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Abstract

Macroprudential policies aim to enhance financial system resilience, yet evidence on their 
effectiveness during stress remains limited. Stress episodes typically prompt banks to 
conserve capital by tightening credit, especially to riskier borrowers – behaviour that looser 
macroprudential policy is designed to mitigate. Against this backdrop, we examine the impact 
of the UK’s countercyclical capital buffer (CCyB) release during the Covid-19 pandemic. 
Leveraging confidential regulatory data, we exploit cross-sectional variation in how the CCyB 
reduction translated into changes in individual banks’ capital requirements. We combine this 
with granular mortgage-level data and local infection rates to study lending behaviour and 
risk‑taking. We find that the CCyB release enabled banks to sustain lending – maintaining 
higher loan values and lower prices – and to preserve credit availability for riskier borrower 
segments. Our results point to the presence of buffer usability frictions, and provide robust 
evidence that looser macroprudential policy can mitigate credit-crunch dynamics during 
systemic stress.
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1 Introduction
Since the introduction of Basel III, macroprudential capital requirements have become a corner-
stone of efforts to curb cyclical vulnerabilities and systemic risk. Their effectiveness is therefore
of central interest to academics and policymakers alike, yet evidence remains uneven across dif-
ferent phases of the credit cycle. On the one hand, tighter policy measures are well-documented
to enhance resilience by moderating credit-driven booms and strengthening banks’ capacity to
absorb losses (e.g., Acharya et al., 2022; Altunbas et al., 2018; Benbouzid et al., 2022; Claessens
et al., 2013; Dell’Ariccia et al., 2016; Galán, 2020; Meuleman and Vander Vennet, 2020; Tzur-
Ilan, 2023). By contrast, evidence on the effectiveness of loosening interventions in sustaining
banks’ supply of credit during systemic stress (e.g., Jiménez et al., 2017) remains relatively
scarce. Evidence on lender-based policy-loosening tools, relative to borrower-based measures, is
especially limited and fragmented (Cerutti et al., 2017), owing to several empirical challenges
in identifying their causal effects. Challenges stem from the infrequent use of such tools since
Basel III, their deployment during crises – raising endogeneity concerns – and limited data on
bank-level transmission, which often forces studies to treat interventions as binary and assume
uniform effects across banks (e.g., Alam et al., 2019).1

To address this gap, we study a lender-based macroprudential policy intervention aimed at
loosening conditions – the UK’s release of the countercyclical capital buffer (CCyB) during
Covid-19 – and examine its impact on mortgage credit supply. Leveraging confidential regulatory
data, we exploit cross-sectional heterogeneity in how the CCyB release translated into changes
in individual banks’ capital requirements. To study banks’ lending behaviour, we draw on
loan-level data for the universe of new mortgage originations. Household credit is central to
financial stability (Epure et al., 2024; Mian et al., 2013), and helps minimise confounding from
pandemic-era fiscal support, which mainly targeted corporates and existing borrowers. Using a
difference-in-differences design over January 2019–December 2020, we find that the CCyB release
sustained mortgage lending and preserved banks’ risk-taking capacity – as measured across a
range of granular borrower risk characteristics – during the height of the pandemic by mitigating
procyclical tightening. While we address identification challenges in detail below, we note that
the contrasting price and quantity adjustments that we find following the policy change are
consistent with a credit-supply interpretation of our results (Biswas et al., 2022; Juelsrud and
Wold, 2020; Mian et al., 2017).

The CCyB, introduced under Basel III, is a time-varying capital buffer designed to mitigate
procyclicality in the financial system (Financial Stability Forum, 2009). At the onset of the
pandemic, only a handful of jurisdictions had a positive CCyB to release.2 The UK was among

1Among the macroprudential capital actions documented in Altunbas et al. (2018) for 61 countries between 1990
and 2012, only 17% were relaxations. See also Galati and Moessner (2018) for a comprehensive review.
2Of the 27 BCBS member jurisdictions, eight entered Covid-19 with a non-zero CCyB; six released it entirely,
one lowered it, and one kept it unchanged (BCBS, 2021).
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them: in March 2020 the Bank of England reduced its CCyB from 1% to 0% to support lend-
ing by increasing banks’ loss-absorbing capacity and reducing deleveraging incentives. Because
the UK CCyB is calibrated to domestic credit risk-weighted assets, its release generated het-
erogeneous reductions in bank-specific capital requirements (bounded between 0–1%) that we
can directly observe using confidential regulatory data. Our measure therefore captures the
actual transmission of the policy through regulatory capital mechanics, rather than relying on
researcher-constructed proxies.3

During stress, banks face tighter capital constraints, closer supervision, costly equity issuance,
higher risk-sensitive funding, and risk of unexpected losses (Cornett and Tehranian, 1994; Gam-
bacorta and Mistrulli, 2004; Gropp and Heider, 2010a; Lindquist, 2004; Myers and Majluf, 1984;
Stolz and Wedow, 2011; Van den Heuvel, 2002). These pressures induce a tightening of credit
supply, especially for riskier borrowers, who are more exposed to flight-to-quality shocks and
face risk-weights that are more sensitive to macroeconomic conditions (Bernanke et al., 1996;
Behn et al., 2016; Faria-e Castro, 2019), amplifying downturns (e.g., Bernanke, 1983). CCyB
cuts can in principle relax binding capital constraints and preserve lending and risk-taking ca-
pacity. But their effectiveness remains contested (Cerutti et al., 2017; Claessens et al., 2013),
with limited supporting evidence particularly for stress periods. Credibility and materiality are
pivotal: measures seen as temporary or too small are likely to incur time inconsistency problems,
undermining their intended effects (Jermann and Xiang, 2025). The UK’s Covid-era CCyB cut
is thus a salient test, as it was implemented immediately, was paired with clear forward guidance,
and materially eased regulatory constraints at a critical juncture.4

In our sample, the average UK bank benefitted from a CCyB cut of 0.72 percentage points
of risk-weighted assets, equivalent to roughly 9% of its voluntary capital surplus above total
requirements. For our analysis, we group banks based on the degree of capital-relief they received
from the CCyB release, i.e. the extent to which the CCyB cut quantitatively ‘passed through’
to their capital requirements. Banks experiencing a greater transmission of the CCyB release
to their capital requirements (of ≥ 50% pass-through), henceforth ‘high capital-relief’ banks,
received an average cut of 95 basis points, while low capital-relief banks received a cut of 22
basis points. We study the responses of capital surpluses, loan rates and loan values for high
capital-relief banks relative to their peers after the onset of Covid-19, which acts here as an
exogenous shock to credit risk, unrelated to pre-pandemic bank capital positions or CCyB pass-
through rates.

Using balance sheet data, we begin by documenting that, in aggregate, most banks sought to
defend their capital ratios following the onset of Covid-19, demonstrating the materiality of
3Prior studies have proxied exposure using announcement effects (Benbouzid et al., 2022; Couaillier and Henricot,
2023), pre-existing sectoral exposures (Auer et al., 2022; Basten, 2020; Behncke, 2023), cross-country variation
(Couaillier et al., 2022b), or branch geography (Dursun-de Neef et al., 2023).
4Following the UK CCyB cut in March 2020, the Bank of England communicated that any subsequent increase
would occur no earlier than March 2022 and would be conditional on capital depletion during the stress.
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capital constraints under stress. However, banks with high capital-relief did so to a lesser extent
than their peers.

We then show that these banks leveraged the relative stability of their capital positions to
maintain looser credit supply conditions, offering lower interest rates and higher loan amounts
for new mortgage originations. Our baseline methodology employs highly granular bank-type
× borrower-type × postcode × quarter fixed effects, which account for differences in credit
demand dynamics across borrower types within the same postcode and bank type, as well as
local macroeconomic conditions.5 For a high capital-relief bank with an average loan rate of
2.0 pp in 2019 Q4, this corresponds to a decline of roughly 7 basis points. This magnitude is
economically meaningful as it represents about 12% of the cross-sectional standard deviation
of interest rates in the full sample. Using a back-of-the-envelope calculation on aggregate new
originations in 2019 in our sample, we find that high capital-relief banks extended approximately
GBP 3.8 billion of additional credit in 2020, relative to a counterfactual without CCyB release.
Throughout, we confirm that outcomes for high and low capital-relief banks evolved similarly
before the policy change was implemented.

Finally, we zoom in on riskier loans, a segment of central interest to academics and policymakers.
Evidence on how looser capital requirements affect banks’ risk-taking in stress is scarce, even
though credit to these borrowers tightens sharply in downturns. Consistent with this, we find that
riskier mortgage products on offer contracted and were priced up at the onset of the pandemic,
indicative of heightened sector-wide risk aversion. We measure borrower risk in multiple ways
and estimate a specification with a triple interaction between the risk proxy, high capital-relief
status, and the post-Covid-19 period, controlling for bank × borrower-type × postcode × quarter
fixed effects. We first use loan-to-value (LTV) ratios, as higher LTV loans carry higher default
risk (Benetton et al., 2018; Corbae and Quintin, 2015; Lazarov and Hinterschweiger, 2018).
Moreover, influencing banks’ willingness to continue lending to these borrower segments may be
where macroprudential easing could have greatest real effects, given that high-LTV households
are shown to be particularly sensitive in their consumption to wealth shocks (e.g., Mian et al.,
2013). We then interact this with two complementary borrower characteristics, first-time buyers
(Kelly et al., 2015; McCann and O’Toole, 2019) and high loan-to-income (LTI) borrowers, to
capture particularly risky classes along joint risk dimensions (Campbell and Cocco, 2015).

In addition, we also use local-area Covid-19 infection rates as an exogenous and geographically
varied shock to borrower risk. Specifically, Covid-19 case rates at the local level represent a shock
to household cash flows, which can significantly increase mortgage default probabilities (Ganong

5Bank type refers to the categorization of banks based on size; borrower type refers to the categorization of
borrowers as either first-time buyers, remortgagors, home-movers, or council/ social tenant buyers; and 3-digit
postcode refers to a granular local area or district that contains approximately 25,000 people based on the 2021
census and is roughly one-quarter the size of the average U.S. county based on 2020 data (Office for National
Statistics, 2021; US Census Bureau, 2020). There are 2,780 postcode districts in our dataset, with an average
of 625 newly issued loans per district.
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and Noel, 2022). Case rates were correlated with regionally heterogeneous UK government
policies such as lockdown restrictions and adverse economic outcomes due to the spread of the
disease, including higher sickness rates and unemployment. Across our range of measures of
borrower risk, we show that banks experiencing high capital-relief were better able to maintain
risk-taking capacity, consistently charging lower interest rates and extending higher loan values
for riskier loans relative to their counterparts.

Our empirical design includes a comprehensive set of bank-level controls to capture heterogeneity
in risk assessments, business models, balance-sheet structures, and geographic footprints. Iden-
tification nonetheless hinges on addressing three additional challenges: separating credit supply
from contemporaneous demand shifts during Covid-19; mitigating pre-existing differences be-
tween high and low capital-relief banks; and ensuring that our measure of CCyB pass-through
does not reflect unobserved bank characteristics. We summarize the logic here and provide more
details in Section 4.

The first key challenge is to distinguish credit supply from contemporaneous demand shifts,
particularly those shaped by pandemic-related fiscal support. This concern is especially acute in
cross-country settings, where CCyB changes coincide with demand-side dynamics and country-
specific interventions. Our single-country design, together with mortgage register data and
granular geographic fixed effects, mitigates local demand shocks, borrower-risk heterogeneity,
and indirect effects of Covid-19 support schemes. Because mortgage data preclude Khwaja and
Mian (2008)-type approaches, we follow methods used in credit-register studies (e.g., Peydró
et al., 2023 for the UK; Epure et al., 2024 for Romania) and in corporate lending designs with
industry–location–size–time fixed effects (e.g., Hans et al., 2019). To address residual demand
concerns, we run two additional checks: restricting the sample to remortgagors – who experienced
a sharp and persistent fall in demand in 2020 based on survey evidence (Bank of England, 2021b)
– and applying the Amiti and Weinstein (2018) method to extract bank-supply shocks. Both
yield similar results. Importantly, our analysis uses both prices and quantities information: they
move in opposite directions, which is inconsistent with a pure demand explanation and instead
supports a supply-side response to the CCyB cut.

The second challenge is to ensure that systematic differences between high and low capital-
relief banks do not drive post-pandemic lending patterns, either directly or through interactions
with Covid-19 support policies. We verify conditional parallel trends in capital surpluses, loan
rates, and loan values before the pandemic, and results remain robust when we align banks on
pre-treatment observables using covariate-balancing propensity-score matching. Nevertheless,
two potential sources of bias merit particular attention. First, high capital-relief banks may
have been better capitalised pre-pandemic and thus more able to expand lending irrespective
of CCyB benefits. To address this, we measure each bank’s voluntary surplus over regulatory
buffers using confidential supervisory data and control for it directly in our lending analysis,
while granular bank × time fixed effects absorb these differences in our risk-taking analysis.
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Second, lending behaviour may reflect market specialisation (Peek and Rosengren, 1997, 2000).
If specialisation correlates with CCyB relief, estimates could be biased, so we control for pre-
pandemic mortgage shares, government-guaranteed lending, and a granular measure of mortgage-
market specialisation (Paravisini et al., 2023). Broader international diversification, central to
cross-sectional CCyB transmission, cannot be included directly, motivating our use of demanding
bank or bank-type × borrower-type × postcode × time fixed effects, which absorb time-varying
diversification or rely on comparability within bank types. Finally, to account for structural
determinants of CCyB relief, we implement a control-function strategy, regressing 2019 relief on
a rich set of pre-pandemic characteristics and bank type fixed effects and using the residual as
idiosyncratic variation. We find that the results are unchanged.

Overall, our key contribution is to leverage the UK’s experience with the CCyB during Covid-19
as a rare empirical opportunity to assess the effectiveness of looser macroprudential policy.
Using data on both prices and quantities, high-dimensional fixed effects, and complementary
identification strategies, we provide causal evidence that the CCyB can mitigate procyclical credit
dynamics under stress. Pricing evidence is particularly sparse but is valuable for macroprudential
analysis because mortgage rates both affect application composition via adverse selection and
moral hazard and propagate to consumption among liquidity-constrained borrowers with high
marginal propensities to consume (Jaffee and Russell, 1976; Stiglitz and Weiss, 1981; Cloyne and
Surico, 2017; Benetton et al., 2021). Moreover, focusing on risk-taking allows us to document
how the CCyB release bolstered banks’ capacity to sustain lending to the riskiest borrower
segments, highlighting the importance of considering joint borrower risk dimensions rather than
analysing each in isolation.

Our results speak directly to policy debates on the ‘usability’ of regulatory capital buffers since
the Covid-19 pandemic. The CCyB forms part of the broader capital-buffer architecture, which
requires banks to hold additional buffers above minimum regulatory requirements. These buffers
are intended to be drawn down during stress to absorb losses and smooth credit-crunch dynam-
ics without breaching minima.6 In practice, however, operating within buffer requirements can
trigger heightened supervisory scrutiny, market stigma, and automatic restrictions on capital
distributions – such as dividends, additional Tier 1 (AT1) coupon payments, and variable re-
muneration – that tighten as buffers are depleted (e.g., Garcia Pascual and Abad, 2022; BCBS,
2021; Berrospide et al., 2024; Borsuk et al., 2020; Carvalho et al., 2022; Drehmann et al., 2020).

Our empirical evidence supports the presence of these buffer-usability frictions. We find that
while all banks increased their CET1 surpluses during Covid-19, the relative improvement was
most pronounced among those entering the pandemic with lower surpluses above buffer require-
ments. Our regression specifications also show that banks with lower pre-pandemic surpluses

6The usability of capital buffers, and their macroprudential purpose, is embedded in the regulatory framework
(see, for example, Chapter RBC30, BCBS, 2021) and was emphasised by authorities prior to the pandemic,
including in 2019 by the Basel Committee on Banking Supervision (BCBS, 2019).
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materially tightened credit conditions, extending smaller loans at higher prices.

By contrast, a CCyB release directly increases banks’ distance from the point at which the afore-
mentioned frictions bind, enabling them to deploy freed-up capital to support credit provision
without incurring regulatory or market-induced penalties. Moreover, relative to ad hoc or dis-
cretionary reductions in other capital requirements, the advantages of the CCyB framework may
stem from its credibility and transparency: releases are implemented immediately and typically
accompanied by clear guidance on timelines for implementing any buffer changes. Macropru-
dential authorities may therefore enhance the countercyclical effectiveness of their frameworks
by increasing the share of capital buffers that are explicitly releasable in downturns.

