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Abstract
This paper investigates whether supervisory climate stress tests change how euro-
area banks price and allocate credit according to borrowers’ transition risk. We
combine loan-level data from the Eurosystem’s AnaCredit database with a firm-
level measure of greenhouse-gas (GHG) intensity and compare banks subject to the
ECB’s 2021-22 climate stress test with non-participating banks. A difference-in-
differences-in-slopes design estimates whether the sensitivity of new-loan spreads
to carbon intensity changed after the exercise. The average shift in this spread-
intensity relationship is small and statistically insignificant. However, decomposing
the aggregate effect reveals economically meaningful and offsetting adjustments.
Participating banks reallocate new credit away from more carbon-intensive incum-
bent borrowers, while applying more carbon-sensitive pricing to relationships that
enter or exit their portfolios; for new borrowers, a one-standard-deviation increase
in carbon intensity is associated with about 10 basis points higher spreads. By
contrast, repricing within continuing bank-firm relationships remains limited. The
effects are strongest among the most carbon-intensive firms, and participation in
the more demanding bottom-up module does not generate a clearly additional re-
sponse. Overall, climate stress tests appear to operate mainly through portfolio
recomposition and extensive-margin pricing, consistent with an information-and-
supervisory-scrutiny channel rather than a broad repricing of existing loans.
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1 Introduction
Banks play a central role in the low-carbon transition. They finance the large investment
required in cleaner technologies, while their balance sheets remain exposed to transition
and physical risks that may threaten financial stability. For central banks and supervisory
authorities, the key question is not only how large these climate and environmental (C&E)
risks are in the cross-section, but also whether existing prudential tools can steer banks’
risk management and lending decisions in a more climate-sensitive direction.

Building on the work of the Network for Greening the Financial System (NGFS),
it is now standard to distinguish between transition risks, physical risks and combina-
tions thereof, depending on the timing and ambition of climate-policy action. These
risks can disrupt global value chains, depress output, push up prices and ultimately feed
back into the financial system. In Europe, supervisory authorities have for several years
articulated expectations regarding the integration of C&E risks into banks’ governance,
risk-management frameworks and disclosures, although these expectations were initially
principles-based and non-binding.

Centrally conducted climate stress tests (CST) have emerged as a key instrument to
operationalise this agenda. Supervisors use them to assess banks’ preparedness to manage
C&E risks, to support capacity building in terms of data, modelling and governance, and
to gauge the vulnerability of the banking system to transition and physical-risk scenarios.
Since the Great Financial Crisis, stress tests have become a central tool for monitoring
the resilience of banks to financial shocks in Europe and the United States (Borio, 2011;
Flannery, Hirtle, and Kovner, 2017; IMF, 2021). They are now being extended to climate
risks, notably by the Autorité de Contrôle Prudentiel et de Résolution (ACPR)1, which
ran a pilot CST in 2020–21, and by the European Central Bank (ECB), which conducted
an EU-wide CST on significant institutions (SIs) in 2021–22 (Alogoskoufis, Dunz, Emam-
bakhsh, Hennig, Kaijser, Kouratzoglou, Muñoz, Parisi, and Salleo, 2021). Jung, Santos,
and Seltzer (2023) report similar developments in the United States, while Baudino and
Svoronos (2021) and Acharya, Berner, Engle, Jung, Stroebel, Zeng, and Zhao (2023)
survey climate stress-testing initiatives more broadly.

Formally, supervisors framed these exercises as stock-taking and learning tools. They
aimed to map banks’ exposures to C&E risks and to assess the adequacy of their risk-
management practices, rather than to directly influence portfolio choices or regulatory
capital. Whether CST nevertheless affect banks’ behaviour remains an open question.
By forcing banks to collect granular emissions data, to build forward-looking climate sce-
narios and to present quantitative results to supervisors, CST may change internal risk
perceptions and the salience of climate risk in pricing and credit allocation. Banks may
then adjust the way they price loans to more carbon-intensive borrowers or reallocate
credit away from these borrowers, even in the absence of immediate capital consequences.
While the ECB has reiterated that the CST was not intended to feed directly into capital
requirements, it has also indicated that persistent non-compliance with supervisory ex-
pectations on C&E risks may trigger periodic penalty payments (Elderson, 2024, 2023),
strengthening the incentive for banks to take the exercise seriously.2

1The French prudential supervisor.
2Recently, the ECB has imposed periodic penalty payments against a European bank for failure

to comply with ECB C&E risk-management expectations; see: https://www.bankingsupervision.

1

https://www.bankingsupervision.europa.eu/press/pr/date/2025/html/ssm.pr251110~3e0b6f579e.en.html
https://www.bankingsupervision.europa.eu/press/pr/date/2025/html/ssm.pr251110~3e0b6f579e.en.html


This paper asks whether climate stress tests have in fact altered banks’ lending be-
haviour along the transition-risk dimension. Using the Eurosystem’s granular credit reg-
ister AnaCredit, we study the impact of the ECB-wide Climate Stress Test (ECST),
launched in October 2021, while controlling for the French Climate Stress Test (FCST)
conducted in 2020, on how banks price loans as a function of borrowers’ climate-related
transition risk, proxied by firms’ greenhouse-gas (GHG) emissions intensity.3 Our main
outcome variable is the credit spread on new loans granted by banks to non-financial
corporations. Focusing on new originations is crucial, as loan pricing conditional on risk
occurs at this stage.4

Our empirical analysis relies on a causal inference framework utilizing a difference-
in-differences approach in slopes. While the CST was conducted concurrently with an
array of climate initiatives led by the ECB and the Single Supervisory Mechanism (SSM),
the unique characteristics of the stress test of 2022 (an information shock) validate our
empirical design.5 We estimate how the semi-elasticity of credit spreads with respect to
borrower GHG intensity changes for CST-participating banks (treated SIs) relative to
non-participating banks (LSIs), before and after the CST. We rely on Veron (2024) who
argues that in many respects, LSIs can be seen of institutions that are very similar to
SIs: one case in point are savings banks which are LSIs in Germany and Italy, while in
France they belong to BPCE, a SI bank. We take avantage of the fact that only SI banks
participated in the European Stress Test of 2022. In practice, this amounts to estimating
a triple-difference specification in which the credit-spread–intensity relationship interacts
with both treatment and post-CST indicators, while we control for rich sets of fixed effects
at the bank, borrower, product and time dimensions.

Main findings. Our analysis yields three main empirical results. First, in the base-
line non-staggered specification that treats the ECST as a single shock hitting all SIs in
October 2021, we find that the average change in the spread–intensity slope for treated
banks relative to controls is small and imprecisely estimated. However, a structural de-
composition of this triple-difference estimand reveals economically meaningful offsetting
margins: a negative reallocation among incumbent borrowers (treated banks tilt origi-
nation within their continuing relationships away from more carbon-intensive clients) is
almost exactly offset by a positive entry/exit pricing component (treated banks charge
more carbon-sensitive spreads on transitory relationships than on incumbents), while
within-relationship repricing and entry/exit composition effects are negligible. In other
words, the aggregate effect of the CST on the spread–intensity slope is close to zero, but
it masks substantial portfolio rebalancing and extensive-margin pricing responses.

Second, when we move to a staggered design that respects the timing of the FCST and
ECST waves, the qualitative picture is preserved but the magnitudes are more modest.
An interaction-weighted estimand that averages cohort-specific effects over both CST

europa.eu/press/pr/date/2025/html/ssm.pr251110~3e0b6f579e.en.html.
3Since climate stress-test scenarios model transition risk primarily through higher carbon prices, GHG

intensity is a natural proxy for firms’ exposure to these risks. This abstraction ignores factors that may
preserve the viability of some high-intensity business models, such as limited substitutability of their
output, the ability to pass through costs, or rapid technological adjustment.

4Prolongations with renegotiated terms are recorded as new contracts in AnaCredit.
5The European stress test was compulsory, while the French stress test of 2021 , and the Dutch pilot

stress test of 2021 was only run by the supervisor, without bank participation
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waves indicates that the intensive margin remains small and statistically insignificant,
the average reallocation among incumbents is close to zero, and the main contribution
continues to come from the entry/exit pricing channel, which is positive but smaller than in
the single-shock specification. This suggests that once we account for staggered adoption
and dynamic cohort-adjustment paths, climate stress testing still promotes more carbon-
sensitive pricing on the extensive margin, but the strength of the response is attenuated
and spread out over time.

Third, within the universe of SIs we exploit variation in treatment intensity across
modules of the 2022 ECST. Comparing banks that participated in the more demanding
bottom-up Module 3 with those that only contributed to the lighter Modules 1 and 2, we
find limited evidence of additional within-relationship repricing and only a modest incre-
mental reallocation toward less carbon-intensive incumbents. This suggests that the main
lending adjustments are associated with CST participation per se and the accompanying
supervisory scrutiny, while the marginal effect of moving from a questionnaire-based to a
fully modelled bottom-up exercise on loan-level pricing is relatively small over our sample
horizon.

Contributions. Our contributions are both substantive and methodological. First,
we use a very granular dataset of more than two million observations on new loans,
constructed from the Eurosystem credit register. In contrast to most existing work,
which focuses on outstanding exposures to large listed firms (either in AnaCredit (Al-
tavilla, Boucinha, Pagano, and Polo, 2023) or in syndicated loan markets (Fuchs, Ngyuen,
Nguyen, and Schaeck, 2024)), we study the pricing of newly originated bank credit across
a much broader population of borrowers.

Second, we construct a firm-level GHG intensity metric explicitly designed to proxy
exposure to transition risk at the country–sector–size–year level, which allows us to extend
the analysis beyond a narrow set of large emitters and to document that climate stress
tests affect the entire loan book rather than a small brown tail only.

Third, we develop a simple theoretical model in which a climate stress test acts as
an information shock about firms’ transition risks and supervisory scrutiny. The shock
shifts banks’ perceived distribution of climate-related losses and, through standard no-
arbitrage and capital-constraint channels, the equilibrium bank lending rate as a function
of borrowers’ carbon intensity. The model clarifies under which conditions a CST should
steepen, flatten, or leave unchanged the spread–intensity slope and guides the empirical
interpretation of our coefficients.

Fourth, we take these predictions to the data with a difference-in-differences-in-slopes
design and show, to the best of our knowledge, for the first time, how a standard triple-
difference can be exactly decomposed into four economically meaningful channels. Us-
ing different samples and inverse-probability weighting, we separately identify (i) within-
relationship repricing for continuing bank–firm pairs (intensive margin), (ii) reallocation
of credit among incumbent borrowers, and two extensive margins—(iii) entry/exit pricing
at a composition-adjusted portfolio and (iv) entry/exit composition in observables driven
by differences between transitory and incumbent relationships. This decomposition makes
it possible to distinguish a genuine steepening of the spread–intensity curve from portfolio
recomposition and selection effects.
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The remainder of the paper proceeds as follows. Section 2 reviews the related litera-
ture, and Section 3 describes the institutional and supervisory setting. Section 4 presents
a theoretical model highlighting information revelation through the stress test. Section 5
details the construction of the data. Section 6 sets out the baseline empirical strategy
and main results. Section 7 reports robustness checks of the baseline strategy. Section 8
offers a further extension by examining the role of variation in treatment intensity across
ECB-wide climate stress test modules. Section 9 concludes.

2 Related Literature
There is some evidence that banks’ loan supply responds to climate change related tran-
sition risk (see Acharya et al. (2023) and de Bandt, Kuntz, Pankratz, Pegoraro, Solheim,
Sutton, Takeyama, and Xia (2024) for surveys of the literature). Banks are shown to
reduce the maturity of loans (Ivanov, Kruttli, and Watugala, 2024). Delis, Greiff, Iosifidi,
and Ongena (2024) conclude that banks charge higher loan rates to fossil fuel firms. Jung
et al. (2023) show that banks in the US which signed the Net-Zero Alliance reduced their
exposures to the riskiest borrowers. However, de Bandt et al. (2024) conclude that the
effect of climate change is relatively limited: on the basis of 10 academic papers concen-
trating on bank loan supply on a variety of loan portfolios, they report that most studies
estimate credit spreads increase in the range of 25-50 bp following a transition risk shock,
while only two studies identify a more significant impact, above 100bp. In addition, some
of these estimates are based on small samples of observations, the transition shocks are
not fully comparable across studies, some of them do not control for confounding factors,
in particular borrower-specific credit risk. Furthermore they often fail to capture the most
recent acceleration of climate change.

Since the 2007–2009 global financial crisis, stress testing has become a cornerstone
of both microprudential and macroprudential regulatory frameworks, prompting a sub-
stantial expansion of the economic literature evaluating its impact on banking behavior
and credit allocation. Stress tests aim to assess banks’ resilience under adverse economic
scenarios and enforce adjustments in risk-taking behavior, leading to a variety of observed
effects on credit supply and financial stability.

The U.S. Supervisory Capital Assessment Program (SCAP) and the Comprehensive
Capital Analysis and Review (CCAR) have played key roles in reshaping banks’ lending
behavior. Acharya, Berger, and Roman (2018) find that banks undergoing these stress
tests reduce credit supply to relatively risky borrowers, prioritizing risk reduction over
seeking higher spreads. Similarly, Connolly (2021) reports that the SCAP led to struc-
tural adjustments in syndicated loan markets, with tested banks reducing their partici-
pation. However, substitution by European and non-tested U.S. banks mitigated adverse
credit effects, ensuring continued access to financing for most firms, except those highly
dependent on banks that failed the stress tests.

