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Abstract
We provide evidence that the strength of the bank lending channel varies considerably across
three major positive events in the European sovereign debt crisis – the Greek debt restructuring
(PSI), outright monetary transactions (OMT), and quantitative easing (QE). We study how
lending responds to each event combining credit registry data with security-level bank balance
sheet data from Portugal, a country that was directly exposed to all three events. Even
though the price of sovereign debt increased by substantially more after the PSI and OMT
announcements, only QE had statistically and economically significant effects on lending to
firms and households. We find that banks only realized trading gains after QE but not the
other two events. These results suggest that banks’ incentives to sell bonds are an important
determinant of the transmission of sovereign debt interventions to the real economy.
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1. Introduction

Interventions in sovereign debt markets have been a key tool for macroeconomic
stabilization since the onset of the European sovereign debt crisis. Prominent
examples include the ECB’s Outright Monetary Transaction (OMT) and
Quantitative Easing (QE) programs. A central goal of these interventions is to
recapitalize the banking sector by appreciating the value of bonds held by the
banking sector (Brunnermeier and Sannikov 2014). Existing empirical evidence
has found mixed evidence of the ability of this “stealth recapitalization" of the
banking sector to stimulate credit supply and transmit to the real economy (Acharya
et al. (2019); Ferrando et al. (2019)). Despite a growing literature studying various
sovereign debt market interventions in isolation, we lack an understanding when
these interventions succeed at stimulating the real economy by recapitalizing the
banking sector.

This paper addresses this gap by studying the effect of three key sovereign debt
interventions in Europe for an identical set of Portuguese banks using novel security-
level bank balance sheet data. We provide two key results: First, credit supply is
unrelated to the initial yield impact of the sovereign debt intervention – and, by
extension, unrelated to banks’ total windfall gain from the price appreciation. The
announcement of the OMT program and the Greek debt restructuring with private
sector involvement (PSI) had large effects on Portuguese sovereign debt yields
(around 300-500 basis points) but did not lead to significant effects on credit
supply. In contrast, the announcement of the ECB’s QE program had a much
smaller impact on yields (around 80 basis points) but led to economically and
statistically significant effects on credit supply and firm outcomes. Second, we show
that banks only realized gains by reducing their sovereign debt exposure in response
to QE but not the other two events. These results suggest that banks’ incentives
to sell assets are an important determinant of the transmission of sovereign debt
interventions to the real economy.

Portugal provides a unique laboratory to study the effect of sovereign debt
interventions. Portugal was exposed directly to all three sovereign debt events
and offers unique data to study the response of the banking sector. The debt
restructuring with private sector involvement (PSI) avoided a disorderly Greek
default (Zettelmeyer et al. (2013)). Positive news from Greece signaled lower risk
of contagion and reduced government bond yields in other European periphery
countries such as Portugal (Mink and De Haan (2013)). We estimate that PSI
reduced yields on 10-year Portuguese sovereign bonds by about 350 basis points
(bp). OMT directly affected Portuguese government bonds as Ireland and Portugal
were the only countries that were eligible for OMT purchases because they received
received financial sovereign support from the eurozone’s bailout funds EFSF/ESM
but did not default on their debt. The yields of Portuguese bonds dropped
significantly because of the OMT announcement: Krishnamurthy et al. (2018)
estimate about a 500 bp reduction in the 10-year yields of Portuguese sovereign
debt in response to OMT. QE, officially known as the Asset Purchase Program,
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also had a positive effect on the price of sovereign debt securities from Portugal
and other European countries. Koijen et al. (2021) estimate a 80 bp reduction
in Portuguese yields. In contrast to PSI and OMT, the ECB actually purchased
government bonds under the QE program.

We leverage several administrative datasets at the Bank of Portugal. First,
we use ISIN-level data with monthly information on the price, quantity, and book
value of each security held by each Portuguese bank. This detailed data allows
us to compute both the overall valuation effect due to an increase in bond prices
triggered by each event as well the extent to which banks realize these gains by
selling securities that have gone up in value. All results are estimated in a sample
of 44 banks that are active throughout the entire time period. We combine the
ISIN-level data with bank financial statements. Second, we use credit registry data
to measure the effect on lending to both non-financial firms and households. With
a reporting threshold of EUR50, the credit registry allows us to capture the near-
universe of lending relationships in Portugal. Finally, we use data on firm financial
statements to study effects on firm-level outcomes.

Our identification strategy compares banks with different amounts of pre-event
sovereign debt holdings as is standard in the literature. We define bank-level
exposure to sovereign debt as the fraction of European sovereign debt securities
holdings to total assets. We standardize this measure such that all regression results
can be interpreted as the effect of a one standard deviation difference in exposure to
sovereign debt. Our difference-in-difference strategy relies on the assumptions that
there were no differential pre-trends associated with bank exposure to sovereign
debt and no concurrent shocks that coincided with the events of interest that were
also correlated with bank exposure.