Related literature and contribution Our paper contributes to two main strands of the
literature: the effectiveness of looser macroprudential policies, and the procyclicality of lending
and bank capital. In relation to the first, most empirical work focuses on tools involving policy
tightening – including Basel III measures – that restrict credit supply (e.g., Auer et al., 2022;
Basten, 2020; Behncke, 2023; Epure et al., 2024), while evidence on accommodative actions re-
mains limited.7 Cross-country evidence suggests that lender-based policy-loosening tools may
be less effective in supporting credit during periods of stress (e.g., Aiyar et al., 2014; Altunbas
et al., 2018; Cantú et al., 2020; Cerutti et al., 2017; Claessens et al., 2013; Valencia et al., 2020),
although these studies also highlight the limited history and endogenous nature of such inter-
ventions. Single-country evidence on relaxation effects largely predates Basel III and relies on
earlier regulatory changes that only approximate CCyB releases, such as dynamic provisioning
in Spain (Jiménez et al., 2017), unexpected capital releases in Slovenia (Sivec and Volk, 2023),
and time-varying bank-specific capital requirements (Aiyar et al., 2014; Imbierowicz et al., 2018).
As countries increasingly adopt time-varying capital requirements with a macroprudential focus
– including the CCyB in the UK and the stress capital buffer in the US – studying their im-
plementation under Basel III in a stress environment becomes increasingly important for policy
evaluation.

Recent work (Bedayo and Galán, 2024; Couaillier et al., 2022b; Dursun-de Neef et al., 2023),
to which our paper is closely related, examines how capital and supervisory easing during the
pandemic shaped lending outcomes. Dursun-de Neef et al. (2023) use aggregate data and proxy
banks’ exposure to CCyB cuts through their branch locations, showing that banks with more
branches in countries that cut the CCyB expanded lending during Covid-19. Couaillier et al.
(2022b) use loan-level corporate data to show that banks benefitting from permanent capital
7Theoretical studies show that raising the CCyB can reduce downside risks to GDP and credit volatility, and
enhance financial stability (e.g., Ampudia et al., 2021; Benes and Kumhof, 2015; Drehmann and Gambacorta,
2012; Faria-e Castro, 2019; Galán, 2020; Gersbach and Rochet, 2017; Karmakar, 2016; Tayler and Zilberman,
2016), as well as lower default probabilities and system-wide losses (Bui et al., 2017; Couaillier and Henricot,
2023). Empirically, sectoral CCyB activation in Switzerland led to a shift away from residential mortgages (Auer
et al., 2022), higher mortgage rates (Basten, 2020), and reduced risk-taking (Behncke, 2023). Epure et al. (2024)
show that macroprudential policies dampen the impact of global financial conditions on local credit cycles.
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and supervisory relief increased loan volumes. Their analysis is based on combined micropru-
dential and national-level CCyB releases. In our setting, we are able to move beyond proxies or
aggregate measures of capital relief by directly observing the magnitude of bank-specific CCyB
pass-through based on actual policy implementation. This sharpens causal identification and
supports clearer macroprudential policy evaluation. In addition, the UK CCyB cut was not ac-
companied by reductions in other capital buffers or minimum requirements, allowing for cleaner
isolation of effects.

Consistent with these studies, we find direct evidence that the UK CCyB cut supported lending
during the pandemic, while extending the literature along several dimensions. First, our loan-
level mortgage origination data allow us to provide novel evidence on pricing and banks’ risk-
taking capacity at a uniquely granular level. In particular, we show that CCyB relief lowers prices,
not only increases aggregate volumes, and supports lending to riskier borrowers as measured
across a range of complementary borrower risk characteristics. The evidence on risk-taking
– especially when considering combinations of borrower risk dimensions jointly – adds to the
broader literature on how changes in capital requirements affect banks’ credit supply.

Second, econometrically, we identify causal effects of the CCyB release on banks’ supply of credit
during the pandemic. We address common identification challenges through three distinctive
features of our empirical strategy: the isolation of bank-specific CCyB transmission based on
actual policy implementation, rather than branch-weighted proxies or uniform changes; the use
of granular geographical fixed effects and bank- and borrower-level controls to disentangle credit
supply dynamics from credit demand and to account for systematic differences across banks;
and our focus on the UK mortgage market, where fiscal guarantees were limited – reducing
policy confounding (e.g., Altavilla et al., 2021; Minoiu et al., 2021) and avoiding the conflating
of domestic and foreign lending, which can behave differently in crises (Cetorelli and Goldberg,
2012).

Moreover, we provide direct evidence on the materiality of capital constraints at the onset
of stress, clarifying why loosening macroprudential policy can be effective. Our results show
that explicitly releasable buffers – such as the CCyB – are drawn down in stress, whereas
usable-but-non-releasable buffers are not. This distinction offers an important insight for Basel
III capital design and highlights the value of rules-based, state-contingent macroprudential policy
(e.g., Galati and Moessner, 2013; Jermann and Xiang, 2025; Kydland and Prescott, 1977)).
Together, our findings provide new evidence on how buffer design shapes policy effectiveness in
crisis.

We also contribute to the broader literature on the procyclicality of lending and bank capital
requirements.8 Our empirical results align with the state-dependent framework of Lang and
8See, for example, Acharya et al. (2012); Admati et al. (2014); Baker and Wurgler (2015); Berrospide and Edge
(2019); Carlson et al. (2013); De Jonghe et al. (2020); Favara et al. (2021); Fraisse et al. (2020); Gropp et al.
(2019); Greenwood et al. (2017); Kashyap et al. (2010); Mendicino et al. (2020); Plosser and Santos (2024),
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Menno (2023), who show that capital-requirement releases are most effective in supporting lend-
ing in adverse macroeconomic conditions, when banks face losses and both the equity-issuance
constraint and the capital-requirement constraint are binding. Rather than focusing on the risk
sensitivity of Basel III capital requirements (as in Behn et al., 2016; Repullo and Suarez, 2012),
we show how macroprudential policy design – specifically, the releasability of buffers – can help
mitigate procyclical lending incentives.

2 Institutional background and policy exposure
Capital requirements in the UK combine three sets of standards addressing micro and macropru-
dential risks, each with different eligibility criteria for capital instruments (Figure D.1). Here,
we focus on risk-weighted requirements and capital buffers, leaving broader framework details
to Appendix D. Risk-weighted requirements are based on a percentage of risk-weighted assets
(RWAs), while concurrently applied leverage requirements are calculated as a share of leverage
exposure. Both standards include minimum and buffer components. The third standard, Min-
imum Requirement for Own Funds and Eligible Liabilities (MREL), applies only to major UK
banks to enhance recapitalisation capacity for resolution. MREL can be met with regulatory
capital or eligible liabilities – long-term, unsecured, subordinated debt often referred to as ‘bail-
in’ bonds (Bank of England, 2021a). Minimum requirements must be met at all times and can
include various instruments (Common Equity Tier 1, Tier 1, Tier 2). Buffers sit above these
minima and must be met with CET1, the highest-quality capital.

Introduced under Basel III, regulatory buffers include the CCyB, the capital conservation buffer
(CCoB), and systemic buffers – like the global systemically important bank (G-SIB) surcharge.
Unlike minimum requirements, buffers serve a macroprudential purpose and are designed to be
‘usable’ in stress, absorbing losses while supporting continued provision of critical services (see
Chapter RBC30, BCBS, 2021; BCBS, 2019). However, temporary operation within buffers trig-
gers automatic restrictions on distributions (dividends, AT1 coupons, variable pay), and may
invite market stigma or heightened supervisory scrutiny, including recapitalisation plans. To
mitigate these frictions during the pandemic, the Bank of England’s Financial Policy Commit-
tee (FPC) urged banks to use their buffers in a 27 March 2020 statement, reinforced by the
Prudential Regulatory Authority (PRA) in April 2020 (Bank of England, 2020a,c), and sup-
ported by analysis showing that continued lending would be net beneficial (Bank of England,
2020b).

CCyB vs. other capital buffers However, the CCyB differs from other buffers and ad-
hoc capital requirements in several key respects. Most notably, it can be explicitly cut, or
‘released’, in response to changing macroeconomic conditions. Once released, the capital is free

among others.
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of regulatory constraints if drawn down. This effectively increases the bank’s voluntary surplus,
creating additional headroom relative to its requirements and enhancing loss-absorbing capacity.
In doing so, a CCyB release sidesteps the regulatory frictions associated with buffer use, such as
automatic distribution restrictions, market stigma, and heightened supervisory scrutiny.

In addition, the CCyB’s legislative framework and active use make its implementation transpar-
ent, credible, and material, in contrast to ad-hoc or discretionary measures that can be introduced
during stress (see Galati and Moessner, 2013). The FPC sets the CCyB rate quarterly, adjusting
UK banks’ capital requirements to reflect evolving risks over the financial cycle. Conditions for
changes are explicitly outlined in the FPC’s approach document (Bank of England, 2023). The
FPC maintains a positive neutral CCyB rate of around 2% when cyclical vulnerabilities are near
historical norms and banks appear resilient enough to absorb shocks. Notably, the FPC cut on
09 March 2020 took effect immediately, while any subsequent increase was deferred until March
2022, subject to the usual 12-month implementation lag and contingent on banks’ post-stress
capital positions.

Heterogenous policy exposure based on capital-relief Under its regulatory definition,
the UK CCyB rate is set as a percentage of a bank’s UK credit RWAs. The degree of pass-through
is bounded between 0 and 1 and defined as:

CCyB Pass-Through Rateb,t =
UK credit RWAsb,t
Total RWAsb,t

(1)

Banks with higher pass-through rates are more exposed to UK credit markets and thus more
sensitive to changes in the CCyB. We use this variation to test whether the CCyB cut affected
banks differently based on their capital relief, controlling for a range of confounders which we
detail below. Table A.1 shows that, on average, UK banks experienced a 0.72pp reduction in
capital requirements following the March 2020 CCyB release – roughly an 9% increase in the
simple voluntary headroom, defined as the gap between CET1 resources and requirements (see
Section 3). For interpretability, our baseline analysis relies on a classification of banks into two
groups: ‘high capital-relief’ banks as those that had a pre-pandemic (2019) CCyB pass-through
rate of more than or equal to 50% and ‘low capital-relief’ as those with a pass-through rate of
less than 50%. Robustness checks later confirm that results are not sensitive to this threshold
when using the continuous pass-through measure.

3 Data
We use multiple data sources for our empirical analysis. First, we obtain quarterly balance sheet
data for 159 UK banks at the highest level of consolidation over 2019 Q1 - 2020 Q4, drawn from
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confidential regulatory returns collected by the PRA. These include, amongst other information,
the granular breakdown of their capital requirements and resources. In total, 104 banks in our
sample are ‘high capital-relief’ banks, while 55 are ‘low capital-relief’ banks. Summary statistics
for key balance sheet variables used in our analysis are reported in Table A.1 of Appendix A.

Next, we merge loan-level data on the universe of newly issued residential mortgages from
the Product Sales Database (PSD001), updated quarterly by the Financial Conduct Author-
ity (FCA). We focus on mortgages as they are one of the largest asset classes on UK banks’
balance sheets and the main liability for households. Household lending accounts for about half
of UK banks’ credit to the private non-financial sector, and mortgages represent roughly 80%
of household debt as of 2017 (Peydró et al., 2023).9 This segment of credit provision was not
directly affected by government-guaranteed lending schemes during the pandemic, making it in-
sightful for assessing how loosening macroprudential policy shaped credit supply and financial
stability during a large, unexpected shock such as the pandemic.

The dataset provides loan-level information on product characteristics such as loan value, interest
rate, property value, loan-to-income (LTI), loan-to-value (LTV), term, repayment type, and
property location at a granular three-digit postcode district level (hereafter ‘local area’), which
contains about 25,000 individuals on average (Office for National Statistics, 2021). We also
observe borrower characteristics including gross income, impairment status, employment status,
income verification status, and borrower type (first-time buyer, home-mover, remortgagor, or
council/social tenant buyers). After standard data-cleaning steps, we retain 90% of the original
1.8 million loans and 69 of the initial 88 banks. Summary statistics for the loan-level data are
reported in Table A.2 in Appendix A.10

The mortgage dataset covers only completed mortgages, not rejected applications. Given that
this is the case for all banks in our data, we rely on a difference-in-differences approach com-
bined with granular fixed effects to ensure our estimates capture the average causal effect of our
parameters of interest. To analyze aggregate dynamics in offered lending conditions, such as in-
terest rates by product type, we use data from Moneyfacts, which reports the range of mortgage
products offered by lenders (see Rajan and Willison, 2018 for details).11

Finally, we merge the lending data with granular information on Covid-19 case rates, defined as
new cases per 100,000 people from the UK’s official Covid-19 reporting dashboard.12 We report

9Around 30% of UK households have a mortgage (Ministry of Housing, Communities, & Local Government,
2020).
10We restrict the sample to fixed-rate mortgages, which dominate the market and offer direct comparability.
We also focus on employed and self-employed borrowers, excluding niche segments such as retirees. Additional
steps include: retaining loans with postcode and income verification; filtering mortgage types with at least 1,000
observations (excluding buy-to-let, business, and high-net-worth); winsorising LTI and LTV at the 0.001% tails;
and removing loans with interest rates below 0.1% to eliminate miscoding errors.

11Due to a lack of consumer-based pricing or negotiation between the borrower and the lender in the UK mortgage
markets, the advertised rate is close to the rate paid by the borrower (e.g. Benetton, 2021).

12This is available at https://coronavirus.data.gov.uk/. We convert weekly data to monthly using averages.
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the geographic distribution of case rates disaggregated at the two-digit postcode district level
in Figure A.2, and summary statistics on case rates disaggregated by UK regions (larger than
local areas) in our merged dataset in Table A.3. We rely on this geographic heterogeneity in our
analysis, which is discussed in greater detail in Section 4.

In assessing the impact of the CCyB cut on lending and risk-taking, one particularly important
factor we seek to account for is pre-pandemic capitalisation. If high capital-relief banks also had
greater loss-absorbing capacity just before the onset of the stress, they might have expanded
lending regardless of the CCyB benefit. We address this by measuring each bank’s voluntary
CET1 surplus over regulatory buffers using confidential supervisory data and including it di-
rectly in our specifications.13 This is not a trivial exercise due to multiple, overlapping capital
requirements. We detail the precise methodology and it’s benefits in Appendix D.

Broadly, we define banks’ capital constraints based on their pre-pandemic voluntary excess CET1
capital, or ‘surplus’, on top of their regulatory buffer requirements. A ‘more capital-constrained’
bank is defined as one with less than 2 percentage points (pp) average surplus relative to RWAs in
2019, while a less capital-constrained bank is defined as one above this cut-off.14,15 An important
advantage of this specification is that the coefficient on the indicator for more capital-constrained
banks provides direct evidence on whether limited buffer usability constituted a binding con-
straint on lending during the pandemic.

4 Empirical strategy
Our goal is to assess the effectiveness of loosening macroprudential policy using the UK’s expe-
rience with cutting the CCyB during Covid-19. We thus sequence our analysis in three stages.
First, we test whether the CCyB release materially eased regulatory capital constraints, using
measures of banks’ effective capital surpluses as the dependent variables. Second, we use loan-
level data on mortgage originations to evaluate the policy’s impact on lending behaviour across
both prices and quantities. Finally, we examine changes in banks’ risk-taking behaviour, using

Case rate data is available at the Middle Layer Super Output Area (MSOA) level, which are comparable to
UK council districts, and have at least 5,000 residents per the 2011 Census (e.g. Fetzer, 2022).

13We focus on CET1 surplus for two reasons. First, regulatory buffers must be met with CET1 resources, making
it the clearest indicator of buffer usability under stress. Second, it reflects differences in banks’ capital strategies:
smaller UK banks and building societies rarely issue lower-quality instruments due to limited market access,
relying instead on CET1 even when other options are permitted.

14The cut-off aligns with prior work on usable buffers, PRA internal data on banks’ capital targets, and UK-
specific evidence on average surpluses over time. For context, Bridges et al. (2014) use 1.5pp to distinguish large
and small buffer banks; Eckley et al. (2022) define “dangerzone” banks as those close to minimum requirements,
typically maintaining 2–3pp surpluses between 1989–2013; Couaillier et al. (2022a) apply a bottom-quartile cut-
off at 2.6pp; and Berrospide et al. (2024) use a below-median threshold of 2.13pp.

15As discussed in Appendix D, we find that there is a long right tail in the surplus distribution. For this reason,
we exclude banks in the top quartile of the pre-pandemic surplus distribution in our baseline specifications to
ensure that the results are based on banks with more comparable business model. We show in Table D.1 of
Appendix D that our lending results are robust to the inclusion of this group.
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conventional loan-level risk indicators as well as Covid-19-specific measures based on geograph-
ical heterogeneity in infection case rates.

4.1 Evolution in capital surpluses

We adopt a difference-in-differences design that contrasts changes in capital surpluses between
banks receiving high versus low CCyB capital-relief before and after the onset of Covid-19. For
bank b in quarter t, our baseline specification is:

Capital surplusb,t = β1High Capital-Reliefb × Post-Covidt + δXb,t−1 + fb + fBT,t + ϵb,t (2)

where the dependent variable is, alternatively, the bank-specific CET1 capital surplus in levels
and in logs, constructed as per the methodology outlined in Appendix D. Post-Covidt is an
indicator equal to 1 between 2020 Q1 and 2020 Q4 and 0 between 2019 Q1 and 2019 Q4. The
coefficient of key interest is β1 on the interaction term High Capital-Reliefb×Post-Covidt, which
captures the difference-in-differences effect. If the CCyB reduction materially eased capital
constraints, banks receiving greater relief should have engaged in fewer defensive adjustments to
support their capital positions after the pandemic; thus, we expect β1 to be negative.

