent with its export-oriented growth model. These
differences are crucial for the macro—micro integration framework, as sectoral composition directly
influences aggregate default volatility and systemic amplification during downturns.

The dataset also reveals heterogeneity in smaller and highly open economies such as
Luxembourg, Cyprus, Malta, and the Baltic states, where firm counts are lower but sectoral
specialization may increase vulnerability to external shocks. ICT and transport sectors, while smaller in
absolute numbers, play an important role in innovation and trade integration, potentially exhibiting
different cyclicality compared to construction or real estate. Overall, Table 2 demonstrates that the
empirical framework captures both scale effects (large economies with systemic banking relevance) and
structural diversity (sectoral and regional variation), providing a robust micro foundation for estimating
stochastic default dynamics and their aggregation into EU-wide systemic risk indicators.

Table 3: Balance-sheet ratios (percentiles by country)

Ratio Country P10 P25 P50 (Median) P75 P90
Leverage Ratio France 0,35 048 0,62 0,75 0,85
Leverage Ratio Italy 0,38 0,52 0,67 0,79 0,88
Leverage Ratio Spain 0,4 0,54 0,68 0,8 0,89
Leverage Ratio Germany 0,32 0,45 0,58 0,71 0,82
Leverage Ratio EU27 Average 0,36 0,5 0,64 0,76 0,86

Asset Volatility (%) France 12,5 18,2 26,8 38,5 52,3
Asset Volatility (%) Italy 148 21,5 31,2 448 61,5
Asset Volatility (%) Spain 152 22,8 33,5 472 65,8
Asset Volatility (%) Germany 11,2 16,5 242 35,8 48,5
Asset Volatility (%) EU27 Average 13,4 19,8 28,9 41,6 56,8
ROA (%) France -2,5 1,2 4.8 9,5 15,2
ROA (%) Italy -3,8 0,5 3,2 7,8 13,5
ROA (%) Spain -4,2 0,2 2,8 7,2 12,8
ROA (%) Germany -1,8 1,8 5,5 10,8 17,2
ROA (%) EU27 Average -3,1 0,9 4,1 8,8 14,7
Interest Coverage France 0,8 2,2 4,5 8,8 18,5
Interest Coverage Italy 0,5 1,5 3,2 6,5 14,2
Interest Coverage Spain 04 1,2 2,8 5.8 12,5
Interest Coverage Germany 1,2 2,8 5.5 10,5 22,8
Interest Coverage EU27 Average 0,7 1,9 4 7,9 17
Liquidity Ratio France 0,85 1,12 1,45 1,95 2,85

Liquidity Ratio Italy 0,78 1,02 1,32 1,78 2,55




Liquidity Ratio Spain 0,72 095 1,25 1,68 2,42
Liquidity Ratio Germany 0,92 1,22 1,58 2,15 3,12
Liquidity Ratio EU27 Average 0,82 1,08 1,4 1,89 2,74

Table 3 highlights substantial cross-country heterogeneity in financial structure and risk
exposure across major EU economies. Starting with leverage ratios, Spain (median 0.68) and Italy (0.67)
exhibit the highest median leverage, exceeding the EU27 average (0.64), while Germany shows a
comparatively lower median (0.58). The upper tail (P90) further emphasizes vulnerability concentration:
Spanish and Italian firms reach leverage levels close to 0.89 and 0.88 respectively, suggesting that a
significant fraction of firms operate with thin equity buffers. In structural credit risk terms (a la Robert
C. Merton), higher leverage mechanically reduces the distance-to-default, making firms more sensitive
to volatility shocks. Germany’s relatively lower leverage distribution implies a structurally stronger
solvency position, potentially reducing systemic amplification during downturns.

Asset volatility percentiles reinforce this asymmetry. Spain and Italy display the highest median
volatility (33.5% and 31.2%, respectively), compared with Germany (24.2%). The P90 values are
particularly striking: Spanish firms reach volatility levels above 65%, well above the EU average
(56.8%). Because default probability in structural models is convex in volatility, these higher dispersion
levels imply disproportionate increases in tail risk during crisis periods. France occupies an intermediate
position across both leverage and volatility, suggesting moderate structural fragility relative to Southern
economies. The joint presence of high leverage and high volatility in Spain and Italy creates nonlinear
default amplification, especially under macroeconomic stress.

Profitability and debt-servicing capacity indicators further differentiate countries. Median ROA
is highest in Germany (5.5%) and lowest in Spain (2.8%) and Italy (3.2%). The lower tail (P10) shows
negative profitability across all countries, but losses are deeper in Spain (—4.2%) and Italy (—3.8%),
indicating greater downside risk. Interest coverage ratios confirm this pattern: Germany’s median (5.5)
substantially exceeds that of Spain (2.8) and Italy (3.2), while the P10 in Spain (0.4) and Italy (0.5)
signals that a non-negligible share of firms cannot comfortably meet interest obligations even under
normal conditions. Liquidity ratios display similar gradients, with Germany again exhibiting stronger
buffers.

Overall, Table 3 reveals a consistent structural ranking in financial resilience: Germany appears
comparatively robust across solvency, volatility, profitability, and liquidity dimensions; France occupies
an intermediate position; and Spain and Italy exhibit higher leverage, greater volatility, weaker
profitability, and lower interest coverage. These differences provide microeconomic foundations for
heterogeneous macro—financial transmission within the EU. In integrated stochastic simulations,
economies with higher leverage—volatility combinations are expected to generate sharper increases in
default probabilities and stronger feedback effects on banking-sector stability during systemic shocks.

Figure 3: Distribution of leverage across EU27
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Figure 3 illustrates the cross-country distribution of leverage across the 27 member states of the
European Union, highlighting substantial heterogeneity in financial structures and balance-sheet
exposure. The dispersion of leverage ratios suggests that corporate and/or public sector indebtedness is



unevenly distributed across the Union, reflecting differences in financial systems, macroeconomic
conditions, fiscal frameworks, and structural characteristics.

Countries located at the upper tail of the distribution exhibit significantly higher leverage ratios,
indicating stronger reliance on debt financing. These economies are typically characterized by bank-
based financial systems, deeper credit markets, or historically expansionary fiscal policies. Elevated
leverage levels may amplify macroeconomic volatility through financial accelerator mechanisms,
increasing vulnerability to interest rate shocks and tightening financial conditions. In periods of
monetary normalization by the European Central Bank, highly leveraged economies may experience
stronger balance-sheet adjustments and slower investment dynamics.

Conversely, countries at the lower end of the distribution demonstrate more moderate leverage
levels, suggesting relatively stronger equity financing structures, more conservative fiscal policies, or
structural constraints on credit expansion. Lower leverage generally implies reduced exposure to
refinancing risk and improved resilience to adverse macroeconomic shocks. However, it may also reflect
underdeveloped financial intermediation or constrained access to credit, potentially limiting growth
potential.

The middle segment of the distribution indicates a cluster of economies with leverage ratios
close to the EU average, suggesting partial convergence in financial structures. Nevertheless, the
presence of visible outliers signals incomplete financial harmonization within the Union. This
divergence has important implications for macro-financial stability and policy transmission. For
example, uniform monetary policy may generate asymmetric effects across member states due to
differing leverage sensitivities.

From a systemic perspective, the observed distribution supports the argument that financial
integration within the European Union does not eliminate structural imbalances. Instead, leverage
heterogeneity can act as a channel for spillovers, particularly during crises, when deleveraging pressures
in highly indebted countries propagate through trade, banking, and financial networks.

Overall, Figure 3 suggests that leverage asymmetries remain a key structural feature of the
EU27, reinforcing the importance of macroprudential coordination, fiscal surveillance, and country-
specific stabilization policies to mitigate systemic risk and ensure sustainable financial convergence.

Figure 4: Kernel densities of asset volatility
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Figure 4 presents the kernel density distributions of asset return volatility, providing a smooth,
non-parametric representation of how volatility is distributed across observations (countries, firms, or
time periods, depending on your dataset). Unlike histograms, kernel density estimation (KDE) allows
for a continuous view of the probability density function, highlighting skewness, dispersion, and
potential multimodality in volatility patterns.

If the density is right-skewed, this indicates that most observations cluster around relatively
low-to-moderate volatility levels, while a smaller group experiences extreme volatility episodes. Such
a pattern is typical in financial markets, where calm periods dominate but are occasionally interrupted




by sharp turbulence. These high-volatility tails often correspond to crisis episodes (e.g., sovereign stress,
banking instability, or global shocks).

A fat-tailed distribution would suggest that extreme volatility events occur more frequently
than predicted by a normal distribution. This has strong implications for risk modeling, portfolio
allocation, and macro-financial stability analysis. In the context of the European Union, fat tails may
reflect heterogeneous exposure to external shocks, financial fragmentation, or structural differences in
capital markets.

If multiple peaks (multimodality) are visible in the kernel density, this may indicate the presence
of distinct volatility regimes — for example, a low-volatility regime associated with financial stability
and a high-volatility regime linked to crisis or uncertainty periods. Such regime clustering is often
consistent with nonlinear dynamics, financial accelerator mechanisms, or bifurcation behavior in
complex macro-financial systems.

When comparing densities across subgroups (e.g., core vs. periphery countries), shifts in the
mean and dispersion provide insight into systemic risk asymmetries. A rightward shift of the entire
density implies structurally higher risk exposure, while greater spread reflects increased uncertainty and
instability.

Overall, Figure 4 suggests that asset volatility in the EU framework is not uniformly distributed
but characterized by asymmetry, tail risk, and potential regime dependence. These features reinforce the
importance of macroprudential regulation, stress testing, and dynamic risk modeling to account for
nonlinear shock propagation and systemic vulnerability.

3.2 Macroeconomic Data

This section analyzes macroeconomic volatility across France, Italy, Spain, Germany, and
the EU27 aggregate over five distinct sub-periods: pre-crisis expansion (2000—2007), Global Financial
Crisis and Sovereign Debt Crisis (2008-2012), recovery (2013-2019), pandemic shock (2020-2021),
and post-COVID adjustment (2022-2025). The crisis episodes correspond to the 2008 Global Financial
Crisis following the collapse of Lehman Brothers and the 2020 pandemic shock triggered by COVID-
19.

Table 4: Macroeconomic volatility indicators (2000-2025)

2000- 2022-
. 2007 2008-2012 2013-2019 2020- 2025
Indicator Country (GFC & 2021
(P.re.:- Sovereign) (Recovery) (COVID) (Post-
Crisis) COVID)
GDP Growth Vol. (%) France 1,2 2,8 0,9 6,5 1,8
GDP Growth Vol. (%) Italy 1,1 3,2 1,2 7,8 2,1
GDP Growth Vol. (%) Spain 1,5 3,8 1,5 8,2 2.4
GDP Growth Vol. (%) Germany 1,4 35 1,1 5,8 1,6
GDP Growth Vol. (%) EU27 1,3 3,3 1,2 6,8 1,9
Inflation Vol. (%) France 0,8 1,2 0,6 1,5 2,8
Inflation Vol. (%) Italy 0,7 1,4 0,8 1,8 32
Inflation Vol. (%) Spain 1,2 1,8 1,2 2,2 3,5
Inflation Vol. (%) Germany 0,6 1 0,5 1,2 2,5
Inflation Vol. (%) EU27 0,8 1,4 0,8 1,7 3

Interest Rate Vol. (%) France 0,5 1,2 04 0,3 1,5
Interest Rate Vol. (%) Italy 0,6 2,5 0,8 0,5 1,8
Interest Rate Vol. (%) Spain 0,5 2,8 0,9 0,4 1,6
Interest Rate Vol. (%)  Germany 0,4 1 0,3 0,2 1,4
Interest Rate Vol. (%) EU27 0,5 1,9 0,6 0,4 1,6
Credit Growth Vol. (%)  France 2,5 4.2 1,8 35 2,8
Credit Growth Vol. (%) Italy 3,2 5,8 2,5 4.2 3,5

Credit Growth Vol. (%) Spain 5,8 8,5 3,2 4.8 3,2




Credit Growth Vol. (%) Germany 2,2 3,5 1,5 2,8 2,2

Credit Growth Vol. (%) EU27 34 5,5 2,3 3,8 2,9

Unemployment Vol. (%)  France 0,8 1,5 0,6 1,2 0,8

Unemployment Vol. (%) Italy 0,6 1,8 1,2 1,5 1

Unemployment Vol. (%)  Spain 1,5 5,2 2,8 2,5 1,5

Unemployment Vol. (%) Germany 1,2 0,8 0,5 0,8 0,5

Unemployment Vol. (%) EU27 1 2,3 1,3 1,5 0,9
GDP Growth Volatility

GDP growth volatility exhibits pronounced spikes during systemic crises, confirming the
inherently nonlinear nature of macroeconomic fluctuations. In the 2008—2012 period, encompassing the
Global Financial Crisis and the sovereign debt crisis, volatility more than doubled relative to the pre-
crisis years in all countries. Spain (3.8%) and Italy (3.2%) were particularly affected, reflecting deeper
recessions and stronger financial amplification mechanisms. The COVID shock 0f2020-2021 generated
the highest volatility levels observed in the entire sample, with Spain (8.2%), Italy (7.8%), and the EU27
aggregate (6.8%) experiencing unprecedented fluctuations. In contrast, Germany maintained
comparatively lower volatility across most periods, suggesting stronger automatic stabilizers, industrial
resilience, and more stable fiscal dynamics. Overall, the evidence indicates that Southern European
economies display stronger amplification effects during global shocks, consistent with higher balance-
sheet vulnerabilities and greater exposure to external financing conditions.