We first show that the three sovereign debt events differ significantly in their
effect on bank net worth. We estimate all results in a bank-level specification that
compares banks with different amounts of pre-event sovereign debt holdings. In
line with their impact on sovereign debt yields, PSI and OMT lead an increase
in net worth of 18% and 6% respectively, while QE leads to a smaller increase of
3%.1 However, we show that more exposed banks do not reduce their sovereign
debt holdings in response to either the PSI and OMT announcements. Consistent
with this finding, we find that neither PSI nor OMT lead to significantly higher
realized trading gains for more exposed banks. In contrast, QE, despite its smaller
sovereign yield impact, has statistically and economically meaningful effects on both
sovereign debt holdings and realized trading gains. A standard deviation increase in
pre-event sovereign debt exposure is associated with a 2% reduction in sovereign
debt holdings and a 2% increase in realized trading gains in the period following
the QE announcement.

1. This estimates compare two banks who are a standard deviation apart in terms of their holdings
of sovereign debt as a share of total assets.
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We then show that the three events also differ significantly in their effect on
lending to both firms and households. Our results are estimated in a difference-in-
difference specification at the borrower-bank level, using the standard identification
strategy from Khwaja and Mian (2008). We find that a standard deviation increase
in pre-event sovereign debt holdings is associated with a 34% increase in lending
to non-financial firms and a 11% increase in lending to households following the
announcement of QE. In contrast, we cannot reject the null hypothesis that both
PSI and OMT had no effect on lending to either firms or households. Whether
overall lending supply increases at the borrower-level depends on the degree of
substitution from more to less exposed lenders. Following Jiménez et al. (2020),
we estimate the effect of exposure to sovereign debt on total lending at the borrower
level, correcting for the ‘bias’ that arises due to demand factors. Following QE, a
standard deviation increase in exposure to sovereign debt increases firm lending
by 16% and household lending by 6%. These results suggest that, while there
is some substitution by less exposed lenders, borrowers increase their total credit
exposure following QE. We find similar patterns when studying the extensive margin
effects on both the likelihood that an existing lending relationship is terminated as
well as on the likelihood that a new loan application is approved (using a similar
methodology to Jiménez et al. (2012)). We do not find evidence that any of the
events leads to an increase in lending to ex-ante riskier borrowers with the exception
of QE where we observe an increase in loan approval rates for ex-ante riskier
borrowers. For households, we find that the QE-driven increase in credit mostly
takes the form of increased auto lending, which might be suggestive of an increase
in durable spending. For firms, in contrast, we find a small uptick in sales for newly
approved borrowers following QE but no measurable effect on investment after
QE. In line with our null results for lending, we find no effects on firm outcomes
following either PSI or OMT.

Our results have important implications for macroeconomic general equilibrium
models that include a financial accelerator mechanism. In these types of models,
sovereign debt market interventions always relax the banks’ collateral constraint by
increasing bank net worth.2 If the collateral constraint is binding – as is typically the
case in workhorse models such Gertler and Kiyotaki (2010) and Gertler and Karadi
(2011) – then relaxing the constraint should immediately increase banks’ ability
to lend. However, we show that this model prediction does not hold in the data
and the transmission to lending instead depends on whether banks sell assets and
realize any hypothetical trading gains. Our findings imply that forces that determine
banks’ incentive to sell assets might play an important role in reconciling theoretical
models with the data.

2. These models typically do not distinguish between market and book value of equity and specify
the collateral constraint in terms of the market value of bank equity. Therefore, any increase in
the market value of assets held by the bank increases the market value of equity and relaxes the
constraint.
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Existing literature sheds some light on what might drive banks’ incentive to
reduce sovereign debt holdings and increase lending to firms and households. Our
results strongly support portfolio re-balancing as the primary mechanism for the
effective pass-through of unconventional monetary policy. Vayanos and Vila (2021)
argue that external demand shocks (e.g., asset purchases) create positive price
pressure on specific assets. Arbitrageurs re-balance their portfolio by investing in
other assets, spreading the effect of external demand shocks to other asset classes.
In the setting we study, banks engage in such trading by selling government bonds
and investing in corporate and household loans.

Our results are also consistent with the previous literature on the muted
effect of earlier interventions on lending. If banks are near the regulatory capital
requirements, re-investing trading gains from zero or low risk-weight bonds into
high risk-weight loans might not be feasible without also raising equity (see also
Acharya and Steffen (2015) for this argument). Acharya et al. (2019) make this
argument to explain why the OMT announcement did not lead to significant lending
increases in the syndicated loan market. We show that average capital ratios were
particularly low at the onset of PSI and OMT, providing a possible explanation for
why banks had a limited incentive to realize gains at these earlier sovereign debt
interventions. Second, Becker and Ivashina (2017) and Ongena et al. (2019) argue
that government pressure plays a role in banks increasing their exposure to domestic
sovereign debt. In the absence of external demand for sovereign debt, government
suasion might have played a role in disincentivizing banks to offload some of their
sovereign debt holdings. Finally, the need for sovereign debt as collateral might
have been particularly strong when PSI and OMT were introduced. Crosignani
et al. (2020) argue that Portuguese banks bought sovereign debt in order to be
able to tap the ECB’s LTRO operations that required high-quality collateral. High
reliance on ECB liquidity could also explain low incentives to reduce sovereign debt
holdings.

