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1 Introduction

In recent years, the intersection between climate change and credit risks has attracted the attention

of regulators and financial institutions. For example, the Basel Committee on Banking Supervision

issued 18 principles aimed at effective management and supervision of financial risks associated with

climate change (BCBS, 2022). These principles underscore the importance of banks recognising the

distinctive nature of risks linked to climate (as highlighted in Principle 8) and the necessity for banks

to integrate physical and transitional risks into their strategic business planning processes (as outlined

in Principle 12).

While previous studies and supervisory exercises have advanced the understanding of climate stress

testing, they have primarily focused on system-wide assessments of banks and large corporations at an

aggregate level (Alogoskoufis et al., 2021; Battiston et al., 2017; de Bandt et al., 2025). This approach

is typically of a top-down nature, with climate risks affecting primarily macro-financial variables, and

usually relies on an analytical toolkit spanning from general equilibrium models (Hallegatte et al., 2022)

to financial risk assessment methodologies that leverage long-term climate scenarios. In contrast, this

paper adopts a micro-level approach that assesses the impact of forward-looking climate shocks on the

default probability of individual loans.

Our study is novel in two key respects. First, we develop a micro-level stress testing framework

that directly models the default risk of individual loans, capturing borrower- and region-specific het-

erogeneity in exposure to physical climate risk. Previous studies (Battiston et al., 2017) and financial

supervisors usually follow instead a climate stress testing approach at the financial institution level,

such as the European Central Bank (ECB) climate stress testing exercise (ECB, 2022a,b). Second, our

analysis focuses specifically on small and medium-sized enterprises (SMEs), a sector that is significantly

more vulnerable to physical risks such as flooding and is under-represented in current regulatory stress

tests. In contrast, all climate stress testing exercises performed on firm-level data consider only large

corporations for data availability (Battiston et al., 2023). By doing so, we provide the first climate

stress testing exercise for SME loan portfolios in Europe, offering new insights into how climate shocks

translate into credit risk for this critical segment of the economy.

We achieve this by estimating six discrete-time survival models on securitised SME loans from

six European countries: Belgium, Spain, the Netherlands, France, Italy, and Portugal. This discrete

survival approach is in line with the inherent characteristics of credit risk analysis, as loan-level data are

commonly observed at fixed intervals, making events inherently discrete. To implement the models, we

combine loan-level information from the European DataWarehouse with granular flood event data at

the regional level. The European DataWarehouse provides detailed information on securitised loans to

European SMEs. This data set includes both the characteristics of SMEs at the time of loan application
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and their behavioural variables throughout the loan life, which we further enrich by incorporating local

macroeconomic indicators (Bellotti and Crook, 2013) and data on natural disasters. For the latter,

flood event data and future projections across different return periods are sourced from the Risk Data

Hub of the Joint Research Centre of the European Commission. Relying on the estimates of the

survival model, we provide a quantitative assessment of the evolution of SMEs’ financial performance

under different climate scenarios. This data-driven approach allows for the identification of the most

vulnerable European regions. It can also be used by regulators and banks to estimate the default

probability under a stressed scenario.

Our results show that flooding has a statistically significant impact on the default probability of

SMEs, highlighting their vulnerability to physical climate risks, particularly in flood-prone areas. In

countries such as France and Spain, flood events significantly increase the probability of SME loan

defaults, suggesting the need for financial institutions to incorporate climate risk evaluations into

their lending assessments. However, in countries with strong flood management systems, like the

Netherlands, or those offering considerable disaster assistance, such as Italy, the negative effects of

flooding on SME loan defaults are mitigated. Looking at the results of the stress testing exercise,

we showcase the projected trajectory of default probabilities under various flood severity scenarios,

revealing the significant impact of increased climate risk on loan defaults. This corresponds to an

economically meaningful increase in default probabilities, up to 24 basis points in Spain and 18 basis

points in France.

Our findings highlight the significant impact of physical climate risks on the financial stability of the

SME loan market. They also underscore the need for targeted policy measures to strengthen financial

systems against climate-induced economic disruptions, such as flooding. This analysis has significant

policy implications for central banks (Chen et al., 2021; Wang et al., 2025) and macroprudential regu-

lators, highlighting the critical role of granular spatial data availability on extreme weather events and

forward-looking climate scenarios in assessing physical climate risks. While existing financial regula-

tions predominantly focus on the corporate sector (Tan et al., 2025), our findings show the pressing

need to extend regulatory attention to the SME lending market, which is relatively underexplored due

to the limited data availability.

The remainder of this paper is structured as follows. Section 2 discusses the related literature, and

Section 3 presents the data. The methods and results are presented in Sections 4 and 5, respectively.

Finally, Section 6 concludes.

3



2 Literature review

As awareness of the economic and social impacts of climate change increases, a growing body of research

investigates the potential risks it presents to key aspects of the financial system, particularly credit

risk (Gourdel et al., 2024). Campiglio et al. (2023) provided an overview of the main studies focused

on the impact of climate-related risks to financial assets. Chen et al. (2024) developed an Extreme

Weather Index to assess weather risks in China and found significant negative effects of weather shocks

on firm-level loans. Lu et al. (2024) analysed the impact of climate change on credit spreads among

listed companies issuing corporate bonds. There are different transmission channels between weather

events and the lending market. The destruction of capital assets, such as buildings and infrastructure,

caused by severe natural disasters reduces the return on capital, labour productivity, and knowledge

productivity, ultimately leading to lower overall output (Dietz et al., 2016). Dafermos et al. (2018)

showed that physical risks trigger economic contraction and capital destruction, negatively impacting

firms’ profitability and liquidity. Consequently, rising default rates increase bank leverage and reduce

capital adequacy, leading to tighter credit conditions and a negative feedback loop that hampers

economic growth and intensifies business difficulties.

All the previous studies are focused on corporate lending. However, the impact of extreme weather

events on the SME lending market remains underexplored, largely due to limited data availability.

Aguilar-Gomez et al. (2024) obtained that extreme heat increases credit delinquency rates for SMEs

in Mexico. Barbaglia et al. (2024) examined the impact of flooding on credit to European SMEs and

highlighted a significant effect on loan delinquency. Their study found that firms affected by flooding

are up to 1.6 times more likely to default on existing loans compared to firms in non-disaster areas.

We build on their work, extending the analysis both in terms of time coverage and country scope, and

introducing a novel stress testing framework for climate risk.

Climate change has also emerged as a significant risk to financial stability, prompting financial

supervisors worldwide to adopt climate stress tests as a central tool to assess the resilience of the

financial system. These methodologies simulate adverse but plausible climate scenarios to identify

systemic vulnerabilities and guide regulatory responses (Hansen, 2022). Institutions such as the Eu-

ropean Systemic Risk Board (ESRB) and the Basel Committee on Banking Supervision (BCBS) have

called for the incorporation of climate-related risks into the strategic planning, risk governance, and

supervision frameworks of banks (ECB/ESRB, 2023; de Bandt et al., 2025). Most of these efforts have

so far focused on system-wide assessments at the macroprudential level, evaluating aggregate exposures

of financial institutions and sectors to climate risks (Battiston et al., 2017; Grippa and Mann, 2020;

Bank of England, 2021; FRB, 2021; Acharya et al., 2023).

However, recent research and supervisory initiatives increasingly highlight the need for micro-level
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analysis, that is, assessing physical climate risk at the level of individual loans or borrowers (de Bandt

et al., 2025; Anastasiou et al., 2025). This asset-level perspective captures heterogeneity across obligors,

locations, and sectors that is often masked in aggregate analyses. It is particularly critical for SMEs,

which are more vulnerable due to their localised operations and limited access to capital markets.

Micro-level stress testing enables the identification of specific obligors or properties most exposed to

climate risk, revealing that even loans with similar observable features can differ substantially in their

climate sensitivities (Denton and Perrella, 2023).

A leading example of this approach is the ECB 2021 economy-wide climate stress test, which com-

bined macroeconomic modelling with firm-level data for 2.3 million companies in Europe (Alogoskoufis

et al., 2021; ECB, 2022a). The ECB assessed both non-financial corporations and euro area banks over

a 30-year time horizon, finding that firms exposed to high physical risks could see a 25% increase in

default probability by 2050 under a “hot house world” scenario. These results underscore the long-term

threat posed by unmanaged physical risks and demonstrate the value of micro-level data in informing

macroprudential stress-testing frameworks.

Moreover, insights from micro-level assessments are essential for informing macroprudential policy.

They help supervisors identify channels of risk transmission, target interventions more effectively, and

refine regulatory guidance. For example, studies have shown that extreme events can significantly

increase the probabilities of mortgage default, even after accounting for insurance coverage (Zanin

et al., 2024), and that SMEs exposed to increased climate risk and uncertainty are more likely to

become discouraged borrowers (Anastasiou et al., 2025). These findings support the integration of

climate considerations into credit risk modelling, loan approval processes, and supervisory evaluations.