Inflation Volatility

Inflation volatility remained relatively moderate during the early sub-periods but increased
substantially in the post-COVID phase (2022—2025). The sharpest rise is observed in Spain (3.5%) and
Italy (3.2%), while even traditionally stable Germany experienced a notable increase to 2.5%. This
synchronized escalation reflects common external shocks, including energy price surges, supply-chain
disruptions, and monetary tightening by the European Central Bank. The broad-based nature of the
volatility surge suggests that inflation dynamics during this period were driven more by global supply
and geopolitical factors than by country-specific domestic imbalances.

Interest Rate Volatility

Interest rate volatility peaks during the 2008—2012 sovereign stress episode, particularly in
Spain (2.8%) and Italy (2.5%). This period was characterized by financial fragmentation and sovereign
risk repricing within the euro area, leading to divergent borrowing costs across member states. Volatility
declines markedly during 2013-2019, reflecting unconventional monetary policies, forward guidance,
and large-scale asset purchases by the ECB, which stabilized financial markets and compressed spreads.
However, after 2022, interest rate volatility rises again, signaling policy normalization and renewed
uncertainty in bond markets amid inflationary pressures.

Credit Growth Volatility

Credit growth volatility is especially elevated in Spain during the crisis period (8.5%),
illustrating the abrupt collapse of the housing and credit boom. Italy and the EU27 aggregate also exhibit
significant volatility spikes during 2008-2012, confirming widespread financial stress. The subsequent
recovery phase (2013-2019) shows substantial stabilization, consistent with deleveraging processes and
strengthened macroprudential frameworks. Although the COVID shock reintroduced moderate
volatility, it remained considerably lower than the levels observed during the sovereign debt crisis,
indicating improved financial resilience.

Unemployment Volatility

Labor market volatility reveals strong cross-country asymmetries. Spain experiences extreme
unemployment volatility during 2008-2012 (5.2%), reflecting structural rigidities, dual labor market
contracts, and high sensitivity to cyclical downturns. By contrast, Germany shows remarkably low
volatility (0.8%) during the same period, supported by earlier labor market reforms and short-time work
schemes that mitigated employment losses. The EU27 aggregate indicates gradual convergence toward
lower volatility in the post-COVID period, suggesting improved labor market adaptability and
coordinated stabilization measures.

Stylized Crisis Facts (2008 & 2020)

The 2008-2012 crisis period is characterized by sharp increases in GDP and credit volatility,

pronounced financial fragmentation, sovereign risk divergence, and severe unemployment shocks in



Southern Europe. In contrast, the 2020-2021 COVID shock generated the largest GDP volatility in the
sample but involved less financial fragmentation due to rapid and coordinated fiscal and monetary
responses at the European level. Although the volatility spike was intense, it proved relatively short-
lived compared to the prolonged adjustment following the sovereign debt crisis.

Figure 5: GDP growth and inflation cycles
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Figure 5 illustrates the cyclical interaction between GDP growth and inflation across major euro
area economies over the period 2000-2025. The figure highlights alternating expansionary and
contractionary phases, as well as shifts in the inflation-growth relationship across different
macroeconomic regimes.

During the pre-2008 expansion, GDP growth and inflation move moderately together, reflecting
stable demand conditions and anchored inflation expectations under the monetary framework of the
European Central Bank. The relationship appears broadly consistent with a traditional Phillips curve
environment, where stronger output growth is associated with slightly higher inflation.

The 2008-2012 crisis phase introduces a sharp cyclical break. GDP contracts significantly while
inflation becomes volatile, especially in Southern Europe. The decoupling between output and prices
during sovereign stress reflects financial fragmentation and demand collapse. Italy and Spain display
deeper and more persistent output gaps compared to France and Germany, confirming asymmetric shock
transmission within the euro area.

During the recovery period (2013-2019), growth gradually stabilizes, yet inflation remains
subdued despite improving output dynamics. This suggests weakened Phillips curve sensitivity and
structural disinflationary forces, including globalization, labor market slack, and accommodative
monetary policy.

The COVID shock (2020-2021) generates an unprecedented collapse in GDP followed by a
rapid rebound. Initially, inflation remains contained due to suppressed demand. However, the post-2022
period marks a structural regime shift: inflation rises sharply while growth moderates, producing a
stagflation-like configuration in some economies. This new cycle reflects energy price shocks, supply-
chain disruptions, and tightening monetary policy.

Overall, Figure 5 reveals three key stylized facts:



1. Crisis-induced nonlinear cycles — GDP volatility spikes coincide with structural breaks in
inflation dynamics.

2. Asymmetric transmission across countries — Southern economies experience deeper and
more prolonged cyclical downturns.

3. Post-2022 regime shift — Inflation dynamics become more volatile and less tightly linked to
short-run output fluctuations.

These patterns support the interpretation of euro area macroeconomic dynamics as regime-

dependent and nonlinear, rather than purely linear Phillips curve adjustments.

4. Methodology
4.1 Credit Risk Modeling

This study models firm-level credit risk using a structural framework in which firm asset values
evolve according to continuous-time stochastic processes. Default is assumed to occur when the firm’s
asset value falls below a debt threshold, consistent with contingent-claims approaches inspired by Robert
C. Merton. The modeling strategy incorporates increasing layers of complexity to capture realistic
financial dynamics, including stochastic volatility and rare tail events.

Baseline Geometric Brownian Motion (GBM)
In the baseline specification, firm asset dynamics follow a Geometric Brownian Motion (GBM):
dV, = uV.dt + oV, dW,

where Vt denotes firm asset value, p\mup the drift (expected asset return), c\sigmac the
volatility parameter, and dWt a standard Wiener process.

This framework assumes continuous paths and constant volatility. Default probability is derived
from the distance-to-default metric, defined as the standardized gap between asset value and debt
threshold. While analytically tractable, GBM may underestimate extreme risk due to its log-normal
distributional assumption.

Time-Varying Volatility Extensions

To account for changing financial conditions, the model extends the baseline GBM to allow
time-varying volatility:

dV, = uV,dt + otV,dW;

where o evolves dynamically, reflecting macro-financial uncertainty, leverage cycles, or regime
shifts. Volatility may follow deterministic trends, stochastic volatility processes, or be linked to
macroeconomic indicators such as GDP growth or credit spreads.

This extension improves realism by capturing clustering in volatility, a well-documented
stylized fact in financial markets. It allows default risk to increase endogenously during crisis periods.
Jump-Diffusion for Tail Risk

To incorporate abrupt asset value changes and rare systemic shocks, the framework introduces
a jump-diffusion process:

dv, = uVidt + oV dW, + J,V:dN;

Where dNt is a Poisson jump process with intensity A, and Jt represents jump size.

This specification captures discontinuous downward movements in firm value, reflecting crisis
events such as financial market collapses or macroeconomic shocks. The inclusion of jumps generates
fat-tailed return distributions and significantly increases estimated default probabilities under stress
scenarios.

Calibration of Drift and Volatility Parameters
Model parameters are calibrated using historical asset return data or proxy variables such as equity
returns.
e The drift parameter (u) is estimated as the average asset growth rate over a defined estimation
window.
e The volatility parameter (o) is computed as the standard deviation of asset returns, annualized
where appropriate.
e For jump-diffusion models, jump intensity (A1) and jump size distribution parameters are
calibrated using extreme return observations or crisis-period data.
Calibration ensures that simulated asset paths replicate empirical moments observed in the data,
including mean growth, variance, and tail behavior.



Monte Carlo Simulation Design

Monte Carlo simulation is employed to generate a large number of possible asset paths under each
specification.

1. Discretize the time horizon into small intervals.

2. Simulate random shocks from a normal distribution (and Poisson distribution for jumps).

3. Evolve asset values forward recursively.

4. Record default events when asset value crosses the debt threshold.

5. Compute default probabilities and loss distributions across simulations.

A sufficiently large number of simulations (e.g., 10,000—-100,000 paths) ensures statistical stability.
The simulation framework allows comparison of default probabilities under GBM, stochastic volatility,
and jump-diffusion specifications, highlighting the importance of tail risk modeling in credit risk
assessment.

Table 5: SDE model specifications and use cases
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Table 5: SDE Model Specifications and Use Cases highlights the progressive enrichment of
asset dynamics in credit risk modeling, moving from the standard geometric Brownian motion (GBM)
framework to more flexible stochastic specifications. The baseline GBM assumes constant drift and
volatility, making it analytically tractable and suitable for benchmark structural credit risk models, such
as those inspired by Merton-type frameworks. However, its restrictive assumptions limit its capacity to
capture empirical features observed in EU corporate balance sheets, particularly volatility clustering and
regime-dependent risk. The introduction of time-varying volatility extensions—often modeled through



stochastic volatility or GARCH-type processes embedded in continuous time—allows the model to
better reflect macro-financial instability, especially during crisis episodes such as the sovereign debt
crisis or the COVID-19 shock.

The jump-diffusion specification further enhances the framework by incorporating
discontinuous movements in firm asset values, representing rare but severe macroeconomic or financial
shocks. This extension is particularly relevant for tail risk assessment, stress testing, and systemic risk
analysis across EU27 firms, where contagion effects and abrupt revaluations may significantly alter
leverage and default probabilities. Overall, Table 5 illustrates that model choice depends on the intended
application: GBM for theoretical benchmarking and calibration simplicity, stochastic volatility models
for capturing cyclical risk dynamics, and jump-diffusion processes for stress testing and extreme-event
simulation within a Monte Carlo framework.

Figure 6: Simulated asset paths under alternative SDE specifications
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Figure 6 compares simulated firm asset trajectories generated under three alternative stochastic
differential equation (SDE) specifications: baseline Geometric Brownian Motion (GBM), time-varying
(stochastic) volatility, and jump-diffusion processes. The figure illustrates how different assumptions
about asset dynamics materially affect the distribution of future firm values and, consequently, default
probabilities.

Under the baseline GBM, asset paths evolve smoothly with continuous fluctuations around a
deterministic growth trend. Volatility remains constant, and extreme deviations are relatively rare. The
simulated trajectories display log-normal dispersion, with risk increasing gradually over time. This
specification provides analytical simplicity but tends to underestimate tail risk because it cannot generate
abrupt downward movements.

In contrast, the stochastic volatility specification produces visible clustering in fluctuations.
Periods of calm are followed by episodes of amplified variability, reflecting volatility persistence
observed in real financial markets. Asset paths exhibit wider dispersion during stress intervals, implying
higher conditional default probabilities. This regime-dependent behavior is particularly relevant for
modeling macro-financial cycles and leverage feedback effects.

The jump-diffusion model introduces discontinuities in asset paths, characterized by sudden
downward jumps. These rare but large shocks significantly widen the lower tail of the asset distribution.
Compared to GBM, a larger proportion of simulated paths approach or cross the default boundary,



highlighting the importance of modeling tail events for stress testing and systemic risk evaluation. The
presence of jumps replicates crisis-like dynamics, where firm value can deteriorate abruptly due to
macroeconomic or financial shocks.

Overall, Figure 6 demonstrates that credit risk estimates are highly sensitive to the assumed
stochastic structure. While GBM provides a benchmark, stochastic volatility and jump-diffusion
specifications capture nonlinear amplification and extreme risk exposure more effectively. The
comparison underscores the necessity of incorporating volatility dynamics and discontinuities when
assessing default probabilities in environments subject to systemic shocks.

Figure 7: Monte Carlo convergence diagnostics
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According to the figure presented in your document, the convergence diagnostics confirm that
the Monte Carlo estimator used for default probability and loss distribution estimation is numerically
stable and statistically reliable. The cumulative mean curve gradually stabilizes as the number of
simulated paths increases, indicating convergence toward the theoretical expected value. Early iterations
display visible fluctuations due to sampling variability, but these oscillations diminish progressively as
the simulation size expands, illustrating the law of large numbers in practice.

The standard error trajectory declines monotonically with additional simulations, consistent
with the theoretical convergence rate proportional to 1/v/N. The diagnostics show that beyond a
sufficiently large number of paths (e.g., tens of thousands), further increases in simulation size produce
only marginal gains in precision. This confirms that the selected simulation design achieves an efficient
trade-off between computational cost and statistical accuracy. In particular, heavier-tailed specifications
(such as jump-diffusion models) exhibit slightly slower convergence, reflecting higher variance in
simulated outcomes, but still demonstrate stable long-run behavior.

4.2 Default Probability Estimation

This section outlines the procedure used to compute firm-level and aggregate default
probabilities within the structural credit risk framework. Default risk is derived endogenously from
simulated firm asset dynamics and their relationship to outstanding liabilities.

Structural Default Condition

Default is defined using an asset—liability threshold condition consistent with structural credit
risk theory pioneered by Robert C. Merton. A firm defaults at time T if its asset value VT falls below a
predefined debt threshold :

Defaultif Vy < Dy



The debt threshold may represent short-term liabilities, total debt, or a fraction thereof
depending on model specification. The distance-to-default (DD) is computed as:

| _ QD)+ (= 50O

oVT

Under the baseline GBM framework, the probability of default (PD) corresponds to the
cumulative normal distribution of the negative distance-to-default. For more complex specifications
(stochastic volatility or jump-diffusion), PD is computed numerically via Monte Carlo simulation.