Literature. We contribute to a large empirical literature exploiting quasi-natural
experiments to measure the effect of bank health on lending (see Kashyap and Stein
(1994), Holmstrom and Tirole (1997a)), for the original definition of this concept
and Blattner (2021) for a meta-database and summary of the empirical literature).
In contrast to the existing empirical literature, we study multiple events in the
same sample of banks to understand when sovereign debt interventions succeed
at stimulating the real economy via the banking sector. We also exploit security-
level bank balance sheet data to show that banks’ trading behavior in response
to sovereign debt events is a key determinant in whether “stealth recapitalization"
successfully transmits to the real economy.

Existing research most closely related includes Acharya et al. (2019), who study
the effect of the OMT announcement in the European syndicated loan market,
and – similar to our findings – find muted effects on lending. Unlike Acharya et al.
(2019), we do not find that OMT led to significant increases in zombie-lending in
Portugal which could be due to the fact that banks concentrate zombie-lending on
bigger firms (present in the syndicated loan data) while our data includes many
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SMEs. Ferrando et al. (2019) also estimate the effect of the OMT announcement
on European SMEs across several countries and find small positive effects when
looking at both the likelihood of loan denials and price rationing. Other related
papers include Bottero et al. (2019) who study the corporate credit supply effects
of the onset of the sovereign debt crisis in Italy. In contrast, we explicitly focus on
events that had a positive price impact in sovereign debt markets.

We also contribute to the extensive literature that focuses explicitly on the
transmission and effects of unconventional monetary policy. In the US, Rodnyansky
and Darmouni (2017), Di Maggio et al. (2019), Chakraborty et al. (2020) and Luck
and Zimmermann (2020) exploit the differential bank holdings of mortgage-backed
securities—similar to our cross-sectional identification strategy—find positive the
effects of QE on lending in the mortgage market, especially for QE3, the most
similar to the ECB’s QE program.3 Similar to our findings, Luck and Zimmermann
(2020) find positive effects on both commercial and industrial (C&I) and household
lending.4 Beyond the US, Morais et al. (2019) study the international transmission
of quantitative easing through foreign banks. In Europe, the literature on the real
effects of QE has focused on the real effects of corporate-sector purchase programs
(e.g. Grosse-Rueschkamp et al. (2019), see also Dell’Ariccia et al. (2018) for a
survey).

Our results also have implications for a related theoretical literature in macro-
finance. First, we analyze empirically the effect of policies that potentially affect
lending through changes in the value of assets held by banks (Brunnermeier
and Sannikov (2016)), or through incentives to re-balance bank portfolios with
assets that have similar characteristics (Goldstein et al. (2018)). Our results also
have important implication for a large theoretical literature that embeds financial
intermediaries into general equilibrium macroeconomic models. Key papers in
the literature include Gertler and Kiyotaki (2010), Gertler and Karadi (2011),
Holmstrom and Tirole (1997b), Holmström and Tirole (1998), Bernanke et al.
(1999), Brunnermeier and Sannikov (2014), and He and Krishnamurthy (2013)).5
Our empirical results present a key empirical challenge for these models as the
mechanical link between (market value) net worth appreciation and credit supply
suggested by these models is not present in the data. Our findings on the importance
of banks realizing trading gains suggest that incentives to hold and sell sovereign
debt deserve more careful consideration in theoretical models.

3. The Federal Reserve’s QE3 and the ECB EAPP were both open-ended commitments to purchase
a certain monthly volume of securities until economic conditions improved. In earlier work, Stroebel
and Taylor (2012) analyze the effect of the Federal Reserve’s mortgage-backed securities purchase
program on mortgage spreads.
4. In earlier work, Chakraborty et al. (2020) found that the increase in credit supply in the US
mortgage market crowds out C&I lending.
5. Other papers in this literature include Gromb and Vayanos (2002), Brunnermeier and Pedersen
(2009), Adrian and Shin (2014), Adrian and Shin (2010) Jermann and Quadrini (2012), and Nuño
and Thomas (2017).
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The remainder of this paper is organized as follows. Section 2 describes the
data and the sovereign debt events we exploit. Section 3 describes the empirical
strategy. Section 4 provides results. Section 5 concludes.

2. Background and Data

In this section, we provide background on the three episodes in European sovereign
debt markets that we study in this paper. We also describe our data and provide
summary statistics.

2.1. Background on Events in European Sovereign Debt Markets

We study three key events that induced large changes in sovereign debt prices: the
Greek government PSI program in February 2012, the OMT announcement in July
2012, and finally the announcement of the ECB’s QE program in January 2015.

PSI. On April 23 2010, the Greek government officially requested a bailout
package from the EU and IMF, triggering a series of events that culminated
in the European sovereign debt crisis (Lane, 2012). In 2012, there were two
major interventions in the European securities market as a direct response to
the sovereign debt crisis. In late February, the Greek government announced the
private sector involvement (PSI), a program to restructure sovereign debt held
by private investors. Under this agreement, bond holders accepted a haircut of
53.5% in exchange for new Greek government debt securities. On 9 March 2012,
the International Swaps and Derivatives Association (ISDA) declared that Greece’s
restructuring represented a default, implying that credit default swaps would be
triggered. The Greek government introduced a retroactive collective action clause
to enforce private sector participation. PSI is widely seen as a positive system-
wide shock as the restructuring prevented a potential disorderly default (e.g.,
Zettelmeyer et al. (2013)). Portuguese yields peaked in the month before PSI was
announced and declined steadily in the subsequent months (Figure 1). In Appendix
B, we estimate that PSI reduced Portuguese government bond yields by 160-420
basis points.