Despite their importance, micro-level stress testing efforts face substantial data and methodological

challenges. As noted by the ECB and others, detailed loan and borrower-level data remain limited,

particularly for households and SMEs, even as coverage for large non-financial corporations improves

(ECB, 2022b). This data gap presents a key barrier to developing robust, bottom-up climate risk

assessments at scale. However, stress testing remains a critical tool for supervisors to monitor vulnera-

bilities, assess progress in risk management, and develop targeted macroprudential instruments (ECB,

2022b; de Bandt et al., 2025; ECB/ESRB, 2023).

Our study contributes to this growing literature by conducting a novel micro-level climate stress

testing exercise focused on European SMEs. We assess changes in loan default probabilities under

scenarios involving natural disasters with long return periods (up to 25 years). To our knowledge, this

is the first climate stress test specifically targeting SME loan portfolios in Europe, helping to fill a

critical gap in both academic research and regulatory practice.
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3 Data

3.1 Loan-level data

We acquire loan-level data from the European DataWarehouse (EDW), a centralised securitisation

repository providing data within the ECB loan-level initiative to collect, validate, and distribute stan-

dardised data for European countries. This data set covers a variety of loan types, including residential

mortgages, credit card loans, automobile financing, and loans to SMEs in various European countries.

Our research focuses on SME loans observed from the first quarter of 2013 to the end of 2022 and

covers six European countries, namely Belgium, France, Italy, Portugal, Spain, and the Netherlands.

The EDW offers static and dynamic data that includes obligor information, loan characteristics, and

loan performance metrics. The borrower details are collected at the beginning of the loan and, therefore,

are static, including the business segment, type, and geographic location. The latter is reported

following the Nomenclature of Territorial Units for Statistics (NUTS) classification. In particular,

we have information on borrowers’ location at the NUTS3 level, that is, local units corresponding

approximately to US counties. Loan characteristics encompass both static elements (origination date,

maturity date, original loan balance, and amortisation type) and dynamic elements (current loan

balance and current interest rate). Loan performance metrics, such as arrears amounts and days in

arrears, are dynamic and usually updated at least every quarter at pool cut-off dates. In this paper,

we define a loan as being in default when it is recorded as 90+ days delinquent or more, which is a

common definition in the industry and follows the guidelines set forth by BCBS (2017).

We merged the data obtained from the EDW with macroeconomic variables to capture the business

cycle. In particular, we include quarterly growth rates of national Gross Domestic Product (GDP),

Consumer Price Index (CPI), and Harmonised Unemployment Rate (HUR) available in Eurostat.

Appendix A details the cleaning steps used to create the loan-level dataset. Table B.1 and B.2 in the

Appendix report the descriptive statistics of continuous and categorical variables used in this paper,

respectively. Table 1 reports some summary information about the loan-level dataset. The dataset

consists of 13 million loan-quarter observations associated with 2 million unique loans. We observe

large differences across countries. In particular, loan default rates range from a high of 7.92% in Spain

to a low of 0.96% in France.

While these cross-country heterogeneities could arise from differences in securitisation practices, it

is important to underline that the EDW plays a pivotal role in mitigating these disparities by enforcing

standardised data templates and rigorous validation protocols across EU jurisdictions. The adoption of

harmonised definitions and reporting formats significantly enhances the comparability of securitisation

data, supports regulatory compliance, and ensures analytical consistency for both market participants
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Table 1: Loan-level data summary by country

This table presents the number of loan-quarter observations, number of unique loans, number of
defaulted loans, and default rate. The default rate is computed as the number of defaulted loans over
the number of distinct loans in the sample. Note: We exclude those NUTS where the risk indicator is
not available for the stress testing part.

Country Nr. of observations Nr. of loans Nr. of default loans Default rate (%)
Belgium 4,852,035 490,971 13,258 2.70
Portugal 474,366 111,949 3,181 2.84
France 1,079,110 311,437 3,004 0.96
Spain 4,569,405 610,556 48,357 7.92

Netherlands 104,648 32,749 388 1.18
Italy 2,655,423 453,797 18,005 3.97

and supervisory authorities. For a comprehensive assessment of the representativeness of securitised

SME loans within EDW relative to the broader loan population, we refer to the Appendix of Barbaglia

et al. (2024).

3.2 Disaster data

We use disaster data from the Risk Data Hub (RDH), a web-based platform administered by the Eu-

ropean Commission’s Joint Research Centre (Faiella et al., 2020)1. The RDH serves as a standardised

repository of risk data and methodologies specifically targeted toward assessing disaster risks across

Europe. Notably, the RDH is envisioned as the central European hub for collecting and recording

detailed climate risk and loss data, aligning with the new European Strategy on climate change adap-

tation (ECB/ESRB, 2021). The data aim is to inform further European financial supervisors’ analysis

of climate risks and the development of relevant stress testing methodologies.

In this study, we focus on three types of flood disasters: coastal floods, flash floods, and river

floods. These flood occurrences are recorded at the NUTS3 level, with some floods potentially affecting

multiple areas simultaneously. Since loan-level data are available only at the NUTS3 level, a limitation

of our analysis is that it cannot capture potential heterogeneity in flood exposure within NUTS3

regions. Figure 1 shows the number of floods that occurred from 2013 to 2022 at the NUTS3 level

in the six EU countries included in this study. Over the past decade, it is evident that 2021 had

the highest number of flood occurrences across the six countries, while 2022 had the fewest. When

comparing the countries, France experienced the most flood disasters over the ten years, followed by

Italy. Spain also had a significantly higher number of floods compared to the other three countries,

with Portugal experiencing the fewest flood disasters.

To evaluate the impact of floods on credit risk, we construct a variable called Flood Indicator. This

dummy variable indicates whether a flood occurred in a NUTS3 region during a specific quarter (Yes

1More details are available at https://drmkc.jrc.ec.europa.eu/risk-data-hub/#/.
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Figure 1: Flood occurrences by year at the NUTS3 level for six EU countries.

= 1, No = 0). We then merge the Flood Indicator with the loan-level dataset described in the previous

section, aligning by dates (at a quarter level) and NUTS3 regions to create the final dataset.

4 Methodology

4.1 Discrete-time survival model

We use a discrete-time survival model to estimate the probability of default over time. This approach

is well-suited to credit risk analysis, where account records are typically observed at fixed frequencies

- in this study, quarterly - making default events fundamentally discrete in time. Intuitively, the

model answers a repeating question for each loan in each quarter: given that this loan has survived

(not defaulted) so far, what is the probability it will default in this specific quarter? This quarterly

conditional probability is known as the discrete-time hazard rate, which we denote as hij for loan i in

time period (quarter) tj . Because the data are organised as repeated loan–quarter observations, the

discrete-time survival model can be approximated to a logistic regression on these binary outcomes

(default vs. non-default in each quarter) with a duration function. This approximation allows the

inclusion of time-varying covariates, such as flood occurrences, macroeconomic indicators, and evolving

loan characteristics, while preserving the familiar interpretation of coefficients as log-odds ratios of

default.

Formally, let the random variable T be the number of quarters since a loan originated (duration

time), and T takes values tj (j = 1, . . . , Ji) at distinct t1 < t2 < . . . < tJi
for each loan i (i = 1, . . . , N).

The variable Yij indicates whether loan i defaults at time tj (0 = non-default or censored; 1 = default).
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Once a loan is identified as defaulted, we discard any further status updates after the initial date of

its prolonged delinquency. Moreover, we use x as the Flood Indicator to represent whether at least

one flood has occurred in the specific quarter in the NUTS3 region of the borrower. b represents a

vector of time-varying variables collected across the lifetime of the loan (e.g., current interest rate), c

represents a vector of time-invariant variables obtained at the time of loan origination (e.g., original

loan balance), and w represents a vector of macroeconomic variables based on the national level, which

is the same for all accounts on the same observation date (e.g., GDP). Finally, the conditional default

probability, or hazard, is hij = Pr(Yij = 1 | Yis = 0 for all s < j). Assuming a logit link function, we

can add all variables as follows:

hij = logit−1(α+φ(d)⊤β0 + xij−lβ1 + b⊤ij−lβ2 + c⊤i β3 +w⊤
ij−lβ4), (1)

where l is a fixed lag and φ is a vector transformation function of duration time d that is used to build a

parametric survival model. Following Bellotti and Crook (2013), we use φ(d) = (d, d2, log(d), (log(d)2),

where α is an intercept, and β0, β1, β2, β3, and β4 are vectors of coefficients to be estimated.