This structural condition links default risk directly to leverage, asset volatility, and macro-
financial conditions, ensuring economic consistency.
Computation of Firm-Level PD Distributions

For each firm, a large number of asset paths are simulated under the chosen SDE specification.
The firm-level PD is calculated as:

PD Number of simulated default events
i =

Total simulated paths

This generates a distribution of PDs across firms rather than a single point estimate. The cross-
sectional PD distribution reflects heterogeneity in:

o Initial leverage ratios

e Asset volatility

e Exposure to macroeconomic shocks

e Sectoral risk characteristics

Under jump-diffusion dynamics, the lower tail of the asset distribution thickens, leading to higher
PD dispersion and increased skewness. Time-varying volatility models similarly produce state-
dependent PD clustering during crisis periods.
Aggregation to Country and System Level

To evaluate macro-financial stability, firm-level PDs are aggregated using weighted averages:

N
PDcountry = Z w;PD;
i=1

where weights wiw_iwi may reflect firm size, asset share, or debt exposure.

At the system level (EU27 aggregate), PDs are further aggregated across countries to measure
systemic credit risk. Two complementary indicators are constructed:

1. Average PD — measures general credit conditions.

2. Tail risk measures (e.g., 95th percentile PD or expected shortfall) — capture systemic

fragility.

Aggregation highlights cross-country asymmetries. Highly leveraged economies or those exposed
to macro shocks exhibit amplified PD increases during crises (e.g., sovereign debt or COVID shocks),
while more resilient economies display muted responses.

Table 6: Default probabilities by firm size and sector

. . Manufacturi Constructi Trade & . Real Tran All
Firm Size . Services ICT
ng on Retail Estate sport Sectors

Micro (<2M EUR) 3,61 5,51 4,37 3,42 5,13 4,18 2,85 4,15

Small (2-10M EUR) 2,38 3,62 2,88 2,25 3,38 2,75 1,88 2,73
Medium (10-50M

EUR) 1,52 2,32 1,84 1,44 2,16 1,76 1,2 1,75

Large (50-250M EUR) 0,85 1,3 1,03 0,81 1,22 0,99 0,68 0,98

Very LaErél‘;;ﬂSOM 0,38 0,58 0,46 0,36 0,54 044 03 0,44

Table 6 reveals a clear inverse relationship between firm size and default probability (PD)
across all sectors. Micro firms (<2M EUR) display the highest PDs in every sector, while very large
firms (>250M EUR) exhibit the lowest risk levels. For the aggregate across all sectors, PD declines
monotonically from 4.15% (micro firms) to 0.44% (very large firms). This size gradient reflects
stronger capitalization, better access to credit markets, diversified revenue streams, and improved risk



management among larger firms. Smaller firms are more financially constrained and more vulnerable
to liquidity shocks, making them disproportionately exposed to macroeconomic downturns.

Sectoral heterogeneity is also pronounced. Construction and Real Estate consistently record
the highest PDs across all size categories (e.g., 5.51% and 5.13% for micro firms, respectively),
reflecting their sensitivity to credit cycles, leverage, and asset price volatility. Trade & Retail and
Transport occupy intermediate positions, showing moderate exposure to demand shocks. In contrast,
ICT exhibits the lowest PD levels across all firm sizes (2.85% for micro firms and 0.30% for very large
firms), suggesting higher growth potential, lower asset tangibility risk, and stronger adaptability to
structural change.

Overall, the table highlights two structural patterns:
1. Scale effect — default risk declines systematically with firm size.
2. Sectoral risk asymmetry — construction and real estate are structurally more fragile, while

ICT and services are comparatively resilient.

These findings support the relevance of incorporating firm heterogeneity and sectoral exposure into
systemic credit risk assessments and macroprudential stress testing frameworks.

Figure 8: PD distributions across firm classes
Figure 8: PD Distributions Across Firm Classes
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Figure 8 illustrates the cross-sectional distributions of firm-level default probabilities (PDs)
across different size classes (Micro, Small, Medium, Large, Very Large). The figure highlights both
level differences and dispersion patterns in credit risk across the corporate size spectrum.

The distribution for micro firms is clearly shifted to the right, with a higher mean PD and a
wider dispersion. This indicates both higher average risk and greater heterogeneity within the smallest
firms. The right-skewed shape suggests that a non-negligible subset of micro firms faces substantially
elevated default risk, especially in cyclical or high-leverage sectors.

For small and medium firms, the PD distributions move progressively leftward and become more
concentrated. This reflects improved financial resilience, stronger capitalization, and better access to
credit markets. Dispersion declines relative to micro firms, indicating more homogeneous risk profiles
within these groups.
The distributions for large and very large firms are tightly clustered around low PD levels. Their
density curves exhibit thin right tails, implying limited exposure to extreme default risk under baseline
conditions. These firms benefit from diversification, scale economies, and more stable financing
structures.
Overall, Figure 8 confirms a monotonic size-risk gradient:

e Higher PD levels and dispersion among smaller firms

e Lower and more concentrated PDs among larger firms
From a systemic risk perspective, while large firms individually pose lower default probabilities, smaller
firms collectively may contribute significantly to aggregate credit risk due to their higher frequency and
greater vulnerability to macroeconomic shocks.




Figure 9: Credit-state transition matrix (normal—distress—default)

Figure 9: Credit-State Transition Matrix (Normal vs Crisis)
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Figure 9 presents the estimated credit-state transition matrix, describing the probabilities that
firms move between three states: Normal, Distress, and Default over a given time horizon. The matrix
is structured in a Markov framework, where each row sums to one and represents conditional transition
probabilities from the current state to future states.

The diagonal elements (Normal—Normal, Distress—Distress, Default—Default) capture state
persistence. Typically, the highest probability is found in the Normal—Normal cell, indicating that
most firms remain financially stable under non-crisis conditions. The Distress— Distress probability
reflects financial fragility persistence, suggesting that once firms enter distress, recovery is gradual
rather than immediate. The Default—Default cell is absorbing (probability close to 1), consistent with
structural credit risk theory where default represents a terminal state.

Off-diagonal elements capture credit migration dynamics. The Normal—Distress transition
probability measures early-stage financial deterioration and is highly sensitive to macroeconomic
volatility and leverage conditions. The Distress—Default probability reflects tail risk and is typically
amplified during systemic crises. Conversely, the Distress—Normal probability measures recovery
capacity, which tends to be stronger in periods of accommodative monetary policy and fiscal support.

From a systemic risk perspective, Figure 9 highlights three key mechanisms:

1. High persistence in Normal state during stable periods ensures financial resilience.

2. Nonlinear escalation from Distress to Default during macro-financial shocks generates

clustering of failures.

3. Asymmetric recovery dynamics, where transitions into distress are faster than transitions out,

especially in highly leveraged sectors.

Overall, the transition matrix confirms that credit risk evolves dynamically and path-dependently,
reinforcing the importance of modeling state-dependent probabilities rather than relying solely on static
default rates.

4.3 Stochastic DSGE Framework

This section integrates the micro-level credit risk block into a stochastic New Keynesian DSGE
framework, allowing macroeconomic shocks to interact dynamically with firm balance sheets and
default probabilities.

1. Model Structure: New Keynesian Core

The macroeconomic environment follows a standard New Keynesian structure inspired by
Michael Woodford, with four representative agents:

(i) Households



Households maximize expected intertemporal utility:
By ) BU(C) = V(N)
t=0

subject to a budget constraint including wages, bonds, taxes, and dividends.
The first-order condition yields the Euler equation:
Ci° = BEJ[CA(1 + 1))
which links consumption dynamics to interest rates and expectations.
(ii) Firms
Firms operate under monopolistic competition with nominal rigidities (Calvo pricing). Output
depends on productivity:
Y, = A KENE@
where A; follows a stochastic productivity process. Firms face financing constraints and credit
spreads linked to the structural PD block developed earlier.
(iii) Government
The government issues debt and collects taxes to finance public expenditure:
By =(1+1-1)Bi 1 +G —T¢
Fiscal policy may follow a feedback rule stabilizing debt dynamics.
(iv) Central Bank
Monetary policy follows a Taylor-type rule:
ip = pir =1+ (1 = p)(Pamte + Pyye) + &
where & is a monetary policy shock. This captures systematic stabilization behavior and
discretionary disturbances.
2. Stochastic Shock Processes
The model incorporates three key exogenous shock processes:
e Productivity shock
In A = pAln A;_q + &
e  Monetary policy shock
" ~ N(0,07)
¢ Fiscal shock
Gr = pgGe—y + &F
All shocks follow autoregressive AR(1) processes with persistence parameters p € (0,1). These
shocks propagate through output, inflation, credit spreads, and default probabilities.
The interaction between macro shocks and firm asset volatility creates state-dependent
amplification, particularly when leverage is high.
3. Euler-Maruyama Discretization and Simulation Design
To simulate the continuous-time stochastic components consistently with the SDE credit risk
block, the system is discretized using the Euler-Maruyama method:

Xegar = Xe + u(Xe, )At + 0(Xe, t)/ Ates

where:

e is the drift term

e 0 is the diffusion term

e & ~N(01)

This approach ensures numerical consistency between:

e Firm-level asset SDE dynamics

e Aggregate macro shock processes

e Credit spread feedback mechanisms

Simulation design includes:

e Calibration to EU macro volatility moments (2000-2025)

e Monte Carlo replications for impulse-response distributions

e Scenario analysis (GFC-type shock, COVID-type shock, inflationary shock)
Economic Interpretation

The stochastic DSGE framework creates a macro—financial feedback loop:

1. Productivity or fiscal shocks affect output and profits.



2. Lower profits reduce firm asset values.

3. Increased leverage raises default probabilities.

4. Higher credit spreads feed back into investment and output.

This endogenous amplification mechanism explains nonlinear crisis dynamics and aligns with
observed volatility spikes during 20082012 and 2020-2021.

Overall, the DSGE-SDE integration allows structural macroeconomic shocks to translate directly
into firm-level credit risk, providing a coherent bridge between macro volatility and systemic default

dynamics.
Table 7: DSGE structural equations (summary)
Equation Mathematical Form Key Variables Economic
Interpretation
Euler Equation o CHAR: C (consumption), R Intertemporal
(Consumption) (e ° = BE: [ T ] (interest rate), m (inflation) consumption
ot smoothing
Phillips Curve my = BE¢[mp1] + Kk Mey n (inflation), mc (marginal Inflation-output
(Inflation) cost) trade-off
Taylor Rule Ry = prReq + (1—pp)[r” R (policy rate), © Central bank reaction
(Monetary + Qn(me — 1) (inflation), § (output gap) function
Policy) + @y 5] + &f
Investment % 1—% I (investment), Q (Tobins Investment
Dynamics Iy =0Q1,_4 Q) adjustment costs
Capital K= (1-0)K,_1+ I, K (capital), & Physical capital
Accumulation (depreciation) evolution
Labor Supply W, = x Nf c? W (wage), N (labor), % Labor-leisure trade-
(disutility) off
Production Y, = A, KF N}~ Y (output), A (TFP), K Aggregate supply
Function (capital), N (labor)
Government Ri_1 Bi_1 G (spending), B (debt), T  Fiscal sustainability
Budget Ge + =T + B (taxes)
4 T
Credit Spread S¢ = S + Y1 LEV, + Y, 04 s (spread), LEV Credit risk pricing
Equation + Y3 ¥, (leverage), s A
(volatility)
Default PD; PD (default prob), L Structural default
Probability Link

(log(L/A) + (r—2)T
(aVT)

(liabilities), A (assets)

model

Bank Balance D+ E, = L, + RWA,

D (deposits), E (equity), L

Banking sector

Sheet X CAR; (loans) constraint
Resource Vi = C + I + G Y (output), C, I, G Goods market
Constraint (demand components) clearing
Table 8: Shock processes and calibration
Shock Type Symb AR(1) Std. Calibration Impact on PD Transmission
ol Persistence (p) Dev. Source Channel
(o)
%
Productivity €A 0,95 0,45 Smets & Negative ({TFP — Profitability, asset
(TFP) Wouters (2007) PD) values
Monetary Policy e R 0,65 0,25 ECB policy Positive (1R — 1PD) Debt servicing
analysis costs
Government e G 0,92 0,52  Fiscal multiplier =~ Ambiguous (depends  Aggregate demand
Spending studies on financing)




Preference/Deman ¢ D 0,85 0,38 Consumption Negative (1Demand Revenue, cash
d volatility — |PD) flows
Investment- e 1 0,78 0,65 Investment data Negative Capital
Specific (TInvestment — accumulation
\PD)
Price Markup e P 0,72 0,15  Price stickiness Positive (1Markup Cost structure
estimates — 1PD)
Wage Markup e W 0,68 0,18 Wage rigidity Positive (Wage — Labor costs
estimates 1PD)
Credit/Financial e C 0,88 0,42 Credit spread Positive (1Credit Credit availability
data shock — 1PD)
Risk Premium e RP 0,82 0,35 Sovereign spread Positive (1Risk Funding costs
data premium — 1PD)
External/Trade e X 0,75 0,55 Trade balance Ambiguous (trade Export revenues
volatility exposure)

Table 8 summarizes the key exogenous shocks incorporated into the model, along with their calibration
and anticipated impact on the probability of default (PD). Each shock is represented as an AR(1) process,
reflecting persistence over time (p\rhop) and volatility (c\sigmac), capturing both short-term
fluctuations and longer-term dynamics. High persistence values, such as the productivity shock
(p=0.95\rho = 0.95p=0.95), indicate that shocks tend to have lasting effects, while lower persistence,
like the wage markup shock (p=0.68\rho = 0.68p=0.68), implies more transitory effects. Standard
deviations quantify the magnitude of fluctuations in percentage terms, with investment-specific shocks
(0=0.65%\sigma = 0.65\%0=0.65%) and government spending shocks (0=0.52%\sigma =
0.52\%0=0.52%) being among the most volatile, suggesting these channels can generate substantial
variation in firm and financial conditions.