OMT. In July 2012, the then-president of the ECB, Mario Draghi, gave a
speech in London that included the famous remark that “within our mandate, the
ECB is ready to do whatever it takes to preserve the euro. And believe me, it will
be enough." This speech was succeeded a week later by the Outright Monetary
Transactions (OMT) program, in which the ECB pledged to buy government bonds
from countries that received financial sovereign support from the eurozone’s bailout
funds EFSF/ESM. This program was subject to conditionality: countries could not
default on their debt and had to actively request intervention from the ECB. Even
though the ECB never made use the OMT program, the OMT was perceived as
successful in bringing down bond yields (Krishnamurthy et al. (2018)).
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QE. In January 2015, the ECB announced the Public Sector Purchase Program
(PSPP), the first major government bond quantitative easing program in Europe.
The ECB pledged to buy government bonds in the secondary market every month.
The objective of these purchases was to decrease yields at the long end and
transmit monetary policy to final borrowers through an easing of credit conditions.
PSPP distinguished itself from OMT for two reasons. First, it increased prices of
government bonds not only from the periphery but also from countries in the core
of the Euro Area (Koijen et al. (2021)). Second, it resulted in actual purchases of
assets from the central bank.

2.2. Portugal as a Laboratory

Portugal provides an excellent laboratory to study key events in sovereign debt
markets that affected European banks in the aftermath of the sovereign debt crisis.

At the onset of the crisis, the balance sheets of Portuguese banks were directly
exposed to securities from periphery countries (Greece, Ireland, Italy, Portugal, and
Spain). Throughout the crisis period, banks increased their exposure to Portuguese
securities significantly. Figure 2 depicts the evolution of sovereign debt held by
Portuguse banks. In January 2010, sovereign debt from Portugal represented about
2% of the assets held by banks in the sample. At the end of 2016, Portuguese debt

securities represented almost 6% of the assets held by these banks. The exposure
to sovereign debt securities from other periphery countries was about 1% in the
beginning of 2011 and increased to approximately 3% at the end of 2016.

Portugal was also directly exposed to each of the major programs that affected
bond prices. Portugal and Ireland were the only countries that were eligible for
OMT purchases, which required participants to have received financial sovereign
support from the eurozone’s bailout funds EFSF/ESM and to have no past default.
Among periphery countries, Portugal was also the most exposed to sovereign debt
events in Greece (Mink and De Haan (2013)). Finally, the ECB actively bought
Portuguese government bonds from Portuguese banks through the implementation
of the QE program (Koijen et al. (2021)).

2.3. Data

We use data from the Bank of Portugal for the universe of banks that operate
continuously in Portugal between April 2010 and January 2016. Table A.4 provides
a comprehensive list of data sources and Appendix C describes how we process
these data sets.

2.3.1. Credit Register. We obtain monthly lending data for all banks in Portugal
from the Portuguese credit register maintained by the Bank of Portugal. The credit
register has two distinctive advantages. First, there is nearly universal coverage
because banks must report all exposures above EUR 50. Second, it covers both
households and non-financial firms. Household loans include credit card borrowing,
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auto loans, personal loans, and mortgage loans. An important feature of the data
is that a substantial fraction of non-financial firms and households have multiple
lending relationships. This allows us to implement a borrower fixed effect strategy
following Khwaja and Mian (2008).

2.3.2. Credit Registry Inquiries. We also draw on the database of bank inquiries
to the credit registry maintained by the Bank of Portugal. Banks can request
information on a potential borrower from the credit register. Inquiries are usually
requested only for a loan application of a potential new corporate or household
borrower by lenders that have no pre-existing credit relationship. We match the
inquiry data to the credit registry to compute successful and unsuccessful loan
applications following Jiménez et al. (2012). Successful applications are credit
inquiries which are followed by a new lending relationship with the inquiring bank
in the subsequent 6 months.

The household credit register contains a large number of observations, which
makes model estimation computationally burdensome. We draw a 10% sample of
the household credit register (including inquiries) to make computations easier.

2.3.3. Bank Data. We use the following types of bank data from the Bank of
Portugal. We retrieve bank balance sheet variables from BBS (Bank Balance Sheet
Database), which has monthly financial statements for all banks. We augment this
dataset with quarterly regulatory ratios from an additional dataset at the Bank of
Portugal which is used for prudential capital regulation. At the ISIN level, we use
SIET (Estatísticas de Emissões de Títulos), a dataset that contains the list of all
securities (with ISIN) held by each bank at the monthly frequency. We also use
an Asset Purchase Program (APP) purchases dataset. This file contains the list
of transactions of Portuguese assets purchased by the ECB under the APP and
includes the identification of counterparties. This dataset is provided by the Bank
of Portugal.

We define bank exposure to sovereign securities using ISIN-level data from
SIET. We obtain a list of marketable securities that are eligible for collateral at the
monthly frequency from the ECB website.6 Securities from SIET count towards our
exposure to sovereign debt measure if they satisfy three conditions: 1) they appear
at least once in the list of marketable securities from the ECB; 2) they are issued by
the central government and; 3) they are denominated in Euro. For each bank, we
compute the fraction of exposed assets to total assets:exposureb =

exposed assetsb
total assetsb .