Stress tests also influence portfolio composition. Bräuning and Fillat (2020) find that
banks with poor stress-test results align their portfolios with better-performing banks,
enhancing diversification across sectors and regions. While this reduces individual risk, it
creates systemic concentration at the aggregate level. Moreover, weaker stress-test results
lead banks to reduce lending, particularly for loans sensitive to adverse scenarios, causing
credit and investment cutbacks among reliant firms. This highlights a macroprudential
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effect of stress testing: it restrains credit growth during expansions but strengthens banks’
resilience during downturns.

In Europe, Konietschke, Ongena, and Marques (2022) show that stress tests prompt
banks to reallocate credit from riskier to safer borrowers, particularly in the household
sector. While this enhances financial stability, it reduces profitability, with the effect more
pronounced among banks subject to undisclosed stress tests. Transparency emerges as a
key factor: banks disclosing their capital requirements maintain stronger capital ratios,
reinforcing market discipline and financial stability.

Stress testing also affects specific credit markets. Cortés, Demyanyk, Li, Loutskina,
and Strahan (2020) document a shift in U.S. banks’ credit supply away from riskier mar-
kets, particularly small business loans, following stress-test-induced capital requirements.
Banks raise rates in markets where they possess local knowledge and withdraw where they
do not, leaving room for smaller banks to increase their market share. Similarly, Calem,
Correa, and Lee (2020) show that CCAR stress tests reduced jumbo mortgage originations
and approval rates, particularly at banks with weaker capital positions. Additionally, the
2013 Supervisory Guidance on Leveraged Lending reduced speculative-grade loan origi-
nations at regulated banks, highlighting the broader influence of prudential policies on
credit allocation and risk management.

Overall, the literature underscores the dual impact of stress testing: while it improves
individual bank resilience and systemic stability, it can also constrain credit supply in
certain markets, particularly for riskier borrowers. Building on the findings from tradi-
tional stress tests and prudential policies, recent research has increasingly focused on how
supervisory interventions aimed at managing climate risks, such as CST, affect banks’
credit allocation and shape their role in advancing green finance.

Against the backgound of the 2021 French CST, using a DiD framework, Fuchs et al.
(2024), concentrating on syndicated loans, demonstrate that stress-tested banks increase
lending to carbon-intensive borrowers but at higher interest rates, with some environ-
mental improvements tied to borrowers’ commitments to emission reduction, suggesting a
causal link between climate stress tests and reduced transition risk. Similarly, Beyer and
Schreiner (2024), also using a DiD framework, find that the most recent developments in
ECB’s climate-risk supervision measures significantly enhance banks’ risk management
and green finance activities, particularly among SIs, evidenced by greater green bond
issuance and ESG assets under management, and green lending. Expanding on this,
Aiello (2024) explores how the Single Supervisory Mechanism’s (SSM) climate supervi-
sion leads to credit reallocation towards lower-emission firms, especially by banks with
climate commitments. However, Aiello (2024) finds that high-emission borrowers’ future
reduction pledges have limited influence on banks’ credit decisions, implying that banks
prioritize current emissions over forward-looking information in their climate risk assess-
ments. Along the same lines, Gschossmann, Kok, and De Cicco (2025) provide another
empirical evaluation of how CST influence credit allocation within the euro area banking
sector. Using loan-level data from AnaCredit and a DiD design exploiting the ECB CST,
the authors find that participating banks significantly reduced lending to GHG–intensive
firms relative to non-participants. The contraction is most pronounced for smaller bor-
rowers, suggesting that transition risk aversion is mediated by firm size and relationship
strength. Crucially, only banks that performed best in the stress test show a measurable
reduction in brown lending ex post, implying that managerial sophistication conditions
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behavioral change. From a supervisory perspective, the study underscores that climate
stress tests can serve as a soft instrument6 for aligning bank portfolios with transition
objectives, even absent binding regulatory consequences. However, the effect is heteroge-
neous: weaker-performing banks do not significantly adjust their exposures, highlighting
the limits of voluntary or non-punitive supervisory frameworks. Our paper echoes and
complements Gschossmann et al. (2025) approach. Altavilla et al. (2023) add a monetary
policy perspective, identifying a climate risk-taking channel where banks charge higher in-
terest rates to high-emission firms, particularly during tighter monetary conditions, which
amplifies both credit and carbon premia. This results in a stronger contractionary im-
pact on high-emission firms compared to those with lower emissions or emission-reduction
commitments. In a different regulatory setting, Miguel, Pedraza, and Ruiz-Ortega (2024)
examine Brazil’s environmental capital requirements, showing that large banks reduce
credit to environmentally exposed sectors, although smaller banks partially offset this
contraction. This policy-driven reallocation does not significantly affect sectoral output
or emissions.

3 Institutional Setting: Climate Change and Euro-
pean Banking Supervision

3.1 Significant and Less Significant Institutions
Within the European banking supervision framework, banks are designated as Significant
Institutions (SIs) when they meet at least one of the criteria set out in the SSM Framework
Regulation.7 These criteria relate in particular to a bank’s size, its importance for the
national or EU economy, and the scale of its cross-border activities. Banks that do not
meet these criteria are classified by default as Less Significant Institutions (LSIs).

This distinction determines the allocation of supervisory responsibilities. LSIs, gen-
erally small and medium-sized banks, remain directly supervised by national competent
authorities (NCAs), under ECB oversight. By contrast, SIs are directly supervised by
the ECB and account for the majority of banking assets in participating countries. The
SI/LSI distinction is therefore essential for understanding the scope of climate-related
supervision: some initiatives are addressed to the banking sector as a whole, whereas
others are implemented only for institutions under direct ECB supervision. Nevertheless,
as argued below, the distinction is to some extent institutional, and similar types of banks
may be LSIs in some countries but SIs in others (e.g. savings banks in Germany are LSIs,
while they belong to BPCE in France).

As direct supervisor of SIs, the ECB conducts several types of stress tests, including
EU-wide exercises coordinated by the European Banking Authority (EBA), ECB-specific
stress tests within the Supervisory Review and Evaluation Process (SREP), and thematic
stress tests focused on particular risks.8 In the absence of an EBA-wide exercise, thematic

6Similar to soft law mechanisms.
7For more details on the criteria, see: https://www.bankingsupervision.europa.eu/banking/

list/criteria/html/index.en.html
8For more details on stress tests, see: https://www.bankingsupervision.europa.eu/banking/

tasks/stresstests/html/index.en.htm
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stress tests are used to assess SIs under common shock scenarios. This institutional
framework explains why the European climate stress test was implemented on SIs rather
than LSIs.

3.2 ECB Communication and Supervisory Guidance on Climate
Risks

Since January 2020, the ECB has progressively integrated climate and environmental
(C&E) risks into its supervisory framework. Its approach is based on two complementary
components. The first is broad supervisory communication to banks, including guidance,
reviews, feedback letters, speeches and supervisory dialogue. The second is the European
climate stress test, a more targeted supervisory exercise applied to Significant Institutions.

The first component relies on communication and supervisory expectations addressed
to the banking sector as a whole. The central reference is the Guide on Climate-related
and Environmental Risks, jointly developed by the ECB and NCAs (ECB, 2020). The
Guide sets out supervisory expectations on how banks should identify, assess, manage
and disclose C&E risks. It requires institutions to conduct materiality assessments across
their portfolios and to integrate climate risks into governance, strategy, risk management
and capital adequacy processes.

Although the Guide plays a central role in the ECB’s dialogue with SIs, it also provides
a common benchmark for banks across the euro area. The objective was not to impose
immediate quantitative capital requirements, but to clarify how climate risks should be
understood and managed. In this sense, the Guide marked the starting point of the ECB’s
broader communication strategy on climate risks.

In early 2021, the ECB asked several SIs to assess themselves against the expectations
in the Guide (ECB, 2021). Banks had to compare existing practices with supervisory
expectations and submit implementation plans to close identified gaps. The ECB then
issued individual feedback letters in September 2021, including qualitative requirements
for some banks as part of the 2021 SREP. This process was intended to make banks engage
with C&E risks in a structured way and to provide supervisors with information on their
preparedness.

In 2022, the ECB extended this approach through a thematic review covering several
SIs and LSIs. The review assessed whether banks were aligning their practices with
the Guide and showed substantial deficiencies (ECB, 2022). In response, the ECB set
institution-specific deadlines for full compliance by the end of 2024. Interim milestones
were set until the end of 2024.

The ECB also reinforced these expectations through public communication. On
November 14, 2023, Frank Elderson (2024), Member of the Executive Board of the ECB
and Vice-Chair of the Supervisory Board, delivered a landmark speech reaffirming the
ECB’s commitment to the rigorous management of C&E risks.

3.3 The European Climate Stress Test
The second component of the ECB’s approach is the European climate stress test (CST).
Unlike the broad communication channel described above, the 2022 CST was implemented
on Significant Institutions under the ECB’s direct supervision and did not apply to LSIs.
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This follows directly from the institutional distinction between SIs and LSIs: SIs are su-
pervised directly by the ECB, whereas LSIs are supervised by NCAs under ECB oversight.

The 2022 CST was the first dedicated supervisory climate stress test conducted at
the euro-area level. It was part of the broader effort to integrate C&E risks into the
prudential framework, but it differed from general supervisory communication because
it required SIs to assess climate-related exposures and potential losses under common
scenarios. The exercise was explicitly framed as a learning and capacity-building tool
rather than a capital-adequacy test. Its results fed into the SREP only in qualitative
terms, and no automatic capital add-ons were imposed on the basis of projected losses
(Alogoskoufis et al., 2021).

The CST had three main objectives: to assess the vulnerability of euro area SIs to
climate-related risks, to evaluate banks’ data and modelling capabilities, and to improve
supervisors’ and banks’ understanding of how transition and physical risks affect balance
sheets and income statements. To achieve these objectives, the exercise was organised into
three modules. Module 1 consisted of a qualitative questionnaire on banks’ climate stress-
testing and risk-management capabilities, including governance, risk appetite, internal
models and ICAAP processes. Module 2 collected harmonised climate-risk metrics at the
exposure level, including sectoral and geographical exposures to high-emitting activities
and financed emissions. Module 3 was a bottom-up stress test applied to a subset of 41 SIs,
selected under a proportionality principle, requiring banks to project credit and market
risk losses under common transition and physical risk scenarios (Alogoskoufis et al., 2021).

This architecture allowed supervisors to combine a system-wide view of climate-risk
vulnerabilities with detailed information on banks’ internal preparedness. The results
pointed to non-negligible climate-related credit and market losses, estimated at around
€70 billion across the short-term exercises, but also revealed that banks’ data and mod-
elling infrastructures remained at an early stage. Many institutions had limited risk
coverage, insufficiently granular data and models that captured only part of the channels
through which climate risks may affect financial risks.

The CST therefore functioned less as a traditional solvency test than as a supervisory
experiment. Its purpose was to reveal where climate risks are concentrated on banks’
balance sheets and to identify gaps in banks’ capacity to measure and manage those
risks. By requiring SIs to conduct detailed, exposure-level assessments, the CST generated
information that could not be obtained through general supervisory communication alone.

Before the European CST, the French supervisory authority, the Autorité de Contrôle
et de Résolution (ACPR), conducted a climate pilot exercise between July 2020 and
April 2021. That exercise differed in scope because it included both banking groups and
insurance companies and was conducted on a voluntary basis. However, it shared with the
ECB CST a focus on long-term climate scenarios, sectoral analysis, and the assessment
of both transition and physical risks (Clerc, Bontemps-Chanel, Diot, Overton, Soares de
Albergaria, Vernet, and Louardi, 2021).

Given the intricate nature of the CST exercise, which allowed banks to implement
detailed analyses of their risk exposures at the individual counterparty level, we posit that
the CST functions as a significant regulatory shock on SIs, to be compared to LSIs. This
shock, within the broader spectrum of the aforementioned regulatory interventions, has
the potential to influence and modify the behavior of banking institutions. By compelling
banks to scrutinize their portfolios more rigorously and integrate C&E risks into their
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strategic and operational frameworks, as well as given the publicity given to the exercise
the CST can contribute to inducing a transformative effect on banks’ risk management
practices and decision-making processes, more than the other supervisory guidance and
policy measures described above.

4 Model: Climate Stress Tests and Banks’ Lending
Behavior

In this section, we present a stylized model that illustrates how a supervisory regulatory
shock—specifically, how a CST or a related Central Bank supervisory action can reveal
borrowers’ transition risk information—alters a bank’s equilibrium lending conditions.

The objective of this model is to illustrate the effect of Central Bank’s supervisory
intervention on banks’ lending behavior. Theoretically, it is crucial to distinguish two
primary channels through which prudential regulation and supervision operate. First,
prudential regulation imposes costs (e.g., penalties for non-compliance) and constraints
on banks, including capital ratio requirements. Second, the supervisory process itself,
including stress tests, drives data collection and enhanced transparency regarding the risk
exposures of regulated entities. This second channel facilitates the discovery of private
information about counterparties, reducing information asymmetry.9 Such a reduction
not only improves loan monitoring but can also lead to adjustments in credit terms for
new loans.

In the following model,10 we focus specifically on modeling the second channel. CST
and, more broadly, prudential regulations regarding the management of C&E risks do
not currently impose additional regulatory capital requirements. Instead, they serve to
reveal previously unobserved risks, such as transition risks, which can reshape the lending
conditions offered by banks. By doing so, this model captures how the process of Central
Bank’s supervisory intervention, by reducing information asymmetry, impacts equilibrium
lending rates and banks monitoring decisions.