The probability of surviving beyond a particular time t can be obtained as the product of the

conditional survival probabilities for all time points up to tj , such that tj ≤ t. Thus, the survival

probability representing the probability of non-default up to tj is given by:

Sij =
∏

j:tj≤t

(1− hij), (2)

and the probability of default up to tj is given by:

PDij = 1− Sij = 1−
∏

j:tj≤t

(1− hij). (3)

It should be noted that the EDW data used in this study are left-truncated because a large number

of loans originated before the observation period started. The left-truncated loans sampled at the

beginning of the observation period tend to overrepresent low-risk loans among all SME loans and lead

to biased estimates. To handle the left-truncated data, we refer to Guo (1993) to use a conditional

likelihood approach. Let tp be the number of quarters since a loan originated until the start of the

observation period. Conditioning the likelihood of having survived to tp, we can obtain the conditional

log-likelihood for the discrete-time survival model:

logL =

n∑
i=1

Ji∑
j=1

Yij log

(
hij

1− hij

)
+

N∑
i=1

Ji∑
j=p+1

log(1− hij). (4)
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The conditional log-likelihood in Equation (4) remains a binomial log-likelihood, which can be esti-

mated by the maximum likelihood estimation for logistic regression.

4.2 Scenario analysis

Section 4.1 outlines a discrete survival model designed to estimate the probability of default for Eu-

ropean SMEs, factoring in the impact of floods. By leveraging the model’s estimates, we can conduct

stress tests on the credit performance of SMEs under various climate scenarios, each characterised by

different levels of flooding exposure.

While many climate scenarios are available and have been used in financial stress testing applica-

tions (Acharya et al., 2023), localised projections of the natural hazards investigated are not directly

available. To this end, we rely on the risk scores provided by the RDH risk analysis module. These

indicators allow for a multi-sector assessment of potential risks and losses from natural hazards for Eu-

ropean regions at the NUTS3 level (Antofie et al., 2019). The risk score comprises two metrics, namely

exposure and vulnerability. The exposure component joins localised hazard-specific metrics with layers

for physical assets, while the vulnerability component combines hazard-independent information about

the geographical unit impacted, like socio-economic factors. Finally, the flood risk score used in this

paper represents the proportion of assets at risk relative to the total assets for each NUTS3 region.

This is measured as the number of people at risk divided by the total population and the square meters

of assets at risk divided by the total area of assets within the region. Consequently, the score ranges

from 0 to 1.

The flood risk scores include projections for the next 1, 2, 5, 10, 15, and 25 years for each NUTS3

region. To construct various flooding exposure scenarios, we first pool the flood risk scores for all

regions and projection horizons within each country. Using the distribution of these pooled scores, we

define different flood-event thresholds. Specifically, we create seven scenarios based on seven thresholds,

corresponding to the 90th, 80th, 70th, 60th, 50th, 40th, and 30th percentiles of the pooled distribution,

respectively. For each scenario, if the flood risk score of a region meets or exceeds the threshold, it

is considered likely to experience flooding within the corresponding projection horizon. Scenario 1,

defined by the 90th percentile, represents the least stressed scenario, where only the NUTS3 regions

with flood risk scores above the 90th percentile of the pooled score distribution are associated with

flood events. In contrast, Scenario 7, set at the 30th percentile, represents the most stressed scenario,

where the NUTS3 regions are considered flooded when their scores are above the 30th percentile of the

pooled score distribution. We stop at the 30th percentile because, beyond this point, projected flood

events (especially for 10-, 15-, and 25-year horizons) converge, suggesting that more extreme scenarios

would lack meaningful differentiation.
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Based on the previous steps, we can identify the NUTS3 regions projected to experience floods over

different time horizons (1, 2, 5, 10, and 25 years). As flood risk scores increase with longer projection

periods, more NUTS3 regions will be included in the longer-term projections. Similarly, because the

thresholds from the 90th to 30th percentiles represent increasing levels of flooding exposure, a greater

number of NUTS3 regions will be included in more severe scenarios. Table 2 illustrates the number

of NUTS3 regions expected to experience floods across various projection horizons and scenarios,

respectively, for each country. Although not directly based on NGFS or IPCC scenarios, our framework

aligns with their core principles: it is forward-looking (up to 25 years), explores “plausible but adverse”

futures, and spans multiple severity levels. Scenario 1 represents a mild stress event affecting only the

most exposed areas, while Scenario 7 reflects a severe, widespread flooding case - conceptually similar

to NGFS’s “Hot House World” or “Disorderly Transition narratives”. The scenarios we propose are

primarily designed for a bottom-up approach, whereas the NGFS and IPCC scenarios are typically

employed within top-down frameworks for macro-level assessments, which are unable to capture the

spatial heterogeneity at the NUTS3 level that our approach provides.

We then apply a consistent method to map these NUTS3 regions to specific years. Specifically, the

NUTS3 regions expected to experience floods in the second year are those included in the two-year

projection horizon, but not in the one-year projection horizon. Similarly, the NUTS3 regions expected

to experience floods from the third to fifth years are those included in the five-year projection horizon

but not in the two-year projection horizon. We then sequentially assign these NUTS3 regions to year

3, year 4, and year 5. If the total number of NUTS3 regions is exhausted before reaching the last

year, the remaining years will not be assigned any NUTS3 regions. If there are still NUTS3 regions

remaining, a second round of allocation continues from year 3 to year 5 until all regions are assigned.

This method is also used to allocate NUTS3 regions for periods between 5 and 10 years, 10 and 15

years, and 15 and 25 years. In the end, we obtain a series of NUTS3 regions for each year over the

next 25 years. Based on this, we can construct a dummy variable indicating whether a flood event is

projected to occur in a specific quarter2 in a NUTS3 region, which aligns with the Flood Indicator as

explained in Section 3.2.

Finally, we obtain seven sets of Flood Indicator corresponding to the seven stress scenarios for each

country. To construct the scenario-specific datasets, we use loan information from the last observed

quarter of each non-defaulted loan and merge it with the respective Flood Indicator based on the

quarter and NUTS3 region.

2If a NUTS3 region is assigned to a specific projected year, we assume it will experience floods in all 4 quarters of
that year.
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Table 2: Number of NUTS regions expected to experience floods across country, projection horizons (Years)
and scenarios.

Country Years Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7

Belgium

1 0 0 0 1 9 14 16
2 0 0 1 8 10 15 17
5 1 3 9 11 15 16 18
10 2 9 10 15 15 17 19
15 5 9 14 15 16 17 21
25 9 12 15 15 16 18 22

France

1 0 0 2 5 12 20 30
2 0 3 8 14 24 32 50
5 4 14 24 30 39 59 70
10 13 25 32 45 59 70 72
15 14 30 41 58 65 71 76
25 23 36 55 64 71 72 80

Italy

1 0 0 5 10 18 25 41
2 0 7 11 19 25 37 51
5 5 15 22 28 42 51 59
10 11 21 30 42 50 59 63
15 15 27 37 48 53 60 64
25 19 29 43 50 58 63 66

Netherlands

1 0 1 2 3 5 10 13
2 1 2 3 7 11 12 18
5 2 3 10 13 14 17 25
10 3 9 13 15 18 25 26
15 5 11 13 17 23 25 26
25 9 13 17 22 25 26 26

Portugal

1 0 0 2 2 2 3 4
2 0 2 2 3 3 4 5
5 1 2 3 4 5 7 9
10 2 3 4 5 7 9 10
15 2 4 5 7 9 10 11
25 3 4 6 8 10 10 11

Spain

1 0 1 2 2 10 17 23
2 1 2 2 11 15 23 28
5 2 7 13 20 24 29 32
10 5 12 20 26 28 32 35
15 9 15 23 26 32 33 39
25 12 20 25 28 32 35 40

5 Empirical results

5.1 The impact of flood risk on SME lending market across Europe

Table 3 reports the coefficient estimates of the discrete-time survival model for the six European coun-

tries. As indicated in Equation (1), in addition to Flood Indicator, we include a vector transformation

function of duration time and control for country-specific macroeconomic variables. We also account

for various fixed effects, including loan term type, industry, business type, and amortisation type.

For simplicity, we report only the coefficients of the main variables of interest. All other coefficient

estimates are reported in Appendix Table B.4.

It can be seen that the Flood Indicator variable has a statistically significant positive effect on the

outcome in France and Spain, which means that SMEs in France and Spain are more likely to default
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when having experienced at least one flood in quarter of the observation date. Specifically, the odds

of default after experiencing at least one flood event are 1.27 times greater in France and 1.12 times

greater in Spain. The positive findings also align with a concurrent study by Barbaglia et al. (2024),

where the authors show that firms experiencing at least one flood event within a one- or two-year

window are more likely to default on their loans than firms located in non-flooded areas.

Table 3: Coefficient estimates for Flood Indicator in the survival model.