We standardize this variable to obtain a comparable exposure measure across
events. Exposure is defined in the month prior to the event date.

A key advantage of the SIET dataset is that we can calculate gains on sovereign
debt security holdings using information on the underlying securities in a bank’s

6. See website https://www.ecb.europa.eu/paym/coll/assets/html/index.en.html Ac-
cessed 01/05/2021.
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portfolio. Total monthly gains from holding a security are derived by multiplying
the monthly change in price by the outstanding position in that security at the
beginning of the month. Realized gains are cumulative gains that banks monetize
when they close their position in a certain security over the course of a month.
We aggregate across the security-level changes in total gains to obtain bank-level
changes, which we denote by ∆valuebt. Note the we do not observe intra-month
trading but only the changes in net positions at the end of the month. This
data limitation implies that we might miss some realized gains if the bank makes
profitable intra-month trades that do not lead to net changes in the holdings at
the end of the month.

To obtain the total change in bank net worth that results from interventions in
the European sovereign debt market, we use data both on bank-level book capital
(from the bank balance sheet database) and the bank-level valuation changes we
compute from SIET. We then compute the total net worth change as follows

∆log net worthbt = log(1 + capitalb,t−1 +∆valuebt)− log(1 + capitalbt), (1)

where capitalb,t−1 is the book value of capital plus reserves of bank b in the last
period before the event and ∆valuebt is the change in value or capital gains for
securities in SIET. We set ∆log net worthbt = −1 if −∆valuebt > capitalbt. We
winsorize monthly price changes from SIET at the 1% level.

2.3.4. Firm Data. We use annual firm financial statements from the Central
Balance Sheet Database (CB), a repository of financial statements maintained
by Banco de Portugal that covers the universe of non-financial corporations. We
retrieve CAPEX/Sales and interest rates7 from this dataset and winsorize these
variables at the 1% level.

2.4. Descriptive Statistics

Table 1 shows descriptive statistics for the variables used in the analysis for each
of the 44 banks across the three events. In Columns (1) and (2) of Table 2a,
we show descriptive statistics weighted by the number of borrowers in the sample
(including borrowers with single relationships). In Columns (3) and (4), we show
unweighted statistics. In Tables 2a and 2b we provide descriptive statistics for
firm and household borrowers. We show statistics for households with multiple
credit relationships, as we use borrower fixed effects to control for demand factors
throughout our analysis (see Khwaja and Mian (2008)). In Table A.1, we provide
descriptive statistics separately for each event.

7. We define CAPEX as CAPEXt = Fixed Assetst − Fixed Assetst−1 +Depreciationt. We replace
CAPEXt by 0 whenever it is smaller than 0. We define interest rates as Interest paidt

Loanst+Loanst−1
2

.
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3. Empirical Specification

We estimate two types of specification. First, we trace the effect of each
sovereign debt event on bank-level net worth in a bank-level difference-in-difference
specification. Second, we estimate the effect on various lending outcomes in a bank-
borrower-level difference-in-difference specification.

Bank-level specification. To trace bank-level net worth effects, we estimate
the following bank-level difference-in-difference specification for each of the three
sovereign debt events:

∆yb = β1exposureb + γXb + εb, (2)

where ∆yb is the dependent variable of interest.
The first dependent variable measures the change in exposed assets after each

sovereign debt event as a percentage of bank assets in the month before the event:
∆exposed assetsbt
total assetsb,t−1

. To obtain changes in quantity (as opposed to picking up valuation
effects), we compute changes in holdings by multiplying changes in quantity by the
price in the month prior to the event.

The second dependent variable measures the effect on bank net worth. We first
measure the effect on net worth due to valuation effects that stem from the increase
in sovereign debt prices as a result of the sovereign debt event. As discussed in
Section 2.3, we measure both total valuation gains due to the appreciated bond
prices as well as realized gains that occur when banks liquidate part of their bond
holdings.

We also include a number of bank controls Xi to absorb any differences in
size (total assets), capitalization (capital ratio), non-performing loans, or loan
acceptance rates. The key identification assumption, besides a standard parallel
trends assumption, is that the degree of a bank’s exposure to sovereign debt is not
correlated with any other contemporaneous bank-level shocks.

One potential confounding factor are the ECB’s long-term refinancing
operations (LTRO) that provided cheap liquidity to the European banking system
(e.g., Carpinelli and Crosignani (2021)). To address this concern, we include bank-
level LTRO take-up in our controls Xb.

We weight bank-level regressions by the number of borrowers in the sample to
reflect a bank’s relative economic impact. We provide unweighted results in Table
A.5. Weighting by bank size makes our bank-level estimates more comparable
to the borrower-bank-level specification which effectively weight by bank size as
larger banks – with more lending relationships – contribute more observations to
the dataset.

We also estimate a bank-level dynamic differences-in-differences specification:

ybt =
4∑

k=−4

βk(exposureb × 1t=k) + αb + αt + εbt (3)
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where ybt is the outcome of interest in period t, αb and αt are bank and time
fixed effects, and 1t=k is an indicator variable that is equal to 1 in period k.