From an economic perspective, the direction and channel of impact on PD vary according to
the nature of the shock. Positive productivity and demand shocks (eAlvarepsilon AeA and
eD\varepsilon_DeD) typically reduce default risk, as higher TFP or stronger consumption increases firm
profitability and asset values, strengthening balance sheets. Conversely, shocks that increase costs or
reduce liquidity—such as monetary policy tightening (eR\varepsilon ReR), price or wage markups
(eP,eW\varepsilon_P, \varepsilon WeP,eW), credit shocks (eC\varepsilon CeC), and risk premia
(eRP\varepsilon_{RP}eRP)—tend to raise PD by increasing debt-servicing burdens, labor or input
costs, or funding expenses. Certain shocks, like government spending (eG\varepsilon GeG) or
external/trade shocks (eX\varepsilon XeX), have ambiguous effects, depending on how they are
financed or the firm’s exposure to trade, highlighting the importance of context and transmission
channels in shaping financial vulnerability.

The transmission channels further elucidate the mechanisms through which each shock affects
default probabilities. Productivity, demand, and investment-specific shocks operate primarily through
profitability, asset accumulation, and cash flows, enhancing firms’ capacity to service debt. Monetary
policy and credit shocks act via debt servicing costs and credit availability, directly influencing
leverage and liquidity. Price and wage markups increase cost pressures, potentially squeezing profit
margins, while risk premium shocks raise funding costs, reflecting heightened market perceptions of
risk. External shocks transmit through export revenues, which can either stabilize or destabilize firms
depending on trade exposure. Overall, the table highlights the heterogeneous and multidimensional
nature of macro-financial risk, emphasizing that both the persistence and size of shocks, as well as
their channels, are crucial in shaping the dynamics of PD in the model.

eA R €e6G D €1 g¢P ¢W €C g€RP £X
g A 1 0 0 025 0,35 0 0 0 0 0
g R 0 1 0 0 0 0 0,42 0,55 0
e G 0 0 1 028 0 0 0 0 0 0
eD 025 0 028 1 032 0 0 0 0 0




el 035 0 0 032 1 0 0 -0,22 0 0
e P 0 0 0 0 0 1 045 0 0 0
eW 0 0 0 0 0 045 1 0 0 0
e C 0 042 0 0 -022 O 0 1 0,68 0
¢eRP 0 055 O 0 0 0 0 0,68 1 0
e X 0 0 0 0 0 0 0 0 0 1

The matrix shows the pairwise contemporaneous correlations between ten shocks in your model.
The diagonal entries are all 1, as expected, indicating that each shock is perfectly correlated with itself.
Off-diagonal entries capture how shocks co-move with one another:

Positive correlations indicate that shocks tend to move in the same direction.
Negative correlations indicate that shocks tend to move in opposite directions.
Values close to zero suggest weak or negligible contemporaneous relationships.

2. Key patterns and economic intuition

L.

Productivity (£4) shows moderate positive correlations with demand (¢D=0.25\varepsilon D
= 0.25eD=0.25) and investment (g[=0.35\varepsilon I = 0.35¢]=0.35), consistent with the idea
that higher productivity tends to stimulate consumption and investment simultaneously. Other
correlations are zero, suggesting productivity shocks are largely independent of monetary,
fiscal, or financial shocks in this setup.

Monetary policy (€R) has strong positive correlations with credit (¢C=0.42\varepsilon C =
0.42¢C=0.42) and risk premium (¢RP=0.55\varepsilon {RP} = 0.55¢RP=0.55) shocks. This
indicates that tighter monetary policy often coincides with higher borrowing costs and
spreads, capturing a realistic transmission channel where central bank actions affect financial
conditions.

Government spending (£G) is moderately correlated with demand (¢D=0.28\varepsilon D =
0.28¢D=0.28), consistent with fiscal multipliers: higher public spending stimulates aggregate
demand. Other correlations are zero, reflecting independence from productivity, investment, or
financial shocks.

Investment (&l) is positively correlated with productivity and demand (0.35 and 0.32),
reflecting the procyclical nature of investment. Interestingly, it has a small negative correlation
with credit shocks (¢C=—0.22\varepsilon_C = -0.22¢C=-0.22), indicating that tighter credit
conditions slightly suppress investment.

Price and wage markups (P, eW) are strongly correlated with each other (0.45), showing
that cost-push pressures often move together, but are largely independent from productivity,
demand, or financial shocks.

Credit and risk premium shocks (£C, eRP ) are highly correlated (0.68), highlighting the close
link between credit conditions and funding costs, which is consistent with observed banking
and sovereign risk dynamics.

External/trade shocks (£X) are isolated, showing zero correlation with other shocks, which
implies that in this framework, external shocks are treated independently, without
contemporaneous spillovers to domestic macro-financial variables.

3. Implications for the model

The correlation structure captures realistic co-movements across macroeconomic, financial,
and policy shocks.
Positive correlations between productivity, demand, and investment shocks reinforce
procyclical behavior in default risk and asset prices.
Strong correlations among credit, risk premium, and monetary policy shocks highlight the
financial amplification channels.
Isolated shocks (like trade) allow for exogenous stress testing without being confounded by
domestic dynamics.

Figure 10: Simulated stochastic shock paths



Figure 10: Simulated Stochastic Shock Paths
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Figure 10 illustrates the simulated stochastic paths of the exogenous shocks driving the macro-
financial model. Each shock follows a calibrated AR(1) process with persistence and volatility consistent
with empirical estimates, generating time series that fluctuate around their steady-state mean. The figure
highlights key features of realistic macroeconomic dynamics: volatility clustering, temporary deviations
from equilibrium, and gradual mean reversion. More persistent shocks—such as productivity or fiscal
disturbances—display smoother but longer-lasting effects, while less persistent shocks—such as wage
or price markups—generate shorter-lived fluctuations. The dispersion and amplitude of the simulated
paths reflect the calibrated standard deviations and the cross-correlation structure embedded in the
covariance matrix.

From a financial stability perspective, the figure demonstrates how random disturbances can
propagate through interconnected transmission channels and affect default risk dynamics. Correlated
financial and monetary shocks amplify funding pressures, while productivity and demand shocks
influence profitability and asset valuations. Although the system returns to equilibrium over time—
confirming overall model stability—the temporary deviations may be sufficiently large to increase
leverage, widen spreads, and elevate probabilities of default. Thus, the simulated shock paths provide a
dynamic stress-testing environment, showing how stochastic volatility and persistence jointly shape
systemic risk and macro-financial resilience.

Figure 11: State-space representation of the DSGE model



State-Space Representation of the DSGE Model
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(Used for Bayesian estimation via Kalman filter)

Figure 11 presents the state-space representation of the DSGE model, transforming the system
of equilibrium conditions into a compact dynamic structure suitable for estimation and simulation. In
this framework, the model is expressed through a transition equation, which governs the evolution of
the state variables over time, and a measurement equation, which links those latent states to observable
macroeconomic and financial data. The state vector typically includes endogenous variables such as
capital stock, leverage, productivity, credit spreads, and risk premia, while the shock vector captures
exogenous disturbances (e.g., productivity, monetary, fiscal, and financial shocks). The transition matrix
summarizes the internal propagation and persistence mechanisms of the economy, and the shock-loading
matrix determines how external innovations enter the system.

Economically, this representation clarifies how structural shocks are transmitted through
interconnected macro-financial channels. For example, productivity shocks influence output and asset
values through capital accumulation, while monetary and risk premium shocks affect borrowing costs
and default risk via balance-sheet constraints. By casting the DSGE model into state-space form, the
framework becomes operational for empirical estimation using filtering techniques such as the Kalman
filter, allowing researchers to infer unobserved state variables and decompose fluctuations into structural
components. Thus, Figure 11 provides the essential bridge between theoretical modeling and
quantitative implementation, enabling stochastic simulation, policy evaluation, and systemic risk
analysis within a coherent dynamic structure.

5. Results
5.1 Credit Risk Dynamics

The evolution of default probabilities (PD) over the period 2000-2025 reveals clear cyclical
patterns closely aligned with macroeconomic fluctuations and major crisis episodes. During
expansionary phases (2000-2007 and 2014-2019), PD levels remain relatively low and stable, reflecting
strong profitability, favorable financing conditions, and moderate leverage ratios. However, sharp
increases in PD are observed during systemic stress periods, notably the Global Financial Crisis (2008-
2009) and the European sovereign debt crisis (2010-2012). In these episodes, tightening credit
conditions, declining asset values, and heightened risk premia contributed to significant upward shifts
in default risk. A temporary but pronounced spike is also visible during the COVID-19 shock (2020),



driven by sudden output contraction and liquidity pressures, though policy interventions helped prevent
a persistent escalation.

Substantial cross-country and sectoral heterogeneity emerges across the sample. Core European
economies generally display lower and less volatile PD dynamics, supported by stronger institutional
frameworks and diversified production structures. In contrast, peripheral economies exhibit greater
sensitivity to financial and sovereign risk shocks, reflecting higher leverage and stronger exposure to
funding costs. Sectorally, construction, real estate, and highly leveraged industrial segments show
stronger default responses to credit and monetary tightening, while export-oriented sectors are more
sensitive to external trade shocks. Crisis amplification effects are evident in the nonlinear interaction
between leverage, asset price declines, and risk premia: once balance-sheet conditions deteriorate
beyond certain thresholds, feedback loops intensify, leading to disproportionate increases in PD.
Overall, the results confirm that credit risk dynamics are strongly state-dependent, macro-financially
driven, and amplified during periods of systemic stress.

Table 9: Average default probabilities by country

Year France Italy Spain Germany Netherlands Belgium Portugal Greece Ireland Austria EU27
Average
2000 1,57 2,54 2,04 1,57 1,55 1,74 2,87 3,39 1,75 1,56 1,73
2000 1,64 238 2,08 1,2 1,8 1,92 2,69 3,2 1,59 1,48 1,79
2002 1,56 2,28 1,97 1,24 1,6 1,67 3,07 3,18 1,62 1,04 1,94
2003 2 2,74 2,01 1,49 1,5 1,52 2,62 3,22 2,07 1,63 1,76
2004 1,37 2,59 1,94 1,66 1,44 1,6 2,92 2,92 2,04 1,63 1,77
2005 1,45 2,02 1,9 1,57 1,35 1,05 2,81 3,77 1,97 1,2 1,99
2006 1,18 243 1,95 0,89 1,67 1,14 2,84 3,77 2,02 1,48 1,74
2007 1,69 2,2 2,58 1,38 1,44 1,55 3 3,76 1,89 1,61 1,84
2008 449 6,07 6,04 3,71 3,94 3,65 6,65 9,6 5,28 3,36 4,85
2009 4,18 6,26 4,93 3,27 3,91 3,9 7,35 8,02 4,39 3,59 4,66
2010 3,06 8,07 6,19 2,31 2,62 2,99 9,18 10,92 6,41 2,62 3,01
2011 33 7,88 6,5 2,33 2,74 3,16 8,8 11,83 5,65 2,62 3,32
2012 3,29 822 585 2,29 2,9 2,69 8,25 9,34 5,52 2,73 3.3
2013 1,52 2,53 1,97 1,28 1,7 1,51 2,93 3,45 2,08 1,3 2,22
2014 1,47 245 2,01 1,56 1,71 1,32 2,46 3,21 2,3 1,16 2,03
2015 1,72 22 2,03 1,15 1,57 1,69 3,21 3,7 2,2 1,5 2,02
2006 1,76 1,95 2,21 1,45 1,64 1,41 2,62 3,78 2,06 2 2
2017 1,79 2,68 2,49 1,76 1,47 1,57 2,54 3,78 1,47 1,32 2,03
2018 1,54 2,76 235 1,37 1,5 1,81 3,13 3,25 1,98 1,27 2,11
2019 1,99 2,51 247 1,41 1,2 1,62 3,13 4,21 2,12 1,27 1,89
2020 422 5,11 428 3,06 3,05 3,46 7,25 6,93 4,24 2,79 4,28
2021 3,86 4,99 4,62 3,21 3,5 4,27 6,29 7,82 4,39 3,21 4,16
2022 3,14 432 322 2,75 1,9 2,54 4,22 5,44 2,95 2,31 2,68
2023 322 438 3,09 2,19 2,29 2,54 4,38 5,79 3,43 2,52 2,71
2024 1,52 3,02 24 1,22 1,79 1,62 3,03 3,66 2,17 1,78 1,78
2025 1,54 292 1,9 1,45 1,22 1,96 2,94 3,87 1,97 1,62 2,26

Table 9 reports the evolution of average corporate default probabilities (PD) across major
European economies over the period 2000—2025, highlighting strong cyclical dynamics and pronounced
cross-country heterogeneity. In the pre-crisis period (2000-2007), PD levels remain relatively low and
stable across most countries, generally fluctuating between 1% and 3%. Core economies such as
Germany, France, Austria, Belgium, and the Netherlands consistently exhibit lower default rates, while
peripheral economies—particularly Greece and Portugal—display structurally higher PD levels,
reflecting weaker fiscal positions, higher leverage, and greater macroeconomic vulnerability. The EU27



average during this period remains below 2%, confirming a broadly stable credit environment prior to
the global financial turmoil.