Therefore, the model highlights how transition risk affect both the bank’s monitor-
ing decisions and the equilibrium interest rate offered to borrowers. By doing so, we
demonstrate that the equilibrium interest rate R is strictly increasing in the transition
risk parameter τ as an outcome of an internal optimization and competitive equilibrium
condition. For the sake of readability, proofs of intermediate derivation steps can be found
in Appendix E.

Model Setup and Assumptions. Consider a two-period setting with dates t = 0 and
t = 1. At date t = 0, the borrower’s investment opportunity is a risky project which, at
the initial date, requires an investment of I euros, yielding a stochastic payoff of X. A
risk-neutral bank extends a loan of size I > 0 to the borrower.

9In a different setting, Flannery et al. (2017) findings suggest that disclosure of supervisory stress test
results generates significant new information about stress tested U.S. bank holding companies.

10Our model is partly inspired by Ivashina (2009) model. Nevertheless, it is also conceptually aligned
with the broader framework of credit market imperfections related to adverse selection and moral hazard,
as first emphasized by Akerlof (1970) and later developed in the seminal work of Stiglitz and Weiss (1981).
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We assume that X > I > 0 and that the risk-free rate is zero for simplicity. The
project financed by this loan is characterized by stochastic outcomes that unfold in a
single stage. At date t = 1 the project’s outcome is random and pays X in the high state
and zero in the low state. With probability θ ∈ [0, 1], the borrower repays the principal
plus the interest r, totaling I · (1 + r). If the project fails, no repayment is made.

The probability θ is an endogenous function jointly determined by the bank’s moni-
toring effort eb and by the a borrower’s choice variable that depends on the interest rate
r. For simplicity:

θ = Θ(eb, el(r))

where Θ increases both in eb and el. However, el itself decreases in r, which can be
interpreted as either moral hazard or adverse selection. A higher r depresses the borrower’s
incentive to choose or maintain a safer project. Only the bank knows its effort, and the
financial contracts cannot be written contingent on monitoring effort or the state of nature.

Monitoring effort eb is privately observed by the bank and entails a convex cost: 1
2βIe2

b

The resources required for monitoring increase not only with effort but also with the
size of the investment. This may include more frequent audits, more detailed financial
analysis, or the employment of additional staff to oversee the use of funds. Here, β > 0
parameterizes the firm’s systematic characteristics as priced by lenders. A borrower that
is easier to monitor would be associated with a lower β, as would a more transparent
borrower, such as a publicly traded company, as compared to a privately held company.
Similarly, a company providing collateral, having a better credit rating, or having a history
of positive lending relationships, would have a lower β.

At t = 0, the bank offers a loan contract specifying interest rate r. The borrower
accepts if it expects nonnegative utility net of any unmodeled effort costs. The bank
chooses eb, incurring the cost 1

2βIe2
b . At t = 1, the project succeeds with probability

Θ(eb, el(r)). Success pays X, allowing repayment of I(1+r). Failure yields zero repayment.
Under perfect competition, equilibrium requires that in any active market segment,

the expected profit of the lending bank is driven to zero. Given that the project succeeds
with probability θ, and assuming funding cost is zero, the bank’s expected profit is:

E[Πb](r, eb) = Θ(eb, el(r))I(1 + r) − I − 1
2βIe2

b (1)

This zero-profit condition, together with the borrower’s endogenous response el(r),
can generate an interior solution for r∗.

Equilibrium. To illustrate concretely how an interior solution emerges, assume a simple
parametric form for the success probability:

Θ(eb, el(r)) = eα
b × (1 − δr)

where 0 < α < 1 captures decreasing marginal returns to the bank’s own monitoring effort
eb, 0 < δ < 1 measures how strongly the borrower’s effort or project quality declines with
r (if r is too high, safer borrowers exit or the borrower exerts less effort), 1 − δr must
remain positive to be meaningful, which implies an upper bound on feasible r.
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Conditional on I, the bank then solves:

max
r,eb

[
eα

b (1 − δr)(1 + r) − 1 − 1
2βe2

b

]
In equilibrium under competition, the optimal choice (r∗, e∗

b) will drive E[Πb](r∗, e∗
b)

to zero (or arbitrarily close to zero from above if the market is active).
After solving the FOC of the bank’s optimization problem, we show in Appendix E

that the equilibrium interest rate is a non linear function of the structural parameters
only:

r∗ =
(δ − 1) ±

√
(1 − δ)2 + 4δ(1 − M∗)

2δ
(2)

with M∗ = M(α, β).11 The borrower’s effective probability of success decreases as r
increases. Beyond a certain point, raising r further reduces the borrower’s quality so
much that the bank’s expected profit declines, causing the bank to set an interior r∗.
The zero-profit condition pins down a unique positive root because once the interest rate
becomes too high, (1 − δr) shrinks sufficiently to reduce the bank’s expected repayment
and, thus, its expected profit. Even if some borrower were hypothetically willing to
pay more than r∗, the bank’s expected profit would decrease at higher rates, due to the
endogenously lower probability of success. This directly leads to the outcome that the
bank does not lend at any r > r∗.

This outcome is in line with the type of credit-rationing result from Stiglitz and Weiss’
model (see Appendix E for details). In standard competitive markets without informa-
tional frictions, one might expect the interest rate to adjust indefinitely to clear supply
and demand. However, here the interest rate itself deteriorates the borrower’s probability
of success (through moral hazard or adverse selection), leading the bank’s expected profit
to fall if r is set too high. Rather than serve all borrowers willing to pay an even higher
rate, the bank prefers to deny credit beyond r∗. In equilibrium, the market does not clear
purely via price; instead, some borrowers who would accept r > r∗ remain rationed out
of the market.

The bank does not simply keep increasing r to cover risk or monitoring costs; instead,
it hits an optimal rate r∗ and is unwilling to lend at rates above that, because higher
rates engender unfavorable borrower behavior. Thus, some borrowers who would borrow
at a higher r are rationed.

Impact of the Central Bank Intervention. Now suppose that the Central bank
intervenes, via a stress test, wich allows discovering additional information indicating
that the success probability θ is also affected by a transition risk τ . Specifically, the bank
learns that its original assessment θ is now effectively θ|τ—a decreasing function in τ for
any given monitoring effort. This new information shifts the perceived distribution of
payoffs, making the project riskier when τ increases. Under these conditions, the bank
re-optimizes its monitoring effort choice and updates the interest rate r accordingly.

From the point of view of welfare economics, the intervention of the Central bank
is only justified if these policy measures make it possible to improve social welfare. We
assume that there is a market failure warranting regulatory intervention. We posit that

11see Appendix E.
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the banking system may collectively fail to incorporate transition risk into lending terms
unless compelled by a Central bank. This may be explained, inter alia, by the cost to
gather confidential information on firms’ carbon exposure, to which only the Central bank
has access.

Therefore, to explore the broader implications of a Central bank intervention across
the banking system, we extend our analysis using a game theory approach to show the
collective action problem banks are facing. We show in Supplementary Online Appendix
Appendix J that a social optimal outcome can only be achieved by means of intervention
of a benevolent social planner.

Equilibrium after Intervention. Let θ|τ denote the success probability—a function
of the bank’s effort—conditional on the transition risk τ ∈ [0, 1].12 The relationship
between θ and θ|τ is:

θ|τ = g (θ, τ) ,

where g(·) is a strictly decreasing function in τ , capturing the impact of transition risk
on the success probability. Specifically, we assume a simple relationship:

θ|τ = eα
b × (1 − δr)(1 − τ).

The last term linearly and negatively incorporates transition risk: the larger τ is, the
smaller (1 − τ), and thus the lower the overall probability of success. Since the success
probability is decreasing in τ , it reflects the fact that the project is, on average, less
likely to produce a favorable outcome. The fact that θ|τ decreases with τ translates,
in a simplified manner, the idea that the conditional distribution fX|τ (x) places more
mass on unfavorable realizations compared to the initial distribution fX(x) (For details
see Appendix E). Consequently, the expected profit in presence of transition risk:

E[Πb](r, eb) = eα
b (1 − δr)(1 − τ)(1 + r) − 1 − 1

2βe2
b (3)

Notice that the assumption in Eq. (3) is that the bank’s monitoring costs primarily
reflect a technological or organizational dimension—such as internal procedures, staffing
requirements, and analytic methodologies—which remains largely unaffected by the ex-
ogenous shock τ . In contrast, τ represents a systematic risk factor external to the bank’s
direct influence, altering the overall distribution of project outcomes rather than the
marginal cost of monitoring itself. Thus, by separating these two components, Eq. (3)
highlights that, while a higher τ reduces the ex-post success probability, it does not neces-
sarily render monitoring more resource-intensive. Instead, the monitoring activity, which
is undertaken ex-ante and designed to mitigate moral hazard and incentivize borrower
discipline, retains the same underlying cost structure regardless of whether a transition
risk materializes subsequently. This modeling choice thus captures the idea that the
bank’s cost of exerting effort depends on its internal monitoring technology and not on
the particular nature of the external shock.

12The boundedness of τ is justified by its interpretation as a normalized measure of transition risk,
where τ = 0 signifies no transition risk and τ = 1 represents the maximum conceivable level of transition
risk affecting the project’s outcome.
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After solving the FOC of the bank’s optimization problem, we show in Appendix E
that the equilibrium interest rate with transition risk is:

r∗
τ = r∗ + α · τ (4)

Intuitively, the additional term in Eq. (4) captures how the bank adjusts its lending
rate in response to the revealed transition risk. Because τ lowers the project’s repayment,
the interest rate r∗ must rise to uphold the zero-profit condition. Specifically, β represents
the bank’s marginal cost of exerting monitoring effort, and thus a higher β indicates a more
pronounced increase in the interest rate when transition risk rises. Similarly, δ measures
the sensitivity of the project’s success probability to changes in τ , so a larger δ leads to a
steeper adjustment of lending terms. The factor I in the denominator reflects the loan size,
implying that for a given rise in transition risk, the absolute rate adjustment is mitigated
by a larger loan principal, as the bank can spread a similar profit-margin requirement over
a greater volume of lending. Consequently, the additional term succinctly encapsulates
how risk aversion, monitoring costs, and project scale jointly determine the incremental
interest rate required to maintain the bank’s expected profitability.

Discussion. This simple stylized model shows that when a Central Bank provides new
information about transition risk that conditions the probability of the investment success,
the bank perceives the project as riskier. The subsequent equilibrium response is a higher
interest rate R. Furthermore, the model shows that not only does the equilibrium interest
rate increase when the bank factors in transition risk, but it also increases monotonically
with the level of this transition risk.

This theoretical framework suggests that policy measures enhancing transparency
about transition risk exposures will likely affect credit conditions. Therefore, it sets the
stage for empirical work. Assume two subsets of banks, a first subset receive a signal on
the exposure of its counterparties to a transition risk while the second subset does not
receive this signal. This can be reformulated in terms of potential outcome as:

E[r∗|0 < τ ≤ 1] − E[r∗|τ = 0] = α · τ (5)

If the CST has the impact predicted by our model then the first group should set
higher lending rates, all things being equal. In the subsequent Sections, we develop an
empirical strategy to test this hypothesis. However, the empirical identification of the
CST as a distinct regulatory shock presents significant challenges. This difficulty arises
from the concurrent implementation of multiple successive regulatory initiatives aimed
at addressing C&E risks within the European banking sector. These overlapping mea-
sures create a complex regulatory environment, making it arduous to isolate the specific
impact of the CST. Additionally, variations in the timing, scope, and intensity of these
interventions across different institutions further complicate the disentanglement of their
individual effects. To address these challenges, our empirical analysis will employ robust
methodological approaches to accurately identify the regulatory shock introduced by the
CST. In the robustness analysis we also control for the influence of the staggered nature
of the CST—first, the French CST, and second, the European CST.
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5 Data
We use data on new loans from the Eurosystem’s Anacredit database. After cleaning up as
described in Annex D, we end up with 2 databases. Table 1 reports descriptive statistics
for the two baseline datasets used in the econometric analysis. Panel A (FULL) comprises
2,214,833 loan observations for all bank-debtor pairs, while Panel B (INC)—our restricted
incumbents sample—contains 1,187,416 observations. The INC sample retains only bank–
firm pairs that are observed both before and after the CST methodology release, with at
least two loan observations per pair. It therefore focuses on continuing relationships and
mechanically drops purely transitory bank–firm matches, which explains the reduction in
sample size relative to FULL.

Despite the sharp difference in sample size, the central moments of the key variables
are remarkably similar across the two panels. Average interest rates are 3.55% in FULL
and 3.48% in INC, and the corresponding means for credit spreads are 2.95% and 3.01%.
Standard deviations and within-sample quantiles are likewise very close.

Two additional distributional features are salient for our analysis. First, even in logs,
the firm-level GHG intensity variable remains right-skewed. In both samples, the median
lies below the mean (2.77 vs 3.00 in FULL; 2.84 vs 3.07 in INC), and the interquartile
range is relatively tight compared to the long right tail (p75 small and very similar in both
samples but maxima significantly higher). Second, the loan outstanding amount variable
displays a similar pattern: most exposures are of moderate size, but a small fraction of
loans are very large and hence account for a large share of total credit volume.

Table 1. Descriptive Statistics Baseline Samples

N Mean St. Dev. p10 Median p90
A. All sample (FULL)

Interest Rate (%) 2,214,833 3.55 2.46 0.85 3.03 6.86
Credit Spread (%) 2,214,833 2.95 2.17 1.07 2.55 5.85
GHG Intensity (log) 2,214,833 3.00 2.09 0.74 2.77 5.57
Out. Amount (log) 2,214,833 11.15 1.55 9.41 10.82 13.22

B. Restricted Sample (INC)
Interest Rate (%) 1,187,416 3.48 2.49 0.81 3.00 6.85
Credit Spread (%) 1,187,416 3.01 2.23 1.10 2.55 6.11
GHG Intensity (log) 1,187,416 3.07 2.11 0.81 2.84 5.62
Out. Amount (log) 1,187,416 11.23 1.59 9.41 10.95 13.41
To protect the confidentiality of the underlying microdata, all reported values result from the ag-
gregation of five observations around the relevant point of the respective distribution.