Borrower-bank-level specification. At the borrower(i)-bank(b) level, we
estimate the following dynamic difference-in-difference specification for each event:

yibt =
12∑

k=−10

βk(exposureb × 1t=k) + δt+ αb + φXbi + αit + εibt (4)

where yibt is the outcome of interest. αit is a borrower-time fixed effect
(Khwaja and Mian (2008)) that absorbs any borrower-level changes in credit
growth, allowing us to identify the effect of changes in the share of lending supplied
by more versus less exposed banks. We include borrower-bank level controls Xbi,
including the number of years the relationship has existed to address worries that
longer relationship might receive a differential treatment from recently established
lending relationships. We cluster standard errors at the bank level, which is our
level of treatment (Bertrand et al. (2004)).

We find that lending responses to all three events exhibit pre-trends in the
dynamic specification (see Figure A.1 in the Appendix). However, these pre-trends
are well approximated by a linear trend. Our main dynamic specification therefore
includes a linear trend δt (for similar approaches see for example Bhuller et al.
(2013), Dobkin et al. (2018); Goodman-Bacon (2018a); Goodman-Bacon (2018b).
These pre-trends likely reflect secular trends affecting exposed and non-exposed
banks differentially. For example, exposed banks might be more exposed to business
cycle dynamics in this period leading to differential secular trends in lending.

The key coefficients of interest, βk, show the change in lending relative to any
pre-existing linear trend. The key identifying assumption is that, conditional on
the included controls, the timing of the sovereign debt event is uncorrelated with
deviations of the lending outcome from a linear time trend.

We also estimate a standard non-dynamic difference-in-difference specification
(following for example Khwaja and Mian (2008))

∆yib = β1exposureb + αi + φXbi + εib (5)
where ∆yib is the change in the variable of interest. αi is a firm fixed-effect and

Xbi are firm-bank level controls as before. This specification allows us to obtain
single estimate that is more easily comparable across events.

In addition to the lending volume in existing lending relationships (intensive
margin), we also estimate effect of sovereign debt exposure on the likelihood that
an existing relationships ends and on new loan approval rates using credit registry
inquiries (as in Jiménez et al. (2012)). The latter two outcomes are estimated using
a linear probability model that can accommodate the large number of fixed effects.

Borrower-level specification. We follow Jiménez et al. (2020) and construct
a borrower-level lending effect that correct for the bias induced by non-random
sorting of borrowers and lenders. We obtain this coefficient by combining the
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OLS coefficient which omits the firm fixed-effect β̂OLS and the within firm-bank
estimatorβ̂FE from equation 5:

β̂ = βOLS − (β̂OLS − β̂FE)×
V ar(δi)

V ar(δj)
, (6)

where V ar(δi) is the variance of the borrower-bank level standardized exposure to
sovereign debt and V ar(δj) is the variance of δi, averaged at the borrower level.

β̂ can be interpreted as the effect of bank exposure to sovereign debt on
borrower-level lending, adjusted for “demand factors". This definition is contingent
on the assumption that the within-firm strategy does successfully capture any
borrower-level demand shocks that are concurrent with the sovereign debt events.
If borrower demand is relationship-specific, for example, because different lenders
provide different types of loans, the above correction would not be sufficient to
adjust for demand effects.

Firm-level specification. Finally, we estimate the effect of the sovereign debt
events on firm-level outcomes. Since we can no longer include the firm×time
fixed effect, we control for time-varying factors that may affect firm demand
by interacting firm controls with a linear time trend. We estimate the following
equation:

yit = αi + αt +
∑
m

λm[(t+ 6)× 1i=m] + β(exposureb × 1t≥0) + εit (7)

Where yit is a firm-level outcome t years after the event, αi and αt are firm
and year fixed effects, 1i=m is an indicator variable equal to 1 for firm i and 0
otherwise, and 1t≥0 is an indicator variable equal to 1 for observations in the year
of the event or subsequent years.

We first analyze lending outcomes at the firm-level by aggregating loans in the
credit register at the firm level. We then estimate the effect on sales and capital
expenditure (CAPEX).

We measure the effect of exposure to government debt securities on two group
of firms. First, we analyze firms that had pre-existing credit relationships. Our
definition of firm-level exposure for existing credit relationships is similar to the
one used by Jasova et al. (2021). We define firm-level exposurei as

exposurei =
∑

b(exposureb × creditbi)∑
b(creditbi)

(8)

where exposureb is the bank-level exposure variable used in the rest of the
analysis, and creditbi is the outstanding amount of the firm-bank credit relationship.

When estimating the effect of obtaining a new lending relationship, we define
firm exposure as

exposurei =
∑

b(exposureb)
Bi

(9)
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where Bi is the number of loan applications between the month of the sovereign
debt event and one year after the event.

4. Results

This section presents our main results. First, we discuss the effect of exposure to
sovereign debt securities on bank balance sheets for PSI, OMT, and QE. Second,
we discuss the transmission of bank balance sheet events to firms and households.