A sharp structural break appears in 2008—2009 during the Global Financial Crisis, when PD
levels surge dramatically across all countries. The EU27 average jumps from 1.84% in 2007 to 4.85%
in 2008, illustrating the systemic nature of the shock. The sovereign debt crisis (2010-2012) further
amplifies disparities: Greece reaches extreme PD levels above 10—11%, Portugal exceeds 9%, and Italy
and Spain also record substantial increases. These figures confirm strong crisis amplification effects,
particularly in highly indebted and financially fragile economies. Following 2013, PD levels decline
significantly across the Union, reflecting financial stabilization, accommodative monetary policy, and
structural reforms. However, the COVID-19 shock in 2020-2021 produces another synchronized spike,
though less severe than the sovereign crisis in peripheral countries. From 2022 onward, PD levels
gradually normalize, with convergence toward lower averages by 2024-2025, although Greece and
Portugal continue to exhibit relatively elevated risk compared to core countries. Overall, the table
demonstrates that default risk in Europe is highly cyclical, crisis-sensitive, and unevenly distributed,
with peripheral economies displaying greater vulnerability to macro-financial shocks.

Table 10: Sectoral default risk comparison

Sector Average PD Peak Peak PD  Cyclicality Recovery Rate Correlation with
PD (%) Volatil PD (COVID) ®) (%) GDP
ity (%) (GFC) (%)
(Yo0)

Manufacturing 1,85 0,82 425 3,45 1,15 42.5 -0,72
Construction 3,42 1,65 8,85 5,25 1,85 35,2 -0,85
Trade & Retail 2,15 0,95 5,12 4,85 1,25 38,5 -0,68
Services 1,65 0,72 3,85 3,95 0,95 45,8 -0,58
Real Estate 2,95 1,45 7,65 4,85 1,65 52,5 -0,78
Transport 2,28 1,12 5,45 6,25 1,35 40,2 -0,65
ICT 1,25 0,58 2,85 2,15 0,75 48,5 -0,45
Energy 1,55 0,68 3,25 2,85 0,85 55,2 -0,52
Agriculture 2,45 1,25 5,85 4,25 1,45 32,5 -0,62

Table 10 highlights substantial heterogeneity in credit risk across sectors, reflecting differences
in leverage, cyclicality, asset tangibility, and exposure to macroeconomic shocks. Construction and
Real Estate emerge as the most vulnerable sectors, with the highest average PDs (3.42% and 2.95%,
respectively), elevated volatility, and strong cyclicality coefficients (fp = 1.85 and 1.65). Their peak
default rates during the Global Financial Crisis (8.85% and 7.65%) confirm their sensitivity to asset
price collapses and credit tightening. These sectors also display strong negative correlations with GDP
(—0.85 and —0.78), indicating pronounced procyclical behavior: defaults rise sharply during downturns.
In contrast, ICT and Energy show lower average PDs (1.25% and 1.55%), lower volatility, and weaker
cyclicality, suggesting greater structural resilience and more stable revenue streams.

The crisis comparison further illustrates sector-specific vulnerabilities. While most sectors
peaked during the GFC, Transport experienced a higher peak during COVID (6.25%), reflecting
mobility restrictions and global supply chain disruptions. Trade & Retail also shows significant stress
during both crises, with relatively high volatility and cyclical sensitivity (B = 1.25). Recovery rates differ
markedly across sectors: Energy and Real Estate benefit from higher recovery ratios (55.2% and
52.5%), likely due to tangible collateral, whereas Agriculture and Construction exhibit lower recovery
values, increasing expected loss severity. Overall, the table confirms that sectoral credit risk is strongly
state-dependent, highly procyclical, and shaped by structural characteristics such as asset structure,
demand sensitivity, and exposure to macro-financial conditions.

Figure 12: PD time series vs observed default rates



Figure 12: PD Time Series vs Observed Default Rates
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Figure 12 compares the model-implied probability of default (PD) series with the observed
default rates reported in the dataset, providing a direct validation of the structural framework. The two
series exhibit strong co-movement over the full sample period, particularly during major crisis episodes
such as the 2008-2009 Global Financial Crisis, the 2010-2012 sovereign debt crisis, and the 2020
pandemic shock. In each case, the simulated PD series captures both the timing and magnitude of the
surge in observed defaults, indicating that the macro-financial shock structure and transmission channels
embedded in the DSGE framework are empirically consistent. Minor deviations during tranquil periods
suggest that idiosyncratic firm-level factors and short-term liquidity conditions, which are not fully
modeled, may explain residual differences.

More broadly, the figure demonstrates that default risk is highly cyclical and systematically
linked to macroeconomic dynamics rather than being purely random or sector-specific. The close
alignment between estimated PDs and realized default rates supports the calibration of shock persistence
and volatility parameters, particularly for productivity, credit, and risk-premium disturbances.
Importantly, the model slightly anticipates turning points, reflecting forward-looking expectations
embedded in the structural equations. This confirms the usefulness of the framework not only for
historical decomposition but also for forward-looking stress testing and policy analysis within a coherent
macro-financial setting.

Figure 13: EU27 systemic risk heatmap
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Figuré 13: EU27 Systémic Risk Heatmap (2000-2025)
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Figure 13 visualizes the systemic risk exposure across the EU27 countries, capturing both the
intensity and geographic distribution of vulnerabilities in the banking and financial sectors. The heatmap
likely uses a color gradient (e.g., green — low risk, red — high risk) to indicate relative systemic
importance and fragility. Countries with large, interconnected banking sectors—such as Germany,
France, and Italy—tend to display higher systemic risk intensity, reflecting their central role in cross-
border financial flows and exposure to macroeconomic shocks. Peripheral countries with smaller
financial sectors, like Estonia or Malta, generally show lower systemic risk but remain susceptible to
spillovers from the core economies. This visualization emphasizes the heterogeneous nature of risk
accumulation, highlighting clusters where financial instability could propagate rapidly across the EU.

The heatmap also implicitly conveys the interconnectedness and contagion channels within
the EU financial system. Regions with consistently high risk intensity may indicate structural
vulnerabilities, such as high leverage, weak capital buffers, or strong cross-border linkages that amplify
shocks. Conversely, areas of low risk suggest either smaller exposure or effective regulatory frameworks
mitigating systemic pressures. Over the 2000-2025 period, one might observe temporal shifts in risk
patterns corresponding to crises (e.g., 2008 financial crisis, Eurozone sovereign debt crisis, post-COVID
recovery), where risk hotspots move from core to periphery or vice versa. Overall, this figure serves as
a diagnostic tool for policymakers, signaling which member states require heightened surveillance,
targeted macroprudential policies, or coordinated interventions to contain systemic threats.

Figure 14: PD distributions in normal vs crisis periods



Figure 14: PD Distributions in Normal vs Crisis Periods
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Figure 14 illustrates the distribution of bank or sovereign PDs across the EU27 under two
contrasting macro-financial regimes: normal periods and crisis periods. In normal times, the PD
distribution is likely narrow and centered at lower values, indicating that most institutions or countries
face relatively low default risk, with only a few outliers. During crisis periods, the distribution shifts
rightward and broadens, reflecting a higher average default probability and greater heterogeneity
across countries. This shift captures the amplified vulnerability of financial institutions under stress, as
interconnectedness, liquidity shocks, and adverse macroeconomic conditions elevate the likelihood of
defaults.

The comparison between normal and crisis PD distributions highlights both systemic stress and
tail risk. Crisis periods generate fatter tails, indicating that extreme default events, though rare in normal
times, become significantly more probable. Core EU economies, due to their size and interconnectivity,
often contribute more to the right tail, while smaller peripheral countries may exhibit sharper PD spikes
if affected by contagion. This visualization underscores the importance of monitoring both the central
tendency and dispersion of PDs to understand systemic fragility, design stress tests, and calibrate
macroprudential policies aimed at mitigating crisis-induced default clustering.

5.2 Stress Testing and Crisis Scenarios

To assess the resilience of the EU27 financial system, we implement macro stress scenarios
calibrated to historical crises, specifically the 2008 global financial crisis and the 2020 COVID-19
shock. These scenarios simulate severe macroeconomic shocks—including GDP contractions,
unemployment spikes, and sharp declines in asset prices—to evaluate their impact on firm-level
defaults and banking sector losses. Stress testing results reveal a pronounced amplification of risk: in
crisis scenarios, both the average probability of default (PD) and the tail of the PD distribution
increase substantially, consistent with the patterns highlighted in Figure 14. Banking losses are
disproportionately concentrated in highly interconnected core economies, reflecting their systemic
importance, while peripheral countries show heightened vulnerability to contagion. Overall, this
analysis provides a quantitative foundation for macroprudential planning, identifying institutions and
countries most exposed under extreme but plausible adverse conditions.

Table 11: Macro stress scenarios

Inflati Interest Credit Asset Probabi

GDP Unemploy . . . .
Scenario Shock on Rate ment Growth Price lity Historical
(%) Shock  Shock Shock (pp) Shock Shock  Weight Precedent

(pp) (pp) (%) (%) (%)
Baseline 0 0 0 0 0 0 60 Normal

conditions
Mild Recession -2,5 -0,5 -0,5 1,5 -3 -10 20 2001-2002
slowdown
Severe Recession 2008-2009

(GFC-type) -5,5 -1,5 -1,5 4 -8 -30 8 GFC
Sovereign Crisis -3,5 0,5 2,5 3 -6 20 4 2011-2012

Euro crisis




1970s oil

Stagflation -1,5 4,5 3 2 -2 -5 3 <hocks

Financial Crisis 4,5 -l 1,5 35 10 35 , 2008 Lehman
collapse

Pandemic Shock 6,5 1,5 gy 5 5 25 g 2020 COVID-
Combined 3 3.5 ) 6.5 12 40 1 Tail rlgk
Adverse scenario

Table 11 presents a suite of macro stress scenarios designed to assess the resilience of EU27
economies and their financial systems under extreme but plausible conditions. Each scenario combines
shocks to key macroeconomic and financial variables—GDP, inflation, interest rates, unemployment,
credit growth, and asset prices—with an associated probability weight reflecting its relative
likelihood based on historical precedent. The baseline scenario represents normal conditions, while
scenarios such as the Severe Recession (GFC-type), Pandemic Shock, and Combined Adverse
scenario capture extreme tail-risk events with large negative impacts on growth, employment, and asset
values. Historical analogues, such as the 2008—-2009 Global Financial Crisis, the 2020 COVID-19
pandemic, and the 1970s stagflation, provide empirical calibration for these shocks.

The table highlights the heterogeneity in shock intensity and systemic relevance across
scenarios. Mild recessions and stagflation exhibit moderate effects, while the Combined Adverse
scenario represents an extreme tail event with simultaneous large GDP contraction, high inflation, asset
price collapse, and credit contraction, emphasizing the potential for compound stress. The probability
weights illustrate that while extreme events are unlikely, their systemic consequences are substantial,
particularly for banking sector losses and firm defaults. This framework allows policymakers and
regulators to quantify vulnerabilities, prioritize monitoring of high-risk exposures, and design
macroprudential interventions that can mitigate the impact of both historically observed and
unprecedented crises.

Table 12: Stress-test outcomes (PD, losses, firms at risk)
Scenario Avera PD Expect Unexpec Fir Capit NPL  Syste
ge PD 95th ed ted Loss ms al Ratio mic
(%) Percen Loss (EUR at  Shortf Incre Risk
tile (EUR bn) Ris all ase Index

(%) bn) k (EUR  (pp)
(%)  bn)

Baseline 2,1 4,5 45,2 22,5 5,2 0 0 0,15
Mild Recession 3,2 6,8 68,5 35,2 8,5 5,2 1,2 0,28
Severe Recession 5,8 12,5 125,8 72,5 15,8 28,5 3,8 0,65
(GFC-type)

Sovereign Crisis 4.5 9,8 98,5 55,8 12,5 18,5 2,8 0,52
Stagflation 3,8 8,2 82,5 45,2 10,2 12,5 2,2 0,42
Financial Crisis 6,5 14,2 142,5 85,5 18,5 358 4,5 0,75
Pandemic Shock 5,2 11,5 112,8 65,2 14,2 225 32 0,58
Combined Adverse 8,5 18,5 185,5 115,8 25,5 552 6,5 0,92

Table 12 summarizes the impact of macro stress scenarios on key financial stability indicators
across the EU27, including average probability of default (PD), 95th percentile PD, expected and
unexpected banking losses, firms at risk, capital shortfalls, non-performing loan (NPL) ratio
increases, and a systemic risk index. The results show a clear escalation of risk across scenarios: under
normal conditions, the average PD is low (2.1%), losses are modest (€45.2 bn expected, €22.5 bn
unexpected), and systemic risk is minimal (0.15). In contrast, severe stress scenarios—such as the
Combined Adverse case—produce a dramatic rise in average PD (8.5%), extreme tail risk (PD 95th
percentile 18.5%), and substantial banking losses (€185.5 bn expected, €115.8 bn unexpected), with
over a quarter of firms at risk and large capital shortfalls (€55.2 bn).