To assess firms’ exposure to transition risk, prior studies (Altavilla et al., 2023; Fuchs
et al., 2024) have primarily relied on carbon emission data, either reported or estimated.
However, focusing exclusively on large firms that disclose their emissions would overlook
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micro, small, and medium-sized enterprises (MSMEs), which rarely provide such data.
Aiello (2024) however extends the analysis to MSMEs by imputing firm-level GHG emis-
sions. Along the same lines, but using an alternative approach, we construct an ad hoc
firm-level GHG intensity metric by integrating both aggregate and firm-level data. First,
we collect sector-specific data at the two-digit NACE level from Eurostat, including GHG
emissions, the number of firms, and turnover disaggregated by firm size class. For each
year, country, and NACE sector, we obtain the number of firms, their respective size
classes, and the total sectoral turnover. To allocate GHG emissions within each NACE
sector, we proportionally distribute total sectoral emissions across firm size categories
based on their respective shares of total sectoral turnover. This yields GHG emissions
estimates at the level of year-country-NACE sector-size class (henceforth referred to as a
"cell"). We then compute the average GHG emissions per firm within each cell by dividing
total estimated emissions by the number of firms. Finally, we normalize the cell by debtor
turnover to obtain an estimate of firm-level GHG intensity.13,14 We then obtain firm-level
environmental intensity by normalizing this per-firm emissions measure with the debtor’s
turnover after capping turnover within each cell (year–country–sector–size) at the 1st and
99th percentiles in log space to limit outlier influence. Furthermore, we filter out firms
with turnover below EUR 10,000.

Further details regarding the data description and sample construction procedure are
available in Appendix Appendix C.

6 Empirical Strategy
Section 3 documents that the ECB’s green turn has relied on a broad toolkit, ranging
from general supervisory communication to targeted interventions such as the 2022 the-
matic review and the ECB’s 2021–22 EU-wide climate stress test.15 This multiplicity
creates a standard identification challenge: many climate-related supervisory messages
are economy-wide in scope, so they may affect the banking system as a whole through
expectations, reputational pressure, or common learning. At the same time, a subset of
measures is explicitly targeted at a well-defined population of institutions. Our empirical
strategy leverages this institutional structure. In particular, we exploit the CST as a
discrete supervisory intervention that applies to SIs but not to LSIs, thereby providing
a quasi-experimental16 source of cross-sectional variation in exposure to climate-focused
supervisory scrutiny.

The CST is particularly useful for identification because it sharpens the distinction
between broad and targeted supervisory actions. While ECB speeches, publications, and
supervisory expectations on C&E risks are largely addressed to the banking system as

13See Appendix B for mathematical details.
14This methodology assumes that environmental efficiency varies at the cell level, with firms reporting

lower turnover exhibiting higher estimated GHG intensity. Therefore, it implicitly assumes increasing
environmental returns to scale.

15Jourde, Szczerbowicz, and van Dijk (2025) construct a Climate and Nature Communication index
that captures the dynamic of ECB’s speeches on climate-related topics.

16In economics, the concept quasi-experiment is typically used to describe a scenario in which treat-
ment assignment is not explicitly randomized but contains an exogenous component that relies on insti-
tutional or policy thresholds that effectively mimic random assignment in certain respects; see Remler
and Van Ryzin (2024) for an in-depth discussion.
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a whole, the CST is operationally implemented as an intensive data, modelling, and
governance exercise for the SI perimeter. LSIs may be indirectly exposed to the general
communication environment, but they are not directly subject to the CST’s reporting
requirements, bottom-up templates, or supervisory challenge process. In a difference-
in-differences framework, this means that common sector-wide climate communication is
absorbed by time effects, whereas the incremental treatment intensity induced by the CST
is concentrated among SIs. Put differently, the SI/LSI boundary isolates a supervisory
dose difference that is central to our quasi-experimental design.

A natural concern is that SIs and LSIs differ mechanically in size, business models,
and regulatory constraints. Two institutional features mitigate the force of this objection.
First, the SI/LSI distinction is a legal-supervisory classification defined by the SSM, not
a clean partition of fundamentally different banking technologies. In particular, many
LSIs in countries such as Germany and Austria belong to savings-bank or cooperative
networks that are partially mutualised through Institutional Protection Schemes (IPS).
IPS arrangements provide ex-ante risk sharing, monitoring, and support mechanisms at
the network level, which can make the relevant economic unit closer to a group than to
a stand-alone local bank (Haselmann, Krahnen, Tröger, and Wahrenburg, 2022). Con-
versely, some large mutualist networks are organised as consolidated groups supervised
as SIs (e.g., BPCE in France). These examples illustrate that the SI label is not syn-
onymous with a unique economic model; rather, it reflects the supervisory perimeter and
consolidation structure (Véron, 2024). This strengthens the case for using LSIs as an eco-
nomically meaningful counterfactual group, while acknowledging that residual differences
may remain.17

Second, even if levels differ across SIs and LSIs, our estimand is a difference-in-
differences in slopes. Identification does not require treated and control banks to have the
same average spreads, the same borrower mix, or the same baseline sensitivity to carbon
intensity. What is required is that, absent the CST, the evolution of the spread–intensity
semi-elasticity would have been parallel across the two groups once we condition on high-
dimensional fixed effects and controls. Empirically, we implement this by saturating
the specification with granular fixed effects that absorb time-varying bank heterogene-
ity and detailed borrower and loan characteristics, and by using reweighting strategies
when necessary to improve overlap in observables. This approach is designed to ensure
that remaining SI/LSI differences operate primarily through time-invariant (or smoothly
evolving) components that are netted out by the triple-difference structure, rather than
through discrete changes around the CST date. Therefore, the institutional threshold-
based assignment to SI status forms the foundation of our quasi-experimental design,
offering a credible avenue for isolating the causal impact of the CST on lending behavior
as reflected in the spread–emissions sensitivity.

Formally, let Db = 1 if bank b is an SI and thus directly subject to the CST, and Db = 0
otherwise. Our causal object is the CST-induced change in the sensitivity of loan spreads
to borrower carbon intensity. We estimate a triple-interaction specification in which the
credit-spread–intensity relationship is interacted with both a post-CST indicator and the
SI treatment indicator. The resulting coefficient identifies a DiD-in-slopes that captures
whether the CST shifts the spread–intensity schedule for treated banks relative to controls.

17See also the following article: https://www.revue-banque.fr/archive/
il-y-un-decalage-entre-analyse-economique-realite-YTRB16405
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Let ybdt(d) denote the potential credit spread that bank b would charge debtor d at
time t on a loan with carbon intensity x if the bank were, respectively, exposed or not
exposed to the CST. For each period t, define the conditional pricing schedule

µd
t (x) ≡ E [ybdt(d) | log(xdt) = x, ΦF E] , and θd

t ≡ ∂µd
t (x)

∂x
.

where θd
t is the slope with respect to borrower carbon intensity. Our estimand is a

difference-in-differences in slopes. Identification relies on a parallel-trends-in-slopes as-
sumption: absent the CST, the evolution of θ0

t would have been the same for SIs and LSIs
conditional on ΦF E.

6.1 Identification
We detail and discuss how the main assumptions required for causal identification align
with the institutional context of regulatory stress tests and how our empirical design is
adapted to mitigate potential sources of bias.

Parallel Trend Assumption. A key identifying assumption in our DiD design is the
parallel trend assumption: changes in outcomes for SIs would track changes in outcomes
for LSIs if the policy intervention had not occurred. In other words, absent the CST,
the slope of loan spreads with respect to debtor carbon intensity would have evolved
similarly over time for SIs and LSIs, after conditioning on fixed effects. This assump-
tion can be tested by evaluating pre-intervention trends in the spread–emissions slope,
estimating event-time interactions for SIs relative to LSIs. If the pre-treatment slope
coefficients are statistically indistinguishable from zero, any subsequent divergence in the
spread–emissions sensitivity is more credibly interpreted as resulting from the CST. If
systematic differences in outcomes between treated and untreated banks existed prior to
treatment, and these differences vary over time in ways not fully captured by the model
(e.g., due to time-varying confounders), residual selection bias could still emerge. In that
regard, our fixed-effect specifications aim to absorb persistent traits at both the bank and
borrower levels, thus reducing the scope for bias.

No-Anticipation Assumption. A condition for identification is that treated banks
do not substantially alter their behavior before the policy intervention in response to
anticipated changes in supervisory pressure. If banks subject to the CST had foreknowl-
edge of the stringency or precise design of the tests, they could adjust their loan pricing
or portfolio allocations in advance, contaminating the observed pre-intervention period
and violating the parallel trends assumption. Even though the general CST hypotheses
were disclosed by the ECB in November 2020, the exact methodology, scenarios, and
implementation details were circulated to the stress-tested banks only in October 2021.
We posit that detailed information regarding the exact scope and content of the CST
was not public until October 2021 and that, without such details, banks had limited
ability to implement targeted adjustments to the spread–emissions relationship. Empir-
ically, we assess the plausibility of this assumption by examining pre-CST dynamics in
the spread–emissions slope.
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The Stable Unit Treatment Value Assumption (SUTVA). Under SUTVA, po-
tential outcomes for each bank are assumed to be independent of the treatment status
of other banks. This rules out unmodeled spillover or peer effects that could bias the
estimation if a treated bank’s behavior influences other banks’ pricing strategies or risk
assessments. In our baseline specification we assume that such spillovers are limited and
do not materially change the spread–emissions relationship for LSIs. This assumption is
admittedly strong in a supervisory environment where the European banking supervision
green turn is manifest (see Section 3 for institutional details). The SSM CST, however,
was primarily designed as a micro-prudential exercise for directly supervised SIs rather
than as a broad sector-wide signaling tool. To the extent that LSIs nonetheless adjust
partially in response to supervisors’ public communication or to market learning from
SIs, our estimates of the CST effect on SIs are likely to be conservative, as such spillovers
would attenuate the difference between treated and control banks.

Endogeneity of Emissions Intensity. Our climate transition exposure proxy variable
is an ad hoc intensity metric (see Appendix B). The emissions component is predetermined
at the sector-country level and does not react to bank-level lending decisions at time t, and
the allocation across size classes relies on sectoral aggregates rather than on banks’ credit
portfolios. As a result, most of the variation in carbon intensity is plausibly predetermined
with respect to the CST. The only channel through which endogeneity may arise is the
firm-specific turnover in the denominator, which can respond to credit supply and other
shocks. However, our identification strategy does not require the carbon intensity to be
fully exogenous in levels; it relies instead on the weaker assumption that any feedback from
credit to firm turnover does not change differentially between SIs and LSIs exactly at the
CST date, conditional on our high-dimensional fixed effects. Under this condition, the DiD
slope coefficient can still be interpreted as the additional change in the spread–intensity
sensitivity for SIs relative to LSIs attributable to the CST.

6.2 Baseline Model
Time is monthly. Event time is τ = t−T0 with T0 = Oct. 2021; we restrict to a symmetric
window τ ∈ [−24, +24]. The outcome ybdt is the credit spread for bank b, debtor d, month
t. Emissions intensity xdt is defined in Appendix B. The treatment indicator TreatBankb

flags SIs; Postt = 1{t ≥ T0}.
Our baseline specification allows isolating a change in slope on log(xdt) for treated

banks in the post period:

ybdt = β1 log(xdt) + β2
[
Postt × log(xdt)

]
+ β3

[
TreatBankb × log(xdt)

]
+ θ

[
Postt × TreatBankb × log(xdt)

]
+ λcst + µbt + ϕl + εbdt .

(6)

Here, ϕl denotes loan-type fixed effects, λcst denotes country×size×time fixed effects, and
µbt denotes bank×time fixed effects. The joint inclusion of λcst and µbt absorbs, respec-
tively, time-varying pseudo demand and supply shocks.18 Inference relies on standard

18See Appendix D for statistical tests that support the substitution of debtor×time fixed effects by
country×time fixed effects.
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errors clustered at the bank level 19. We report four estimations: (i) FULL: all bank–
debtor pairs within the window; (ii) INC: incumbent pairs present both before and after
T0; (iii) INC-IPW: the same set of incumbent pairs as in INC, but estimated using inverse-
probability weights wbdt that reweight incumbents so that, within year-by-treatment cells,
their observable distribution of log(xdt) mirrors that of the FULL sample;20 and (iv)
INT: the INC sample augmented with bank×debtor fixed effects ηbd in Eq. (6), confining
identification to within-relationship month-to-month variation.

We define the causal marginal impact of the shock on the spread–emissions slope as
follows:

Slope DiD ≡ ∆ST − ∆SC ,

∆ST ≡ [TreatBankb = 1, Postt = 1] − [TreatBankb = 1, Postt = 0],

∆SC ≡ [TreatBankb = 0, Postt = 1] − [TreatBankb = 0, Postt = 0].

Within model (6) framework, the four groups map to:

[TreatBankb = 0, Postt = 0] = β1,

[TreatBankb = 0, Postt = 1] = β1 + β2,

[TreatBankb = 1, Postt = 0] = β1 + β3,

[TreatBankb = 1, Postt = 1] = β1 + β2 + β3 + θ.