4.1. Bank-level Results

Table 2 shows that exposed bank change their sovereign debt holdings only in
response to the QE announcement but not in response to PSI or OMT. While
we cannot reject the null hypothesis of no effect on sovereign debt holdings, we
find a strong reduction in sovereign debt exposure following QE. A one standard
deviation increase in pre-QE sovereign debt holdings leads to 2 percentage point
reduction in banks’ sovereign debt holdings (as a share of assets) following the
announcement of QE. Given an average holding of about 5 percent (see Table
A.3), this represents approximately a 40% average reduction in banks’ sovereign
debt holdings. While Table 2 reports results for a one-year horizon after each event
(strictly speaking, a 13-month horizon since it includes the month of the event
and the subsequent twelve months), Table A.5, repeats this analysis at shorter
horizons – month and quarter. Note that the month horizon includes the month of
the announcement and the subsequent month. The quarter horizon includes the
month of the announcement and the subsequent three months.

Figure 3 presents results from the dynamic difference-in-difference specification
between the first quarter of 2014 and the last quarter of 2015. We use the
cumulative variation in debt holdings as the dependent variable. Consistent with QE
having an effect on sovereign debt holdings, exposed banks started reducing their
sovereign debt holdings more in the quarter when QE was announced. Micro-data
from transactions conducted by the Bank of Portugal under the ECB’s program
also confirm that Portuguese banks were actively selling sovereign debt in response
to QE. Figure 6 depicts the percentage of Portuguese securities that were sold to
the Bank of Portugal by Portuguese commercial banks in the sample. The figure
shows that these institutions were the counterparties in over 20% of the purchases
of Portuguese securities.

We now turn to the effect on bank net worth. Table 3 shows that while PSI and
OMT led to valuation gains, banks were realizing these gains only in response to QE.
One additional standard deviation in sovereign debt exposure led to an economically
and statistically significant valuation gain of 18% following the announcement of
PSI. Effects are smaller and statistically insignificant for OMT and QE (6% and 3%
respectively). Turning to realized gains in Columns 4-6 of Table 3, QE is the only
event that leads to economically and statistically significant realized gains. A one
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standard deviation increase in exposure to sovereign debt increases realized gains
by 2% after the announcement of QE. These results are consistent with the results
from Table 3 that show that only QE leads to a significant reduction in banks’
sovereign debt positions. Tables A.6 and A.7 show that our results are robust to
using shorter time horizons and no regression weights.

4.2. Borrower-bank-level Results

We present our main results on the lending effects at the intensive margin in
Figure 4 (dynamic specification) and Table 4 (pooled specification). Results for PSI,
OMT, and QE differ significantly. Exposure to sovereign debt has a strong positive
effect on lending for QE, but no detectable effect for PSI and OMT. Comparing
two banks who are a standard deviation apart in terms of exposure to affected
securities, average lending to firms increases by 34% after the QE announcement,
by 11% for PSI, and by 6% for OMT (Columns 1 to 3 of Table 4). However,
we cannot reject the null that the effect of the PSI and OMT interventions is
zero at conventional levels of significance. For households, we find similar patterns
with lending increasing by 11%, 4%, and 1% for QE, PSI and OMT, respectively
(Columns 3 to 6 of Table 4). Tables A.8 and A.11, show that our results are
robust to varying the time horizon and including only lending relationships present
in at least 2 of the three events. Figure 4 also shows the absence of pre-trends in
all three specifications conditional on the included linear time trend that absorbs
secular trends in lending at exposed banks.

Turning next to the extensive margin, Figure 5 (dynamic specification) and
Table 5 (pooled specification) show that rates of relationship termination follow
similar patterns. Exit rates for firms decrease by 4%, 1% and 0.5% for QE, PSI,
and OMT respectively (Columns 1 to 3 of Table 5). Again, we cannot reject the
null that the effect of the PSI and OMT interventions is zero at conventional levels
of significance. For households, we get a decrease in the exit rates by 2%, 0.3% and
0.0% (Columns 3 to 6 of Table 5), with the latter two estimates not statistically
significantly different from zero. As in the intensive margin case, Figure 5 shows
the absence of pre-trends for all three events (again conditional on a linear time
trend). In Table A.12, we repeat the analysis for shorter time horizons. We also
repeat the analysis for relationship terminations without including borrower fixed
effects from Equation 5. In the specification without fixed effects, we include the
following firm-level controls interacted with time trends: log firm assets, log total
workers, EBITDA/assets, equity ratio and an indicator variable that is equal to 1
if the firm has loans that are more than 90 days overdue . We report coefficients
in Table A.14. Results are directionally similar but statistically weaker.

We now turn from the effects on firms and households that have an existing
lending relationship to the formation of new lending relationships. We find a similar
pattern of statistically and economically large effects for QE, with moderate to no
effects for PSI and OMT (see Table 6). The acceptance rates for firms increases
by 4% for QE and by 2% for PSI. We observe no significant effect for OMT.
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Households do not experience statistically significant changes in acceptance rates
in response to any of the three events. In Table A.16, we repeat the analysis for
different time horizons. We also present results without the borrower fixed effects
in Table A.19. Results are again directionally similar but statistically weaker.