Country Estimates Std. Error
Flood Indicator

(=1, %)
Loan-quarter

observation (Nr.)
Belgium -0.258 *** 0.076 1.99 4,852,035
France 0.242 *** 0.059 6.05 1,079,110
Italy -0.143 *** 0.027 9.92 2,655,423
Netherlands -1.040 1.012 1.82 104,648
Portugal -0.692 ** 0.274 1.48 474,366
Spain 0.114 *** 0.0131 14.46 4,569,405

Note: The fourth column represents the proportion of loan-quarter observations with Flood Indicator equal to 1.
The fifth column represents the number of loan-quarter observations. Significance: *** p < 0.01; ** p < 0.05; *
p < 0.1.

We do not observe a statistically significant effect in the Netherlands. From column 4 in Table 3,

the Netherlands has the fewest loan-quarter observations and the second-lowest percentage of periods

in which the flood indicator equals one. Specifically, only 1.82% of loan-quarter observations in the

Netherlands coincide with a flood event, compared to 14.46% in Spain, for instance. The rarity of flood

events in the Netherlands may hint at the insignificant results. We find that SMEs in Italy, Belgium,

and Portugal are less likely to default on their loans following a flood event. Our findings underscore

the importance of building separate survival models for each country as they exhibit heterogeneous

flood impacts. Finally, since the securitised loans analysed in this paper are of high quality (Ertan

et al., 2017; Barbaglia et al., 2024), our estimates understate the impact of flooding on the performance

of the broader universe of credit lines provided to SMEs in Europe.

The insignificant impact of flood risk on Dutch SME loans can be explained by the country’s

effective flood management infrastructure and its nature-based solutions. Key flood management

elements in the Netherlands include: (i) the Room for the River Project which designates areas for

rivers to safely overflow, preventing urban flooding, (ii) Robust Engineering, including dike systems

and storm surge barriers to protect against sea level rise, and (iii) Wetlands used for water retention,

which act as natural buffers that absorb and gradually release excess water and reduce flood risks

(World Economic Forum, 2023).

Furthermore, the advanced flood risk management infrastructure in the Netherlands is encapsulated

in the Delta Programme (Zevenbergen et al., 2018; Delta Programme, 2024). This comprehensive

system integrates a network of dams, sluice gates, storm surge barriers, and dikes. The programme

also fosters a collaborative framework involving experts from water management, civil society, and
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the government. The robustness and effectiveness of this system likely contribute to the statistically

insignificant impact on SME default probability observed in our results. This suggests that flood

management measures effectively shield businesses from the financial disruptions typically caused by

such events.

In Italy, the decrease in the probability of SME default after flood events can be largely explained

by substantial post-disaster financial support, particularly from EU Solidarity Fund (EUSF), a key

instrument for responding to major natural disasters in the EU and candidate countries. Between

2002 and 2022, Italy received approximately EUR 3 billion, or 36.6% of the total EUR 8.2 billion

disbursed by the European Union Solidarity Fund (EUSF), making Italy the fund’s largest beneficiary

(EU Solidarity Fund, 2022). Given that floods are the most frequent natural disasters in Europe, this

support plays a crucial role in SME resilience. To provide direct evidence, Table B.3 summarises key

aid payments and recovery budgets for major flood events across the study countries. Italy stands

out with frequent and substantial disbursements: between 2010 and 2023, it received over EUR 850

million in EUSF aid for flood recovery, complemented by national allocations such as the EUR 1 billion

government package for the 2023 Emilia-Romagna and Tuscany floods.

In Belgium, the observed decline in SME default risk following flood events may be explained by

strong national and EU-level recovery mechanisms. As shown in Table B.3, Belgium received exten-

sive financial support after the 2021 floods in Wallonia, including EUR 87.7 million from the EUSF

and an additional EUR 2 billion in government funds dedicated to reconstruction and prevention.

Similarly, Portugal has benefited from substantial post-disaster assistance. Following the severe 2010

floods in Madeira, Portugal received over EUR 31 million from the EUSF. Moreover, the country’s

well-established institutional framework for disaster management—coordinated by the National Au-

thority for Emergency and Civil Protection (ANEPC)—ensures effective crisis response and recovery

operations. These efficient recovery mechanisms and targeted financial supports likely contributed to

the reduced SME default probability observed in Portugal after flood events.

Empirical evidence shows that disaster loans significantly improve the survival of small firms:

Davlasheridze and Geylani (2017) found that an additional dollar in subsidised disaster loans per

establishment helps retain four small businesses. Government support also contributes to post-disaster

firm survival. In countries like Italy and Germany, low demand for flood insurance is linked to the

“charity hazard” - the expectation of public compensation for uninsured losses (Tesselaar et al., 2022).

This helps explain our counterintuitive finding of reduced SME default risk in Italy following floods:

government aid and subsidies may boost liquidity and reduce immediate financial stress. Supporting

this, Lodi et al. (2023) showed that Italian municipalities tend to increase public investment after

floods, largely funded by higher-level governments. Similarly, Coelli and Manasse (2014) found that
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firms affected by the 2010 Veneto floods experienced short-term growth in value added, partially driven

by public recovery funds.

We further assess the predictive performance of the discrete-time survival models both in-sample

and out-of-time. Given the highly imbalanced nature of our dataset, we use the Area Under the

Precision-Recall Curve (AUPRC) instead of the traditional AUC, as it emphasises performance on the

positive class. We also report the H-measure (Hand, 2009), an alternative to AUC that incorporates

misclassification costs. To reflect the greater importance of correctly identifying defaulted loans, we

set the severity ratio to 0.01, assigning a higher cost to misclassifying defaults than non-defaults.

In addition to these discrimination metrics, we evaluate probability calibration using the Brier

Score (BS) and Logarithmic Loss Score (LLS) (Barbaglia et al., 2021). For both BS and LLS, smaller

values suggest better predictive accuracy. In-sample results reflect performance on the full dataset (as

presented in Table 3), while out-of-time evaluation tests the model’s temporal generalization. For this,

we use data from Q1 2013 to Q4 2020 for training, and Q1 to Q4 2021 for testing.

Table B.5 in the Appendix presents in-sample and out-of-time performance metrics across six

countries. Overall, the models demonstrate robust performance, with acceptable generalisation across

time and countries, particularly when accounting for class imbalance. France shows the strongest

performance, with the highest in-sample AUPRC (0.054) and H-measure (0.435), and solid out-of-

time results. Spain and Portugal also show encouraging results out-of-time, especially in terms of

H-measure, indicating that the models for these countries remain reliable despite the shift in time

periods. Calibration metrics (BS and LLS) are uniformly low across countries and periods, indicating

well-calibrated probability estimates. Notably, out-of-time BS remain below 0.011 for all countries,

and LLS are consistent with good probabilistic forecasts.

5.2 Robustness checks

To further assess the robustness of our findings, we conduct several additional analyses.

5.2.1 Interaction with GDP growth

Table 4 reports the coefficient estimates for Flood Indicator, GDP Growth, and their interaction term.

This specification tests whether the impact of floods on SME default risk depends on the broader

economic environment.

Results remain largely consistent with the original model. The Flood Indicator remains positive

and significant for France and Spain, confirming that SMEs in these countries are more likely to

default after flood events, regardless of macroeconomic conditions. By contrast, the coefficients for

Belgium and Italy become statistically insignificant once GDP growth and its interaction are included,
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suggesting that part of their previously observed resilience may be captured by local economic recovery

dynamics.

For Portugal and the Netherlands, the estimated coefficients are unusually large. In both countries,

the share of observations with Flood Indicator = 1 is extremely small (1.48% and 1.82%; see Table 3).

This sparsity, combined with the inclusion of the interaction term, induces strong collinearity between

Flood Indicator and its interaction with GDP growth, which inflates standard errors and leads to

unstable or exaggerated coefficient estimates. The large values therefore, likely reflect estimation noise

rather than meaningful effects.

Overall, the interaction term is small and insignificant across countries, indicating that the effect

of floods on SME default risk operates largely independently of short-run macroeconomic fluctuations.

Table 4: Coefficient estimates for Flood Indicator, GDP Growth, and their interaction term in the survival
model.

Belgium Portugal France Spain Netherlands Italy
Flood Indicator -0.150 -35.472 *** 0.290 *** 0.111 *** 20.245 -0.128 ***

(0.110) (12.849) (0.067) (0.014) (284.621) (0.028)
GDP Growth 0.020 *** -0.035 *** 0.001 0.007 *** 0.150 *** 0.009 ***

(0.003) (0.007) (0.006) (0.001) (0.054) (0.002)
Flood Indicator:GDP Growth -0.037 12.459 *** -0.023 0.002 -2.787 -0.020 **

(0.029) (4.575) (0.016) (0.003) (40.143) (0.008)

Note: Significance: *** p < 0.01; ** p < 0.05; * p < 0.1.