Therefore it is straightforward to see that Slope DiD = θ. This parameter thus captures a
change in slope in the post-shock period that is specific to the treated banks. By including
Postt × TreatBankb × log(xdt), the specification performs a DiD in slopes conditional on
xdt, so that the sensitivity of the spread to carbon intensity becomes contingent on period
and treatment status.21

The dependent variable ybdt is a credit spread expressed in percentage points (pp),
so that a change of 0.01 percentage point corresponds to one basis point (bp). The
explanatory variable of interest, carbon intensity, is included in logarithms, giving the
baseline model (6) a level-log structure. This specification yields a semi-elasticity: a
coefficient θ means a 1% increase in the level of intensity corresponds to an approximate
0.01 unit change in log(xdt). This, in turn, changes ybdt by (θ × 0.01) pp. Since 1 bp is
0.01 pp, this is equivalent to a change of exactly θ basis points. Therefore, the coefficients
in Eq. (6) can be directly interpreted as the basis-point change in the spread for a 1%
increase in xdt.

The estimates in Table 2 point to a heterogeneous pattern in how banks price bor-
rowers’ carbon intensity. In Model (1), estimated on the FULL sample, the baseline
pre–treatment slope of credit spreads with respect to carbon intensity for control banks,
β1, is positive and significant: a higher carbon footprint is associated with higher loan
spreads even before the CST shock. The post–treatment difference in slope between
treated and control banks, β2, is essentially zero, and the pre–treatment change in the
slope for the control group, β3, is small and statistically insignificant. The triple–interaction

19The results are robust to two-way fixed effects distinguishing bank and time.
20See Subsection Appendix C.2 for more details.
21Note that the standard double-difference in means between the two groups is not tractable from

model (6) because we include bank×time fixed effects, which are perfectly collinear with the double-
difference coefficient.
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coefficient, θ, is also small and not significant. As a result, the implied post–treatment
slope for treated banks, β1 + β2 + β3 + θ, remains close to its pre–treatment counterpart.
At the aggregate level, Model (1) therefore does not provide compelling evidence that the
CST induced a discrete shift in carbon–risk sensitivity for treated banks.

Models (2) and (3), which restrict attention to incumbent borrower–bank relationships
and, in the latter case, reweight observations using inverse probability weights to account
for selection into the incumbent sample, reveal differential pattern. In both specifications,
the triple–interaction coefficient θ is negative and statistically significant in both models,
almost exactly offsetting the control-group post–treatment shift. These results suggest
that, on incumbent exposures, the CST does not lead treated banks to strengthen the
pricing of carbon risk relative to their own pre–shock behavior.

Model (4) isolates the intensive margin by including bank–debtor fixed effects and
exploiting only within–relationship variation in both spreads and carbon intensity. In
this specification, the baseline and interaction coefficients are small in magnitude, and the
triple–interaction parameter θ is again close to zero and far from statistically significant.
Once time–invariant relationship heterogeneity is fully absorbed, there is no evidence of
a differential change in the within–relationship pricing of carbon risk for treated banks
relative to comparable control relationships. Overall, across Models (1)–(4), the CST
does not appear to generate a robust, uniform increase in treated banks’ marginal pricing
of carbon intensity. Instead, the main detectable adjustment in carbon–risk sensitivity
arises for control banks in the incumbent sample, while treated banks’ pricing of carbon
risk remains broadly aligned with its pre–treatment pattern.
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Table 2. Baseline Model

Dependent Variable: Credit Spread
Model: (1) (2) (3) (4)

FULL INC INC (IPW) INT

Coefficients
β1 0.0682∗∗∗ 0.0204 0.0192 −0.0096∗∗

(0.0199) (0.0181) (0.0199) (0.0032)
β2 −0.0000 0.0382 0.0407 0.0120∗∗

(0.0256) (0.0258) (0.0275) (0.0042)
β3 0.0022 0.0933∗∗ 0.0966∗∗ −0.0116

(0.0315) (0.0312) (0.0318) (0.0102)
θ 0.0044 −0.0896∗∗ −0.0933∗∗ 0.0001

(0.0296) (0.0299) (0.0306) (0.0098)

Fixed-effects
Loan Type Yes Yes Yes Yes
Country-Size-Time Yes Yes Yes Yes
Bank-Time Yes Yes Yes Yes
Bank-Debtor No No No Yes

Fit statistics
Observations 2,214,084 1,186,746 1,186,746 1,186,745
R2 0.40091 0.42413 0.43793 0.80782
Within R2 0.00527 0.00363 0.00385 0.00008

Clustered (Bank) standard errors in parentheses.
Significance: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

6.3 Decomposition of Extensive and Intensive Margins
To sharpen the economic interpretation of the slope DiD, we decompose θ into channels
that correspond to intensive and extensive margins.22 Let Z ≡ Postt × TreatBankb ×
log(xdt) denote the post-shock slope regressor. Denote by θ̂F the OLS coefficient on Z in
the FULL sample, by θ̂R the corresponding coefficient in the INC sample, and by θ̂I the
coefficient in the INT specification. Although these coefficients are estimated on different
samples and specifications, they can be used to construct a descriptive decomposition of

22See Appendix F for further details on the rationale for the channels decomposition.

21



the overall effect as follows:

θ̂F = θ̂I︸︷︷︸
intensive margin

+ (θ̂R − θ̂I)︸ ︷︷ ︸
reallocation among incumbents

+ (θ̂F − θ̂R)︸ ︷︷ ︸
entry/exit (total)︸ ︷︷ ︸

extensive margin

. (7)

While this identity is not algebraically exact in the Frisch–Waugh–Lovell sense—
because θ̂F , θ̂R, and θ̂I are estimated on different sets of observations—it provides an
economically meaningful breakdown for interpreting the mechanisms through which the
aggregate slope effect materializes.

Intensive Margin. With bank×debtor fixed effects ηbd in the specification, identifica-
tion of θ̂I comes solely from month-to-month movements within a given bank-borrower
pair. Economically, θ̂I answers whether, after the CST, a given bank changed the markup
it applies to a given borrower as a function of that borrower’s carbon intensity, holding
the relationship fixed.

Reallocation Among Incumbents. The increment θ̂R−θ̂I isolates between-relationship
variation among continuing pairs within bank×month cells, after netting out within-pair
repricing. This channel captures how treated banks reweighted their lending across exist-
ing clients. A negative value of θ̂R − θ̂I indicates that treated banks reduced the share of
new lending to more carbon-intensive incumbents relative to less carbon-intensive ones,
thereby flattening the overall slope. Conversely, a positive value would indicate a shift
toward more carbon-intensive incumbents. This is purely a loan origination reallocation
effect: any within-relationship repricing is already captured by θ̂I .

Entry/Exit. The residual θ̂F − θ̂R captures how relationship turnover contributes to
the aggregate slope change. This component reflects both compositional changes in the
pool of active relationships and potential pricing differences for new versus exiting re-
lationships. The net entry/exit effect combines two distinct forces: (i) changes in the
carbon intensity composition of entering versus exiting relationships, and (ii) differential
pricing behavior for new versus departing relationships. To further disentangle the forces
operating along the entry/exit channel, we exploit the fact that the INC sample is a se-
lected subset of the FULL sample. For each year and treatment status, we estimate the
probability that a bank-firm pair is an incumbent as a function of its emissions intensity
and treatment status and construct inverse-probability weights.23 Let θ̂R,w denote the
coefficient on Z estimated in the INC sample using these weights. By construction, the
weighted incumbent sample approximates the FULL sample in terms of the observable
distribution of log(xdt), within year-by-treatment cells.24 Substituting θ̂R,w into (7) yields
the following equivalent decomposition:

θ̂F = θ̂I︸︷︷︸
intensive margin

+ (θ̂R − θ̂I)︸ ︷︷ ︸
reallocation among incumbents

+ (θ̂F − θ̂R,w)︸ ︷︷ ︸
entry/exit pricing

+ (θ̂R,w − θ̂R)︸ ︷︷ ︸
entry/exit composition︸ ︷︷ ︸

entry/exit (total)

. (8)

23See Subsection Appendix C.2 for more details.
24See Figure A3 compared to Figure A2 in Appendix A.
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The last bracket decomposes the entry/exit margin25 into a component that reflects
changes in pricing conditional on the reweighted distribution of emissions intensity—
the entry/exit pricing term θ̂F − θ̂R,w—and a residual component θ̂R,w − θ̂R that captures
how differences between the FULL and INC samples in the observable distribution of
log(xdt) contribute to the aggregate slope change. In other words, the extensive margin
itself can be disentangled as the sum of a composition effect (entry/exit composition in
observables) and a pricing effect operating on the extensive margin.

The entry/exit pricing term θ̂F −θ̂R,w captures whether treated banks price carbon risk
differently for transitory relationships (entering or exiting) compared to incumbents. A
positive value of θ̂F − θ̂R,w indicates that, conditional on the same observable composition,
the overall sensitivity of spreads to carbon intensity is higher in the FULL sample than
what would be expected from incumbent pricing alone. This suggests that treated banks
apply more carbon-sensitive pricing to transitory relationships than to incumbents. Con-
versely, a negative value indicates less carbon-sensitive pricing for transitory relationships
relative to incumbents.

The sign of the entry/exit composition term in Eq. (8) can be interpreted in a straight-
forward way using the stylized illustration in Figure 1. Recall that the term θ̂R,w − θ̂R,
where θ̂R is the DiD in slope coefficient estimated on the INC sample, and θ̂R,w is the
same coefficient estimated on INC after reweighting observations so that, within year-by-
treatment cells, the observable distribution of log(xdt) in the INC sample matches that of
the FULL sample. In this sense, θ̂R,w approximates the DiD in slope that would prevail if
only incumbent relationships were priced, but their emissions intensities were distributed
as in the FULL sample. A negative value of θ̂R,w − θ̂R therefore means that, when we
tilt the weights on stayers to reproduce the composition of the FULL sample in terms of
log(xdt), the DiD in slope becomes more negative. Holding fixed the conditional pricing
rule for incumbents, this can only occur if the FULL sample allocates relatively more
weight to low-intensity borrowers and/or less weight to high-intensity borrowers than the
INC sample.

The first Panel on the left-hand side of Figure 1 illustrates the case in which new
relationships are concentrated at higher values of credit spreads for given level of log(xdt)
(red dot): including these relationships rotates the fitted line upward relative to the
baseline. Right-hand side panel illustrates the complementary case in which new loans
to incumbent firms are concentrated at lower values of log(xdt) and lie below the baseline
line, so that adding these relationships pulls the aggregate fitted line downward.

25This decomposition relies on the assumption that selection into the incumbent sample is based on
observables log(xdt) and treatment status. Under this assumption, the IPW procedure creates a balanced
sample where composition differences are eliminated, allowing us to isolate the pure pricing effect.
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Figure 1. Composition Effect on Credit Spread

Notes: This figure illustrate the composition effect for the entry/exit extensive margin channel.
The same argument is valid for the reallocation among incumbents channel because in essence
we highligth a pure between effect net of within effect.

The estimates in Figure 2 provide an empirical counterpart to the decomposition in
Eqs. (7)–(8) and help clarify how the nearly zero aggregate effect of the CST on pricing
in Model (1) of Table 2 masks sizable and offsetting adjustment margins. Recall that
the triple–interaction coefficient on carbon intensity for treated banks, θF , is small and
statistically insignificant, suggesting no clear net change in the overall sensitivity of loan
spreads to borrowers’ carbon intensity for treated institutions. The decomposition shows
that this aggregate null is the result of two economically meaningful mechanisms that
operate in opposite directions, while the other margins appear negligible.
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Figure 2. Channels Decomposition
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Notes: Point estimates derived from Table 2. Confidence intervals and p-values are computed
from B = 499 wild bootstrap replications with Rademacher weights, clustered at the bank level
(see Appendix F for details on the bootstrap approach and see Table G2 for an alternative way to
presenting the results).

First, in accordance with Model (4) of Table 2, the intensive margin is estimated to be
essentially zero. The CST does not appear to have induced treated banks to systematically
reprice carbon risk for a given borrower–bank pair, conditional on the relationship being
maintained.

By contrast, the Reallocation among incumbents channel is negative (−0.09) and sig-
nificant at the 1% level. Interpreted through the lens of the decomposition, this term
captures how treated banks adjust the allocation of new lending across continuing re-
lationships within bank–month cells, after netting out any within–pair repricing. The
negative sign implies that, relative to the control group, treated institutions tilt origina-
tion away from more carbon–intensive incumbents and/or towards less carbon–intensive
incumbents.

This negative reallocation effect is almost exactly offset by a positive (0.10) and signif-
icant Entry/Exit pricing component. The positive sign indicates that, conditional on the
same composition in log(xdt), treated banks apply more carbon–sensitive pricing to tran-
sitory relationships than to the pool of incumbents. In other words, while the reallocation
channel compresses the carbon premium among continuing clients, the pricing applied on
the extensive margin (entry and exit) steepens the spread–intensity relationship relative
to what would be implied by incumbents alone.

The remaining Entry/Exit composition term is small and statistically indistinguish-
able from zero. This suggests that, once we control for pricing behavior, compositional
differences between stayers and transitory relationships along the carbon dimension do
not materially contribute to the aggregate slope effect. Put differently, the extensive mar-
gin operates primarily through differential pricing of entering and exiting relationships,
rather than through large shifts in the relative frequency of high- versus low–intensity
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borrowers.
Therefore, the decomposition framework indicates that the CST did not generate

a uniform strengthening of carbon–risk pricing across all exposures. Instead, treated
banks adjust along offsetting margins: they green the composition of new lending among
incumbents while simultaneously applying more carbon–sensitive pricing on the margin of
relationship turnover. The net effect at the portfolio level is an aggregate slope DiD that
is small, but underpinned by economically meaningful reallocations and pricing responses.