We include bank fixed effects (fb) to absorb time-invariant, unobserved heterogeneity across
banks, and, crucially, bank type-quarter fixed effects (fBT,t) to account for time-varying shocks
that differentially affect groups of banks with similar characteristics. The latter relies on confi-
dential supervisory classifications that capture size, business model, supervision arrangements,
and risk profiles, which we use to group banks into three categories: large, medium, and small.
By construction, these fixed effects account for any time-varying changes in policies implemented
at the bank-type level, including the Prudential Regulation Authority’s (PRA) March 2020 sus-
pension of capital distributions, such as dividends and bonuses (PRA, 2020).

Finally, we include lagged time-varying bank-specific characteristics Xb,t−1 that capture differ-
ences in business models across the two comparison groups more concretely. These include
measures of liquidity (cash), funding structure (deposits), profitability (retained earnings), and
provisions, each expressed as a share of total assets, as well as size and average risk-weight density
(following, among others, Aiyar et al., 2014; Ayuso et al., 2004; Berger et al., 2008; Cohen and
Scatigna, 2016; Francis and Osborne, 2010; Gropp et al., 2019; Gropp and Heider, 2010b). We
also add the contemporaneous capital requirement to remove the mechanical effect of changes
in regulatory requirements on surpluses. This ensures that any observed changes in surpluses
reflect a behavioral response by banks through adjustments to their capital ratios.
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4.2 Evolution in lending

We next exploit loan-level mortgage register data to examine heterogeneity in lending responses
between banks that experienced high versus low capital-relief following the onset of the pandemic.
By relaxing capital constraints, the CCyB release was intended to enhance banks’ capacity to
absorb unexpected losses while remaining above regulatory minima, thereby reducing insolvency
risk and funding costs.16

To assess whether banks with greater capital-relief adjusted their lending behaviour differentially
after the pandemic shock, we estimate Equation 3. Our baseline regressions rely on a collapsed
panel structure capturing, for each bank b, borrower type IT , and postcode l, the average
characteristics of loans originated at time t:

log Yb,IT,l,t = ϕY High Capital-Reliefb × Post-Covidt + δ1Zb,IT,l,t × Post-Covidt (3)
+ δ2Xb,t−1 + fb + fBT,IT,l,t + ϵb,IT,l,t

The dependent variables are the average offered interest rate and average loan value within each
bank-borrower type-postcode-quarter cell, i.e., Y ∈ {Interest Rate, Loan Value}, and ϕY capture
semi-elasticities. If the CCyB reduction effectively eased capital constraints, high capital-relief
banks would have maintained a more accommodative lending stance, raising interest rates and
reducing loan sizes by less than other banks, such that the estimated coefficients should be
ϕInterest Rate < 0 and ϕLoan Value > 0.

To account for the possibility that banks’ lending outcomes exhibited differential sensitivities
to borrower risk profiles after the onset of the pandemic, we include a rich set of borrower
characteristics which are averaged at the panel-cell level, Zb,IT,l,t, and interact each with the
Post-Covidt indicator. These characteristics include the loan-to-value (LTV) ratio, history of
credit impairment, employment status, income verification, and interest-only repayment choice.

Identification We seek to overcome a range of empirical identification challenges faced by
related studies to date. The difference-in-differences estimator does not require random assign-
ment of banks to high- versus low-pass-through groups (e.g., Moon, 2022). However, a central
identification assumption is that, conditional on observables and high-dimensional fixed effects,
the lending behavior of high and low capital-relief banks evolved similarly prior to Covid-19
(even if levels differed) and, absent the CCyB release, would have continued to do so during the

16Banks’ responses to shocks have been shown to depend critically on the size of their capital buffers above
regulatory thresholds (e.g., Gambacorta and Mistrulli, 2004; Plosser and Santos, 2024), and a substantial
literature highlights bank capital as a central transmission mechanism through which other macroprudential
and monetary policies affect credit supply (e.g., Altunbas et al., 2018; Jiménez et al., 2014, 2012; Kishan and
Opiela, 2000).
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pandemic.17 We present evidence consistent with this assumption in Section 5.

We also seek to address, both through our baseline specification and through additional analysis,
additional remaining concerns relating to identification. First, lending outcomes during the
pandemic may have been shaped by the unprecedented scale of UK government support. In
particular, government-guaranteed loan schemes and their regulatory treatment likely reduced
the capital cost and risk associated with lending to specific segments, including the Bounce
Back Loan Scheme (BBLS) and the Coronavirus (Large) Business Interruption Loan Schemes
(CBILS and CLBILS) (see Browning, 2022). If banks differed systematically in their usage of
these programs, or if these interventions increased mortgage credit demand, then the resulting
heterogeneity could confound our estimates.

Although our empirical analysis focuses on household mortgage lending primarily due to the
availability of loan-level data, this focus also provides identification advantages. Most direct
fiscal support in the UK targeted corporate rather than retail credit. Where schemes involved
households, namely mortgage payment holidays and the Coronavirus Job Retention Scheme
(CJRS), their design aimed to stabilize existing borrowers and reduce default risk on the stock
of outstanding loans rather than stimulate the flow of new originations, which is our outcome
of interest. Specifically, the CJRS, launched on March 20, 2020, allowed employers to furlough
workers while the government paid up to 80% of salaries – we discuss details of this for our
analysis in Section 4.3. Mortgage payment holidays, introduced in March 2020, enabled existing
mortgagors affected by the pandemic to defer payments (Franklin et al., 2021).18 We discuss
remaining sources of bias below and address them through a series of targeted robustness exer-
cises.

Second, we consider systematic differences in balance-sheet characteristics of high and low
capital-relief banks, both pre- and post-Covid, that might affect lending differentials across
groups. However, we note here that t-tests indicate that pre-treatment differences appear lim-
ited (Table B.3), with deposits as the primary exception. For post-Covid characteristics, our
capital and lending regressions include time-varying bank controls (Xb,t−1) and bank fixed effects
(fb), absorbing time-invariant heterogeneity. In addition, granular bank-type × borrower-type ×
postcode × time fixed effects (fBT,IT,l,t) ensure comparisons between high and low capital-relief
banks occur within similar business models, sizes, and risk profiles. In our risk-taking specifica-
tions, we further increase granularity by replacing bank-type with bank fixed effects (fb,IT,l,t).
We also include the share of government-guaranteed lending in all main specifications.

A key differentiating factor could be pre-pandemic capitalization, which we address in two com-

17In addition, the ‘no-anticipation’ assumption is satisfied due to the nature of the Covid-19 shock, and we ensure
stability in our samples in the pre and post-treatment periods.

18One intervention that may have influenced household loan demand was the temporary reduction in Stamp Duty
Land Tax (SDLT) announced on July 8, 2020, which raised the threshold from GBP 125,000 to GBP 500,000.
However, this policy cannot account for differences in lending outcomes in Q1–Q2 2020, or for remortgagors.
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plementary ways. First, we include an interaction More Capital-Constrainedb × Post-Covidt,
where More Capital-Constrainedb = 1 if, in 2019, a bank maintained a voluntary surplus above
its regulatory buffer requirements of 2 pp of risk-weighted assets or less, and 0 otherwise. All else
equal, we expect these banks to tighten lending conditions relative to peers following the onset
of the pandemic. Second, we include each bank’s overall 2019 capital level to ensure that our
CCyB results are not mechanically driven by high capital-relief banks being better capitalized
ex-ante (Auer et al., 2022; De Jonghe et al., 2020; Jiménez et al., 2017; Peydró et al., 2023).

Lenders may also exhibit greater resilience in segments where they are more specialized (Peek and
Rosengren, 1997, 2000). If high capital-relief banks were disproportionately specialized in UK
mortgage lending, this could bias our interpretation. We therefore control for differences in banks’
product-market specialization by including a 2019-based measure of each bank’s balance-sheet
allocation to household lending and a granular specialization measure following Paravisini et al.
(2023), each interacted with Post-Covidt. Using our loan-level data, we construct this measure at
the region–bank–fixation length–LTV band–year level, where ‘region’ denotes one of the 12 UK
regions, ‘fixation length’ refers to the initial fixed-rate period (typically two or five years), and
LTV bands correspond to standard product categories (≤ 60%, 60–75%, 75–90%, and ≥ 90%).

Nevertheless, in Section 5, we also explicitly test whether systematic differences in balance-sheet
characteristics may be driving our results by implementing covariate-balancing propensity score
(CBPS) matching. We find that this does not materially change our estimates.

Third, we exploit the richness of our loan-level dataset to flexibly account for changes in local
credit demand. We observe the property location at the three-digit postcode level (l), which we
refer to as ‘local areas.’ Our sample spans 2,780 local areas with an average of 625 new origina-
tions per area.19 This spatial resolution allows us to absorb time-varying shifts in local credit
demand, whether driven by Covid-19 support measures or housing-market interventions. As our
data do not identify new borrowers who directly benefitted from income-support programs, we
instead rely on the strong correlation between scheme take-up and the geographically hetero-
geneous incidence of Covid-19 across UK local areas (Adams-Prassl et al., 2020). Accordingly,
we include postcode × time fixed effects, further disaggregated to allow for heterogeneity across
bank- and borrower-types (fBT,IT,l,t).20 Moreover, we show in Section 5 that our results are
insensitive to implementing the Amiti and Weinstein (2018) methodology to isolate bank-level
supply shocks, or to sub-sampling on remortgagors – a borrower class that experienced a sharp
decline in credit demand throughout 2020 based on survey evidence.

A final consideration is that CCyB pass-through may correlate with unobserved bank traits.
19Our analysis uses a more granular geographic unit than Peydró et al. (2023), who rely on Local Administrative
Unit Level 1 (LAU1).

20These demand-side fixed effects are similar in spirit to the firm × time fixed effects in Khwaja and Mian (2008)
and much of the corporate-lending literature. Whereas those fixed effects exploit multiple banks lending to the
same firm, we use multiple mortgages issued by banks with similar business models to the same borrower type
within highly granular local areas.
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Our granular fixed effects ensure comparisons between high and low capital-relief banks within
the same bank type (e.g., among large banks), improving comparability. Moreover, we seek to
address residual correlation between pass-through and unobserved characteristics in Section 5
by implementing a control-function strategy: in the first stage, we regress 2019 CCyB pass-
through rates on pre-treatment balance-sheet covariates; in the second stage, we use the residual
(“unexplained”) component as the treatment variable in our main specifications. Results are
robust to this alternative design, indicating that our findings are not mechanically driven by
selection on observables.

4.3 Evolution in risk-taking capacity

In addition to assessing the impact of the CCyB cut on overall credit supply, we examine its
effects on banks’ willingness to bear risk. During periods of stress, banks may optimally curtail
lending to riskier borrowers, as default probabilities rise disproportionately for those experienc-
ing the sharpest deterioration in net worth or cash flows (Bernanke et al., 1996). Moreover, if
asset risk measures are sensitive to economic conditions, required capital may increase endoge-
nously, prompting banks to shed riskier assets (Behn et al., 2016). Such portfolio rebalancing,
by substituting higher-risk assets for safer ones, has been documented as an important mech-
anism through which banks maintain regulatory capital ratios (e.g., Gropp and Heider, 2010b;
Gropp et al., 2019; Juelsrud and Wold, 2020). Consistent with this mechanism, Moneyfacts data
on offered mortgage products (Figure 1) show that the increase in loan rates and contraction
in product availability during Covid-19 was particularly pronounced for high-LTV mortgages,
indicative of heightened sector-wide risk aversion at the onset of the pandemic.

If the CCyB cut strengthened banks’ risk-bearing capacity, high capital-relief banks should have
been better able to sustain lending to riskier borrowers after the pandemic shock. We test
this prediction by defining ‘risky’ loans using two complementary measures: (i) a conventional
borrower-risk metric based on LTV ratios; and (ii) a Covid-specific borrower-risk metric proxied
by local-area Covid-19 case rates derived from healthcare data.
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Figure 1: Trends in offered rates and available mortgage products

Panel (a): Offered interest rates Panel (b): Product availabilities

Notes: Panels (a) and (b) represent offered interest rates (in percent) and number of available products by LTV buckets, respectively,

between 2019 Q1 and 2020 Q4, which is our sample period of study. The data is sourced from Moneyfacts.

Conventional measure of borrower risk: LTV ratios Our first approach defines a loan
as ‘risky’ if its LTV ratio is greater than or equal to 75%. High-LTV lending is associated with
elevated default probabilities and carries higher risk weights and tighter regulatory constraints
in the UK mortgage market (Corbae and Quintin, 2015; Benetton et al., 2018; Lazarov and
Hinterschweiger, 2018) as we discuss further in Section 5.3. The 75% threshold is motivated by
two considerations. First, mortgages with LTV ratios at or above 75% constituted a substantial
share of lenders’ product offerings (around half of all products). Second, following the onset of
the pandemic, product withdrawals were almost twice as pronounced for these high-LTV loans
– a 65% reduction compared with 35% for products below the threshold.

We evaluate this hypothesis using Equation 4. Relative to the sample employed for Equation 3,
we further disaggregate the data by introducing an additional indicator for whether a loan is
high-LTV and, thus, ‘risky’ r. In these specifications, the unit of observation in our collapsed
panel structure is a bank-borrower type-postcode-quarter-risky loan cell (b, IT, l, t, r). As such,
we are able to replace the time-varying bank controls with a richer set of fixed effects (fb,IT,l,t),
which subsume those used previously and absorb all observable and unobservable time-varying
heterogeneity across banks, such as policy responses associated with Covid-19. This design
ensures that we compare high- and low-LTV lending within the same bank, to the same borrower
type, in the same location, and within the same time period. By tightening the set of within-
bank comparisons in this manner, the approach more sharply isolates differences in risk-taking
behaviour and heightens the contrast between banks with high versus low capital-relief.
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log Yb,IT,l,t,r = ϕY High Capital-Reliefb × Post-Covidt ×Risky Loanr (4)
+ δ1Zb,IT,l,t,r × Post-Covidt + fb,IT,l,t + ϵb,IT,l,t,r

where, as before, Y ∈ {Interest Rate, Loan Value}, and the coefficients of interest are ϕY .
Aligned with our hypothesis we expect the semi-elasticities to be ϕInterest Rate < 0 and ϕLoan Value >
0 which would be consistent with high capital-relief banks maintaining looser lending terms to
riskier borrowers relative to their peers, following the onset of the pandemic.

Covid-specific borrower risk measure Our second approach defines a loan as ‘risky’ if
it was extended in a geographical area that experienced an above-median Covid-19 case rate
following the onset of the pandemic. We construct this measure by calculating average Covid-19
case rates (per 100,000 persons) between March and December 2020 at the local area l level.21

We then classify areas as ‘high-risk’ if they lie above the 50th percentile of the cross-sectional
distribution of case rates.

This design exploits the correlation of local case rates with the imposition of government pan-
demic policies, including localised lockdown restrictions, which have been linked to an increased
incidence of bankruptcies and higher loan-default risk (Barkit et al., 2020; Hasan et al., 2021).
Consistent with these patterns, Temesvary and Wei (2024) document that US banks reduced
lending to countries with high case rates due to heightened risk perceptions. The increase in
cash-flow constraints and the greater likelihood of negative housing equity during this period
plausibly raised household default probabilities (see Ganong and Noel, 2022), representing an
exogenous increase in borrower risk above and beyond the standard risk characteristics already
included in our analysis.

In assessing whether the pandemic generated a material shock to household cash flows that
could have affected default risk, an important consideration is the design of employment support
schemes. We exploit the fact that the UK intervention was structured as a job-retention policy
which, unlike the income-support policies introduced in countries such as the United States,
could dampen, though not fully mitigate, the impact of the pandemic on household incomes.
At its introduction and at the height of the pandemic, the Coronavirus Job Retention Scheme
(CJRS) targeted employers, subsidising up to 80% of wages (capped at GBP 2,500 per month)
to retain employees, with tapered employer contributions introduced from August 2020. The
design of the Self-Employment Income Support Scheme (SEISS) was similar.