5.2.2 Alternative observation windows

We assess robustness to alternative definitions of flood exposure by expanding the look-back window

anchored at the quarter one year before the default observation, which means we keep the four-quarter

(one-year) lag structure fixed, as shown in Equation (1). In the original model (results shown in

Table 3), Flood Indicator = 1 if a flood occurred in that single quarter, the j − 4 quarter. Therefore,

a 0.5Y window includes the quarter at j − 4 and the immediately preceding two quarters, while a 2Y

window extends to the eight quarters preceding j−4, and so forth up to 5Y. As the window lengthens,

the likelihood that at least one flood falls within the exposure period mechanically increases, raising

the percentage of observations that experienced a flood. Table 5 reports the corresponding coefficient

estimates, while Table 6 shows the percentage of observations with Flood Indicator = 1.

The results reveal both consistent and time-dependent patterns across countries. France and Italy

show remarkable stability: coefficients remain positive and highly significant for France and negative

and significant for Italy across all window lengths, confirming the robustness of their baseline effects.

The Netherlands also displays consistent results, with coefficients remaining negative but statistically

insignificant, in line with its strong flood protection infrastructure and low exposure frequency.

By contrast, Portugal, Belgium, and Spain exhibit more variation across observation windows. In
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Spain, the coefficient of Flood Indicator is positive and significant for shorter windows, turns negative

for intermediate horizons, and becomes positive again once the window exceeds three years. This

non-monotonic pattern may reflect short-term liquidity stress immediately after floods, followed by

temporary recovery, and later renewed deterioration as cumulative flood exposure compounds. Belgium

and Portugal show similar sign reversals, although with weaker significance levels, suggesting that their

estimated flood–default relationships are more sensitive to how exposure is temporally defined.

Overall, the results indicate that while the direction and significance of flood effects remain stable

for France, Italy, and the Netherlands, other countries display moderate sensitivity to the length of

the exposure window. These differences likely reflect cross-country variation in post-disaster recovery

speed, credit market conditions, and the persistence of flood-related disruptions.

Table 5: Coefficient estimates of Flood Indicator based on various observation windows.

Country 0.5Y 1Y 1.5Y 2Y 2.5Y 3Y 3.5Y 4Y 4.5Y 5Y

BE
-0.012
(0.042)

0.015
(0.034)

-0.029
(0.029)

-0.014
(0.026)

-0.093***
(0.022)

-0.092***
(0.019)

0.072***
(0.018)

0.021
(0.018)

-0.012
(0.019)

-0.052***
(0.019)

ES
0.020*
(0.011)

-0.038***
(0.010)

-0.152***
(0.010)

-0.208***
(0.010)

-0.057***
(0.010)

-0.004
(0.010)

0.036***
(0.010)

0.044***
(0.010)

0.049***
(0.010)

0.004
(0.011)

FR
0.138***
(0.053)

0.167***
(0.053)

0.158***
(0.047)

0.130***
(0.048)

0.089*
(0.049)

0.135***
(0.045)

0.100**
(0.046)

0.076*
(0.045)

0.086*
(0.045)

0.074*
(0.044)

IT
-0.122***
(0.017)

-0.154***
(0.016)

-0.134***
(0.015)

-0.113***
(0.015)

-0.103***
(0.016)

-0.153***
(0.016)

-0.189***
(0.017)

-0.228***
(0.018)

-0.244***
(0.019)

-0.237***
(0.020)

NL
-0.091
(0.145)

-0.143
(0.124)

-0.072
(0.116)

-0.041
(0.112)

-0.047
(0.110)

-0.122
(0.105)

-0.193*
(0.103)

-0.193*
(0.103)

-0.193*
(0.103)

-0.193*
(0.103)

PT
0.466***
(0.113)

0.155
(0.113)

-0.034
(0.113)

0.014
(0.105)

0.010
(0.105)

0.007
(0.105)

-0.161*
(0.086)

0.184***
(0.062)

0.079
(0.056)

-0.071
(0.051)

Note: Significance: *** p < 0.01; ** p < 0.05; * p < 0.1.

Table 6: Percentage of Flood Indicator = 1 (%) based on various observation windows.

Country 0.5Y 1Y 1.5Y 2Y 2.5Y 3Y 3.5Y 4Y 4.5Y 5Y
BE 5.35 8.15 11.18 14.43 21.73 28.42 33.62 38.52 44.22 50.20
ES 33.04 45.06 53.22 58.29 62.07 65.33 68.29 70.90 72.81 75.01
FR 23.45 37.39 49.45 56.23 61.79 67.42 70.58 74.90 78.57 79.76
IT 30.46 47.60 57.91 64.43 70.76 75.60 79.88 83.10 86.59 89.88
NL 12.45 19.57 25.76 31.03 35.49 45.15 53.72 53.72 53.72 53.72
PT 3.92 6.02 6.98 7.78 7.80 7.82 9.77 11.97 14.40 18.52

5.2.3 Accounting for spatial heterogeneity

To assess whether the observed flood-default relationship might be confounded by spatial clustering of

vulnerable firms, such as those systematically more prone to default and disproportionately located in

flood-prone areas, we re-estimate the survival model including NUTS2-level random effects. If latent

regional heterogeneity were driving the association, we would expect the estimated flood effects to

shrink or lose statistical significance once these unobserved factors are accounted for. However, as

shown in Table 7, the results remain qualitatively similar or even stronger compared to the model

without spatial random effects (Table 3). In particular, the Flood Indicator remains statistically sig-
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nificant for France, Italy, and Spain, with slightly larger effect sizes. The robustness of the results

indicates that the relationship between flood exposure and SME default is unlikely to be driven by

regional clustering of high-risk firms, but instead points to a substantive underlying causal effect.

Table 7: Coefficient estimates for Flood Indicator in the survival model with spatial random effects (NUTS2).

Country Estimates Std. Error Significance
Belgium -0.283 0.077 ***
France 0.265 0.062 ***
Italy -0.102 0.028 ***
Netherlands -1.038 1.012
Portugal -0.693 0.274 **
Spain 0.158 0.013 ***

Note: Significance: *** p < 0.01; ** p < 0.05; * p < 0.1.

5.3 A climate stress testing exercise for flooding risk

We conduct a stress testing exercise using the estimates derived in Section 5.1 from the survival

model. We focus on the loans granted to SMEs in Spain and France, given that for these countries

we obtain positive and significant coefficient estimates for the Flood Indicator variable. We follow

the methodology presented in Section 4.2 and analyse the changes in the predicted mean probability

of default (PD) when including climate-related information in our setup against the nested baseline

model. We evaluate the changes in PD along two dimensions: the projection years and severity of the

climate scenario. The latter is defined by setting a threshold on the distribution of the associated risk

scores, with Scenarios 1 and 7 indicating the least- and most-stressed scenarios, respectively. Tables 8

and 9 present the results of our stress tests for France and Spain, respectively. The first row of each

table reports the mean PD derived from the base model, which does not include the Flood Indicator

variable, and serves as a benchmark for other scenarios. The subsequent rows report the difference in

basis points between the mean PD of the stressed scenarios and the base model PD.

Looking at the evolution of the predicted PD along the projection years for the baseline model,

both tables show comparable trends. There is a monotonic increase in the mean default probability

when moving from the 1-year to the 25-year scenarios. The default probability increases more than

tenfold over the next 25 years compared to the next year for all scenarios in both countries in analysis3.

Looking at the intensity of the stress scenario, we also observe a consistent increase in the mean

default probability between the least and most stressed scenarios. For example, the differences in mean

default probability between the most and least stressed scenarios for France and Spain in the next year

are 18 basis points and 24 basis points, respectively.

3We highlight that the polynomial–logarithmic specification of baseline hazard captures the observed duration de-
pendence well. However, for France, the projected baseline hazard shows a gradual upward trend at longer durations
(after 20 years), whereas for Spain it displays a stable pattern. The extreme value observed for France in 25 projection
years is therefore likely influenced by the extrapolation of this functional form.
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Table 8: Scenarios of mean default probability for various scenarios in France.

Projection year
1 2 5 10 15 20 25

S
ce
n
a
ri
o

Base model 2.02 3.73 7.47 12.84 21.25 34.66 94.78
1 0.00 0.00 1.32 3.01 0.79 1.61 0.28
2 0.00 1.58 4.93 5.25 2.00 1.33 0.04
3 0.94 3.02 8.76 6.58 2.69 2.03 2.08
4 2.95 7.36 10.63 7.86 3.52 1.35 0.02
5 7.41 13.16 13.34 10.16 3.79 0.95 0.04
6 14.12 17.46 17.31 11.40 3.19 0.27 0.01
7 17.94 22.87 19.86 11.88 3.85 0.72 0.02

Note: The first row reports the predicted mean PD (%) for the baseline model by projection year (in the columns).
Following rows report the basis point difference with respect to the baseline PD by projection year and climate
scenario (in the rows).

Table 9: Scenarios of mean default probability for various scenarios in Spain.