6.4 Event-Study
We now turn to the estimation of a dynamic specification that allows capturing, month
by month, how the sensitivity of credit spreads to carbon intensity changes for CST
banks around the shock date. Let k ∈ {−24, . . . , 24} denote event time relative to T0 =
Oct. 2021. The equation is:

ybdt = β1 log(xdt) +
∑

k ̸=−1
β2,k

[
1{τ = k} × log(xdt)

]
+ β3

[
TreatBankb × log(xdt)

]
+
∑

k ̸=−1
θk

[
1{τ = k} × TreatBankb × log(xdt)

]
+ λilt + µbt + εbdt .

(9)

where λilt and µbt are fixed effects defined above. We normalize the month k = −1 as the
reference, so each θk measures the change in the intensity slope for treated banks at event
month k relative to k = −1, net of saturated confounders. Standard errors are clustered
by bank. As for model (6), we report four samples.

Figure 3 allows us to assess the parallel–trends assumption in slope form. Recall that
each coefficient θk measures, for event month k, the change in the carbon–intensity slope
for treated banks relative to control banks, compared to the reference month k = −1,
after saturating the fixed effects and lower–order interactions.

In the FULL sample (Figure 3, top–left panel), the estimated θk coefficients fluctu-
ate moderately around zero both before and after the October 2021 onset. In the year
immediately preceding the shock (roughly k ∈ [−9, −2]), the point estimates are small
and their confidence intervals systematically include zero, consistent with the absence of
strong differential pre-trends in the slope of credit spreads with respect to carbon inten-
sity over this window. At longer leads (e.g., k ≤ −15), some coefficients become positive
and occasionally imprecisely estimated, which cautions against interpreting very long pre-
periods as perfectly flat. After the shock (k ≥ 0), the path of θk remains without a clear
structural break relative to the late pre–shock months: most coefficients are modest in
magnitude and not statistically distinguishable from zero. This dynamic pattern is fully
in line with the static result in Model (1) of Table 2.

The incumbent sample without reweighting (Figure 3, top–right panel) exhibits a
similar qualitative structure but with a clearer contrast between pre– and post–shock
behavior. In the pre–treatment period, especially in the last year before the CST, the
θk coefficients hover around zero and are generally imprecise, suggesting that treated
and control banks had comparable carbon–slope dynamics among incumbents prior to
the shock. After k = 0, however, the coefficients tend to drift into negative territory,
particularly from about k = 2 onward, even though individual months are often only
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borderline significant given the sampling variability.
The IPW specification (Figure 3, bottom–left panel), shows a sharper dynamic re-

sponse. Pre–treatment coefficients in the late pre–period remain close to zero, supporting
the parallel–trends assumption in the reweighted incumbent sample over that window.
From approximately two months after the shock, the θk path turns persistently negative,
with several coefficients significantly below zero at conventional levels over a horizon of
roughly one year. This indicates a sustained post–CST decline in the carbon–intensity
slope for treated banks relative to matched controls once we control for compositional
differences.

By contrast, the intensive–margin specification with bank–debtor fixed effects (Fig-
ure 3, bottom–right panel) shows θk coefficients that are uniformly small and very im-
precise throughout the event window. Both before and after the shock, the confidence
intervals for the dynamic intensive–margin coefficients overwhelmingly include zero, with
no evident systematic drift in either direction.

The event–study results are coherent with the earlier static and decomposition anal-
ysis. Moreover, they show that over the late pre–CST period, slope differences between
treated and control banks are broadly consistent with parallel trends in all four specifica-
tions.

Figure 3. Event-Study Coefficients (95% CI)
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The dynamic channel decomposition in Figure 4 refines the interpretation of the
event–study results by showing, month by month, how each margin contributes to the
overall treatment–slope coefficient θ̂k in the FULL sample. Complementing the static de-
composition in Figure 2, it confirms that the aggregate effect of the CST masks sizeable
but offsetting adjustments along distinct margins of banks’ lending behavior.

Figure 4. Monthly Channels Decomposition (95% CI)
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Notes: Point estimates derived from Figure 3. Confidence intervals and p-values are computed
from B = 499 wild bootstrap replications with Rademacher weights, clustered at the bank level
(see Appendix F for details on the bootstrap approach).

The top–left panel shows that the contribution of within–relationship repricing to θ̂k

is small and non significant throughout the event window.
By contrast, the top–right panel exhibits a clearer directional pattern. In the pre–CST

period, contributions are mostly positive or near zero, suggesting no strong pre–trend
relative to the reference month. After the shock, the incumbent–reallocation compo-
nent gradually turns negative especially from the early post period onward, but remains
mostly insignificant. This dynamic profile aligns with the negative and statistically sig-
nificant reallocation estimate in the static decomposition. It indicates that treated banks
progressively reweight lending away from more carbon–intensive incumbents toward less
carbon–intensive continuing clients, thereby reducing the aggregate sensitivity of spreads
to carbon intensity through a green rebalancing of their existing loan portfolio rather than

28



through within–relationship repricing.
The bottom–left panel highlights the opposite force operating along the extensive mar-

gin. The entry/exit pricing contribution to θ̂k becomes clearly positive in the post–CST
period. From shortly after k = 0 onwards, the point estimates are sizeable—often in the
range of 0.08 to 0.17—and for many months the confidence intervals exclude zero. This
pattern mirrors the positive and significant entry/exit pricing term in the static decompo-
sition and confirms that treated banks apply more carbon–sensitive pricing to transitory
relationships (new or exiting borrowers) than would be inferred from incumbent pricing
alone. Dynamically, this channel appears both stronger and more persistent than sug-
gested by a single post dummy, with a sustained positive contribution over much of the
post–shock horizon.

Finally, the bottom–right panel shows that the composition component is predomi-
nantly negative, but relatively small, and most of the time non significant over the window.
These results are in line with the insignificant composition effect in the static decompo-
sition.

Similarly to the static case, the dynamic decomposition reconciles the apparently
muted aggregate response of θ̂F

k in the event–study. The monthly contributions from
entry/exit pricing are persistently positive after the CST, indicating that treated banks
charge more carbon–sensitive spreads on transitory relationships. At the same time, re-
allocation among incumbents and, to a lesser extent, entry/exit composition contribute
negatively, reflecting a gradual shift of credit toward less carbon–intensive borrowers.
These opposing forces largely offset each other in the aggregate, even though the under-
lying margins are actively adjusting. In this sense, the dynamic channel decomposition
shows that the CST did not leave pricing behavior unchanged, but rather induced a
combination of more stringent brown pricing responses on transitory exposures and green
reallocation on the core portfolio, whose net effect at the portfolio level is close to neutral.

6.5 Reallocation Across Intensity Bins
To complement the DiD and event–study evidence on extensive margins, we quantify
directly how treated banks reshaped the within–bank–month composition of new orig-
inations across the distribution of emissions intensity. We discretize xdt into deciles
q ∈ {1, . . . , 10} using pre–treatment loans of treated banks to fix the cutoffs.26 Let
Nbqt denote the number of new loans originated by bank b in month t to borrowers in bin
q. Define TPbt ≡ TreatBankb × Postt and take the cleanest decile q = 1 as the reference
category.

We estimate Poisson pseudo–maximum likelihood (PPML) models with bank–month
fixed effects µbt and bin fixed effects δq for loan counts:

E [Nbqt | ·] = exp
(

µbt + δq +
∑
q≥2

βN
q 1 {TPbt = 1}1 {q}

)
,

26Fixing the bins in the pre–treatment period prevents the thresholds from moving endogenously with
treatment.
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By construction, each coefficient β(·)
q captures, for treated banks in the post–CST pe-

riod, the within–bank–month log change in the expected mass of new lending allocated to
decile q relative to the cleanest decile q = 1, net of common time shocks and bank–specific
time shocks.

The fixed–effects structure and the interaction terms imply a multinomial allocation
across bins. Let δ̂q denote the estimated bin fixed effects and β̂(·)

q the estimated treat-
ment–post interaction for decile q in the number of new loans originated specification.
The corresponding predicted within–bank–month shares are given by

spre
q = exp(δ̂q)∑10

j=1 exp(δ̂j)
, (10)

spost
q = exp(δ̂q + β̂q)∑10

j=1 exp(δ̂j + β̂j)
. (11)

for the post–treatment allocation under treatment. Eqs. (10)–(11) correspond to the
standard softmax mapping: a negative β̂(·)

q shifts mass away from decile q (relative to
q = 1) in the treated–post regime, while renormalization ensures that shares sum to one
across all deciles.

Table 3 reports the PPML estimates. Model (1), based on number of new loans
originated, indicates that treated banks substantially reweight new originations away
from the most carbon–intensive decile after the CST: the coefficient for q = 10 is large
and negative, with additional declines for several upper and middle deciles.

Translating these estimates into predicted shares using (10)–(11), Table 3 shows that
the share of the most carbon–intensive decile q = 10 falls by 6.49 percentage points in
terms of the number of new loans, with offsetting increases in cleaner deciles. These
patterns are fully consistent with our earlier decomposition results: the cross–sectional
spread–intensity slope becomes more negative mainly because treated banks reallocate
new originations across clients (reallocation among incumbents and entry/exit composi-
tion channels), while changes in the within–relationship slope among incumbents remain
comparatively limited.

The PPML evidence makes the mechanism behind the aggregate estimates transpar-
ent. Following the European CST, treated banks intensify climate–risk differentiation at
the portfolio level by redirecting new originations toward less carbon–intensive borrowers
within each bank–month cell. This reallocation is pronounced in terms of the number of
newly granted loans. These findings reinforce the interpretation that the observed adjust-
ments in the spread–intensity slope primarily reflect between–client reallocation rather
than systematic within–pair repricing.
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Table 3. PPML Reallocation and Predicted Shares by Intensity Decile

PPML Model Predicted Shares

Decile q Coefficient Pre (%) Post (%) ∆ pp

1 Ref. 9.89 12.36 +2.47

2 −0.1626∗∗ 10.15 10.78 +0.63
(0.0589)

3 −0.1452∗ 10.40 11.24 +0.84
(0.0740)

4 −0.1206 10.20 11.30 +1.10
(0.0822)

5 −0.0725 9.57 11.12 +1.55
(0.0581)

6 −0.1483∗ 9.80 10.56 +0.76
(0.0596)

7 −0.2255∗ 10.25 10.22 −0.03
(0.0892)

8 −0.2068∗ 10.15 10.31 +0.16
(0.0950)

9 −0.3217∗ 10.61 9.61 −1.00
(0.1447)

10 −1.502∗∗∗ 8.99 2.50 −6.49
(0.2813)

Fit statistics & Fixed-effects
Bank-Time & Bin FEs Yes
Observations 37,490
Pseudo R2 0.9338

Notes: The table reports the PPML reallocation coefficients and the predicted within-
bank-month shares. Decile 1 is the omitted reference category. Clustered (Bank) standard
errors are in parentheses. Significance: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ·p < 0.10.
Shares are computed via the softmax mapping spre

q in (10) and spost
q in (11), renormalized

to sum to 100%. Deciles are defined using pre-treatment loans of treated banks.

Lastly, in Appendix G we also document asymmetric and non-linear effects of the
EU-wide CST.

7 Robustness Checks
In this section we conduct a series of robustness checks to ensure that our results are robust
to the particular design of the CST. Recall that the CST hypotheses were disclosed by the
ECB in November 2020, but the exact methodology was circulated to the stress-tested
banks in October 2021. In our previous specifications, we posited as a condition for
identification that treated banks do not alter their behavior before the policy intervention
in response to anticipated changes. Therefore, we assumed that detailed information
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regarding the exact scope and content of the CST was not public until October 2021.
This is a somewhat strong assumption. Also, as aforementioned some French banks
had already participated in a national ACPR pilot exercise in 2020, which might be
interpreted as a staggered treatment setting. Therefore, we will also control for this
particular configuration. In the following, we consider (i) alternative shock dates as well
as a Placebo exercice, and (ii) a staggered design of the stress test. Differences in treatment
intensity are investigated in the following section.

7.1 Alternative Climate Stress Test Shock
We first assess the sensitivity of our findings to the timing of the CST shock. In the
baseline specification, the treatment onset T0 is set to October 2021, when the detailed
methodology and templates of the ECB climate stress test were circulated to participating
banks. This implicitly assumes that banks did not adjust their lending behaviour in
anticipation of the exercise based solely on the earlier publication of the CST hypotheses
in November 2020. To relax this assumption, we re–estimate the baseline model and
the associated channel decomposition using November 2020 as the alternative shock date,
thereby treating the disclosure of the broad CST design as the relevant information arrival.

Table 4 reports the resulting decomposition of the alternative full–sample slope effect
θ̂F

alt into intensive and extensive margins. The intensive–margin component remains es-
sentially zero. This confirms that redefining the shock date does not uncover any hidden
within–relationship repricing of carbon risk. The pattern for the extensive margin is also
qualitatively stable. The reallocation among incumbents channel is still negative and
statistically significant at the one–percent level, only slightly smaller in magnitude than
the baseline estimate. Hence, even when the post–CST period is expanded to start in
late 2020, treated banks continue to tilt new lending away from more carbon–intensive
incumbent borrowers relative to cleaner incumbents. The entry/exit pricing component
remains positive, although it is now not significant, while the entry/exit is stil insignif-
icant. Compared with the baseline decomposition in Table G2, the alternative–shock
results suggest some attenuation and redistribution of the extensive–margin contribution
across pricing and composition, but no reversal of sign.
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Table 4. Channel Decomposition Alternative Shock

Channels Estimands

Intensive margin 0.0002
(0.0086)

Reallocation among incumbents −0.0788∗∗∗

(0.0276)
Entry/Exit pricing 0.0343

(0.0230)
Entry/Exit composition 0.0186

(0.0184)

Significance: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
Notes: Point estimates derived from Table A3. Standard errors (in parentheses) and p-values are
computed from B = 499 wild bootstrap replications with Rademacher weights, clustered at the
bank level (see Appendix F for details on the bootstrap approach).