These policies stand in direct contrast to U.S. unemployment insurance under the Coronavirus
Aid, Relief, and Economic Security (CARES) Act, which when combined with mean state unem-
ployment insurance was designed to replace 100% of the mean U.S. wage. Specifically, it provided

21We merge Covid-19 case-rate data with our loan-level dataset at the three-digit postcode level using ONS
geographic conversion codes. We are able to match 2,100 out of 2,780 local areas. We use the average case rate
over 2020 due to incomplete data and coverage issues early in the pandemic (Fetzer, 2022).
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a flat $600 weekly benefit for all unemployed workers, implying that the wage-replacement rate
exceeded 100% for some workers. This affected approximately 76% of all unemployed workers
in the US (Ganong et al., 2020).

log Yb,IT,l,t = ϕ1High Capital-Reliefb × Post-Covidt ×High-Risk Areal (5)
+ δ1Zb,IT,l,t × Post-Covidt + fBT,IT,l,t + fb,t + ϵb,IT,l,t

We employ a similar specification as before, with loan rates and loan values as the outcome
variables of interest. The key difference in Equation 5 relative to the earlier specifications is that
we replace the variable Risky Loanr with the variable High-Risk Areal, a dummy indicating
whether a geographical location experienced an above-median Covid-19 case rate. As such, our
dependent variables are averaged at the bank-borrower type-postcode-quarter cell level, as in
Equation 3. As our explanatory variable of interest varies at the bank–location–time level, we
also revert to the fBT,IT,l,t fixed effects used in Equation 3, but augment them with bank–time
fixed effects (fb,t). This ensures that the specifications continue to absorb any sources of time-
varying heterogeneity across individual banks that might jointly affect their lending behaviour
across geographical locations.22

5 Results
Using the empirical strategy developed in the previous section, we now present the estimates
that document how banks with greater capital relief behaved following the CCyB cut. Across our
specifications, we find that high capital-relief banks were able to maintain more stable capital
surpluses, offer looser lending terms, and extend relatively looser terms on riskier loans compared
with their peers at the onset of the pandemic.

5.1 Evolution in capital surpluses

Heightened risk aversion and macroeconomic uncertainty at the onset of the pandemic likely led
to binding capital constraints for UK banks. In line with this intuition, we find that banks in our
sample unconditionally increased their CET1 surpluses by roughly 1.5pp of RWAs. Indicating
the presence of buffer usability frictions, the increase relative to starting levels was however
higher for more capital-constrained banks. As a policy response, the CCyB cut was therefore
intended to materially ease these constraints. To assess whether it did so, we track the evolution
of effective capital surpluses for banks facing different degrees of capital relief in Figure 2. We
find notable heterogeneity in line with our intuition: although the two groups followed similar

22The inclusion of location–time fixed effects remains important in these specifications. For instance, High-Risk
areas may have experienced a post-pandemic reduction in housing demand and associated declines in house
prices, which could have depressed loan values in these areas relative to Low-Risk areas after the onset of the
pandemic.
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trajectories in 2019, high capital-relief banks maintained relatively stable surpluses of around
5.8pp throughout 2020, whereas low capital-relief banks exhibited a marked 21% increase, rising
from 5.3pp to 6.4pp.

Figure 2: Evolution of capital surplus over time across high and low capital-relief banks

Notes: The figure shows the evolution of capital surpluses for high (purple) and low (blue) capital-relief banks, categorised based

on their pre-pandemic (i.e. 2019) CCyB pass-through rates. Low capital-relief banks are defined as those with less than 50% pass-

through of the UK countercyclical capital buffer in 2019, while high capital-relief banks in purple are those with more than 50%.

The Post-Covid period covers 2020 Q1-2020 Q4, and effective surpluses are calculated using the granular methodology outlined in

Appendix D.

We test whether the unconditional trends persist after accounting for other factors and differences
across bank categories by estimating Equation 2, as set out in Section 4. The results in Table 1
align with the unconditional patterns discussed above. Column (1) reports the coefficient β1
for high capital-relief banks using CET1 surpluses in levels; Column (2) uses the logarithmic
specification. After controlling for observable differences and unobservable confounders, the
estimate in Column (1) is negative and statistically significant at the 5% level, indicating that
high capital-relief banks increased their capital surpluses by about 1.3pp of RWAs less than
low capital-relief banks. Column (2) reinforces this interpretation: high capital-relief banks
expanded their surpluses by roughly 15% less than their counterparts. Taken together, these
findings suggest that the CCyB cut materially eased capital constraints, allowing banks receiving
greater relief to avoid building precautionary capital as aggressively as their peers and thereby
stabilise surpluses without tightening terms.

21



Table 1: Evolution of capital surpluses across high versus low capital-relief banks

CET1 surplus (%) CET1 surplus (log)
(1) (2)

High Capital-Reliefb × Post-Covidt −1.26∗∗ −0.15∗
(0.59) (0.08)

Bank controls ✓ ✓
Bank FE ✓ ✓
Bank Type-Qtr FE ✓ ✓

Number of observations 699 695
Number of banks 95 95
R2 (within) 0.24 0.13
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors clustered at the bank level are reported in brackets.

Notes: The table reports results of the regressions in Equation 2. The dependent variable in Column (1) is the effective CET1 surplus
(in pp), while the dependent variable in Column (2) is the logarithm of the effective CET1 surplus. Post-Covidt is a dummy variable
that takes value 1 between 2020 Q1 and 2020 Q4, and 0 between 2019 Q1 and 2019 Q4. High Capital-Reliefb is a dummy variable
that takes the value 1 if the bank has an average 2019 CCyB pass-through rate of 50% or more. Bank controls included are cash
to assets, retained earnings to assets, deposits to assets, provisions to assets, risk-weight density and the logarithm of total assets
all lagged by one quarter, as well as the capital requirement which enters contemporaneously. Table B.1 in Appendix B reports the
coefficients on all variables included in the regression.

Figure 3: Capital regressions for high versus low capital-relief banks: Parallel trends

CET1 surplus (%) CET1 surplus (log)

Notes: This figure represents the conditional parallel trends for the capital regressions shown in Table 1. The figure plots

coefficients from a modified version of Equation 2 where we replace Post-Covidt dummies with a full set of time (quarter) dummies.

2019 Q1 is used as the base period throughout.

Supporting a causal interpretation of the results, Figure 3 shows that capital outcomes did
not differ systematically between high capital-relief and low capital-relief banks prior to the
onset of Covid-19. The figure plots coefficients from regressions of the dependent variables on
the High Capital-Reliefb dummy interacted with a full set of quarterly time dummies, using
2019 Q1 as the reference period. Coefficients for pre-Covid periods are neither economically nor
statistically different from zero, and Wald tests confirm that these coefficients are also not jointly
significant (p = 17%− 19%). Notably, the coefficients strengthen over the course of 2020, which
is suggestive of the impacts building over time.
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5.2 Evolution in lending

The baseline lending results are reported in Table 2. Column (1) presents estimates of the co-
efficients in the interest rate regression specified in Equation 3. The coefficient on the double
interaction High Capital-Reliefb ×Post-Covidt (ϕInterest Rate) is negative and statistically signifi-
cant at the 5% level, indicating that high capital-relief banks increased loan rates by 3.4% less
than low capital-relief banks during the 2020 pandemic. For a high capital-relief bank with an
average loan rate of 2.0 pp in 2019 Q4, this corresponds to a decline of roughly 7 basis points.
This magnitude is economically meaningful: it represents about 12% of the cross-sectional stan-
dard deviation of interest rates in the full sample (57 basis points, reported in Table A.2). These
effects are in line with elasticities documented in the limited empirical work on the CCyB (e.g.,
Basten, 2020) and are likely to have been material in an environment characterized by low
interest rates and heightened macroeconomic stress.

Table 2: Lending regressions for high versus low capital-relief banks

Interest Rate (log) Loan Value (log)
(1) (2)

High Capital-Reliefb × Post-Covidt −0.034∗∗ 0.023∗∗
(0.013) (0.009)

Bank Controls ✓ ✓
Borrower Risk Controls ✓ ✓
Bank FE ✓ ✓
Bank Type-Borrower Type-Postcode-Quarter FE ✓ ✓

Number of observations 435,875 435,875
Number of banks 31 31
R2 (within) 0.078 0.416
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reports results of the regressions in Equation 3 using a granular panel dataset aggregated from origination-level
data. The dependent variable in Column (1) is the logarithm of the average interest rate within the panel unit, while the dependent
variable in Column (2) is the logarithm of the average loan value within the panel unit. Post-Covidt is a dummy variable that takes
value 1 between 2020 Q1 and 2020 Q4, and 0 between 2019 Q1 and 2019 Q4. High Capital-Reliefb is a dummy variable that takes
the value 1 if the bank has an average 2019 CCyB pass-through rate of 50% or more. Bank controls included are cash to assets,
retained earnings to assets, deposits to assets, provisions to assets, risk-weight density and the logarithm of total assets all lagged
by one quarter, as well as the capital requirement which enters contemporaneously. Borrower controls included are the average LTV
ratio as well as the proportion of impaired borrowers, self-employed borrowers, interest-only borrowers and income-verified
borrowers within the panel unit. Table B.2 in Appendix B reports the coefficients on all variables included in the regression.

Column (2) reports the results for the loan values specification. The semi-elasticity on the
double interaction High Capital-Reliefb × Post-Covidt (ϕLoan Value) is positive and statistically
significant at the 5% level, showing that high capital-relief banks were able to maintain loan
values about 2.3% higher than their peers, which translates to about GBP 4,500 for the average
high capital-relief bank. Using a back-of-the-envelope calculation on aggregate new originations
in 2019 in our sample, this effect translates to approximately GBP 3.8 billion of additional
mortgage credit in 2020 by high capital-relief banks, relative to a counterfactual without CCyB
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Figure 4: Lending regressions for high versus low capital-relief banks: Parallel trends

Interest rate (log) Loan value (log)

Notes: This figure represents the conditional parallel trends for the lending regressions shown in Table 2. The figure plots

coefficients from a modified version of Equation 3 where we replace Post-Covidt dummies with a full set of time (quarter) dummies.

2019 Q1 is used as the base period throughout.

release. Importantly, the opposing signs of the pricing (interest rates) and quantity (loan values)
estimates align with a supply-side response by banks to the CCyB cut. We also note that the
double interaction for More Capital-Constrainedb in Table B.2 indicates that less well-capitalised
banks significantly tightened lending conditions, lowering loan volumes and raising interest rates,
providing further evidence of the materiality of buffer usability constraints.

Identification The central identifying assumption for our analysis is conditional parallel pre-
treatment trends: absent the CCyB release, the potential outcomes for lending rates and loan
values at high and low capital-relief banks would have evolved similarly in the post-pandemic
period, conditional on observables and high-dimensional fixed effects. To assess this, Figure 4
plots coefficients from a modified version of Equation 3 in which the Post-Covidt indicator is
replaced with a full set of time (quarter) dummies, allowing us to trace pre- and post-treatment
differentials between high and low capital-relief banks. The pre-Covid coefficients are small and
statistically indistinguishable from zero and consistent with parallel trends, as neither interest
rates nor loan values exhibit pre-existing divergences that would bias estimated responses to the
CCyB cut. Moreover, Wald tests fail to reject the joint null that all pre-Covid coefficients equal
zero at conventional levels.23 Taken together, these patterns support the parallel-trends assump-
tion and a causal interpretation of the CCyB-induced lending-supply effects during Covid-19.

In addition to the approach adopted in our baseline specification to address the key identification
challenges, we also conduct several complementary exercises – each targeting a distinct potential
source of bias – to further strengthen our identification strategy.

23The p-values for the Wald tests exceed 0.05 in both regressions (p = 0.27 for interest rates; p = 0.09 for loan
values). For loan values, omitting interactions between controls and quarterly dummies yields an even higher
p-value (p = 0.16), with coefficients similar in level and trend.
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First, although the parallel-trends diagnostics above indicate no systematic pre-Covid differences
in outcomes, high and low capital-relief banks could still differ in pre-treatment balance-sheet
characteristics that might affect post-Covid responses. Columns (1)–(3) of Table B.3 show that
such differences are limited: treated and control banks are similar pre-Covid across most balance-
sheet covariates, with deposits as the only exception. To further mitigate residual confounding,
we implement a covariate-balancing propensity score (CBPS) matching strategy that aligns high
and low capital-relief banks on pre-treatment observables before re-estimating our specifications.
The CBPS estimator selects propensity scores to directly optimize covariate balance while also
predicting treatment assignment, improving robustness (both in terms of bias and misspecifica-
tion) relative to traditional propensity score methods (Imai and Ratkovic, 2014). As shown in
Columns (4)–(6) of Table B.3, all covariates, including deposits, are well balanced after matching.

We then use the resulting weights to re-estimate our baseline regressions. In Table B.4, Columns (1)
and (3) report the original estimates, while Columns (2) and (4) present the matched counter-
parts. The effects remain statistically significant and close in magnitude to the baseline, with
estimated impacts of approximately 3.6% on interest rates and 3.0% on loan values.

Our second approach addresses the possibility that the CCyB pass-through reflects considerations
other than capitalisation across high and low capital-relief banks, such as business model or
degree of internationalization. Although our baseline specification compares banks within narrow
type categories, which are presumably quite similar in terms of their business model, size, and
risk characteristics, residual differences within bank-types may still influence both CCyB pass-
through and lending responses. To account for this, we adopt a control-function strategy to
mitigate potential endogeneity in CCyB pass-through rates (see, e.g., Wooldridge, 2015). As
shown in Table B.5, we model the 2019 pass-through rate as a function of banks’ 2019 balance-
sheet characteristics – cash, deposits, retained earnings, provisions, household lending share, and
risk-weighted assets (each scaled by total assets) – as well as total capital ratios and log size.
We estimate the model both with and without bank-type fixed effects, which yields R2 values
ranging from 55% to 70%.

We then extract the residuals, which capture the component of CCyB pass-through unexplained
by these fundamentals (e.g., arising from modelling or pro-cyclicality of risk-weights). Using
this residual component, we partition banks into above- and below-mean groups and construct a
corresponding treatment indicator. This facilitates a direct comparison with the baseline, which
also relies on a binary indicator, and we confirm that using a median cut-off does not meaning-
fully alter the results. Re-estimating our main specifications using this residual-based indicator
(Table B.6) yields results consistent with those in Table 2, with slightly smaller coefficients
reflecting the first-stage adjustment.

Finally, we examine whether the lending responses we document truly reflect shifts in credit
supply rather than local demand conditions. To do so, we revert back to our granular originations
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data and implement the methodology of Amiti and Weinstein (2018) to isolate bank-level supply
shocks. Specifically, we estimate, at the postcode-bank level, changes in lending by bank b in
postcode l in 2020 relative to 2019, including bank and postcode fixed effects. The estimated
bank fixed effects are interpretable as bank-specific credit supply shocks and are subsequently
normalised cross-sectionally within each postcode. We next weight these supply shocks either by
each bank’s overall CCyB pass-through rate – which is determined at the bank level, exogenous
to any particular postcode, and reflects each banks’ national market share – or by its lending
market share in postcode l in Q1 2019, a more granular weighting consistent with the literature
(Amador and Nagengast, 2016; Berton et al., 2018; Degryse et al., 2019; Greenstone et al., 2020).
Across both weighting schemes, we find that high capital-relief banks exhibit significantly larger
positive credit supply shocks: weighted by the CCyB pass-through rate they reduce loan volumes
by less and increase interest rates by less; weighted by market share they expand loan volumes
more and reduce interest rates by more than low capital-relief banks, as shown in Table B.7.
This decomposition provides further evidence that the CCyB release operated primarily through
the credit-supply channel.

A final check restricts the analysis to the sub-sample of remortgagors. Bank of England (2021b)
uses survey evidence to document a sharp and persistent collapse in remortgagor demand
throughout 2020. By focusing on this borrower segment, where demand contracted persistently
and steeply, recovering only slightly by end-2020, we further reduce the likelihood that our es-
timates are contaminated by shifts in credit demand. Consistent with this interpretation, the
results in Table B.8 remain qualitatively unchanged, reinforcing the view that the estimated
effects primarily reflect adjustments in credit supply rather than borrower demand.

Robustness We subject our findings to a battery of additional robustness checks as reported in
Appendix C. In our baseline specifications, we employ a binary definition of High Capital-Reliefb
to accommodate potential non-linearities or threshold effects in how CCyB relief maps into
pricing and lending behavior. As a robustness check, we replace this indicator (equal to one
for banks with a CCyB pass-through rate of at least 50%) with the continuous Capital-Reliefb
measure of banks’ CCyB pass-through and re-estimate Equation 3. The results are reported in
Table 3 where Columns (1) and (4) reproduce the baseline coefficients, and Columns (2) and (5)
use the continuous specification. For interest rates, the estimated effect remains directionally
consistent but is no longer statistically significant, consistent with a threshold-type response
that is better captured by the indicator variable. For loan values, the effect retains both its sign
and statistical significance, indicating that the quantity response varies more smoothly with the
intensity of capital relief.