Projection year
1 2 5 10 15 20 25

S
ce
n
ar
io

Base model 4.02 7.92 19.97 38.28 46.41 47.72 47.78
1 0.00 0.40 5.36 7.47 7.48 7.54 7.53
2 0.42 6.08 11.28 12.20 10.21 10.03 10.01
3 6.32 5.98 16.30 14.61 12.48 12.12 12.10
4 6.32 14.44 18.99 15.04 12.45 12.17 12.15
5 14.16 18.11 19.42 15.56 13.52 13.06 13.04
6 19.77 22.53 21.32 16.20 13.69 13.30 13.28
7 23.71 24.63 22.05 16.54 14.18 13.72 13.70

Note: The first row reports the predicted mean PD (%) for the baseline model by projection year (in the columns).
Following rows report the basis point difference with respect to the baseline PD by projection year and climate
scenario (in the rows).

The increased probability of default is economically significant. According to Ou et al. (2017), an

increase in the average corporate default rate from 0 to 9 basis points would result in a substantial

downgrade from Aaa to A ratings. With a 27 basis point increase in the default rate, the rating could

be further downgraded to Baa, which separates investment-grade from speculative-grade borrowers.

Our results provide empirical evidence that flood-related natural disasters may notably increase default

probabilities. Even over short periods, flood risks can lead to substantial credit rating downgrades for

SMEs. As the default risk of SMEs rises, banks may face higher levels of non-performing loans (NPLs),

which can erode their capital buffers and profitability. The potential for credit rating downgrades

underscores the economic significance of these risks, thereby weakening the financial stability of banks

operating in the affected areas (Noth and Schüwer, 2023).

Figure 2 illustrates the cumulative percentage change in mean default probability (in basis points)

as we move from the base model to the most-stressed scenario (Scenario 7) for France and Spain. Each

segment within a bar, differentiated by colour, shows the incremental change in default probability

from one scenario to the next. For example, Legend 1 in the plot represents the percentage increase

in the average default probability from the base model to Scenario 1 with a 90th percentile threshold;

Legend 2 in the plot represents the percentage increase in the average default probability from Scenario
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1 with a 90th percentile threshold to Scenario 2 with an 80th threshold. Initially, there are no significant

differences in the mean default probability between the less stressed scenarios. However, differences

begin to appear in the second year in Spain, and the fifth year in France. The total height of the

stacked bar represents the change in the mean default probability between the most stressed scenario

(Scenario 7) and the baseline model, highlighting the country-specific differences. In both countries,

the difference initially peaks in the second year at around 24 basis points before declining. In Spain,

it falls to about 14 basis points and stabilises after the 15th year, whereas in France it continues to

decrease, dropping below 4 basis points. Additional descriptive statistics of the default probability

distribution for various scenarios are provided in the Appendix.

(a) France (b) Spain

Figure 2: Stacked column plots for percentage change in the mean default probability between every two adja-
cent thresholds by country. Scenarios from 1 to 7 are plotted in different colours.

Finally, we explore the regional heterogeneity of the stress scenarios by plotting the maps in Figure

3. This figure consists of two sets of maps - the first row for France and the second row for Spain - and

demonstrates the regional heterogeneity of flood risk and its impact on SME loan default probabilities.

In the first column, we plot the maps of the predicted probability of default of the base model averaged

across the projection years, without considering any climate stress scenarios.. In columns 2 to 4, we

plot the maps of the predicted probability of default differences between the scenarios and the base

model. For illustrative purposes, we only report Scenarios 1 (least stressed), 4, and 7 (most stressed).

The colour intensity indicates the level of risk, with darker shades showing higher default probabilities.

Looking at the base model estimates in the first column, we can see that within-country regional

heterogeneity plays an important role. France presents a highly heterogeneous risk profile, with the

highest estimated probability of default concentrated in the Île-de-France and in the southeast re-

gions. Although to a lesser extent than the French case, also Spain shows a high degree of variability

in the estimated probability of default, with the highest rates in the capital region of Madrid and
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Figure 3: In the first column, we plot the baseline model predicted PD (%) averaged across projection years
by country. In columns two to four, we plot the average differences in predicted PD, in basis points
(bp), averaged across projection years between Scenarios 1 (least stressed), 4 and 7 (most stressed),
and the baseline model by country. The darker the colour, the higher the value. Regions in grey are
missing because the risk indicator is not available.

northwestern regions along the Atlantic coast. Looking only at country aggregates might not bring an

accurate description of local dynamics; hence, the importance of relying on a modelling strategy that

incorporates the regional dimension. The regional heterogeneity is a relevant factor also when looking

at the scenarios. We observe that the French regions that would suffer the largest increase in default

probabilities under a stressed scenario are the ones that actually started with the highest rates in the

base model. On the other hand, this is not the case in Spain, where the regions that would suffer

the highest relative increases in PD are the ones located on the Mediterranean coast, in particular

within the Catalonia and Valencian communities. Under the most stressed scenario, these regions are

expected to experience an increase of up to 35 basis points in PD, with more than 10 basis points

larger than the average impact estimated at the country level.

Overall, our climate stress testing results, which indicate significant increases in default probabilities

due to flood risks, highlight the urgent need for financial institutions to integrate climate risk into their

decision-making frameworks. While exploratory in nature, our stress-test analysis can offer valuable

guidance to policymakers by providing a preliminary outlook on the potential impact of climate risk.

This outlook should be complemented by further quantitative and qualitative assessments, especially

to refine long-term duration dynamics and to ensure that extended-horizon risk projections remain
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informative and policy-relevant.

6 Conclusions

This paper presents a novel micro-level climate stress testing framework to assess the impact of natural

disasters, particularly floods, on the default probability of SME loans across European countries.

Leveraging detailed loan-level data and forward-looking hazard scenarios, we estimate a discrete-time

survival model and simulate future default dynamics under increasingly severe flood conditions over a

25-year horizon.

Our results highlight a significant relationship between natural disasters - particularly flooding -

and the default probability of SME loans across various European countries. In countries such as

France and Spain, flood events lead to statistically and economically meaningful increases in SME

loan default probabilities. In contrast, in countries with strong flood management infrastructure

(Netherlands) or substantial post-disaster financial aid (Italy), the adverse effects appear mitigated.

These findings highlight the role of national policy, infrastructure, and institutional support in shaping

credit outcomes following climate shocks.

The stress testing exercise reveals potential long-term effects of climate change on loan performance,

with the mean default probability showing a significant increase under more severe flood scenarios.

This increase is economically significant, with quantifiable increases in default probability up to 24

and 18 basis points in Spain and France, respectively.

Our study is, to our knowledge, the first to conduct a climate stress testing exercise focused

specifically on SME loans in Europe. By modelling default risk at the micro level, our approach

captures risk heterogeneity that is often overlooked in macro-level assessments. This granularity is

crucial for identifying vulnerable obligors, guiding risk-based capital allocation, and designing targeted

regulatory responses.

These insights have important implications for financial institutions, supervisors, and policymakers.

They underscore the urgency of integrating physical climate risk into credit risk modelling and stress

testing frameworks, particularly for vulnerable sectors such as SME lending. We highlight that granular

spatial data availability on extreme weather events and forward-looking climate scenarios are essential

for central banks and regulators to perform accurate micro level climate stress testing exercises. More

broadly, our findings support the development of a climate-resilient financial system that can better

absorb the growing risks posed by climate change. Finally, our exercise shows the need to extend the

focus of the financial regulation beyond the corporate sector to include also the SME lending market.
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Online appendix

A Data cleaning

This section delves into the data cleaning process applied to the loan-level data from the European

DataWarehouse (EDW), complementing the data description in the main text. EDW can be reported

following two templates. Initially, the EDW employed templates from the European Central Bank

(ECB) for recording loan data. However, starting 2021 Q4, these were replaced by reporting templates

from the European Securities and Markets Authority (ESMA)4. Our dataset, encompassing millions

of loan observations across multiple European countries, includes data from both ECB and ESMA

formats. We ensure consistency across templates by harmonising any discrepancies in the information.

We implement the following main data cleaning steps:

1. Retained loan deals dated between January 1, 2013, and December 31, 2022, as per the loan

cut-off dates.

2. Selected only the latest observation per quarter in cases of multiple observations for a single loan.

3. Prioritised ECB data over ESMA data for loans recorded in both datasets in the latest month.

4. Limited our analysis to loans originated between January 1, 2000, and December 31, 2019.

5. Excluded loans with a maturity date beyond December 31, 2045.

6. Omitted loans where the NUTS3 country code did not align with the deal’s country code.

7. Generated a one-year lead (4 quarters) default status, discarding any missing values.

8. Removed subsequent observations following the first default record for each loan.

4ECB and ESMA templates are available at https://www.ecb.europa.eu/paym/coll/loanlevel/transmission/

html/index.en.html and https://www.esma.europa.eu/esmas-activities/markets-and-infrastructure/

securitisation, respectively.
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B Additional tables

Table B.1: Descriptive statistics for continuous variables.