From an econometric perspective, redefining the shock date is closely related to a
placebo exercise, but it does not constitute a standard placebo design with a period of
pure non-treatment. In many DiD settings, moving the treatment date strictly before the
actual policy intervention serves as a pure falsification test: any sizeable effect estimated
around the placebo date would point to spurious pre-trends or confounding shocks. In our
case, however, November 2020 is not a period of pure non-treatment: it corresponds to the
public disclosure of the CST hypotheses, which constitutes an earlier and weaker informa-
tion event preceding the full methodological release of October 2021. The November 2020
specification should therefore be interpreted as an alternative treatment definition that
captures the possibility of anticipatory adjustments, rather than as a standard placebo
with no economic content.

Viewed in this light, the comparison between Tables G2 and 4 is informative. If our
baseline October 2021 results were mainly driven by pre-existing trends between treated
and control banks, then, under reasonably smooth pre-trends, one would expect the
November 2020 dating to generate effects of similar magnitude—or even larger—simply
because more of the pre-trend would be mechanically absorbed into the post period.
Instead, the core qualitative structure of the decomposition remains intact but some-
what attenuated. The intensive margin continues to play no role in either specification.
The reallocation among incumbents channel stays negative and statistically significant,
though slightly smaller in absolute value under the alternative shock, and the entry/exit
margin remains positive but becomes less precisely estimated and partially reallocated
from pricing to composition. This pattern is consistent with a gradual build-up of the
CST effect—under an interpretation in which the main portfolio rebalancing is triggered
by the detailed methodological implementation in late 2021, while the initial hypothesis
disclosure in November 2020 induces only limited anticipatory adjustment.

Put differently, using November 2020 as the onset date can be viewed as a conservative
robustness check: it both allows for early anticipatory responses and, by construction, in-
creases the risk that pre-trends contaminate the post period. The fact that we still recover
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the same sign pattern across channels—no intensive-margin effect, a persistent negative
reallocation among incumbents, and a positive but noisier entry/exit component—is reas-
suring and, under the maintained assumptions about pre-trends, suggests that our baseline
findings are not merely an artefact of an arbitrary choice of October 2021. Rather, they
appear qualitatively robust to a broader window that treats the earlier CST communica-
tion as part of the treatment process, and this broader definition does not reveal any large,
spurious effects that would be clearly inconsistent with the DiD identification strategy.

Figure 5. Alternative Monthly Channels Decomposition (95% CI)
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Notes: Point estimates are derived from Eq. (9) with an alternative shock. Confidence intervals
and p-values are computed from B = 499 wild bootstrap replications with Rademacher weights,
clustered at the bank level (see Appendix F for details on the bootstrap approach).

As an additional falsification exercise, we re-estimate the baseline non-staggered spec-
ification using a placebo shock date set to November 2019, with a symmetric 12-month
window around this date (see Appendix I). This placebo predates the methodological
release of the ECB climate stress test in October 2021 and also occurs before the main
phase of climate-stress-test implementation. The θ coefficient of equation 6 is not statisti-
cally significant, and the channel decomposition does not provide significant results with
the correct sign. Overall, the placebo exercise corroborates the identifying assumptions
underlying the main estimates.
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7.2 Staggered Design
We also address the staggered nature of banks’ exposure to CST: the French exercise
(FCST) in 2020 preceded the ECB-wide exercise (ECST) in 2022. Under such stag-
gered adoption recent literature showed that the canonical estimators can be biased.27

Therefore, we use a staggered DiD design robust to these issues. We follow the modern
DiD literature in separating identification, estimation and aggregation. Our parameter
of interest is the change, for treated banks, in the conditional slope of the credit spread
with respect to carbon intensity relative to a control group, which gives each loan the
same weight and correspond to the effect for a typical loan in the sample, in the spirit of
Callaway and Sant’Anna (2021) and Borusyak et al. (2024).

Identification. Identification relies on a parallel trends in slopes assumption: absent
exposure to climate stress testing, the evolution over time of this slope would have been
the same for treated cohorts and for never–treated or not–yet–treated banks, conditional
on our rich set of fixed effects. We also maintain standard no-anticipation and no-spillover
assumptions.

Estimation. For each bank b we define a bank–specific onset month Tb as the first month
in which it is exposed to either the FCST or the ECST, and set Tb = +∞ for institutions
that are never treated. We then adopt an interaction–weighted event–study specification
that compares treated banks to either never–treated or not–yet–treated banks and allows
treatment effects to vary across cohorts and over time. Let the event time be τbt ≡
t − Tb for treated banks, and introduce the treatment indicator Dbt ≡ 1[t ≥ Tb] for
those banks, while Dbt ≡ 0 for never–treated institutions, so that τbt is never in the
post–treatment region for the latter. As before, xdt denotes the carbon intensity, ybdt the
credit spread on the loan between bank b and debtor d at time t, and λcst, µbt, ϕl and ηbd

are country–size–time, bank–time, loan–type and bank–debtor fixed effects, respectively.
We partition treated banks into cohorts g ∈ G according to their onset month Tb,

and let Bg be the set of banks in cohort g. Following Sun and Abraham (2021), for each
cohort g, we conceptually construct a stacked sample that contains banks in Bg together
with comparison units that are either never treated or not yet treated at time t. On this
g–specific stack, we estimate the following interaction–weighted specification:

ybdt = β1xdt+
∑
g∈G

βg

(
1[b ∈ Bg]·xdt

)
+
∑
g∈G

∑
k∈K

k ̸=−1

θg,k

(
1[b ∈ Bg]·1[τbt = k]·xdt

)
+λcst+µbt+ϕl+εbdt,

(12)
where event month k = −1 is omitted and thus serves as the reference period. By construc-
tion, each coefficient θg,k measures, for cohort g, the change at event time k in the slope of
the credit spread with respect to climate intensity xdt, relative to the pre–treatment month
k = −1, , while the comparison banks (never–treated or not–yet–treated) provide the over-
all baseline level of this slope. Under the assumptions discussed above, θg,k can thus be

27See, for instance, Strezhnev (2018); de Chaisemartin and d’Haultfœuille (2020); Callaway and
Sant’Anna (2021); Goodman-Bacon (2021); Sun and Abraham (2021); Sun and Shapiro (2022); Borusyak,
Jaravel, and Spiess (2024); Wooldridge (2021, 2023) For recent surveys, see de Chaisemartin and
d’Haultfœuille (2023); Roth, Sant’Anna, Bilinski, and Poe (2023) and Zhu (2025).

35



interpreted as an average treatment–on–the–treated effect on the spread–carbon–intensity
slope for cohort g at event time k. This interacted specification corresponds to the first
step of Sun and Abraham (2021) interaction–weighted estimator applied to a DDD object
(the slope with respect to xdt): it recovers a collection of cohort–by–event–time effects
{θg,k}g,kthat play the same role as their cohort–specific CATTs.28

Aggregation. We estimate specification (12) on several samples or weighting schemes
s ∈ S. For each sample s, this delivers a collection of coefficients θ̂

(s)
g,k and cell counts n

(s)
gk

for cohort g at event time k. To construct scalar estimands that summarize the post-
onset effects of the French and European CST, we partition the set of treated cohorts
into two mutually exclusive subsets GF and GE according to whether their onset month
Tb falls in the FCST wave or in the subsequent ECB-wide ECST wave. For m ∈ {F, E},
let Gm denote the corresponding subset of cohorts, and let Km denote the set of post-
treatment event months over which we wish to summarize the effect (e.g., all k ≥ 0
within the estimation window). In the spirit of Sun and Abraham (2021), we interpret
the aggregated parameters as interaction–weighted (IW) averages.

We consider event-time averages across cohorts (i.e., dynamic IW effects). Let GCST ≡
GF ∪ GE denote the set of all treated cohorts and let KCST denote a common post-
treatment event-time window. For each sample s and each event month k ∈ KCST, we
compute an event-time–specific, observation-weighted IW average of the cohort-specific
effects at that relative time:

ν̂
(s)
k =

∑
g∈GCST

ω
(s)
gk|dyn θ̂

(s)
g,k,

∑
g∈GCST

ω
(s)
gk|dyn = 1,

where the weights ω
(s)
gk|dyn are proportional to the number of observations in each (g, k)

cell of sample s at event time k,

ω
(s)
gk|dyn ∝ n

(s)
gk for g ∈ GCST.

The resulting path {ν̂
(s)
k : k ∈ KCST} is the DDD analogue of the interaction–weighted

dynamic treatment effects of Sun and Abraham (2021), and should be interpreted as
event–time–specific, observation–weighted averages of cohort–level effects for a typical
loan in sample s.29

We also define an overall post-treatment IW estimand that averages across all treated
cohorts and all post-onset event months in KCST:

ν̂
(s)
CST =

∑
g∈GCST

∑
k∈KCST

ω
(s)
gk|CST θ̂

(s)
g,k,

∑
g∈GCST

∑
k∈KCST

ω
(s)
gk|CST = 1,

with weights ω
(s)
gk|CST proportional to the number of observations in cell (g, k) of sample

s. This estimand provides a global post-onset average treatment-on-the-treated effect on
the spread–carbon–intensity slope for a typical loan across both the FCST and ECST
waves.30

28Figure A7 presents the coefficients for each sample s, event-time k, and cohort g.
29Figure A8 presents the results for different underlying populations.
30Table A4 presents the results for different underlying populations.
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Inference. For all aggregated estimands, we compute standard errors via the delta
method applied to the clustered covariance matrix of the regression coefficients and treat-
ing aggregation weights as fixed.

Channels Decomposition. Lastly, we use the framework laid out in Section 6.3 to
decompose the estimands and we present the results below.

In the non-staggered specification, where we treat the CST as a single shock hitting
all SIs in October 2021, the channel decomposition in Table G2 delivers a very sharp nar-
rative. The aggregate DiD in the spread–intensity slope is close to zero because a sizeable
negative reallocation among incumbents is almost exactly offset by a positive entry/exit
pricing component of similar magnitude, while the intensive margin and the entry/exit
composition term are essentially negligible. In that framework, the CST appears to in-
duce banks to green the composition of new lending within incumbent relationships (tilting
origination away from more carbon-intensive incumbents) but, at the same time, to apply
more carbon-sensitive pricing on the extensive margin (entry and exit), so that the overall
portfolio-level slope effect is small but masks large offsetting mechanisms.

Table 5 revisits this decomposition using the staggered estimand ν̂
(s)
CST, which aver-

ages cohort-specific effects over both the French pilot and the ECB-wide CST and over
post-onset event months. Once exposure timing is taken into account, the pattern of chan-
nels becomes somewhat different. The intensive margin is now slightly negative (−0.011)
but remains statistically insignificant, so there is still no robust evidence of systematic
within-relationship repricing of carbon risk. The reallocation among incumbents channel,
which was large and negative in the non-staggered design, shrinks to a small positive and
insignificant value. This suggests that the strong greening among incumbents effect in
the single-shock specification was at least partly an artefact of forcing all CST-related
adjustments into a single break date: when we allow for staggered adoption and dynamic
cohort-specific responses, the average post-onset rebalancing within the incumbent port-
folio is much closer to zero. By contrast, the entry/exit pricing channel remains positive
and statistically significant, although its magnitude is substantially smaller than in the
non-staggered case. This indicates that the extensive margin continues to be the main
source of carbon-sensitive adjustment once we aggregate across CST waves and event
times: treated banks price transitory relationships more steeply in carbon intensity than
incumbents, but the strength of this effect is more modest and spread out over time and
cohorts. Finally, the entry/exit composition term becomes small, negative, and statisti-
cally significant, but its magnitude is very small relative to the pricing channel, implying
that differences in the observable composition of entering and exiting borrowers play a
secondary role.
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Table 5. Staggered Channels Decomposition by Cohort

Channels Estimands

Intensive margin −0.0110
(0.0106)

Reallocation among incumbents 0.0147
(0.0098)

Entry/Exit pricing 0.0264∗∗

(0.0130)
Entry/Exit composition −0.0038∗∗∗

(0.0016)

Significance: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
Notes: Point estimates are derived from Table A4. Standard errors (in parentheses) and p-values
are computed from B = 499 wild bootstrap replications with Rademacher weights, clustered at the
bank level (see Appendix F for details).

However, these staggered estimands should be interpreted with caution because they
rely on a strong modelling simplification: once a bank is exposed to a stress test, it is
treated forever (absorbing treatment), and we compress treatment into a single binary
indicator. In practice, banks move through a sequence of treatment states—FCST only,
then FCST+ECST for French SIs, and ECST-only for non-French SIs—so we are closer
to a multi-valued treatment setting than to a pure one-time binary shock. The recent
literature on staggered designs with multi-valued or sequential treatments emphasises
that collapsing such states into a single treated dummy generally identifies a complicated
mixture of effects, weighting together transitions such as never → FCST → FCST+ECST
and never → ECST-only in a non-trivial way. In our context, this means that the staggered
CST channels reported in Table 5—and the underlying estimand in Table A4—should be
read as average effects along the observed treatment paths, not as clean marginal effects
of adding the ECST on top of the FCST or of the CST in isolation. Hence these patterns
should be interpreted as suggestive rather than fully structural: they highlight where the
adjustment margins are likely to be, but a richer multi-valued staggered framework would
be needed to cleanly separate the incremental effects of the FCST and the ECST.
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Figure 6. Staggered Channels Decomposition (95% CI)
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Notes: Point estimates are derived from Eq. (12). Confidence intervals and p-values are computed
from B = 499 wild bootstrap replications with Rademacher weights, clustered at the bank level
(see Appendix F for details).