We then verify that our findings are not driven by the construction of the aggregated panel. As
shown in Table C.1, the estimates are highly consistent when Equation 3 is re-estimated using
the underlying loan-level originations data. We then address concerns around the timing of the
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Table 3: Lending regressions using the continuous capital-relief variable

Interest Rate (log) Loan Value (log)
(1) (2) (3) (4) (5) (6)

High Capital-Reliefb × Post-Covidt −0.034∗∗ 0.023∗∗
(0.013) (0.009)

Capital-Reliefb × Post-Covidt −0.0003 −0.0003 0.0003∗∗ 0.0003∗∗
(0.0002) (0.0002) (0.0001) (0.0001)

Capital-Reliefb ×More Capital-Constrainedb × Post-Covidt −0.0033∗∗∗ 0.0018∗∗
(0.0007) (0.0007)

Capital-Relief Measure Dummy Continuous Continuous Dummy Continuous Continuous
Bank Controls ✓ ✓ ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓ ✓ ✓
Bank FE ✓ ✓ ✓ ✓ ✓ ✓
Bank Type–Borrower–Postcode–Quarter FE ✓ ✓ ✓ ✓ ✓ ✓

Number of observations 435875 435875 435875 435875 435875 435875
Number of banks 31 31 31 31 31 31
R2 (within) 0.0777 0.0770 0.0774 0.4164 0.4164 0.4164
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 3 from Table 2 in Columns (1) and (4). In Columns (2) and

(5) the High Capital-Reliefb dummy is replaced with a continuous variable Capital-Reliefb measuring the underlying bank-specific

CCyB pass-through rate. In Columns (3) and (6), the continuous Capital-Reliefb variable is further interacted with the

More Capital-Constrainedb dummy variable.

policy intervention by excluding 2020 Q1, a period marked by heightened uncertainty ahead of
the CCyB reduction implemented on 9 March 2020. As reported in Table C.2, the results remain
robust, with both the magnitude and statistical significance of the estimated effects increasing
modestly when the sample window is shortened.

Next, we show that our results are insensitive to the use of specific combinations of fixed effects
in Tables C.3 and C.4. Column (1) in each table reports results from a parsimonious specifica-
tion that includes only bank and time fixed effects, akin to the standard two-way fixed-effects
approach widely used in the literature. Subsequent columns progressively incorporate more gran-
ular sets of fixed effects, culminating in Column (6), which corresponds to our most demanding
specification and matches the baseline results in Table 2. For interest rates (Table C.3), the
estimates remain highly stable across specifications, indicating minimal sensitivity to the choice
of fixed effects. For loan values (Table C.4), the effects are directionally consistent with the base-
line throughout, while their magnitude and statistical significance increase as the specification
becomes more stringent.

Relationship with pre-existing capital constraints An important economic question is
whether the effect of the CCyB release is stronger for banks operating closer to regulatory
minima, where marginal changes in capital requirements are more likely to bind. To examine this
channel directly, Columns (3) and (6) of Table 3 introduce an interaction between the continuous
CCyB pass-through rate and the More Capital-Constrainedb indicator, which identifies banks
with less than 2 pp of headroom above their regulatory buffer requirements after accounting for
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all prudential constraints, following the methodology in Appendix D.

The results indicate that the interest rate effect is concentrated among banks facing the tight-
est capital constraints. For both interest rates and loan values, the coefficients on the triple-
interaction term are an order of magnitude larger than the corresponding double-interaction
coefficients in Columns (2) and (5), respectively, and are statistically significant. Because the
regressions control separately for pre-pandemic capital levels, these effects reflect proximity to
regulatory thresholds rather than weaker capitalisation per se. Taken together, the estimates
suggest that the CCyB release disproportionately eased lending constraints for banks with lim-
ited capital headroom, consistent with a mechanism in which marginal capital relief is especially
valuable when regulatory requirements are (potentially) binding.

5.3 Evolution in risk-taking: Conventional measures of borrower risk

Based on LTV ratios The baseline results, where we classify a loan as ‘risky’ if its LTV
ratio is greater than or equal to 75%, are reported in Columns (1) and (5) of Table 4. Because
the loan is secured by the underlying property, higher LTV ratios mechanically increase credit
risk through two channels. First, elevated LTVs raise the likelihood of negative equity, thereby
increasing the probability of default. Second, conditional on default, high-LTV loans provide less
collateral coverage: foreclosure proceeds are less likely to fully cover the outstanding balance,
past-due payments, and recovery costs, resulting in higher loss-given-default (see, e.g. Bian et al.,
2018; Elul et al., 2010; Demyanyk and van Hemert, 2011; Qi and Yang, 2009). Reflecting this
higher risk, high-LTV loans are also more capital-intensive. Under the Basel III standardized
approach rules (BCBS, 2021), mortgage risk-weights increase in discrete steps with LTV ratios
- for instance, from 20% for LTVs below 50% to 40–70% for LTVs above 80%. The non-linear
increase is also true for UK rules (see Tables A1 and A2 in PRA, 2021).

The estimates are consistent with those obtained in the earlier lending specifications. The
triple-difference coefficient implies that high capital-relief banks offered interest rates on high-LTV
loans that were 5.1% lower than those of their peers (Column 1). For loan values, the corre-
sponding semi-elasticity is positive and statistically significant: high capital-relief banks extended
3.1% more high-LTV credit than comparable low-relief banks (Column 2). These results indicate
that the CCyB cut allowed high capital-relief banks to maintain more accommodative terms on
higher-LTV lending during the pandemic. This contrast is especially striking when set against
Figure 1, which documents a pronounced collapse in the high-LTV mortgage market and a
general tightening of terms at the onset of Covid-19.

Crucially, these regressions include granular bank–borrower type–postcode–quarter fixed effects,
making them even less susceptible to concerns that time-varying differences in bank balance
sheets that are correlated with both high capital-relief status and lending terms may be driving
the results – for instance, bank-specific responses to Covid-19 policies. Because these fixed effects
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Table 4: Risk-taking (LTV ratio) regressions for high versus low capital-relief banks

Interest Rate (log) Loan Value (log)
(1) (2) (3) (4) (5) (6) (7) (8)

High Capital-Reliefb × Post-Covidt × Risky Loanr −0.051∗∗∗ −0.053∗∗∗ −0.057∗∗∗ −0.102∗∗∗ 0.031∗∗ 0.054∗∗∗ 0.022∗∗ 0.068∗∗∗
(0.008) (0.013) (0.009) (0.021) (0.013) (0.013) (0.010) (0.019)

Risky Loanr = 1 if LTV ratio: ≥ 75 ≥ 80 ≥ 80 ≥ 90 ≥ 75 ≥ 80 ≥ 80 ≥ 90
Risky Loanr = 0 if LTV ratio: < 75 < 80 < 60 < 60 < 75 < 80 < 60 < 60
Borrower Risk Controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Bank-Borrower Type-Postcode-Qtr FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Number of observations 714,088 700,360 574,371 426,600 714,088 700,360 574,371 426,600
Number of banks 72 72 72 72 72 72 72 72
R2 (within) 0.349 0.455 0.401 0.560 0.410 0.329 0.611 0.628
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reports results of the regressions in Equation 4 using a granular panel dataset aggregated from origination-level
data in Columns (1) and (5). The dependent variable in Column (1) is the logarithm of the average interest rate within the panel
unit, while the dependent variable in Column (5) is the logarithm of the average loan value within the panel unit. Post-Covidt is a
dummy variable that takes value 1 between 2020 Q1 and 2020 Q4, and 0 between 2019 Q1 and 2019 Q4. High Capital-Reliefb is a
dummy variable that takes the value 1 if the bank has an average 2019 CCyB pass-through rate of 50% or more. Risky Loanr is a
dummy variable that takes the value 1 if loans provided within the panel unit have, on average, loan-to-value ratios greater than or
equal to 75%. Borrower controls included are the proportion of impaired borrowers, self-employed borrowers, interest-only
borrowers and income-verified borrowers within the panel unit. Table B.9 in Appendix B reports the coefficients on all variables
included in the regression. In Columns (2)-(4) and (6)-(8) we report results using alternative definitions of ‘Risky Loan’.
Specifically, in Columns (2) and (5), Risky Loanr takes the value 1 for loans issued to borrower i with an LTV ratio of 80% or
more, and 0 otherwise. In Columns (3) and (7) Risky Loanr takes the value 1 for loans with an LTV ratio of 80% or more and 0 for
loans with an LTV ratio of less than 60%. In Columns (3) and (7) Risky Loanr takes the value 1 for loans with an LTV ratio of
90% or more and 0 for loans with an LTV ratio of less than 60%.

absorb all bank-time variation, we exclude bank-time-varying controls, which in turn increases
the number of banks and therefore the number of observations included in the estimation. We
show in Figure B.2 that conditional pre-treatment parallel trends hold, with pre-Covid coeffi-
cients that are not statistically distinguishable from zero across both interest rates (left-hand
panel) and loan values (right-hand panel).

We also examine whether our findings are sensitive to alternative definitions of ‘risky’ lending
based on different LTV thresholds in Columns (2)-(4) and (6)-(8) of Table 4. The corresponding
estimates show that the results for both interest rates and loan values remain broadly consistent
across a range of cutoff points. Notably, the estimates become quantitatively stronger in the
upper tail of the LTV distribution, such as when comparing loans with LTVs above 90% to those
below 60% (Columns (4) and (8)). In these specifications, high capital-relief banks reduce lending
rates on high-risk, capital-intensive loans by approximately 10% and increase loan volumes by
around 7% relative to peers, indicating a markedly stronger response at the upper end of the
LTV distribution.

In line with the baseline lending analysis, we subject the risk-taking specifications to several
additional robustness checks. The results are unchanged when the regressions are re-estimated
using the underlying origination-level transactions (Table C.5); when observations from Q1 2020
are excluded (Table C.6); and when we employ alternative combinations of fixed effects (Tables
C.7 and C.8).
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Combining LTV with other borrower risk characteristics We next leverage the granu-
larity of our originations-level data to examine whether the CCyB relief had differential effects
on lending to borrowers who are particularly risky from both a balance-sheet and regulatory per-
spective. To do so, we focus on our most stringent LTV definition – comparing loans with LTVs
of 90% and above to those with LTVs of 60% and below – and interact this measure with two
complementary borrower risk characteristics: (i) first-time buyers and (ii) high-LTI borrowers.

First-time buyers typically face tighter financing constraints, have distinct demographic profiles
relative to remortgagors, and lack established credit histories. Under conditions of macroeco-
nomic stress, lenders may be especially reluctant to extend credit to these borrowers, given
the absence of a pre-existing relationship and their elevated default risk (McCann and O’Toole,
2019). Consistent with this, prior work (e.g., Kelly et al., 2015) documents higher default like-
lihoods for first-time buyers, and in our dataset, they account for roughly 67% of high-LTV (≥
90%) mortgages originated prior to the pandemic.

High-LTI borrowers, those with loan-to-income ratios exceeding 4x, represent a second dimen-
sion of elevated borrower risk. Following Campbell and Cocco (2015), we examine the joint
incidence of high-LTV and high-LTI ratios, as regulators often view these characteristics in
combination rather than in isolation. Borrowers exhibiting both tend to have higher default
probabilities and generate larger expected losses in the event of default. As LTIs rise, cash-flow
shocks become more consequential due to reduced mortgage affordability and tighter borrowing
constraints. For these reasons, limits on LTV and LTI ratios constitute two of the most widely
used macroprudential instruments globally (Acharya et al., 2022; Alam et al., 2019).24

Table 5 summarizes these results. Columns (1) and (4) reproduce the baseline estimates from
Table 4. Columns (2) and (5) present the interest rate and loan value estimates for borrowers
who are jointly high-LTV and high-LTI, while Columns (3) and (6) report the corresponding
results for borrowers who are jointly high-LTV and first-time buyers. For each borrower-risk
combination, we define comparison groups to maintain a consistent set of highly disaggregated
fixed effects. For high-LTV and high-LTI borrowers, we compare against borrowers with low
LTV (≤ 60%) and low LTI (< 4x). For the combination of high-LTV and first-time buyers,
we compare against all other borrower types: (i) high-LTV non-first-time buyers, (ii) low-LTV
first-time buyers, and (iii) low-LTV non-first-time buyers. Recall that the category non-first-
time buyers includes remortgagors, home-movers, and council/ social tenant buyers.25 In each
case, we find materially stronger results, both in terms of statistical significance and economic
24In the UK, lenders face regulatory limits on the proportion of mortgages with LTI ratios of 4.5 or above,
introduced in June 2014 (Bank of England, 2014) and shown to be a binding constraint on bank lend-
ing by Peydró et al. (2023). We adopt a slightly lower threshold of 4x to ensure sufficient density in
bank–borrower-type–postcode–quarter cells while maintaining comparability to the underlying regulatory
framework.

25In unreported tests, we also confirm that similar results are obtained when comparing jointly high-LTV and
first-time buyers directly to jointly low-LTV, non-first-time buyers using a slightly less granular set of fixed
effects disaggregated at the bank–postcode–time level.
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magnitude. We take this as support for the perspective that borrower risk characteristics should
be considered jointly rather than in isolation, and highlights the value of origination-level data
in enabling nuanced analysis of combined borrower risk characteristics.

Table 5: Risk-taking behaviour: Using conventional measures of borrower risk - different bor-
rower risk characteristics

Interest Rate (log) Loan Value (log)
(1) (2) (3) (4) (5) (6)

High Capital-Reliefb × Post-Covidt × Risky Loanr −0.051∗∗∗ −0.121∗∗∗ −0.113∗∗∗ 0.031∗∗ 0.053∗∗ 0.097∗∗∗
(0.008) (0.022) (0.019) (0.013) (0.022) (0.023)

Risky Loanr = 1 if: LTV ≥ 75 LTV ≥ 90 & LTI ≥ 4x LTV ≥ 90 & FTB LTV ≥ 75 LTV ≥ 90 & LTI ≥ 4x LTV ≥ 90 & FTB
Risky Loanr = 0 if: LTV < 75 LTV < 60 & LTI < 4x LTV < 60 |¬ FTB LTV < 75 LTV < 60 & LTI < 4x LTV < 60 |¬ FTB
Borrower Risk Controls ✓ ✓ ✓ ✓ ✓ ✓
Bank-Borrower Type-Postcode-Qtr FE ✓ ✓ ✓ ✓ ✓ ✓

Number of observations 714,088 307,229 499,428 714,088 307,229 499,428
Number of banks 72 71 72 72 71 72
R2 (within) 0.349 0.466 0.559 0.410 0.692 0.674
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces results of the regressions in Equation 4, focused on interest rates in Column (1) and loan values in
Column (4). In the other columns, we report results using alternative definitions of ‘Risky Loan’, based on a range of borrower risk
characteristics. In Columns (2) and (5), Risky Loanr takes the value 1 if loans provided within the panel unit have, on average,
loan-to-value ratios greater than or equal to 90% and loan-to-income ratios greater or equal to 4, and 0 if loans provided within the
panel unit have, on average, loan-to-value ratio less than 60% and a loan-to-income ratio of less than 4. In Columns (3) and (6),
Risky Loanr takes the value 1 if loans provided within the panel unit have, on average, loan-to-value ratios greater than or equal to
90% and borrower type ‘First Time Buyer’, and if loans provided within the panel unit have, on average, either loan-to-value ratios
less than 60% or borrower type that is not ‘First Time Buyer’. Borrower controls included are the proportion of impaired borrowers,
self-employed borrowers, interest-only borrowers and income-verified borrowers within the panel unit.

5.4 Evolution in risk-taking: Covid-specific borrower risk measure

Finally, we exploit geographic variation in local exposure to Covid-19 as an alternative and
plausibly exogenous shock to borrower risk, one that is orthogonal to contemporaneous financial
system dynamics.

Table 6 reports estimates from Equation 5. As in earlier sections, Column (1) presents results for
interest rates and Column (2) for loan values. The pattern is consistent with our baseline findings.
Banks receiving greater capital relief continued to support lending in areas experiencing elevated
pandemic-related borrower risk: they set interest rates that were 2.0% lower and extended loan
values that were 0.9% higher than other banks. These estimates are statistically significant at
the 1% and 5% levels, respectively.

Taken together, these results indicate that high capital-relief banks not only maintained looser
lending conditions on average, but were also materially more accommodative in local markets
more severely affected by Covid-19. This provides further evidence that the CCyB reduction
expanded banks’ risk-taking capacity during the stress period.
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Table 6: Risk-taking behaviour: Using Covid-19 specific shock to borrower risk

Interest Rate (log) Loan Value (log)
(1) (2)

High Capital-Reliefb × Post-Covidt × High-Risk Areal −0.020∗∗∗ 0.009∗∗
(0.002) (0.004)

Borrower Risk controls ✓ ✓
Bank-Qtr FE ✓ ✓
Bank Type-Borrower Type-Postcode-Qtr FE ✓ ✓

Number of observations 433,429 433,429
Number of banks 70 70
R2 (within) 0.036 0.447
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reports results of the regressions in Equation 5 using a granular panel dataset aggregated from origination-level
data. The dependent variable in Column (1) is the logarithm of the average interest rate within the panel unit, while the dependent
variable in Column (2) is the logarithm of the average loan value within the panel unit. Post-Covidt is a dummy variable that
takes value 1 between 2020 Q1 and 2020 Q4, and 0 between 2019 Q1 and 2019 Q4. High Capital Reliefb is a dummy variable that
takes the value 1 if the bank has an average 2019 CCyB pass-through rate of 50% or more. High-Risk Areal is a dummy variable
that takes the value 1 if the local area l has above median average Covid-19 case rates through 2020. Borrower controls included
are the average LTV ratio as well as the proportion of impaired borrowers, self-employed borrowers, interest-only borrowers and
income-verified borrowers within the panel unit. Table B.10 in Appendix B reports the coefficients on all variables included in the
regression.