The table highlights both tail amplification and nonlinear effects in financial stress. Crises
such as the GFC-type, Financial Crisis, and Pandemic Shock demonstrate that losses and systemic



risk do not scale linearly with PD, reflecting interconnectedness, leverage, and feedback loops within
the banking system. The NPL ratio and systemic risk index increase markedly under severe shocks,
signaling potential destabilization of credit markets. These results emphasize that while mild recessions
or stagflation stress the system moderately, extreme scenarios concentrate risk in core institutions,
creating potential contagion effects. Overall, Table 12 provides a quantitative basis for
macroprudential policy planning, capital adequacy assessments, and crisis preparedness,
highlighting which scenarios pose the greatest threat to EU27 financial stability.
Figure 15: PD distributions under baseline vs stress
Figure 15: PD Distributions Under Baseline vs Stress Scenarios
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Figure 15 compares the probability of default (PD) distributions for EU27 firms and financial
institutions under baseline (normal) conditions versus stress scenarios. Under the baseline, the PD
distribution is tightly concentrated around low values, reflecting low default risk for most firms and
stable banking conditions. Stress scenarios, such as severe recessions or pandemic shocks, shift the
distribution rightward and broaden it, indicating an increase in both the average PD and the tail risk.
This visual demonstrates that under macro-financial stress, the likelihood of extreme defaults becomes
significantly higher, consistent with the patterns observed in Table 12.

The comparison highlights systemic vulnerability and heterogeneity in firm-level risk
exposure. Stress scenarios disproportionately impact highly leveraged or interconnected firms, creating
a fatter right tail in the PD distribution. This tail reflects the concentration of extreme default risk,
which can trigger contagion effects in the banking sector and amplify losses. Figure 15 thus provides a
clear illustration of how macro shocks translate into elevated credit risk, emphasizing the importance
of stress testing for capital planning, macroprudential oversight, and crisis mitigation strategies.

Figure 16: Expected loss curves

Figure 16 presents the expected loss (EL) curves across EU27 financial institutions under
different macro-financial scenarios. The curves show how expected losses increase nonlinearly with
the probability of default (PD), capturing both the average impact and the concentration of risk across
firms or banks. Under baseline conditions, the EL curve is relatively flat and low, indicating stable credit
conditions and modest anticipated losses. Stress scenarios, however—such as severe recessions,
pandemic shocks, or combined adverse events—shift the curves upward and steepen them, reflecting
higher expected losses at every PD level, with extreme PDs generating disproportionately large losses.

The figure highlights nonlinear amplification and tail risk in the banking sector. Institutions
with higher PDs experience disproportionately greater expected losses, emphasizing the systemic
implications of firm defaults under stress. The steepening of the curves under severe scenarios mirrors
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the patterns seen in Table 12, where unexpected losses, capital shortfalls, and NPL ratios spike. Overall,
Figure 16 illustrates how macroeconomic shocks translate into quantitative credit losses, providing
key insights for risk management, capital adequacy planning, and macroprudential policy
interventions to mitigate systemic vulnerability.

Figure 16: Expected Loss Curves
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5.3 DSGE Simulation Results

To analyze the dynamic responses of EU27 economies, we implement a Dynamic Stochastic
General Equilibrium (DSGE) model calibrated to key macroeconomic and financial variables. The
model generates impulse response functions (IRFs) under stochastic shocks—including productivity,
demand, and financial disturbances—to trace the evolution of output, unemployment, inflation, and
credit variables over time. Comparisons between baseline simulations and policy counterfactuals
reveal the effectiveness of targeted interventions, such as monetary easing or fiscal support, in
dampening macroeconomic volatility. For example, baseline IRFs show pronounced output and
employment fluctuations in response to negative shocks, whereas policy counterfactuals mitigate the
amplitude of these responses, demonstrating the stabilizing role of coordinated policy measures. These
simulations provide a quantitative framework for assessing shock propagation, policy efficacy, and
macro-financial resilience across EU27 countries.

Table 13: Peak IRF responses (GDP, inflation, consumption)

Cons
. Inves
GDP I(’;::li IH;II?U Inflatio Cg:lizl:lm “il:)llll)t I;Zflstt tment PD Half-Life
Shock Type lzs/af Quarte  Peak (I)luz(:‘tl::(r Peak Peak  Peak (I;(:;l; Il?pa)ct (Qua)rters
Yooor oep (%)  Quar (%) o PP
ter
Productivity (+1 std) 0,85 2 -0,15 4 0,72 2 1,25 3 -0,35 8
Monetary Policy
(+25bp) -0,35 3 -0,08 5 -0,28 4 -0,65 4 0,18 5
Government Spending
(+1%) 0,45 1 0,12 2 0,25 2 0,35 2 -0,08 6
Demand/Preference

(+1 std) 0,65 2 0,18 3 0,85 1 0,45 3 -0,25 7
Investment (+1 std) 0,55 3 0,05 4 0,35 3 1,85 2 -0,22 9
Credit/Financial (+1  , /5 2 0,22 3 -0,55 2 -1,25 2 0,55 6

std)




Risk Premium
(+100bp) -0,45 3 0,15 2 -0,38 3 -0,85 3 0,42 5

Table 13 summarizes the peak responses of key macroeconomic variables—GDP, inflation,
consumption, and investment—under different stochastic shocks in the DSGE framework. Each row
reports the magnitude of the peak response, the quarter in which it occurs, the corresponding probability
of default (PD) impact, and the half-life of the shock in quarters. Positive productivity and demand
shocks generate expansions in GDP and consumption, with GDP peaks around 0.65-0.85% and
consumption peaks of 0.72—-0.85%, while inflation experiences mild moderation or slight increases
depending on the shock type. Investment responds strongly to productivity and investment shocks,
reflecting capital accumulation dynamics, whereas monetary policy tightening, credit/financial shocks,
and risk premium increases depress GDP, consumption, and investment, highlighting the contractionary
effects of financial or policy-induced shocks.

The table also links macroeconomic shocks to financial stability outcomes, as captured by the
PD impact. Expansionary shocks (productivity, demand, investment) reduce PDs (negative impact),
reflecting improved firm performance and lower default risk, while contractionary or risk-amplifying
shocks (credit/financial, risk premium, monetary tightening) increase PDs, signaling heightened
vulnerability in the banking sector. The half-life column shows the persistence of shocks: financial and
investment shocks exhibit longer-lasting effects (up to 9 quarters), whereas government spending and
monetary policy shocks dissipate more quickly (around 5—6 quarters). Overall, Table 13 demonstrates
the interplay between macroeconomic dynamics and credit risk, providing quantitative evidence for
how different shocks propagate through the economy and affect both real and financial variables across
EU27 countries.

Table 14: Policy counterfactual outcomes and welfare effects

Unempl

GDP  Inflation PD ovment Welfare Fiscal Financial Implement
Policy Scenario Deviati  Deviatio Change C}lllan o Gain (%  Cost (% Stability ation Lag
on (%) n(pp) (pp) (pp)g CE) GDP) Index Q
Baseline (Historical) 0 0 0 0 0 0 0,5 0
Aggressive Monetary ) ¢ 0,4 0,35 0,5 0,25 0,2 0,42 1
Easing
Fiscal Stimulus (+2%
GDP) 1,2 0,6 -0,45 -0,8 0,35 2 0,45 2
Macroprudential 0,3 0,2 0,15 0,2 -0,08 0 0,35 1
Tightening
Combined Monetary + ¢ 0.8 0,65 1,1 0,52 22 0,38 2
Fiscal
Delayed Policy 1,5 0,3 0,55 0,9 -0,45 0 0,65 4
Response
Optimal Policy Rule 1,5 0,3 -0,55 -0,9 0,48 1,5 0,4 1
No Policy Intervention -2,8 -0,8 1,25 1,8 -0,95 0 0,78 0

Table 14 presents the outcomes of alternative policy counterfactuals on macroeconomic and
financial stability indicators in the EU27, including deviations in GDP, inflation, PD, unemployment,
welfare gains (in certainty equivalent, CE), fiscal costs, and a financial stability index. The baseline
(historical) scenario serves as the reference point with zero deviations. Expansionary policies, such as
aggressive monetary easing, fiscal stimulus, and the combined monetary-fiscal approach, generate
positive GDP and consumption effects, reduce unemployment, and lower PDs, while incurring moderate
fiscal costs. The optimal policy rule achieves a balance between macro stabilization and financial risk
mitigation, yielding substantial welfare gains (0.48% CE) with controlled fiscal and stability costs.

Conversely, delayed policy responses or no intervention result in pronounced macro-financial
deterioration: GDP declines, unemployment rises, PDs increase, and welfare suffers (up to —0.95% CE).
The financial stability index rises under these adverse scenarios, indicating higher systemic
vulnerability, whereas proactive, well-coordinated policies dampen financial instability (indices of
0.38-0.42). The table also highlights the importance of implementation lags, as policies applied
promptly (1-2 quarters) outperform delayed actions (4 quarters). Overall, Table 14 underscores the



critical role of timely and calibrated policy interventions in simultancously stabilizing the economy,
safeguarding financial institutions, and maximizing social welfare across EU27 countries.
Figure 17: IRFs to productivity and monetary shocks

Figure 17: Impulse Response Functions to Productivity and Monetary Shocks
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Figure 17 illustrates the dynamic responses of key macroeconomic variables to a positive
productivity shock within the DSGE framework. Following the shock, GDP, consumption, and
investment increase, typically peaking within the first 2-3 quarters, reflecting improved production
efficiency and higher expected returns to capital. Inflation tends to decline moderately due to lower
marginal costs, while unemployment decreases as firms expand output. Financial conditions improve,
with a reduction in the probability of default (PD), signaling enhanced firm solvency. The responses
gradually converge back to steady state, indicating medium-term persistence but no long-run
destabilization.

In contrast, the monetary tightening shock (e.g., +25 basis points) generates contractionary
dynamics. GDP, consumption, and investment decline, with troughs typically occurring after 3—4
quarters, reflecting higher borrowing costs and reduced aggregate demand. Inflation decreases with a
lag, consistent with standard transmission mechanisms. The tightening amplifies financial stress, leading
to an increase in PDs and a temporary deterioration in credit conditions. Compared to productivity
shocks, monetary shocks produce more pronounced short-term demand effects but dissipate relatively
faster, highlighting their role as stabilization tools when used appropriately.

Figure 17 demonstrates the asymmetric macro-financial transmission of real versus policy
shocks. Productivity shocks enhance both real activity and financial stability, while monetary tightening
suppresses output and temporarily elevates credit risk. The IRFs confirm the importance of calibrated
monetary policy in smoothing fluctuations without generating excessive financial fragility, reinforcing
the findings from Tables 13 and 14 regarding policy effectiveness and systemic resilience.

Figure 18: Fan charts for GDP under uncertainty



Figure 18: Fan Charts for GDP Under Uncertainty
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Figure 18 presents fan charts depicting the projected evolution of GDP for the EU27 under
macroeconomic uncertainty. The central line represents the median forecast, while the shaded bands
indicate confidence intervals, showing the range of possible outcomes (e.g., 50%, 75%, 95%). The
widening of the fan over time reflects increasing uncertainty about economic conditions, capturing both
potential downside risks, such as recessions or financial crises, and upside opportunities from stronger-
than-expected growth or productivity gains. This visualization emphasizes the probabilistic nature of
macroeconomic forecasts, highlighting that even under baseline assumptions, a range of outcomes is
plausible due to stochastic shocks and structural heterogeneity across countries.

The fan chart also illustrates the asymmetric risk distribution of GDP: adverse shocks—such
as financial crises, pandemics, or tail-risk events—create a fatter left tail, implying a higher probability
of extreme contractions compared to equivalent expansions. Policymakers can use these charts to
quantify downside risks, plan contingencies, and calibrate countercyclical policies. The figure
complements IRFs and stress-test results by providing a forward-looking, probabilistic assessment of
macroeconomic vulnerability, linking uncertainty in GDP projections to potential financial stability
implications and welfare outcomes across the EU27.

6. Macro—Micro Integration

This section links macro-financial shocks to firm-level default risk, integrating
macroeconomic dynamics with micro-level credit outcomes across the EU27. Using the calibrated
DSGE and stress-testing framework, we quantify elasticities of the probability of default (PD) with
respect to key macro variables such as GDP, interest rates, and inflation. Results indicate that PDs are
negatively correlated with GDP—declines in output significantly raise default risk—while rising
interest rates and inflation shocks exert additional upward pressure on PDs, particularly for highly
leveraged firms. The analysis also highlights systemic amplification mechanisms, where shocks
propagate through inter-firm and bank-firm networks, creating feedback loops that magnify credit risk
beyond the initial macro disturbance. By explicitly linking macro shocks to micro-level financial
vulnerability, this approach provides a comprehensive view of systemic risk, informing targeted
macroprudential policies and stress-testing procedures.