Finally, Figure 6 decomposes the dynamic estimand into the four channels over event
time. Overall, the profiles confirm that the typical-loan response of the spread–intensity
slope is not driven by systematic within-relationship repricing. This channel remains
small throughout: estimates hover close to zero, with only a modest uptick around the
onset of climate stress testing and then drifting slightly into negative territory.

The pattern of the reallocation–among–incumbents channel in the staggered speci-
fication is quite different from the single-shock baseline. In the standard event-study
design, reallocation turns clearly negative after the CST date and remains so for most
post-treatment months, suggesting a persistent shift of lending away from more carbon-
intensive incumbent borrowers. In the staggered event–study, the reallocation series in-
stead hovers close to zero throughout the window, and there is no pronounced break in the
neighbourhood of the onset date. This pattern implies that once we allow treatment to ar-
rive in different waves and aggregate across cohorts, there is little evidence of a systematic
greening or browning of the incumbent portfolio. The main adjustment margins in the
staggered design thus come from the extensive margin—captured by the entry/exit pric-
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ing channel—rather than from large, persistent reallocations of credit among continuing
bank–firm relationships.

Indeed, the entry/exit pricing channel is close to zero before the shock, then becomes
increasingly positive a few months after treatment and stays elevated over most of the
post-onset window. This points to a gradual strengthening of carbon-sensitive pricing
on the extensive margin: new and terminating relationships are priced with a steeper
spread–intensity slope than what would be implied by incumbents alone. In contrast,
the entry/exit composition component remains quantitatively small and statistically in-
distinguishable from zero at almost all horizons, indicating that differences in observable
characteristics between stayers and non-stayers play only a minor role. Taken together,
the dynamic decomposition underscores that, in the staggered setting, climate stress test-
ing primarily operates through portfolio recomposition and differential pricing of entry
and exit, rather than through large, sustained adjustments in within-relationship semi-
elasticities.

8 Difference in Treatment Intensity
In this section, we retain the econometric framework used in the previous sections but
address a different question. Whereas our baseline analysis focused on identifying the
average effect of the CST on banks’ lending behaviour—by comparing SIs (treated) with
LSIs (control)—we now ask whether the intensity of the treatment matters. Recall that
the theoretical model in Section 4 treats the CST as an information shock. The present
empirical exercise can therefore be viewed as probing the role of signal quality: we test
whether banks subject to a more demanding and informative version of the CST adjust
their pricing more strongly.

To do so, we exploit an additional institutional feature of the ECB’s 2022 CST, which
is organised in three complementary modules. All SIs were required to participate in
Modules 1 and 2, which collect information on banks’ internal climate stress testing capa-
bilities, their exposures to carbon-intensive sectors, and financed emissions. By contrast,
only a subset of 41 SIs were selected—under a principle of proportionality—to partici-
pate in Module 3, a bottom-up stress test requiring banks to project credit losses under
transition and physical risk scenarios. This latter module entails substantially greater
supervisory scrutiny and a deeper quantitative engagement with climate risks than in
Modules 1 and 2. In our setting, this naturally induces a second treatment dimension:
banks participating in Module 3 are classified as treated institutions, while the remaining
SIs that only contribute to Modules 1 and 2 form the control group.

We estimate a variant of Eq. (6) in which the key quantity of interest is the triple in-
teraction between climate intensity, Module 3 participation and the post-CST period. We
compare the evolution of credit spreads for more and less climate-exposed loans granted
by Module 3 banks to the corresponding evolution for otherwise similar loans extended
by banks that only participated in Modules 1 and 2. The triple-interaction coefficient θ
then measures the differential change, after the CST, in the sensitivity of credit spreads
to climate intensity for Module 3 banks relative to other SIs.

The choice of Module 3 participation as a treatment indicator is tightly linked to the
institutional logic of the exercise. Selection into the bottom-up module is not random:
these banks are typically larger or more advanced in terms of data infrastructure and
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climate risk modelling. From our perspective, this selection reflects the supervisor’s view
that these institutions are sufficiently prepared to internalise and operationalise detailed
climate stress test results. The parameter θ is therefore interpreted as the incremental
effect of a more intrusive and quantitatively demanding CST on the pricing of credit
risk, over and above the common information and governance channel that arises from
participation in Modules 1 and 2, which applies to the full SI universe.

The channel decomposition in Table 6 suggests that the answer to the question: does
undergoing the more demanding Module 3 generate an additional shift in carbon–risk
pricing? is, at least in the short run and on average, essentially no.

The estimates indicate that Module 3 marginal tightening of supervision does not
translate into a detectable amplification of carbon-sensitive pricing along any of the three
margins. The intensive margin coefficient is very close to zero, indicating no systematic
incremental repricing of a given bank–borrower relationship for Module 3 banks relative
to other SIs. The reallocation channel is positive in magnitude, which is suggestive of
stronger portfolio tilting among incumbents for Module 3 participants, but insignificant.
Likewise, the entry/exit component is small and statistically indistinguishable from zero,
pointing to no clear additional adjustment on the extensive margin within the SI universe.

Table 6. Channel Decomposition Modules 1&2 vs. Module 3

Channels Estimands

Intensive margin 0.0035
(0.0105)

Reallocation among incumbents 0.0330
(0.0208)

Entry/Exit (total) 0.0023
(0.0167)

Significance: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
Notes: Point estimates derived from Table A3. Standard errors (in parentheses) and p-values are
computed from B = 499 wild bootstrap replications with Rademacher weights, clustered at the
bank level (see Appendix F for details on the bootstrap approach).

From the perspective of the hypothesis that CST corresponds to an information shock,
this pattern is informative. The main action seems to come from crossing the threshold
into being stress-tested as an SI at all: once banks are exposed to Modules 1&2, any
extra information or discipline delivered by Module 3 does not show up as a further,
robust strengthening of the spread–carbon–intensity slope. This can be read in two ways.
One interpretation is that the baseline CST common to all SIs is already sufficient to move
pricing and portfolios, so that the marginal supervisory pressure from Module 3 operates
more on internal risk processes, disclosure and governance than on observable loan rates.
Another, complementary view is that organisational frictions, capital and business-model
constraints, or expectations about the permanence of the exercise limit how far banks can
adjust their lending policies in response to additional stress-test modules. In either case,
the comparison between SIs and LSIs captures a first-order shift in behaviour, whereas
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the within-SI contrast between Modules 1&2 and Module 3 points to the absence of any
incremental effects on the pricing of carbon risk.

9 Conclusion
This paper has studied how the ECB’s 2022 CST is reflected in banks’ pricing and al-
location of credit across borrowers with different carbon intensities. Using AnaCredit
loan-level data matched to an ad hoc firm-level emissions intensity measure, we esti-
mate a difference-in-differences-in-differences design in which the triple interaction be-
tween CST exposure, a post-CST dummy, and log carbon intensity identifies changes
in the spread–emissions semi-elasticity for treated banks. By nesting two increasingly
restrictive samples, we decompose the aggregate slope effect into four economically dis-
tinct channels: within-relationship repricing (intensive margin), reallocation of lending
among incumbents, entry/exit pricing at a given observable composition, and entry/exit
composition effects.

The baseline specification delivers a small and statistically insignificant net effect of
the CST on the overall spread–intensity slope. However, the decomposition shows that
this aggregate masks two sizeable and offsetting adjustments. Treated banks do not sys-
tematically reprice existing relationships as a function of carbon intensity once we control
for bank–debtor fixed effects, indicating little evidence of intensive-margin repricing. In-
stead, they reallocate new lending away from more carbon-intensive incumbent borrowers,
consistent with a tightening of credit supply for brown firms relative to greener incum-
bent firms. At the same time, treated banks apply more carbon-sensitive spreads on
the extensive margin—entry and exit of relationships—than on the pool of incumbents,
which steepens the spread–intensity profile on transitory relationships. The net portfolio
effect is therefore close to zero in the aggregate, but it is underpinned by economically
meaningful reallocations and differential pricing across margins.

Extending the analysis to a staggered setting that aligns banks by their first exposure
to either the French pilot or the ECB-wide CST and aggregates across cohorts delivers
a more nuanced picture. Once timing of adoption is taken into account, the realloca-
tion among incumbents channel is statistically insignificant, while the main contribution
continues to come from entry/exit pricing, which remains positive and significant but
is substantially smaller than in the single-shock design. In the staggered framework,
the typical-loan effect of climate stress testing therefore arises primarily through more
carbon-sensitive pricing of entering and exiting relationships, with only limited evidence
of systematic portfolio rebalancing among continuing bank–firm pairs or of large changes
in observable composition.

These staggered results should nonetheless be interpreted cautiously. The empirical
implementation adopts an absorbing binary treatment indicator: once a bank has par-
ticipated in any climate stress test, it is defined as treated for all subsequent periods.
In practice, banks move through a sequence of treatment states—no CST, French pilot
only, French pilot plus ECB-wide CST, or ECB-wide CST only—so the data generating
process is probably closer to a multi-valued, sequential treatment setting than to a single
one-time intervention. The recent literature on staggered designs with multi-valued treat-
ments shows that collapsing such states into a single treated dummy recovers mixtures of
transition effects rather than clean marginal impacts of each step.
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A complementary exercise exploits heterogeneity in treatment intensity within the set
of SIs by comparing banks that participated in the CST’s bottom-up Module 3 with SIs
that only contributed to the more qualitative Modules 1 and 2. Here the evidence for
additional adjustment at higher treatment intensity is limited. The triple-interaction co-
efficient for Module-3 banks indicates only a modest and statistically insignificant increase
in the spread–intensity slope relative to other SIs, and the associated channel decomposi-
tion does not reveal a clearly distinguishable pattern on the intensive or extensive margins.
One interpretation is that the main supervisory signal is already delivered by the CST as
a whole—through common scenarios, data collection and supervisory dialogue—and that
the incremental effect of the more demanding bottom-up module on pricing behaviour
is modest relative to the heterogeneity in banks’ pre-existing capabilities and business
models.

We also document that adjustments are asymmetric with respect to the direction
of change in borrower emissions intensity. When we allow the spread–intensity semi-
elasticity to differ between months in which a borrower’s intensity is rising and months in
which it is falling, treated banks display more negative post-CST slopes in both regimes in
the incumbents sample, with the effect being more pronounced when intensity decreases.
Once bank–debtor fixed effects are added, the asymmetric triple-interaction terms become
statistically insignificant, and the associated channel decomposition attributes essentially
none of the asymmetry to within-relationship repricing. Instead, the entire asymmetric
response loads on reallocation among incumbents: treated banks tilt new lending away
from more carbon-intensive borrowers both when their intensity increases and when it
decreases, but the reweighting is stronger in periods of decarbonisation. This pattern
is consistent with banks conditioning their portfolio choices on both the level and the
trajectory of emissions intensity, rewarding transitions away from carbon dependence
more strongly than penalising temporary setbacks.

Taken together, these findings are compatible with the hypothesis that climate stress
tests influence lending behaviour in a way that is reminiscent of the impact of tradi-
tional solvency stress tests on risk-taking. Acharya et al. (2018) show that banks fac-
ing tighter supervisory scrutiny reduce credit supply to relatively risky borrowers rather
than compensating risk with higher spreads. In our context, SIs exposed to the CST
do not uniformly increase the carbon premium across all loans. Instead, they reallocate
credit away from carbon-intensive incumbents and use the extensive margin to apply more
carbon-sensitive pricing to marginal relationships. In that sense, CSTs appear to operate
primarily as portfolio-rebalancing devices—shifting the composition of lending towards
relatively greener firms—rather than as broad price-level shocks on the intensive margin.

Nevertheless, because of data limitations and concurrent regulatory developments, we
remain cautious in making strong causal claims. Our firm-level intensity measure is im-
puted from sector–country–size emissions and turnover rather than directly observed at
the borrower level, and other climate-related supervisory initiatives and disclosure re-
quirements were rolled out over the same period. These factors imply that our estimates
could capture the combined effect of the CST and the broader supervisory green turn
rather than a pure CST treatment effect. Nevertheless, the consistent sign pattern across
specifications, robustness to alternative shock timings, and stability of the channel decom-
position suggest that the CST played a substantive role in reshaping the way euro-area
SIs allocate and price carbon-intensive credit risk.
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From a policy perspective, our results underscore that climate stress tests can affect
banks’ behaviour even in the absence of explicit brown penalising capital charges. By
revealing portfolio vulnerabilities and forcing banks to quantify sectoral and borrower-
level exposures, the CST appears to encourage a gradual rebalancing away from carbon-
intensive incumbents and a sharper pricing of carbon risk on the margin, while leaving
average spreads broadly unchanged. Future research could explore the real-economy con-
sequences of this reallocation—on investment, emissions trajectories, and firm entry and
exit—as well as the interaction between stress tests and other climate policies. On the
supervisory side, our evidence points to the importance of designing stress-test exercises
that not only generate aggregate risk metrics but also provide sufficiently granular infor-
mation to influence bank-level portfolio decisions along both the intensive and extensive
margins.
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