Country Variables Min Max Mean Median SD

Belgium

Loan characteristics
Duration 1 87 17.86 13 14.26
Current Loan Balance (log) 0 17.73 10.55 10.41 1.38
Current Interest Rate 0.61 6.45 3.01 2.87 1.44
Original Loan Balance (log) 8.52 14.29 11.20 11.12 1.26
Macroeconomic variables
CPI (%) -0.39 6.36 1.41 1.35 1.05
GDP (%) -12.73 15.50 1.24 1.59 3.79
HUR (%) 5.10 8.87 7.15 7.23 1.34

Portugal

Loan characteristics
Duration 1 84 10.67 8 9.99
Current Loan Balance (log) 0 17.73 10.29 10.06 1.55
Current Interest Rate 0.65 16 4.82 4.208 2.93
Original Loan Balance (log) 8.52 14.68 10.87 10.46 1.22
Macroeconomic variables
CPI (%) -0.42 2.41 0.62 0.54 0.63
GDP (%) -17.78 17.20 1.18 1.88 3.25
HUR (%) 6.13 18.10 11.75 12.30 3.26

France

Loan characteristics
Duration 1 82 9.25 7 7.69
Current Loan Balance (log) 0 20.09 9.49 9.86 2.45
Current Interest Rate 0.36 5.35 1.57 1.25 1.02
Original Loan Balance (log) 3.76 13.69 10.31 10.24 1.13
Macroeconomic variables
CPI (%) -0.24 3.33 1.49 1.30 0.71
GDP (%) -18.01 17.82 0.13 1.96 6.39
HUR (%) 7.33 10.47 8.75 8.80 0.77

Spain

Loan characteristics
Duration 1 88 17.39 12 14.41
Current LoanBalance (log) 0 18.42 9.93 9.90 1.50
Current Interest Rate 0.56 14.11 4.16 3.90 2.57
Original Loan Balance (log) 7.67 13.92 10.60 10.55 1.31
Macroeconomic variables
CPI (%) -1.14 5.82 0.78 0.51 1.35
GDP (%) -21.67 19.44 0.94 2.21 5.48
HUR (%) 13.40 26.33 19.24 18.20 4.47

Netherlands

Loan characteristics
Duration 1 88 24.16 20 14.89
Current Loan Balance (log) 0.41 18.59 12.52 12.62 1.40
Current Interest Rate 0.85 7.10 3.38 3.15 1.34
Original Loan Balance (log) 9.46 15.82 13.03 13.07 1.22
Macroeconomic variables
CPI (%) -0.47 5.35 1.17 0.44 1.54
GDP (%) 0.96 11.65 4.30 2.30 3.71
HUR (%) 3.80 8.67 6.55 7.43 1.80

Italy

Loan characteristics
Duration 1 87 16.15 13 11.50
Current Loan Balance (log) 0 18.60 10.43 10.52 2.13
Current Interest Rate 0.42 8.30 3.29 3.00 1.69
Original Loan Balance (log) 8.99 14.60 11.31 11.16 1.23
Macroeconomic variables
CPI (%) -0.39 3.74 0.72 0.40 0.87
GDP (%) -17.55 18.07 -0.58 0.34 6.57
HUR (%) 8.57 12.93 10.64 10.37 1.35
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Table B.3: Regional flood aids since 2010.

Country Region Year Type Aid
Italy Veneto 2010 EU (EUSF) 16.9 million
Italy Liguria &Tuscany 2011 EU (EUSF) 18.1 million
Italy Sardinia 2013 EU (EUSF) 16.3 million
Italy Multiple 2014 EU (EUSF) 56.0 million
Italy Multiple 2018 EU (EUSF) 277.2 million
Italy Marche 2022 EU (EUSF) 20.94 million
Italy Emilia-Romagna 2023 EU (EUSF) 378.8 million
Italy Tuscany 2023 EU (EUSF) 67.8 million
Italy Emilia-Romagna & Tuscany 2023 Government 1 billion
Netherlands Limburg 2021 EU (EUSF) 4.7 million
Netherlands National 2011- Delta Programme NA
Belgium Wallonia 2021 EU (EUSF) 87.7 million
Belgium Wallonia 2021 Government 2 billion
Portugal Madeira 2010 EU (EUSF) 31.3 million

Note: EUSF aid data is collected form Beneficiary States of the EU Solidarity Fund Interventions.Italian government support:
Italy allocates €1b for flood recovery and prevention in Emilia-Romagna, Tuscany, and Marche. Belgian government support:The
Case of the Summer2021 Floods in Wallonia. The Delta program details: Delta Programme 2011-2024.
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Table B.4: Coefficient estimates for the discrete-time survival model except Flood Indicator.

Belgium Portugal France Spain Netherlands Italy

Duration -0.137 *** 0.063 -0.269 *** 0.381 *** 0.318 -0.076 ***

(0.019) (0.046) (0.046) (0.018) (0.220) (0.026)

Duration (square) 0.001 *** -0.001 ** 0.002 *** -0.002 *** -0.002 0.000 **

(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

Duration (log) 0.344 *** 0.606 *** -0.412 ** 1.878 *** 3.454 -0.215

(0.111) (0.142) (0.178) (0.126) (2.233) (0.179)

Duration (log square) 0.103 * -0.216 ** 0.561 *** -1.180 *** -1.478 0.248 ***

(0.062) (0.110) (0.121) (0.061) (0.919) (0.088)

Original Loan Balance (log) 0.394 *** -0.358 *** -0.077 *** -0.254 *** 0.178 -0.230 ***

(0.027) (0.034) (0.020) (0.012) (0.164) (0.013)

Maturity (+10y)

<=3y 0.587 *** -0.088 -0.137 0.275 *** -13.402 0.001

(0.051) (0.103) (0.107) (0.029) (499.172) (0.043)

3-5y 0.192 *** -0.452 *** 0.068 0.075 *** -0.041 -0.212 ***

(0.036) (0.092) (0.089) (0.025) (0.244) (0.026)

5-10y 0.141 *** -0.281 *** 0.160 ** 0.026 -0.172 -0.184 ***

(0.029) (0.082) (0.073) (0.023) (0.140) (0.022)

Business Type (Individual)

Limited 0.210 *** -0.042 0.037 0.468 *** 0.000 0.370 ***

(0.030) (0.060) (0.096) (0.011) (0.198) (0.020)

Other 0.209 *** -0.380 *** 0.337 *** 0.087 * -0.598 * 0.185 ***

(0.040) (0.104) (0.103) (0.045) (0.307) (0.034)

Partnership -0.060 0.660 -0.723 *** 0.197 ** -12.721 -0.031

(0.123) (0.456) (0.204) (0.100) (651.889) (0.025)

Public Company -2.492 ** 0.732 *** 0.977 *** 0.137 *** -11.476 0.495 ***

(1.001) (0.106) (0.370) (0.047) (1376.194) (0.033)

Amortization Type (Bullet or Partial Bullet)

French 0.087 0.357 *** 1.447 ** -0.159 0.275 -1.097 ***

(0.210) (0.068) (0.716) (0.148) (0.415) (0.165)

Linear -0.012 -0.080 -2.863 *** -0.290 * -0.035 -0.930 ***

(0.211) (0.097) (0.731) (0.148) (0.200) (0.166)

Other 0.209 *** -0.380 *** 0.337 *** 0.087 * -0.598 * 0.185 ***

(0.040) (0.104) (0.103) (0.045) (0.307) (0.034)

Revolving -0.043 2.456 *** 1.345 *** -0.522

(0.088) (0.714) (0.200) (0.413)

NACE Industry (A)

B -1.421 ** 0.643 * 2.405 *** 0.130 -13.962 0.210

(0.579) (0.328) (0.824) (0.119) (792.661) (0.199)

C -0.409 *** -0.122 2.973 *** 0.174 *** -0.489 ** 0.077 *
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(0.047) (0.101) (0.432) (0.024) (0.206) (0.040)

D -0.639 ** -11.897 -8.271 0.067 -13.476 -0.372 **

(0.304) (105.220) (106.562) (0.070) (658.112) (0.158)

E -0.644 *** -1.999 *** 2.934 *** 0.166 * -13.393 -0.536 ***

(0.178) (0.713) (0.512) (0.088) (319.848) (0.166)

F -0.295 *** 0.026 3.092 *** 0.273 *** -0.133 0.557 ***

(0.041) (0.109) (0.432) (0.026) (0.229) (0.038)

G -0.494 *** -0.112 3.069 *** 0.270 *** -0.821 *** 0.314 ***

(0.040) (0.095) (0.431) (0.022) (0.178) (0.037)

H -0.217 *** 0.194 2.828 *** 0.094 *** -0.747 *** -0.017

(0.055) (0.119) (0.436) (0.027) (0.225) (0.057)