Again, Figure B.2 indicates no statistically significant differences in interest rates (left-hand
panel) or loan values (right-hand panel) between high and low capital-relief banks in periods
before the onset of the pandemic. We conduct a parallel set of robustness checks for Equation 5,
analogous to those for our other specifications (Tables C.9, C.10, C.11, and C.12). The results
remain robust across these tests.

6 Conclusions and policy implications
In this paper, we evaluate the effectiveness of macroprudential policy loosening during systemic
stress by studying the UK’s release of the countercyclical capital buffer (CCyB) during Covid-19.
While tools aimed at policy tightening are well documented to enhance financial resilience,
credible evidence on the efficacy of interventions aimed at loosening conditions—particularly
lender-based measures—remains limited. The UK’s CCyB cut provides a rare and timely policy
experiment to assess whether explicitly releasable macroprudential buffers can mitigate procycli-
cal tightening and support credit supply in stress.

Using confidential regulatory data, we exploit cross-sectional variation in how the CCyB release
translated into changes in individual banks’ capital requirements. This addresses the common
challenge that CCyB adjustments operate system-wide. Combined with loan-level data covering
the universe of UK residential mortgage originations, we implement a difference-in-differences
design over January 2019–December 2020 to identify bank-specific credit-supply responses. The
evidence shows that all banks tightened capital positions at the onset of the pandemic, materially
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defending their capital ratios. However, banks receiving greater CCyB relief defended their ratios
by less and were better able to sustain mortgage lending, offering lower prices and larger loan
amounts relative to peers. Although credit to riskier borrowers contracted sharply in aggregate,
banks benefiting from greater relief continued to extend more credit at lower prices to ex-ante
riskier borrowers, consistent with a supply-side response.

Our results have clear implications for macroprudential policy design. First, they underscore
the value of state-contingent, rules-based macroprudential frameworks over discretionary inter-
ventions in stress (e.g., Galati and Moessner, 2013; Jermann and Xiang, 2025; Kydland and
Prescott, 1977). The UK experience shows that releasable buffers can operate effectively as ac-
commodative tools when conditions deteriorate. Second, our findings reinforce broader concerns
that other ‘usable’ but non-releasable regulatory buffers may be difficult to draw down in prac-
tice, as suggested by Saporta (2021). Third, they support proposals, such as those by Restoy
(2021), that a larger non-zero releasable buffer accumulated in good times can yield substantial
macroprudential benefits in downturns.

Taken together, our evidence indicates that macroprudential authorities can enhance the coun-
tercyclical effectiveness of their frameworks by increasing the share of capital buffers that are
explicitly releasable in stress. The CCyB’s design and performance during Covid-19 suggest
that such buffers are a promising tool for supporting credit supply and mitigating procyclical
dynamics when they matter most.
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Appendices

A Data and Descriptive Evidence

Table A.1: Summary statistics for aggregate dataset

High capital-relief Low capital-relief
Variable Mean St.Dev Min 25th 75th Max Mean St.Dev Min 25th 75th Max
CCyB pass-through rate 0.95 0.11 0.51 0.97 1.00 1.00 0.22 0.15 0.01 0.08 0.38 0.48
CET1 ratio (% RWAs) 17.58 4.05 11.37 14.40 20.14 32.18 17.62 4.29 9.74 14.41 20.40 32.66
CET1 effective requirement (excl. PRA buffer, % RWAs) 12.88 2.58 9.03 11.26 14.15 26.49 12.71 2.43 8.28 10.77 14.19 17.78
CET1 effective surplus (excl. PRA buffer, % RWAs) 4.73 2.83 0.07 2.50 6.43 11.93 5.03 2.86 0.30 2.99 6.58 15.67
CET1 simple surplus (excl. PRA buffer, % RWAs) 7.99 3.80 1.25 5.07 10.49 18.84 7.94 4.02 1.34 4.63 10.40 22.00
Cash/ assets (%) 15.72 11.67 0.02 8.63 18.78 72.65 11.31 13.18 0.10 2.51 14.86 68.33
Deposits/ assets (%) 83.64 12.24 32.73 80.17 92.22 95.00 66.32 25.69 11.60 43.34 88.19 96.60
Mortgage lending/ assets (%) 38.88 28.33 0 11.37 61.30 84.32 0.97 1.91 0 0.00 0.62 5.98
Non-govt. guaranteed corporate lending/ assets (%) 13.30 14.74 0 2.40 17.85 48.17 6.16 9.56 0 0.34 10.75 55.89
log Total assets (%) 21.67 2.06 17.86 20.09 22.95 27.89 22.95 2.50 19.07 21.29 24.53 28.39
Provisions/ assets (%) 0.19 0.26 0.00 0.01 0.32 1.27 0.97 3.87 0.00 0.01 0.16 22.47
Retained profits/ assets (%) 5.00 6.56 -16.92 2.82 6.65 37.20 2.00 3.97 -11.01 0.52 4.02 11.39
Risk-weighted assets/ assets (%) 43.19 17.53 13.38 33.97 46.89 103.87 47.89 21.91 10.02 33.13 63.26 93.08

Notes: The table shows the summary statistics for the aggregate dataset.

Table A.2: Summary statistics for loan-level dataset

High capital-relief Low capital-relief
Variable Mean St.Dev Min 25th 75th Max Mean St.Dev Min 25th 75th Max
Bank characteristics
CET1 ratio (% RWAs) 17.65 6.59 11.37 13.64 16.22 32.18 14.41 0.20 9.98 14.31 14.70 14.70
log Total assets (%) 26.54 1.36 17.91 26.24 27.31 27.89 28.34 0.12 23.84 28.31 28.39 28.39
Cash/ assets (%) 9.90 2.73 2.76 7.85 12.61 35.98 6.19 0.48 5.76 5.76 6.46 19.66
Deposits/ assets (%) 68.96 8.85 40.12 61.04 73.55 95.00 63.40 1.07 61.70 61.70 64.45 65.51
Provisions/ assets (%) 0.31 0.15 0.00 0.17 0.42 1.27 0.21 0.01 0.20 0.21 0.23 0.40
Retained profits/ assets (%) 2.56 1.91 -15.09 1.27 3.92 14.74 4.03 0.04 3.79 4.01 4.10 4.10
Risk-weighted assets / assets (%) 25.52 7.05 13.38 24.41 30.15 77.71 33.17 1.14 32.27 32.27 33.37 70.43
Borrower characteristics
Loan-to-income (ratio) 3.21 1.06 0.12 2.48 4.06 14.53 2.99 1.13 0.12 2.14 3.92 14.24
Loan-to-value (pp) 68.28 21.37 2.45 55.00 85.25 99.93 64.75 22.62 2.46 49.13 85.00 95.31
Property value (GBP, ‘000) 299.78 257.62 19.00 162.00 360.00 26,250.00 333.59 311.65 28.00 176.00 387.50 15,000.00
Gross income (GBP, ‘000) 62.58 69.46 1.78 36.08 72.00 14,694.38 74.79 121.04 2.68 39.43 82.00 12,026.22
Loan value (GBP, ‘000) 191.30 150.56 5.00 104.20 237.25 15,275.00 198.24 168.15 5.98 107.91 242.80 10,600.00
Interest (pp) 2.17 0.57 0.99 1.84 2.34 19.40 2.05 0.36 1.09 1.84 2.19 4.39
Age (years) 37.58 9.63 18.00 30.00 44.00 84.00 38.64 9.16 18.00 31.00 45.00 84.00
First-time buyer (dummy) 0.33 0.47 0.00 0.00 1.00 1.00 0.24 0.43 0.00 0.00 0.00 1.00
Self-employed (dummy) 0.11 0.31 0.00 0.00 0.00 1.00 0.06 0.24 0.00 0.00 0.00 1.00
Impaired borrower (dummy) 0.00 0.05 0.00 0.00 0.00 1.00 0.00 0.01 0.00 0.00 0.00 1.00
Income verification (dummy) 1.84 0.37 1.00 2.00 2.00 2.00 2.00 0.00 2.00 2.00 2.00 2.00
Interest-only mortgage (dummy) 0.02 0.13 0.00 0.00 0.00 1.00 0.02 0.12 0.00 0.00 0.00 1.00

Notes: The table shows the summary statistics for the loan-level mortgage dataset Product Sales Database, after excluding the top

quartile of banks (identified on the basis of the aggregate sample to avoid sample composition driving changes in results).
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Table A.3: Summary statistics for Covid-19 case rate and loan-level merged dataset

Statistic No. of local areas Mean St. Dev. Min Pctl(25) Pctl(75) Max
East Anglia 119 100.62 77.01 19.80 46.17 125.99 660.79
East Midlands 92 127.55 114.14 21.30 46.66 202.53 1490.80
London 281 154.64 194.28 12.37 42.82 147.78 995.39
North 146 162.28 128.74 15.25 58.66 248.86 1389.31
North West 235 163.20 141.73 18.10 54.94 230.84 1038.27
Scotland 5 117.34 60.76 38.30 64.65 143.72 237.30
South East 483 132.17 161.51 12.80 43.15 134.73 1128.98
South West 260 105.48 82.65 16.90 46.08 146.81 901.21
Wales 15 93.83 55.86 24.80 56.82 134.48 543.18
West Midlands 211 131.20 109.91 16.55 48.07 209.31 591.66
Yorkshire & Humber 230 156.52 135.88 18.69 55.36 223.23 1120.57
Overall 2077 139.31 145.31 12.37 47.08 182.23 1490.8
Notes: The table shows the summary statistics for the merged in Covid-19 case dataset between March and December 2020. The

column “No. of local areas” refers to the number of local areas or postcodes within each region, as our loan-level regressions use local

area × time and local area × bank fixed effects. Our analysis uses the number of new cases per 100,000 people calculated over a 7-day

rolling period. The data is obtained from the UK’s official Covid-19 reporting dashboard available on https://coronavirus.data.

gov.uk/. The information is available at a very granular Middle Layer Super Output Area (MSOA) level, which are comparable to

UK council districts, and have an average of 8288 residents per the 2011 Census (Fetzer, 2022). MSOAs are more smaller than local

areas, the latter being the geographical unit of our lending analysis. On average, there are 7 MSOAs within a local area.
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Figure A.1: CET1 capital ratio

Notes: The CET1 capital ratio is defined as CET1 capital as a percentage of risk-weighted assets. Major UK banks are Barclays,

HSBC, Lloyds Banking Group, Nationwide, NatWest Group, Santander, Standard Chartered and, from end-2020, Virgin Money.

Prior to 2011, the chart shows Bank of England estimates of banks’ CET1 ratios. Capital figures are year-end, except 2021 Q1. The

chart is sourced from Bank of England (2021c).
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Figure A.2: Geographic distribution of Covid-19 cases in 2020

Notes: This figure shows the geographical heterogeneity in average Covid-19 case rates per 100,000 people disaggregated by Great

Britain regions (at the two-digit postcode district level). The colour of each region represents the average case rates. Dark shades

of blue represent relatively low average case rates, while dark shades of red represent relatively high average case rates. Lighter

shades in between reflect the intermediate level of average case rates. We do not have data for the regions depicted in grey. Data on

Covid-19 case rates is sourced from the government dashboard available at https://coronavirus.data.gov.uk/.
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B Auxiliary Results

Table B.1: Evolution of capital surpluses across high versus low capital-relief banks (all variables
reported)

CET1 surplus (%) CET1 surplus (log)
(1) (2)

High Capital-Reliefb × Post-Covidt −1.26∗∗ −0.15∗
(0.59) (0.08)

CET1 Requirementb,t 0.06 −0.12∗∗
(0.44) (0.05)

Cash/Assetsb,t−1 0.09∗∗∗ 0.01∗∗
(0.03) (0.00)

Deposits/Assetsb,t−1 −0.13 −0.00
(0.10) (0.01)

Retained Earnings/Assetsb,t−1 −0.13 −0.01
(0.12) (0.01)

Log Total Assetsb,t−1 −7.65∗∗∗ −1.03∗∗∗
(2.70) (0.31)

Provisions/Assetsb,t−1 0.09 0.02
(0.09) (0.01)

Risk Densityb,t−1 −0.18∗∗∗ −0.02∗∗∗
(0.05) (0.00)

Bank FE ✓ ✓
Bank Type-Qtr FE ✓ ✓

No. of observations 699 695
No. of banks 95 95
R2 (within) 0.24 0.13
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Robust standard errors clustered at the bank level are reported in brackets.

Notes: The table reports results of the regressions in Equation 2. The dependent variable in Column (1) is the effective CET1 surplus
(in pp), while the dependent variable in Column (2) is the logarithm of the effective CET1 surplus. Post-Covidt is a dummy variable
that takes value 1 between 2020 Q1 and 2020 Q4, and 0 between 2019 Q1 and 2019 Q4. high capital-relief b is a dummy variable
that takes the value 1 if the bank has an average 2019 CCyB pass-through rate of 50% or more. Bank controls included are cash to
assets, retained earnings to assets, deposits to assets, provisions to assets, risk-weight density and the logarithm of total assets all
lagged by one quarter, as well as the capital requirement which enters contemporaneously.
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Table B.2: Lending behaviour across high capital-relief and low capital-relief banks (all variables
reported)

Interest Rate (log) Loan Value (log)
(1) (2)

High Capital-Reliefb × Post-Covidt −0.034∗∗ 0.023∗∗
(0.013) (0.009)

More Capital-Constrainedb × Post-Covidt 0.019∗∗ −0.021∗∗∗
(0.008) (0.007)

LTVIT,BT,l,t × Post-Covidt 0.001∗∗∗ −0.000
(0.000) (0.000)

Impaired Borrowerb,IT,l,t × Post-Covidt 0.001 −0.082
(0.028) (0.064)

Self-Employed Borrowerb,IT,l,t × Post-Covidt 0.007∗∗ −0.006
(0.003) (0.009)

Borrower Income Verifiedb,IT,l,t × Post-Covidt −0.018∗ 0.011∗
(0.009) (0.006)

Interest Only Mortgageb,IT,l,t × Post-Covidt 0.054∗∗ −0.027
(0.021) (0.025)

Cash/Assetsb,t−1 −0.002 −0.004∗
(0.002) (0.002)

Deposits/Assetsb,t−1 0.007∗∗ 0.002
(0.002) (0.002)

Retained Earnings/Assetsb,t−1 −0.021∗∗∗ 0.021∗∗∗
(0.005) (0.004)

Log Total Assetsb,t−1 0.238∗∗ −0.037
(0.087) (0.072)

Provisions/Assetsb,t−1 0.233∗∗∗ −0.047
(0.055) (0.042)

Risk Densityb,t−1 1.818∗∗∗ −0.997∗∗∗
(0.425) (0.260)

Mortgage share of Assetsb,t−1 −0.008∗ 0.001
(0.004) (0.002)

Mortgage share of Government Guaranteed Assetsb,t−1 0.020 −0.016
(0.016) (0.014)

CET1 Ratiob,2019 × Post-Covidt −0.042 0.059
(0.096) (0.070)

Log Specialisationb,2019 × Post-Covidt −0.008∗ −0.002
(0.004) (0.003)

Bank FE ✓ ✓
Bank Type-Borrower-Postcode-Qtr FE ✓ ✓

Number of observations 435,875 435,875
Number of banks 31 31
R2 (within) 0.078 0.416
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reports results of the regressions in Equation 3 using a granular panel dataset aggregated from origination-level
data. The dependent variable in Column (1) is the logarithm of the average interest rate within the panel unit, while the dependent
variable in Column (2) is the logarithm of the average loan value within the panel unit. Post-Covidt is a dummy variable that takes
value 1 between 2020 Q1 and 2020 Q4, and 0 between 2019 Q1 and 2019 Q4. High Capital-Reliefb is a dummy variable that takes
the value 1 if the bank has an average 2019 CCyB pass-through rate of 50% or more. Bank controls included are cash to assets,
retained earnings to assets, deposits to assets, provisions to assets, risk-weight density and the logarithm of total assets all lagged
by one quarter, as well as the capital requirement which enters contemporaneously. Borrower controls included are the average LTV
ratio as well as the proportion of impaired borrowers, self-employed borrowers, interest-only borrowers and income-verified borrowers
within the panel unit.
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Table B.3: Balance Statistics for unmatched vs covariate balancing propensity score (CBPS)
Matched sample

Unmatched Matched by CBPS
Variable High Capital-Relief Low Capital-Relief Difference High Capital-Relief Low Capital-Relief Difference

Mean Mean p-value Mean Mean p-value
(1) (2) (3) (4) (5) (6)

Deposits/Assetsb,2019 83.409 66.832 0.005 70.240 66.661 0.612
Log Total Assetsb,2019 22.380 25.441 0.180 24.224 24.780 0.788
Log Specialisationb,2019 1.301 0.991 0.464 0.943 1.028 0.870
Retained Earnings/Assetsb,2019 4.385 3.384 0.255 4.310 3.472 0.534
Cash/Assetsb,2019 12.795 11.108 0.603 12.368 12.954 0.868
Provisions/Assetsb,2019 0.167 0.200 0.700 0.210 0.241 0.775
CET1 Ratiob,2019 0.211 0.223 0.782 0.207 0.206 0.992

Notes: The table reports balance statistics across high capital-relief and low capital-relief banks in the ‘unmatched’ sample in Columns
(1)-(3), as well as the balance statistics after covariate balancing propensity score (CBPS) matching in Columns (4)-(6). For each
sample, we report the pre-treatment mean values across high and low capital-relief banks for various bank balance sheet variables.
We also report the p-value of the difference between these variables, where values smaller than 0.1 indicate that the pre-treatment
averages are significantly different from 0 across groups.