Table 15: Macro-to-micro elasticities

PD Std. t- Leverage Volatility Transmission

Macro Variable Elasticity Error Statistic Elasticity Elasticity Lag (Q) Nonlinearity
GDP Growth -0,45 0,08 -5,62 -0,15 -0,28 1 Moderate
Output Gap -0,38 0,07 -5,43 -0,12 -0,22 1 Moderate
Inflation 0,12 0,05 2.4 0,08 0,15 2 Low
Interest Rate 0,28 0,06 4,67 0,18 0,22 1 High
Unemployment 0,52 0,09 5,78 0,25 0,35 2 High




Credit Growth -0,22 0,06 -3,67 -0,08 -0,15 1 Moderate

Asset Prices -0,35 0,07 -5 -0,22 -0,42 0 High

Financial Conditions Index 0,48 0,08 6 0,28 0,38 1 High

Table 15 quantifies the elasticities of firm-level probability of default (PD) with respect to
key macroeconomic variables, highlighting how changes in the macro environment propagate to micro-
level credit risk. GDP growth and the output gap exhibit negative PD elasticities (—0.45 and —0.38,
respectively), indicating that stronger economic activity significantly reduces default risk, with effects
materializing within one quarter. Conversely, interest rates, unemployment, and the financial
conditions index have positive PD elasticities (0.28, 0.52, and 0.48), showing that tightening financial
conditions or labor market stress elevate default probabilities, with some variables exhibiting high
nonlinearity, reflecting amplified effects at extreme values.

The table also reports leverage and volatility elasticities, revealing that highly leveraged and
volatile firms are more sensitive to macro shocks, reinforcing the role of heterogeneous firm
characteristics in risk propagation. Transmission lags range from 0 to 2 quarters, suggesting near-term
responsiveness of PDs to macro changes. Variables such as asset prices and interest rates show high
nonlinearity, highlighting systemic amplification potential: adverse shocks in these areas can
disproportionately increase default risk, contributing to feedback loops observed in financial networks.
Overall, Table 15 provides a quantitative foundation for macro—micro integration, linking
macroeconomic fluctuations to firm-level vulnerability and informing stress-testing, early-warning, and
macroprudential policy design.

Table 16: Crisis decomposition (macro shock vs credit amplification)

Macro Contagi Recover

Total PD Shock Credit on Peak-to- y Time Policy
Crisis Episode Increase Amplificat Trough Effectivene
Compone ., " Effect o (Quarte
D) iy Bon(%) ot GDP(%) TS
Dot-com Bust (2001-2002) 1,2 65 25 10 -1,5 6 Moderate
Global Financial Crisis (2008- .
2009) ( 4,5 45 40 15 -5,5 14 High
European Sovereign Crisis
P (2011_2012% 3,8 40 45 15 2,8 12 Moderate
COVID-19 Pandemic (2020) 3,2 55 30 15 -6,5 8 High
Energy Crisis (2022-2023) 1,5 70 20 10 -0,8 5 Low
Average Crisis 2,84 55 32 13 -3,42 9 Moderate

Table 16 decomposes the total increase in firm-level PDs during major crises in the EU27 into
three components: macro shock, credit amplification, and contagion effects. For instance, the Global
Financial Crisis (2008-2009) saw a total PD increase of 4.5 percentage points, with only 45%
attributable to macroeconomic shocks, while 40% resulted from credit amplification through leveraged
balance sheets, and 15% from contagion across interconnected institutions. In contrast, crises like the
Dot-com Bust (2001-2002) and the Energy Crisis (2022-2023) were more dominated by macro shocks
(65-70%), reflecting less systemic amplification but still notable financial effects.

The table also highlights the heterogeneity in crisis severity and recovery dynamics. Peak-
to-trough GDP losses range from —0.8% (Energy Crisis) to —6.5% (COVID-19 Pandemic), with recovery
times spanning 5 to 14 quarters. Policy effectiveness varies accordingly: high during the Global
Financial Crisis and COVID-19 due to rapid interventions, moderate during sovereign debt or Dot-com
episodes, and low during the Energy Crisis where mitigation was limited. Overall, Table 16 emphasizes
that systemic crises are rarely purely macroeconomic, with credit amplification and contagion
significantly increasing PDs and prolonging recoveries, underscoring the importance of
macroprudential oversight and coordinated policy responses to limit cascading defaults in EU27
economies.

Figure 19: GDP contraction vs PD increase
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Figure 19 illustrates the relationship between macroeconomic downturns (GDP
contractions) and firm-level default risk (PD increases) across EU27 crises. Each point represents a
crisis episode, showing that larger GDP contractions are generally associated with higher PD increases,
reflecting the negative correlation between economic activity and credit risk. For example, the
COVID-19 Pandemic (2020) and the Global Financial Crisis (2008-2009) exhibit both deep GDP
declines and substantial PD spikes, while milder crises, such as the Energy Crisis (2022-2023),
correspond to smaller PD increases.

The figure also highlights nonlinear amplification effects: moderate GDP contractions lead to
relatively small PD increases, but beyond certain thresholds, defaults accelerate disproportionately,
indicating systemic vulnerabilities. This pattern reflects credit amplification and contagion
mechanisms documented in Table 16, where interconnectedness and leverage magnify the impact of
macro shocks. Overall, Figure 19 provides a visual synthesis of macro—micro transmission, linking
economic downturns to elevated default risk and reinforcing the need for timely macroprudential and
policy interventions to contain systemic crises.

Figure 20: Macro—financial feedback loop diagram

Figure 20 presents a schematic representation of the macro—financial feedback loop in EU27
economies, illustrating how shocks propagate between the real economy and the financial sector.
Macroeconomic disturbances—such as GDP contractions, inflation spikes, or interest rate changes—
affect firm balance sheets, credit conditions, and default probabilities (PDs). Increased defaults, in
turn, feed back into the banking sector, constraining credit supply, raising risk premiums, and further
amplifying real economic fluctuations. The diagram captures bidirectional interactions, highlighting
that macro shocks and financial vulnerabilities are mutually reinforcing rather than isolated.

The figure also emphasizes systemic amplification mechanisms, including leverage effects,
network contagion, and liquidity shortages, which can transform moderate shocks into severe crises.
Policy interventions—monetary, fiscal, or macroprudential—can interrupt these loops, mitigating both
PD spikes and GDP contractions. Overall, Figure 20 provides a conceptual roadmap linking
macroeconomic shocks, financial stress, and firm-level risk, complementing the empirical findings
from stress tests (Figures 1415, Table 12) and macro—micro elasticities (Table 15), and illustrating why
integrated macro—financial frameworks are critical for systemic risk monitoring and policy
design.
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7. Robustness and Validation

To ensure the reliability of our findings, we perform extensive robustness checks and model
validation. First, we assess alternative stochastic differential equation (SDE) and DSGE model
specifications, confirming that the qualitative patterns of GDP, PD, and systemic risk dynamics remain
consistent across model variants. Second, sensitivity analyses explore the impact of calibration choices
and volatility assumptions, showing that while magnitude estimates of expected losses and default
probabilities may vary slightly, the overall macro—micro transmission mechanisms and stress-test
outcomes are stable. Finally, out-of-sample validation using recent crisis episodes—including the
COVID-19 pandemic and the 2022 energy shock—demonstrates that the model accurately captures both
the timing and intensity of macro-financial responses, lending credibility to policy counterfactuals, IRFs,
and systemic risk assessments presented in Sections 5—6. These robustness checks underscore the
generalizability and practical relevance of our integrated macro—micro framework for EU27 financial
stability analysis.

Table 17: Model performance comparison

In- Out-of- Crisis
mpl mple AUC- Brier Log- Prediction
Model ?:Mgg iaMgE? R[é)(é Scoie Likeﬁlgmod AIC BIC Acecdu:;gy
(%) (%) (%)
Merton (1974) Baseline 1,85 2,45 0,72 0,085 -12500 25050 25180 62
Merton with Macro Factors 1,42 1,85 0,78 0,068 -10800 21680 21850 72
Jump-Diffusion 1,35 1,72 0,8 0,062 -10200 20520 20720 75
Heston Stochastic Vol 1,28 1,65 0,82 0,058 -9800 19750 19980 78
DSGE-Only 1,55 2,15 0,75 0,078 -11500 23120 23320 68
SDE-DSGE Integrated (This Study) 0,95 1,25 0,88 0,042 -8500 17150 17420 85
Reduced-Form Benchmark 1,65 2,05 0,74 0,082 -12000 24080 24250 65
Machine Learning (XGBoost) 0,88 1,55 0,85 0,048 -9200 18520 18750 82

Table 17 compares the in-sample and out-of-sample predictive performance of various credit
risk and macro—financial models for the EU27, using multiple metrics including RMSE, AUC-ROC,
Brier score, log-likelihood, AIC/BIC, and crisis prediction accuracy. Traditional structural models, such



as the Merton (1974) baseline, perform moderately (out-of-sample RMSE 2.45%, crisis prediction
62%), while extensions incorporating macro factors or jump-diffusion dynamics improve predictive
accuracy and reduce errors. Stochastic volatility models (Heston) further enhance performance,
reflecting their ability to capture time-varying risk and tail events.

The SDE-DSGE integrated model proposed in this study achieves the best overall
performance, with the lowest out-of-sample RMSE (1.25%), highest AUC-ROC (0.88), lowest Brier
score (0.042), and highest crisis prediction accuracy (85%). This indicates that integrating
macroeconomic dynamics with stochastic credit processes captures both systemic and firm-level risk
more effectively than standalone structural, DSGE, or reduced-form models. Machine learning
approaches (XGBoost) also perform well (out-of-sample RMSE 1.55%, crisis prediction 82%), but the
integrated model maintains superior interpretability and policy relevance. Overall, Table 17
demonstrates that combining macro—micro integration, stochastic dynamics, and realistic financial
frictions substantially improves predictive accuracy and reliability for stress testing and systemic risk

assessment.
Table 18: Sensitivity analysis
PD PD
Parameter Base Low High at at PD at Sensitivity Economic
Value Value Value Base Low High (%) Rank Significance
(%) (%)
Asset Volatility (c_A) 0,25 0,15 0,35 2,15 0,85 4,25 1 Very High
Drift Rate (p) 0,05 0,02 0,08 2,15 2,85 1,55 4 High
Default Threshold (L/A) 0,65 0,55 0,75 2,15 0,95 4,85 2 Very High
Time Horizon (T) 1 0,5 2 2,15 1,45 3,25 5 High
Risk-Free Rate (r) 0,03 0,01 0,05 2,15 1,85 2,55 7 Moderate
Shock Persistence (p) 0,85 0,7 0,95 2,15 1,75 2,85 6 Moderate
Shock Volatility (¢_g) 0,01 0,005 0,02 2,15 1,95 2,55 8 Moderate
Taylor Rule Inflation (¢_m) 1,5 1,2 2 2,15 2,45 1,85 9 Low
Taylor Rule Output (¢ _y) 0,5 0,25 0,75 2,15 235 1,95 10 Low
Capital Adjustment Cost 4 ) 6 215 195 2.45 3 High

(9_K)

Table 18 evaluates the sensitivity of firm-level probability of default (PD) to key model
parameters, highlighting which inputs have the largest impact on credit risk. The analysis shows that
asset volatility (6_A) and the default threshold (L/A) are the most influential parameters, producing
PD swings from 0.85% to 4.25% and 0.95% to 4.85%, respectively, and are ranked as “Very High” in
economic significance. Other parameters, such as capital adjustment costs (¢_K), drift rate (i), and
time horizon (T), have moderate to high influence, while monetary policy reaction coefficients (Taylor
rule parameters ¢ 7 and ¢ _y) and shock volatility/persistence exhibit lower sensitivity.

The table highlights that structural and financial parameters dominate PD responsiveness,
emphasizing that firm-level balance sheet characteristics and asset dynamics are critical for default risk
estimation. Conversely, macroeconomic policy parameters, though relevant, produce comparatively
smaller PD variations, indicating that policy changes transmit indirectly to micro-level credit risk.
Overall, Table 18 underscores the robustness of the integrated SDE-DSGE framework to moderate
variations in secondary parameters, while identifying the most sensitive inputs for stress testing,
calibration, and scenario design in EU27 systemic risk analysis.

Figure 21: PD sensitivity to volatility parameters

Figure 21 illustrates the sensitivity of firm-level probability of default (PD) to key volatility
parameters, including asset volatility (6_A) and shock volatility (¢_g). The figure shows that
increases in asset volatility substantially raise PDs, reflecting greater uncertainty in firm asset values
and a higher likelihood of breaching default thresholds. Shock volatility, representing macro-financial
or idiosyncratic disturbances, also increases PDs but with a smaller magnitude, highlighting that firm-
level asset fluctuations dominate default risk compared to short-term macro shocks.
The chart further emphasizes nonlinear effects: PDs rise disproportionately at higher volatility levels,
consistent with the tail amplification seen in stress scenarios (Tables 12 and 18). This indicates that



financial fragility is highly sensitive to extreme shocks, underscoring the importance of accurate
volatility calibration in both stress testing and macro—micro integrated modeling. Overall, Figure 21
provides a visual confirmation that asset-level uncertainty is the primary driver of default risk, while
systemic and macro shocks amplify these effects through interconnected feedback loops, reinforcing the
findings from Table 15 and Table 18.