I -0.094 ** -0.044 3.378 *** 0.590 *** -1.059 *** 0.448 ***

(0.047) (0.109) (0.432) (0.023) (0.281) (0.040)

J -0.772 *** -0.095 3.057 *** 0.334 *** -2.658 *** 0.203 ***

(0.072) (0.157) (0.445) (0.035) (1.012) (0.066)

K -0.780 *** -0.287 2.202 *** 0.205 *** -1.087 *** 0.066

(0.072) (0.194) (0.440) (0.062) (0.297) (0.093)

L -0.560 *** -0.359 ** 2.408 *** 0.195 *** -1.218 *** 0.167 ***

(0.050) (0.147) (0.436) (0.032) (0.249) (0.043)

M -0.811 *** -0.401 *** 3.049 *** 0.105 *** -0.738 *** 0.076

(0.046) (0.117) (0.434) (0.026) (0.236) (0.053)

N -0.439 *** 0.189 2.708 *** 0.234 *** -1.128 *** 0.303 ***

(0.050) (0.129) (0.437) (0.035) (0.404) (0.058)

O -8.584 -11.082 3.516 *** -0.846 * -13.002 -8.480

(42.767) (92.116) (1.088) (0.500) (710.189) (48.460)

P -0.611 *** -0.066 3.028 *** 0.053 -1.387 0.095

(0.173) (0.177) (0.463) (0.045) (1.009) (0.136)

Q -1.546 *** -0.910 *** 2.062 *** -0.254 *** -1.180 *** -0.299 ***

(0.063) (0.162) (0.444) (0.039) (0.296) (0.086)

R -0.254 *** -0.082 2.989 *** 0.246 *** -0.473 0.320 ***

(0.074) (0.192) (0.462) (0.039) (0.345) (0.076)

S -0.544 *** -0.393 *** 2.976 *** 0.291 *** -1.926 *** -0.017

(0.064) (0.151) (0.440) (0.025) (0.595) (0.055)

T -0.140 6.766 -5.636 0.302 * 0.049

(0.578) (416.819) (887.497) (0.163) (0.270)

U -12.079 -9.620 -0.257 ** -8.001

(1327.284) (621.521) (0.111) (74.653)

Other 0.209 *** -0.380 *** 0.337 *** 0.087 * -0.598 * 0.185 ***

(0.040) (0.104) (0.103) (0.045) (0.307) (0.034)

Current Loan Balance (log) -0.227 *** 0.303 *** -0.045 ** 0.152 *** -0.107 0.168 ***

(0.023) (0.030) (0.019) (0.011) (0.144) (0.010)

Current Interest Rate 0.498 *** 0.180 *** 0.302 *** 0.140 *** 0.271 *** 0.204 ***

(0.009) (0.007) (0.018) (0.002) (0.050) (0.005)
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CPI -0.078 *** 0.084 * 0.200 *** -0.029 *** 0.443 *** 0.220 ***

(0.011) (0.043) (0.044) (0.004) (0.089) (0.010)

GDP 0.019 *** -0.035 *** -0.001 0.007 *** 0.140 *** 0.008 ***

(0.003) (0.007) (0.005) (0.001) (0.054) (0.002)

HUR -0.216 *** 0.022 *** 0.081 * -0.019 *** 0.767 *** 0.379 ***

(0.009) (0.008) (0.046) (0.001) (0.120) (0.007)

Intercept -7.453 *** -5.745 *** -8.755 *** -5.763 *** -15.821 *** -8.627 ***

(0.275) (0.341) (0.980) (0.201) (2.621) (0.272)

Number of Obs. 4852035 474366 1079110 4569405 104648 2655423

logLik -89009.135 -17708.408 -14081.871 -261006.326 -2420.028 -102796.010

AIC 178100.271 35504.815 28251.743 522100.652 4920.055 205680.019

Note: the original loan balance is a time-invariant variable, while the current loan balance and current interest rate are
time-varying variables. Time-varying variables as well as macroeconomic variables (CPI, GDP and HUR) are included
with a year (4 quarters) lag. The reference category is given in parentheses after the variable name. Standard errors
are reported in parentheses after the coefficient estimates. Significance: *** p < 0.01; ** p < 0.05; * p < 0.1.

Table B.5: In-sample and out-of-time evaluation metrics across countries.

In-sample Out-of-time

Country AUPRC H-measure BS LLS AUPRC H-measure BS LLS

Belgium 0.006 0.018 0.003 0.018 0.005 0.015 0.002 0.015
France 0.054 0.435 0.003 0.013 0.016 0.047 0.010 0.096
Italy 0.015 0.076 0.007 0.039 0.008 0.017 0.005 0.030

Netherlands 0.010 0.059 0.004 0.023 0.002 0.003 0.002 0.017
Portugal 0.022 0.147 0.007 0.037 0.011 0.131 0.002 0.016
Spain 0.020 0.068 0.010 0.057 0.015 0.034 0.011 0.059
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Table B.6: Some descriptive statistics of the default probability distribution for various scenarios: Spain.

Predicted PD (%)
Year Scenario Mean Median 90th percentile 95th percentile 99th percentile

1

Baseline 4.02 3.55 6.53 7.93 12.81
1 4.02 3.55 6.53 7.93 12.81
2 4.03 3.56 6.54 7.94 12.83
3 4.09 3.61 6.65 8.08 12.96
4 4.09 3.61 6.65 8.08 12.96
5 4.16 3.67 6.79 8.23 13.18
6 4.22 3.72 6.89 8.35 13.40
7 4.26 3.76 6.95 8.42 13.49

5

Baseline 19.97 18.58 31.50 36.90 53.50
1 20.03 18.63 31.62 37.00 53.58
2 20.09 18.69 31.71 37.09 53.69
3 20.14 18.74 31.79 37.18 53.83
4 20.16 18.77 31.82 37.22 53.86
5 20.17 18.77 31.82 37.22 53.88
6 20.19 18.79 31.84 37.25 53.91
7 20.19 18.79 31.85 37.25 53.94

15

Baseline 46.41 47.15 71.60 78.03 92.13
1 46.49 47.23 71.71 78.11 92.18
2 46.51 47.26 71.74 78.14 92.20
3 46.54 47.28 71.75 78.17 92.21
4 46.54 47.28 71.74 78.16 92.21
5 46.55 47.29 71.75 78.17 92.22
6 46.55 47.29 71.75 78.16 92.21
7 46.55 47.29 71.76 78.17 92.22

25

Baseline 47.78 48.71 73.88 80.21 93.35
1 47.86 48.79 73.98 80.28 93.40
2 47.88 48.82 73.99 80.32 93.41
3 47.90 48.84 74.01 80.33 93.41
4 47.90 48.84 74.01 80.32 93.42
5 47.91 48.84 74.02 80.33 93.42
6 47.92 48.84 74.01 80.33 93.42
7 47.92 48.85 74.02 80.33 93.42
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Table B.7: Some descriptive statistics of the default probability distribution for various scenarios: France.

Predicted PD (%)
Year Scenario Mean Median 90th percentile 95th percentile 99th percentile

1

Baseline 2.02 0.02 9.72 13.83 19.48
1 2.02 0.02 9.72 13.83 19.48
2 2.02 0.02 9.72 13.83 19.48
3 2.03 0.02 9.76 13.88 19.58
4 2.05 0.02 9.85 14.02 19.81
5 2.10 0.02 10.00 14.30 20.26
6 2.17 0.02 10.27 14.77 21.00
7 2.20 0.02 10.45 15.01 21.32

5

Baseline 7.47 0.08 37.78 48.74 63.07
1 7.48 0.08 37.85 48.83 63.17
2 7.51 0.08 38.05 49.05 63.42
3 7.55 0.08 38.25 49.29 63.68
4 7.57 0.08 38.33 49.42 63.83
5 7.60 0.08 38.45 49.62 64.08
6 7.64 0.08 38.68 49.85 64.29
7 7.66 0.09 38.82 50.01 64.46

15

Baseline 21.25 0.45 94.84 99.68 100.00
1 21.26 0.45 94.86 99.68 100.00
2 21.27 0.45 94.90 99.68 100.00
3 21.28 0.45 94.92 99.69 100.00
4 21.29 0.45 94.94 99.69 100.00
5 21.29 0.45 94.97 99.69 100.00
6 21.28 0.45 94.94 99.69 100.00
7 21.29 0.45 94.97 99.69 100.00

25

Baseline 94.78 100.00 100.00 100.00 100.00
1 94.78 100.00 100.00 100.00 100.00
2 94.78 100.00 100.00 100.00 100.00
3 94.80 100.00 100.00 100.00 100.00
4 94.78 100.00 100.00 100.00 100.00
5 94.78 100.00 100.00 100.00 100.00
6 94.78 100.00 100.00 100.00 100.00
7 94.78 100.00 100.00 100.00 100.00
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