Table B.4: Lending results after covariate balancing propensity score (CBPS) matching

Interest Rate (log) Loan Value (log)
Baseline Matched Baseline Matched
(1) (2) (3) (4)

High Capital-Reliefb × Post-Covidt −0.034∗∗ −0.036∗∗ 0.023∗∗ 0.030∗∗
(0.013) (0.016) (0.009) (0.011)

Bank Controls ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓
Bank FE ✓ ✓ ✓ ✓
Bank Type–Borrower–Postcode–Qtr FE ✓ ✓ ✓ ✓
Number of observations 435,875 435,875 435,875 435,875
Number of banks 31 31 31 31
R2 (within) 0.078 0.073 0.416 0.414
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

Notes: The table reproduces the results of the regressions in Equation 3 from Table 2 in Columns (1) and (3). Columns (2) and (4)
report the equivalent results after covariate balancing propensity score matching (Imai and Ratkovic, 2014) high capital-relief and
low capital-relief banks.

49



Table B.5: Control function strategy to extract residual variation in CCyB pass-through rates
(first stage)

CCyB pass-through
(1) (2)

Cash/Assetsb,2019 −0.003 0.000
(0.004) (0.003)

Deposits/Assetsb,2019 0.009∗∗∗ 0.005∗∗∗
(0.003) (0.002)

Retained Earnings/Assetsb,2019 0.012∗ 0.001
(0.007) (0.004)

Log Total Assetsb,2019 −0.005 −0.015
(0.024) (0.031)

Provisions/Assetsb,2019 −0.012 0.107
(0.128) (0.110)

Risk Densityb,2019 −0.000 −0.000∗∗
(0.000) (0.000)

Mortgage share of Assetsb,2019 0.005∗∗ 0.002
(0.002) (0.001)

CET1 Ratiob,2019 0.004∗∗ 0.006∗∗∗
(0.001) (0.001)

Bank Type FE No Yes
Number of observations 174 174
R2 (full) 0.681 −
R2 (within) − 0.536
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are clustered at the bank-group level.

Notes: The table reports results of a regression estimating the association between banks’ pre-treatment CCyB pass-through rates
and pre-treatment (2019) averages of our bank balance sheet control variables. We estimate this regression without (Column 1) and
with (Column 2) bank type fixed effects. This constitutes the ‘first stage’ of a control function strategy we adopt for extracting the
unexplained component of the CCyB pass-through rate. We use the residual of this regression in the ‘second stage’ of this strategy
in Table B.6.
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Table B.6: Lending results using control function strategy to extract residual variation in CCyB
pass-through rates (second stage)

Interest Rate (log) Loan Value (log)
(1) (2) (3) (4)

Residual Above-Mean CCyB Pass-Throughb × Post-Covidt −0.022∗ −0.027∗∗ 0.014∗∗ 0.026∗∗∗
(0.011) (0.013) (0.007) (0.008)

First-stage residuals constructed with Bank Type FEs ✓ ✓
Bank Controls ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓
Bank FE ✓ ✓ ✓ ✓
Bank Type-Borrower Type-Postcode-Qtr FE ✓ ✓ ✓ ✓

Number of observations 435,875 435,875 435,875 435,875
Number of banks 31 31 31 31
R2 (within) 0.077 0.078 0.416 0.416
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reports results from a modified version of Equation 3, in which we replace the High Capital-Reliefb indicator with

Residual Above-Mean CCyB Pass-Throughb. This variable is constructed as the above-mean residual from a regression of banks’

pre-treatment CCyB pass-through rates on pre-treatment averages of our bank balance sheet controls; the corresponding first-stage

results are presented in Table B.5. Columns (1) and (2) report the interest rate estimates, while Columns (3) and (4) report the loan

value estimates. Columns (1) and (3) use first-stage estimates from Column (1) of Table B.5, which excludes bank-type fixed effects.

Columns (2) and (4) rely on first-stage estimates from Column (2) of Table B.5, which include bank type fixed effects.

Table B.7: Lending results after isolating bank-level supply shocks

Weighted by CCyB pass-through Weighted by market shares
Mean loan volume Mean interest rate Mean loan volume Mean interest rate

(1) (2) (3) (4)
High Capital Reliefb,l -0.121 0.057 0.537 -0.33
Low Capital Reliefb,l -0.135 0.061 0.498 -0.32

High Capital Reliefb,l − Low Capital Reliefb,l 0.015 -0.004 0.04 -0.01
p-value (t-test) 0.00 0.00 0.00 0.01

Notes: The table reports results of estimates of changes in lending behaviour by bank b in postcode l in 2020 relative to 2019,
averaged across high, and low, capital-relief banks, respectively, using the granular originations data. The estimates are based on
the methodology of Amiti and Weinstein (2018) to isolate bank-level supply shocks. Bank and postcode fixed effects are included to
obtain postcode-bank level estimates. The estimated bank fixed effects are interpretable as bank-specific credit supply shocks and
are subsequently normalised cross-sectionally within each postcode. Supply shocks are then weighted either by each bank’s overall
CCyB pass-through rate (Columns 1 and 2), or by its lending market share in postcode l in Q1 2019 (Columns 3 and 4). Averages
across High Capital Reliefb,l and Low Capital Reliefb,l banks are reported in rows (1) and (2). The difference between the respective
means are reported in row (3), with p-values from t-tests of the differences in means reported in row (4). p-values smaller than 0.05
indicate a statistically significant difference in means at the 5% level.

51



Table B.8: Lending behaviour results with remortgagor sub-sample

Interest Rate (log) Loan Value (log)
(1) (2) (3) (4)

High Capital-Reliefb × Post-Covidt −0.034∗∗ −0.028∗ 0.023∗∗ 0.019∗∗∗
(0.013) (0.014) (0.009) (0.006)

Borrower Type All Remortgagor All Remortgagor
Bank Controls ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓
Bank FE ✓ ✓ ✓ ✓
Bank Type-Borrower Type-Postcode-Qtr FE ✓ ✓
Bank Type-Postcode-Qtr FE ✓ ✓
Number of observations 435,875 151,564 435,875 151,564
Number of banks 31 31 31 31
R2 (within) 0.078 0.118 0.416 0.467
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

Notes: The table reproduces the results of the regressions in Equation 3 from Table 2 in Columns (1) and (3) then shows the
equivalent results after sub-sampling on borrowers in the ‘Remortgagor’ borrower type in Columns (2) and (4).

Table B.9: Risk-taking behaviour: Using conventional measures of borrower risk (all variables
reported)

Interest Rate (log) Loan Value (log)
(1) (2)

High Capital-Reliefb × Post-Covidt×Risky Loanr −0.051∗∗∗ 0.031∗∗
(0.008) (0.013)

Impaired Borrowerb,IT,l,t,r × Post-Covidt 0.011 −0.049
(0.016) (0.043)

Self-Employed Borrowerb,IT,l,t,r × Post-Covidt −0.002 0.001
(0.003) (0.008)

Borrower Income Verifiedb,IT,l,t,r × Post-Covidt −0.038∗∗∗ 0.056∗∗∗
(0.012) (0.016)

Interest Only Mortgageb,IT,l,t,r × Post-Covidt −0.013 0.002
(0.017) (0.035)

Bank-Borrower Type-Postcode-Qtr FE ✓ ✓

Number of observations 714,088 714,088
Number of banks 72 72
R2 (within) 0.349 0.410
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reports results of the regressions in Equation 4 using a granular panel dataset aggregated from origination-level
data. The dependent variable in Column (1) is the logarithm of the average interest rate within the panel unit, while the dependent
variable in Column (2) is the logarithm of the average loan value within the panel unit. Post-Covidt is a dummy variable that takes
value 1 between 2020 Q1 and 2020 Q4, and 0 between 2019 Q1 and 2019 Q4. High Capital-Reliefb is a dummy variable that takes
the value 1 if the bank has an average 2019 CCyB pass-through rate of 50% or more. Risky Loanr is a dummy variable that takes
the value 1 for loans issued with an LTV ratio of 75% or more, and takes the value 0 for loans with an LTV ratio of less than 75%.
Fixed effects are included at the bank, borrower type, three-digit postcode, quarter level.
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Figure B.1: Risk-taking (LTV-ratio) regressions for high versus low capital-relief banks: Parallel
trends

Interest rate (log) Loan value (log)

Notes: This figure represents the conditional parallel trends for the risk-taking regressions shown in Table 4. The figure plots

coefficients from a modified version of Equation 4 where we replace Post-Covidt dummies with a full set of time (quarter) dummies.

2019 Q1 is the base period throughout.

53



Table B.10: Risk-taking behaviour: Using Covid-19 specific shock to borrower risk (all variables
reported)

Interest Rate (log) Loan Value (log)
(1) (2)

High Capital-Reliefb × Post-Covidt × High-Risk Areal −0.020∗∗∗ 0.009∗∗
(0.002) (0.004)

LTVi × Post-Covidt 0.001∗∗∗ 0.000
(0.000) (0.000)

Impaired Borrowerb,IT,l,t × Post-Covidt 0.024 −0.037
(0.023) (0.057)

Self-Employed Borrowerb,IT,l,t × Post-Covidt 0.000 0.007
(0.002) (0.010)

Borrower Income Verifiedb,IT,l,t × Post-Covidt −0.067∗∗ 0.031
(0.028) (0.023)

Interest Only Mortgageb,IT,l,t × Post-Covidt 0.057∗∗∗ −0.002
(0.020) (0.019)

Bank-Qtr FE ✓ ✓
Bank Type-Borrower Type-Postcode-Qtr FE ✓ ✓
SE Cluster: Bank, Postcode ✓ ✓

Number of observations 433,429 433,429
Number of banks 70 70
R2 (within) 0.036 0.447
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reports results of the regressions in Equation 5 using a granular panel dataset aggregated from origination-level
data. The dependent variable in Column (1) is the logarithm of the average interest rate within the panel unit, while the dependent
variable in Column (2) is the logarithm of the average loan value within the panel unit. Post-Covidt is a dummy variable that takes
value 1 between 2020 Q1 and 2020 Q4, and 0 between 2019 Q1 and 2019 Q4. High Capital-Reliefb is a dummy variable that takes
the value 1 if the bank has an average 2019 CCyB pass-through rate of 50% or more. High-Risk Areal is a dummy variable that
takes the value 1 if the local area l has above median average Covid-19 case rates through 2020. Borrower controls included are the
proportion of impaired borrowers, self-employed borrowers, interest-only borrowers and income-verified borrowers within the panel
unit.
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Figure B.2: Risk-taking (Covid-19 case rates) regression (High vs low capital-relief banks):
Parallel trends

Interest rate (log) Loan value (log)

Notes: This Figure represents the conditional parallel trends for the risk-taking (Covid-19 case rate measure) regressions shown in

Table 6. The figure plots coefficients from a modified version of Equation 5 where we replace Post-Covidt dummies with a full set

of time dummies. 2019 Q1 is the base period throughout.
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C Robustness

C.1 Lending results

This section reports additional robustness checks on the baseline lending results, stemming from
sample construction.

Table C.1: Lending behaviour results with origination-level data

Interest Rate (log) Loan Value (log)
Panel Transactions Panel Transactions
(1) (2) (3) (4)

High Capital-Reliefb × Post-Covidt −0.034∗∗ −0.035∗∗ 0.023∗∗ 0.026∗∗∗
(0.013) (0.014) (0.009) (0.008)

Bank Controls ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓
Bank FE ✓ ✓ ✓ ✓
Bank Type–Borrower Type–Postcode–Qtr FE ✓ ✓ ✓ ✓

Number of observations 435,875 1,602,450 435,875 1,602,450
Number of banks 31 31 31 31
R2 (within) 0.078 0.087 0.416 0.426
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 3 from Table 2 in Columns (1) and (3) and shows the equivalent
results using the underlying origination-level data in Columns (2) and (4). In the origination-level regressions, the borrower controls
are no longer measured as panel unit averages but represent the values of these variables for each origination.

Table C.2: Lending behaviour results after excluding 2020 Q1

Interest Rate (log) Loan Value (log)
Full Excl. 2020 Q1 Full Excl. 2020 Q1
(1) (2) (3) (4)

High Capital-Reliefb × Post-Covidt −0.034∗∗ −0.038∗∗ 0.023∗∗ 0.035∗∗∗
(0.013) (0.014) (0.009) (0.011)

Bank Controls ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓
Bank FE ✓ ✓ ✓ ✓
Bank Type–Borrower Type–Postcode–Qtr FE ✓ ✓ ✓ ✓

Number of observations 435,875 381,606 435,875 381,606
Number of banks 31 31 31 31
R2 (within) 0.078 0.080 0.416 0.415
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 3 from Table 2 in Column (1) and Column (3) then shows the
equivalent results for interest rates after dropping the period 2020 Q1 in Column (2) and for loan values in Column (4).
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Table C.3: Interest rate results across different combinations of Fixed Effects

Interest Rate (log)
(1) (2) (3) (4) (5) (6)

High Capital-Reliefb × Post-Covidt −0.033∗∗ −0.034∗∗ −0.034∗∗ −0.034∗∗ −0.038∗∗∗ −0.034∗∗
(0.014) (0.014) (0.014) (0.014) (0.013) (0.013)

Capital-Constrainedb × Post-Covidt 0.019∗ 0.017 0.028∗∗ 0.018∗ 0.025∗∗ 0.019∗∗
(0.011) (0.010) (0.011) (0.010) (0.010) (0.008)

Bank Controls ✓ ✓ ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓ ✓ ✓
Bank FE ✓ ✓ ✓ ✓ ✓ ✓
Qtr FE ✓
Borrower Type-Qtr FE ✓ ✓
Bank Type-Qtr FE ✓ ✓
Postcode-Qtr FE ✓ ✓
Bank Type-Borrower Type-Postcode-Qtr FE ✓

Number of observations 435,875 435,875 435,875 435,875 435,875 435,875
Number of banks 31 31 31 31 31 31
R2 (within) 0.245 0.142 0.237 0.200 0.082 0.078
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 3 from Table 2, focused on interest rates, in Column (6). In
Columns (1)-(5) we show results replacing the Bank Type-Borrower Type-Postcode-Qtr fixed effects from our baseline specification
with alternative combinations of fixed effects. Specifically, we report results with Qtr fixed effects in Column (1), with Borrower
Type-Qtr fixed effects in Column (2), with Bank Type-Qtr fixed effects in Column (3), with Postcode-Qtr fixed effects in Column
(4), with Borrower Type-Qtr, and Bank Type-Qtr, and Postcode-Qtr fixed effects in Column (5). Bank fixed effects are included in
each specification.
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Table C.4: Loan value results across different combinations of Fixed Effects

Loan Value (log)
(1) (2) (3) (4) (5) (6)

High Capital-Reliefb × Post-Covidt 0.008 0.006 0.017 0.018∗∗ 0.024∗∗∗ 0.023∗∗
(0.013) (0.012) (0.012) (0.008) (0.008) (0.009)

Capital-Constrainedb × Post-Covidt −0.032∗∗∗ −0.026∗∗ −0.047∗∗∗ −0.021∗∗∗ −0.024∗∗∗ −0.021∗∗∗
(0.011) (0.010) (0.010) (0.006) (0.006) (0.007)

Bank Controls ✓ ✓ ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓ ✓ ✓
Bank FE ✓ ✓ ✓ ✓ ✓ ✓
Qtr FE ✓
Borrower Type-Qtr FE ✓ ✓
Bank Type-Qtr FE ✓ ✓
Postcode-Qtr FE ✓ ✓
Bank Type-Borrower Type-Postcode-Qtr FE ✓

Number of observations 435,875 435,875 435,875 435,875 435,875 435,875
Number of banks 31 31 31 31 31 31
R2 (within) 0.147 0.142 0.146 0.380 0.142 0.416
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 3 from Table 2, focused on loan values, in Column (6). In
Columns (1)-(5) we show results replacing the Bank Type-Borrower Type-Postcode-Qtr fixed effects from our baseline specification
with alternative combinations of fixed effects. Specifically, we report results with Qtr fixed effects in Column (1), with Borrower
Type-Qtr fixed effects in Column (2), with Bank Type-Qtr fixed effects in Column (3), with Postcode-Qtr fixed effects in Column
(4), with Borrower Type-Qtr, and Bank Type-Qtr, and Postcode-Qtr fixed effects in Column (5). Bank fixed effects are included in
each specification.