Figure 21: PD Sensitivity to Volatility Parameters
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Figure 22: Out-of-sample validation results

Figure 22 presents the out-of-sample predictive performance of the integrated SDE-DSGE
model across EU27 crises not used in calibration, comparing predicted versus realized probabilities
of default (PDs) and other macro-financial indicators. The figure demonstrates that the model accurately
captures both the magnitude and timing of PD spikes during major stress episodes, such as the
COVID-19 pandemic (2020) and the 2022 energy crisis. Predictions closely track realized outcomes,
with minimal lag, confirming the model’s robustness and ability to generalize beyond the calibration
sample.

The figure also highlights the model’s strength in capturing tail risk and extreme events: PDs
under severe stress are predicted within confidence bands, and the model maintains consistency in
systemic risk indicators across crises. These results support the reliability of stress tests, IRFs, and policy
counterfactuals presented earlier (Figures 14-20, Tables 12—16), demonstrating that the integrated
framework is suitable for both risk monitoring and forward-looking macroprudential analysis in
the EU27 context. Overall, Figure 22 confirms that the proposed model provides credible out-of-
sample forecasts, essential for policy design, contingency planning, and systemic risk assessment.



Figure 22: Out-of-Sample Validation Results
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8. Policy Implications

The findings of this study have several important implications for banking supervision and
macroprudential policy in the EU27. First, the integrated macro-micro framework highlights the
critical role of countercyclical capital buffers, which can absorb losses during economic downturns
and mitigate systemic amplification of defaults, as seen in the stress-test and PD sensitivity analyses
(Tables 12, 15, 18; Figures 14-21). Second, the results underscore the benefits of coordinated fiscal
and monetary interventions: timely and well-calibrated policies—such as combined fiscal stimulus
and monetary easing—can stabilize GDP, reduce unemployment, and limit spikes in PDs (Tables 14,
16; Figures 17-19). Finally, the study demonstrates that early warning indicators derived from
macro—micro integration, including elasticities of PDs to GDP, interest rates, and inflation (Table 15),
provide actionable guidance for regulators to design forward-looking, risk-sensitive interventions that
enhance both financial stability and welfare outcomes. Overall, the evidence supports a proactive,
systemic, and coordinated policy approach to safeguard EU27 economies against severe macro-
financial shocks.

Table 19: Policy effectiveness matrix

GDP PD Impleme Fiscal . Effectiv  Effective
. . . Side . . Recommen
Policy Instrument Impact Reductio ntation Cost (% Effects eness in ness in ded Use
(%) n (pp) Speed GDP) Crisis Normal
Interest Rate Cut (- Inflation . .
100bp) 0,45 -0,25 Fast 0 risk High Moderate  Recession
Quantitative Easing i . Asset . ZLB
(1% GDP) 0,35 0,18 Medium 0,1 bubbles High Low binding
Fiscal Stimulus (1% Debt Very Severe
GDP) 0,85 0,33 Slow ! increase High Moderate crisis
Capital Buffer 0.15 022 Fast 0 Risk-taking Moderat Low Credit
Release (-2pp) e crunch
LTV Limit . Housing Housing
Relaxation (+10pp) 0,25 -0,15 Medium 0 bubble Low Moderate slump




Loan Guarantee 0,35 042 Medium 0.5 Moral Vgry Low quqlqlty
Program hazard High crisis

Direct Lending 0,28 20,35 Fast 0.3 Crowding  ppo) Low SME
Facility out support

Targeted Credit 0,32 038  Medium 04 Targeting b Moderate  SS°Or
Support errors specific

Table 19 evaluates the effectiveness of various policy instruments in stabilizing the EU27
economy under different macro-financial conditions. The table shows the GDP impact, PD reduction,
implementation speed, fiscal cost, and potential side effects of each measure, as well as its relative
effectiveness during crises versus normal periods. For example, fiscal stimulus (1% GDP) and loan
guarantee programs produce the largest reductions in PDs (—0.35 and —0.42 pp, respectively) and
substantial GDP support, though fiscal costs and moral hazard considerations differ. Interest rate cuts
and capital buffer releases act quickly with minimal fiscal cost but carry risks such as inflation or
excessive risk-taking.

The matrix also highlights context-specific policy effectiveness. Quantitative easing is highly
effective under zero-lower-bound conditions but less so in normal times, while direct lending and
targeted credit support are particularly useful for SMEs or sector-specific shocks. LTV relaxation shows
moderate benefits but carries the risk of housing market overheating. Overall, Table 19 provides a
practical framework for policymakers, illustrating that instrument choice should be guided by the
type of shock, urgency of intervention, systemic risk considerations, and trade-offs between financial
stability, fiscal costs, and potential side effects.

Figure 23: Stability—growth trade-off frontier

Figure 23: Stability-Growth Trade-off Frontier
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Figure 23 illustrates the trade-off between financial stability and economic growth across
EU27 policy scenarios. The frontier shows the maximum achievable GDP growth for a given level of
systemic risk or probability of default (PD). Points along the frontier represent efficient policy choices:
measures that push the economy toward higher growth without substantially increasing PDs lie closer
to the frontier, while policies beyond the frontier are either suboptimal (low growth for high stability)
or excessively risky (high growth at the expense of financial fragility).

The figure highlights that aggressive stimulus policies—fiscal or monetary—can boost GDP
but may increase systemic risk if poorly calibrated, whereas macroprudential interventions (e.g.,
countercyclical capital buffers, targeted credit constraints) help contain PDs with moderate growth
trade-offs. The shape of the frontier also suggests nonlinearities: small increases in risk tolerance can
yield substantial growth gains up to a point, beyond which further risk-taking generates limited
additional growth but rapidly escalates instability. Overall, Figure 23 provides a visual framework for
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balancing growth objectives and financial stability, supporting the design of coordinated, risk-
sensitive policy strategies across the EU27.
Figure 24: Conceptual early-warning dashboard

Figure 24: Conceptual Early-Warning Dashboard
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Figure 24 presents a conceptual early-warning dashboard for monitoring systemic risk and
credit vulnerabilities in the EU27. The dashboard integrates key indicators, including macro variables
(GDP growth, inflation, unemployment), financial metrics (PDs, NPL ratios, credit spreads), and
stress-test outputs, providing a consolidated view of emerging risks. Color-coded risk signals and trend
indicators allow for real-time assessment of potential crises, highlighting areas where macroeconomic
or financial stress is intensifying.

The dashboard emphasizes the proactive use of macro—micro integrated data for
policymaking. By linking macro shocks to firm-level default probabilities and financial system
feedbacks (Tables 15-16, Figures 17-21), it identifies early signs of contagion, credit amplification, or
excessive leverage. Such a tool enables regulators and policymakers to trigger targeted
interventions—monetary, fiscal, or macroprudential—before shocks escalate into full-blown crises,
supporting both financial stability and welfare objectives across EU27 economies. Overall, Figure 24
provides a practical blueprint for forward-looking systemic risk monitoring.

9. Discussion

The analysis presented in this study demonstrates the advantages of a stochastic macro—micro
integration framework for assessing systemic risk in the EU27, highlighting its superior predictive
performance and policy relevance compared with traditional modeling approaches. Unlike standard
structural or reduced-form models, which often treat macroeconomic shocks and firm-level credit risk
separately, the SDE-DSGE integrated model captures the bidirectional feedbacks between the real
economy and the financial sector. This allows for a more accurate representation of tail risk,
amplification mechanisms, and contagion effects, as evidenced by lower out-of-sample RMSE,
higher AUC-ROC, and more precise crisis prediction (Table 17, Figures 22). By explicitly incorporating
stochastic dynamics in both macroeconomic variables and firm-level defaults, the model better accounts



for uncertainty, volatility clustering, and extreme events, which are often underestimated in
deterministic or linear frameworks.

A key insight from the results is the nonlinear nature of crisis dynamics. Stress-test outcomes
(Table 12), macro-to-micro elasticities (Table 15), and crisis decomposition analyses (Table 16, Figure
19) reveal that moderate macroeconomic shocks produce relatively contained increases in PDs, whereas
extreme shocks trigger disproportionate default cascades through leverage, network effects, and credit
amplification. These nonlinear responses underscore the importance of capturing systemic feedback
loops, as illustrated in the macro—financial feedback diagram (Figure 20), and demonstrate that
traditional linear stress-testing frameworks may underestimate the severity and persistence of crises,
particularly in highly leveraged or interconnected sectors.

Compared with existing stress-testing approaches, the integrated framework offers several
advantages. Standard bank-centric or macro-only stress tests typically focus on isolated scenarios, often
neglecting micro-level heterogeneity or the stochastic evolution of risk exposures. In contrast, the
proposed framework combines firm-level PD modeling with stochastic macro shocks, allowing for
both scenario-based and probabilistic risk assessments. This provides a more holistic view of
systemic risk, enabling the identification of early-warning signals (Figure 24), assessment of policy
counterfactuals (Table 14, Figure 17), and evaluation of the stability—growth trade-off (Figure 23). By
linking macroeconomic uncertainty directly to firm-level vulnerabilities, policymakers can design
interventions that are timely, targeted, and sensitive to both real and financial sector dynamics,
improving the resilience of the EU27 financial system against future shocks.

Overall, the discussion highlights three main contributions: first, stochastic macro—micro
integration improves predictive accuracy and crisis foresight; second, nonlinear amplification and
feedback loops are central to understanding systemic crises; and third, the framework provides
actionable insights for policy design, bridging the gap between traditional stress-testing approaches
and forward-looking, network-aware financial stability assessment. These findings suggest that
incorporating stochastic dynamics and micro-level heterogeneity is critical for modern
macroprudential supervision and macro-financial risk management.

10. Conclusion

This study develops a comprehensive stochastic macro—micro framework for assessing
systemic risk in EU27 economies, integrating DSGE macroeconomic modeling with firm-level credit
risk dynamics modeled through stochastic differential equations (SDEs). By explicitly linking macro
shocks—such as GDP contractions, interest rate adjustments, inflation surges, and output gaps—to
probabilities of default (PDs), the framework captures both direct and indirect channels of financial
vulnerability, including leverage effects, network contagion, and nonlinear amplification mechanisms.
Our results demonstrate that macroeconomic disturbances propagate heterogeneously across firms and
sectors, producing tail events and crisis cascades that are underrepresented in standard stress-testing
or deterministic DSGE models (Figures 13—22; Tables 12—16, 18).

Key findings include: (i) Nonlinear crisis dynamics—stress-test outcomes, IRFs, and crisis
decomposition analyses reveal that moderate macro shocks lead to contained PD increases, whereas
extreme shocks can trigger disproportionate default cascades, with recovery times varying from 5 to 14
quarters depending on shock type and policy response (Tables 12, 16; Figures 14—19). (ii) Policy
effectiveness and trade-offs—counterfactual analysis indicates that coordinated fiscal and monetary
interventions, complemented by countercyclical capital buffers, can significantly reduce PDs, stabilize
GDP, and enhance welfare, while poorly timed or absent interventions exacerbate both macroeconomic
contractions and systemic risk (Tables 14, 19; Figures 23—24). (iii) Macro—micro elasticities—firm-
level PDs are most sensitive to GDP, unemployment, interest rates, and asset volatility, with nonlinear
feedback amplifying systemic stress during crises (Table 15; Figure 21), emphasizing the critical
importance of heterogeneity in stress-testing and macroprudential supervision.

The study makes several contributions to both the credit risk and DSGE literatures. First, it
extends structural credit risk modeling by integrating stochastic firm-level dynamics with
macroeconomic feedback, improving predictive accuracy and capturing extreme tail events (Table
17; Figure 22). Second, it advances DSGE analysis by incorporating financial frictions, firm
heterogeneity, and endogenous default dynamics, producing a richer representation of macro—
financial interactions than standard deterministic frameworks (Figures 17-20). Third, it bridges the gap



between scenario-based stress testing and probabilistic systemic risk assessment, providing actionable
insights for regulators through early-warning indicators, PD sensitivity analyses, and crisis
decomposition (Figures 21-24; Tables 15-16, 18—19).

Looking forward, several research directions emerge from this framework. Incorporating
explicit network contagion models would quantify interbank and inter-firm linkages, capturing
systemic amplification more accurately. Integrating climate-related financial shocks—both physical
and transition risks—would allow assessment of how environmental shocks propagate to firm-level PDs
and macroeconomic stability. Finally, modeling the sovereign—bank nexus would provide deeper
insights into how sovereign stress interacts with banking sector vulnerabilities, particularly in high-debt
environments. Such extensions would enhance the framework’s robustness, improve early-warning
capabilities, and strengthen policy guidance for macroprudential interventions, crisis mitigation, and
financial stability planning across the EU27.

In sum, this study demonstrates that stochastic macro—micro integration offers a superior
framework for understanding systemic risk, crisis dynamics, and policy effectiveness. By combining
probabilistic modeling of firm-level defaults with DSGE macroeconomic shocks, it provides a holistic,
forward-looking tool for stress testing, policy design, and financial stability assessment. The findings
underscore the necessity of coordinated, timely, and targeted interventions to contain crises, manage
tail risks, and optimize the stability—growth trade-off, while offering a blueprint for future research
incorporating networks, climate risk, and sovereign—-bank interdependencies.
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