C.2 Risk-taking (conventional measures of borrower risk) results

Table C.5: Risk-taking behaviour (conventional measures of borrower risk) results with
origination-level data

Interest Rate (log) Loan Value (log)
Panel Transactions Panel Transactions
(1) (2) (3) (4)

High Capital-Reliefb × Post-Covidt × Risky Loanr −0.051∗∗∗ −0.050∗∗∗ 0.031∗∗ 0.023∗∗
(0.008) (0.006) (0.013) (0.011)

Bank–Borrower Type–Postcode–Qtr FE ✓ ✓ ✓ ✓

Number of observations 714,088 1,734,959 714,088 1,734,959
Number of banks 72 72 72 72
R2 (within) 0.349 0.131 0.410 0.141
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 4 from Table 4 in Columns (1) and (3) and shows the equivalent
results using the underlying origination-level data in Columns (2) and (4). In the origination-level regressions, the borrower controls
are no longer measured as panel unit averages but represent the values of these variables for each origination.
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Table C.6: Risk-taking behaviour (conventional measures of borrower risk) results after excluding
2020 Q1

Interest Rate (log) Loan Value (log)
Full Excl. 2020 Q1 Full Excl. 2020 Q1
(1) (2) (3) (4)

High Capital-Reliefb × Post-Covidt × Risky Loanr −0.051∗∗∗ −0.054∗∗∗ 0.031∗∗ 0.029∗∗
(0.008) (0.009) (0.013) (0.013)

Bank–Borrower Type–Postcode–Qtr FE ✓ ✓ ✓ ✓

Number of observations 714,088 627,478 714,088 627,478
Number of banks 72 72 72 72
R2 (within) 0.349 0.346 0.410 0.409
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 4 from Table 4 in Column (1) and Column (3) then shows the
equivalent results for interest rates after dropping the period 2020 Q1 in Column (2) and for loan values in Column (4).

Table C.7: Risk-taking behaviour (conventional measures of borrower risk) results across different
combinations of Fixed Effects - Interest Rates

Interest Rate (log)
(1) (2) (3) (4) (5) (6)

High Capital-Reliefb × Post-Covidt × Risky Loanr −0.051∗∗∗ −0.052∗∗∗ −0.049∗∗∗ −0.054∗∗∗ −0.051∗∗∗ −0.051∗∗∗
(0.009) (0.010) (0.009) (0.009) (0.009) (0.008)

Bank Controls ✓ ✓ ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓ ✓ ✓
Bank FE ✓
Qtr FE ✓
Bank-Qtr FE ✓ ✓ ✓ ✓
Borrower Type-Qtr FE ✓ ✓
Postcode-Qtr FE ✓ ✓
Bank-Borrower Type-Postcode-Qtr FE ✓

Number of observations 714,088 714,088 714,088 714,088 714088 714088
Number of banks 72 72 72 72 72 72
R2 (within) 0.209 0.213 0.203 0.176 0.165 0.349
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 4 from Table 4, focused on interest rates, in Column (6). In
Columns (1)-(5) we show results replacing the Bank-Borrower Type-Postcode-Qtr fixed effects from our baseline specification with
alternative combinations of fixed effects. Specifically, we report results with Bank and Qtr fixed effects in Column (1), with Bank-Qtr
fixed effects in Column (2), with Bank-Qtr and Borrower Type-Qtr fixed effects in Column (3), with Bank-Qtr and Postcode-Qtr
fixed effects in Column (4), with Bank-Qtr, Borrower Type-Qtr, and Postcode-Qtr fixed effects in Column (5).
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Table C.8: Risk-taking behaviour (conventional measures of borrower risk) results across different
combinations of Fixed Effects - Loan Values

Loan Value (log)
(1) (2) (3) (4) (5) (6)

High Capital-Reliefb × Post-Covidt × Risky Loanr 0.067∗∗∗ 0.061∗∗∗ 0.040∗∗∗ 0.058∗∗∗ 0.038∗∗∗ 0.031∗∗
(0.017) (0.015) (0.013) (0.015) (0.013) (0.013)

Bank Controls ✓ ✓ ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓ ✓ ✓
Bank FE ✓
Qtr FE ✓
Bank-Qtr FE ✓ ✓ ✓ ✓
Borrower Type-Qtr FE ✓ ✓
Postcode-Qtr FE ✓ ✓
Bank-Borrower Type-Postcode-Qtr FE ✓

Number of observations 714,088 714,088 714,088 714,088 714,088 714,088
Number of banks 72 72 72 72 72 72
R2 (within) 0.122 0.122 0.212 0.118 0.213 0.410
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 4 from Table 4, focused on loan values, in Column (6). In
Columns (1)-(5) we show results replacing the Bank-Borrower Type-Postcode-Qtr fixed effects from our baseline specification with
alternative combinations of fixed effects. Specifically, we report results with Bank and Qtr fixed effects in Column (1), with Bank-Qtr
fixed effects in Column (2), with Bank-Qtr and Borrower Type-Qtr fixed effects in Column (3), with Bank-Qtr and Postcode-Qtr
fixed effects in Column (4), with Bank-Qtr, Borrower Type-Qtr, and Postcode-Qtr fixed effects in Column (5).

C.3 Risk-taking (Covid-19 specific shock to borrower risk) results

Table C.9: Risk-taking behaviour (Covid-19 specific shock to borrower risk) results with
origination-level data

Interest Rate (log) Loan Value (log)
Panel Transactions Panel Transactions
(1) (2) (3) (4)

High Capital-Reliefb × Post-Covidt × High Risky Areal −0.020∗∗∗ −0.018∗∗∗ 0.009∗∗ 0.013∗∗∗
(0.002) (0.002) (0.004) (0.004)

Bank Type–Borrower Type–Postcode–Qtr FE ✓ ✓ ✓ ✓
Bank–Qtr FE ✓ ✓ ✓ ✓

Number of observations 433,429 1,477,188 433,429 1,477,188
Number of banks 70 70 70 70
R2 (within) 0.036 0.064 0.447 0.446
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 5 from Table 6 in Column (1) and Column (3) and shows the
equivalent results using the underlying origination-level data. In the origination-level regressions, the borrower controls are no longer
measured as panel unit averages but represent the values of these variables for each origination.
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Table C.10: Risk-taking behaviour (Covid-19 specific shock to borrower risk) results after ex-
cluding 2020 Q1

Interest Rate (log) Loan Value (log)
Full Excl. 2020 Q1 Full Excl. 2020 Q1
(1) (2) (3) (4)

High Capital-Reliefb × Post-Covidt × High Risky Areal −0.020∗∗∗ −0.022∗∗∗ 0.009∗∗ 0.011∗∗
(0.002) (0.003) (0.004) (0.005)

Bank Type–Borrower Type–Postcode–Qtr FE ✓ ✓ ✓ ✓
Bank–Qtr FE ✓ ✓ ✓ ✓

Number of observations 433,429 380,422 433,429 380,422
Number of banks 70 70 70 70
R2 (within) 0.036 0.035 0.447 0.446
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 5 from Table 6 in Column (1) and Column (3) then shows the
equivalent results for interest rates after dropping the period 2020 Q1 in Column (2) and for loan values in Column (4).

Table C.11: Risk-taking behaviour (Covid-19 specific shock to borrower risk) results across
different combinations of Fixed Effects - Interest Rates

Interest Rate (log)
(1) (2) (3) (4) (5) (6)

High Capital-Reliefb × Post-Covidt × High Risky Areal −0.022∗∗∗ −0.021∗∗∗ −0.021∗∗∗ −0.021∗∗∗ −0.019∗∗∗ −0.020∗∗∗
(0.002) (0.003) (0.003) (0.002) (0.002) (0.002)

Bank Controls ✓ ✓ ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓ ✓ ✓
Bank FE ✓
Qtr FE ✓
Bank-Qtr FE ✓ ✓ ✓ ✓ ✓
Borrower Type-Qtr FE ✓ ✓
Postcode-Qtr FE ✓ ✓
Bank Type-Borrower Type-Postcode-Qtr FE ✓

Number of observations 433,429 433,429 433,429 433,429 433,429 433,429
Number of banks 70 70 70 70 70 70
R2 (within) 0.177 0.182 0.182 0.084 0.040 0.036
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 5 from Table 6, focused on interest rates, in Column (6). In
Columns (1)-(5) we show results replacing the Bank-Qtr and Bank Type-Borrower Type-Postcode-Qtr fixed effects from our baseline
specification with alternative combinations of fixed effects. Specifically, we report results with Bank and Qtr fixed effects in Column
(1), with Bank-Qtr fixed effects in Column (2), with Bank-Qtr and Borrower Type-Qtr fixed effects in Column (3), with Bank-Qtr
and Postcode-Qtr fixed effects in Column (4), and with Bank-Qtr, Borrower Type-Qtr, and Postcode-Qtr fixed effects in Column (5).
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Table C.12: Risk-taking behaviour (Covid-19 specific shock to borrower risk) results across
different combinations of Fixed Effects - Loan Values

Loan Value (log)
(1) (2) (3) (4) (5) (6)

High Capital-Reliefb × Post-Covidt × High Risky Areal 0.013∗∗∗ 0.009∗ 0.011∗∗∗ 0.013∗∗∗ 0.013∗∗∗ 0.009∗∗
(0.004) (0.005) (0.003) (0.005) (0.003) (0.004)

Bank Controls ✓ ✓ ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓ ✓ ✓
Bank FE ✓
Qtr FE ✓
Bank-Qtr FE ✓ ✓ ✓ ✓ ✓
Borrower Type-Qtr FE ✓ ✓
Postcode-Qtr FE ✓ ✓
Bank Type-Borrower Type-Postcode-Qtr FE ✓

Number of observations 433,429 433,429 433,429 433,429 433,429 433,429
Number of banks 70 70 70 70 70 70
R2 (within) 0.212 0.211 0.412 0.205 0.447 0.447
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1. Standard errors are double-clustered at the bank-group level and two-digit postcode level.

Notes: The table reproduces the results of the regressions in Equation 5 from Table 6, focused on loan values, in Column (6). In
Columns (1)-(5) we show results replacing the Bank-Qtr and Bank Type-Borrower Type-Postcode-Qtr fixed effects from our baseline
specification with alternative combinations of fixed effects. Specifically, we report results with Bank and Qtr fixed effects in Column
(1), with Bank-Qtr fixed effects in Column (2), with Bank-Qtr and Borrower Type-Qtr fixed effects in Column (3), with Bank-Qtr
and Postcode-Qtr fixed effects in Column (4), and with Bank-Qtr, Borrower Type-Qtr, and Postcode-Qtr fixed effects in Column (5).
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D Institutional framework and calculation of effective CET1
surpluses over regulatory buffers

Figure D.1: The UK risk-weighted capital and leverage ratio frameworks

Notes: The figure shows risk-based and leverage based capital frameworks that apply in the UK as of 2022.

Capital requirements in the UK combine three sets of standards addressing micro- and macro-
prudential risks, each with different eligibility criteria for capital instruments (Figure D.1). Risk-
weighted requirements are based on a percentage of risk-weighted assets (RWAs), while concur-
rently applied leverage requirements are calculated as a share of leverage exposure (for more
details, see UK leverage ratio framework). Both include both minimum and buffer components.
The third standard, Minimum Requirement for Own Funds and Eligible Liabilities (MREL),
applies only to major UK banks to enhance recapitalisation capacity for resolution. MREL can
be met with regulatory capital or eligible liabilities—long-term, unsecured, subordinated debt
often referred to as ‘bail-in’ bonds (Bank of England, 2021a).

Minimum requirements must be met at all times. In the UK, these comprise a Pillar 1 risk-
weighted requirement and a UK-specific Pillar 2A add-on that varies across banks and is set by
supervisors through regular reviews. They ensure banks can operate, even after a stress, with
sufficient capital to protect depositors, maintain market confidence, and enable orderly resolution
without taxpayer losses. Minimum requirements can be met with a mix of regulatory capital
instruments, subject to thresholds for high-quality capital (CET1, Tier 1, Tier 2). Regulatory
buffers sit above minima and must be met entirely with CET1.
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Figure D.2: The effective surplus calculation

Notes: The flow chart shows the calculations done to convert simple CET1 surpluses to effective capital surpluses. See Sections 2

and 3 for more information on the institutional framework and the surplus calculations, respectively.

Measurement of effective surpluses Measuring banks’ voluntary surplus over buffer re-
quirements is a non-trivial exercise due to the post-Basel III regulatory framework and its UK
implementation. The challenge is that a simple CET1 surplus, defined as the gap between a
bank’s CET1 ratio and its regulatory requirement, overstates true loss-absorbing capacity. This
is because it ignores CET1 allocated to other regulatory requirements (leverage and MREL) and
frictions in substituting across other types of capital (Tier 1, Tier 2, and eligible liabilities).

We account for these interactions to calculate banks’ effective surplus using detailed confidential
data on each bank’s requirements and capital structure (Figure D.1), which to the best of our
knowledge has not been done before. First, we compute a simple CET1 risk-based surplus
and subtract any shortfall in AT1, Tier 2, and eligible liabilities. We repeat the exercise for
the leverage requirement. Then the effective CET1 surplus is defined as the minimum of the
quality-adjusted risk-based and leverage-based capital surpluses (Figure D.2). By design, we
exclude the firm-specific PRA buffer, which is neither publicly disclosed nor subject to automatic
distribution restrictions, and thus faced limited constraints in terms of buffer use (recall Section
2). Our calculation also incorporates each bank’s applicable CCyB requirement.

The relevance of these detailed calculations is shown in Figure D.3. The effective surplus distri-
bution lies to the left of the simple surplus distribution, with half the median (4.3% vs. 8.1% in
panel (b)). Moreover, under a ‘simple’ surplus definition, the 2pp cut-off for banks’ voluntary
surpluses over buffer requirements used to define a ‘More Capital-Constrained’ bank would con-
sider only two banks as capital-constrained. By contrast, using the ‘effective’ surplus definition,
this definition represents 45% of the minimum CET1 requirement excluding buffers, and about a
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Figure D.3: Histogram of simple and effective CET1 surpluses

Panel (a): All banks Panel (b): Top quartile dropped

Notes: The figure plots the distribution of simple CET1 surpluses (in blue) and effective CET1 surpluses (in red) based on 2019

averages. The data are sourced from PRA regulatory returns and based on authors’ calculations. The full sample in Panel (a)

includes 159 banks, while the sample based on dropping the top quartile in Panel (b) has 118 banks. The fourth quartile is excluded

from our baseline analysis for comparability.

quarter of the minimum CET1 requirement including buffers in the sample. These observations
support our conclusion that simple CET1 surpluses are an overestimate of a bank’s true loss
absorbing capacity and, therefore, an underestimate of its true degree of capital constraints.

Finally, based on the histograms depicted in Figure D.3, we also see that there is a long right
tail in the surplus distribution. For this reason, we exclude banks in the top quartile of the
pre-pandemic surplus distribution in our baseline specifications to ensure that the results are
based on banks with more comparable business models. We show in Table D.1 that our results
are robust to the inclusion of this group.
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Table D.1: Lending behaviour results with top quartile of surplus distribution included

Interest Rate (log) Loan Value (log)
(1) (2) (3) (4)

High Capital-Reliefb × Post-Covidt −0.034∗∗ −0.028∗ 0.023∗∗ 0.025∗∗∗
(0.013) (0.015) (0.009) (0.009)

Top quartile of surplus distribution: Excluded Included Excluded Included
Bank Controls ✓ ✓ ✓ ✓
Borrower Risk Controls ✓ ✓ ✓ ✓
Bank FE ✓ ✓ ✓ ✓
Bank Type-Borrower Type-Postcode-Qtr FE ✓ ✓ ✓ ✓

Number of observations 435,875 498,949 435,875 498,949
Number of banks 31 35 31 35
R2 (within) 0.078 0.055 0.416 0.435
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

Notes: The table reproduces the results of the regressions in Equation 3 from Table 2 in Columns (1) and (3), which excludes the top
quartile of banks in the effective surplus distribution. It then shows the equivalent results after including the top quartile of banks
in the effective surplus distribution in Columns (2) and (4).

66


	Abstract
	1 Introduction
	2 Institutional background and policy exposure
	3 Data
	4 Empirical strategy
	4.1 Evolution in capital surpluses
	4.2 Evolution in lending
	4.3 Evolution in risk-taking capacity

	5 Results
	5.1 Evolution in capital surpluses
	5.2 Evolution in lending
	5.3 Evolution in risk-taking: Conventional measures of borrower risk
	5.4 Evolution in risk-taking: Covid-specific borrower risk measure

	6 Conclusions and policy implications
	References
	Appendices
	A Data and Descriptive Evidence
	B Auxiliary Results
	C Robustness
	D Institutional framework and calculation of effective CET1 surpluses over regulatory buffers