Effects on borrower composition. We analyze the relationship between exposure
to government debt securities and borrower composition in Table 7. In particular,
we ask whether lending results are more pronounced for ex-ante riskier borrowers
as defined by a proprietary default risk prediction model developed by the Bank
of Portugal (Antunes et al. (2016)). This measure of riskiness is only available for
firms but not households. The model is based on firm observables in balance sheet
and income statement data. For this exercise, we further restrict the sample to
firms for which default predictions are available. In Columns 1 to 3, the dependent
variable is the 1-year change in the logarithm of lending. In Columns 4 to 6, the
dependent variable is an indicator equal to 1 for a successful loan application.
We find some evidence that QE led to an increase in lending to borrowers with
higher predicted default risk at the extensive margin. We do not find economically
meaningful effects of changes in the composition of borrowers in response to the
other two events.

4.3. Borrower-level Results

Table 8 shows lending results at the borrower-level. We show each component in
equation 6 that we use to estimate the effect of exposure to sovereign debt on
lending at the borrower-level. Column 1 in Table 8 depicts the “bias-corrected”
estimates. QE has a stronger effect on total lending to firms and households than
PSI and OMT. For example, at the intensive margin, firms increase borrowing by
16% following QE but only by 6-7% following PSI and OMT. The QE effect is
considerably smaller than the coefficient in the borrower-bank specification (34%),
implying that there is substantial substitution of credit from less exposed lenders.
We observe similar results for households at the intensive margin. QE leads to an
increase in lending by 6% to households at the intensive margin (vs. 11% in the
borrower-bank specification). The PSI and OMT coefficient ar around 1%.

Turning to the extensive margin results, we find small coefficients for
households, consistent with the null results in Table 6. For firms, the extensive
margin effect on lending is around 5%, which is close to the coefficient in
the borrower-bank specification (4%). This finding suggests that there is little
substitution towards less exposed lenders at the extensive margin.

4.4. Household-level Results By Product

We now turn to additional household-level results by lending product. Since we
do not have data on household outcomes other than the credit registry data,
we provide estimates of effects on household-level borrowing across the following
lending products: credit card borrowing, mortgages, consumer loans, auto loans
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and overdrafts on checking accounts. In Table 9, we provide estimates from a
household-level difference-in-difference specification as well as the “bias-corrected"
coefficient based on Equation 6. The extensive margin results (bottom panel)
confirm our earlier finding that there are no measurable effects on loan acceptance
rates across any type of household loan product following the three sovereign
debt events. At the intensive margin (top panel), there is some evidence that the
increase in consumer lending following the QE announcement in the borrower-bank
specification (Table 4) is driven by auto loans. Auto loans are frequently used as
a measure of durable consumption, suggesting a moderate positive consumption
impact of QE. QE is also associated with a decrease in mortgage lending. However,
the drop in magnitude when computing the bias-corrected coefficient suggests that
some of this drop might in fact be driven by an (unrelated) reduction in mortgage
demand by borrowers at exposed banks.

We find no positive lending effects following OMT, with the exception of a small
increase in mortgages. This finding is in line with a small, positive (but statistically
insignificant) effect on household lending in Table 4. We also find some positive
effects on auto, credit cards, and overdrafts in response to PSI. These findings
are also in line with our baseline results in Table 4, where we found positive
– though very noisy – effects. Another interpretation of the PSI effects is that
these across-the-board positive effects on consumer lending reflect differential credit
needs at the onset of the European sovereign debt crisis. In particular, overdrafts
might reflect an unexpected increase in liquidity needs more than an expansion
in debt-financed consumption. The “bias-corrected" coefficients are quite close in
magnitude to the OLS coefficients, suggesting that the positive effects are not
simply driven by the selection of borrowers with high credit demand towards high-
exposure banks. However, this bias-correction depends on (i) the borrower-bank
specification successfully controlling for demand effects and (ii) demand effects
being equal in the sample of single and multiple relationship households. If one of
these assumptions is violated, the bias-correction would not successfully remove
differential demand effects.

4.5. Additional Firm-level Results

We now turn to additional firm-level results obtained using firm-level financial
statements. In Table 10, we estimate Equation 7 using three firm-level outcomes as
the dependent variable: (imputed) interest rates, sales, and CAPEX. The left panel
depicts coefficients for firms with existing credit relationships (intensive margin)
while the right panel depicts coefficients for firms that apply for new loans in
the year after each event (extensive margin). We do not find a statistically or
economically meaningful relationship between exposure and interest rates. Note
that we have fewer observations in the interest rate regressions than in the lending
regressions. This difference is caused by two factors. First, some firms may have
no loans. In these cases it is impossible to impute an interest rate. Second, we
use a panel of firm financial statements to obtain interest rates and firms may not
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report financial statements in some years, making it again impossible to impute an
interest rate.

In panels b and c of Table 10, we measure the effect on log sales and on the
ratio of capital expenditure (CAPEX) to pre-period sales.8 Overall, there does not
appear to be strong pass-through of credit conditions into sales or investment for
any of the three events. For OMT and PSI, this finding is consistent with our null-
result on lending. It is more surprising to find no meaningful effects following the
announcement of QE. One potential explanation is that firm-level credit constraints
had already eased when QE was announced and firms had already been able to fund
all positive-NPV investment projects available to them. This finding is consistent
with Bidder et al. (2021) who find no firm-level pass-through for bank-level shocks
in non-recessionary time periods.

5. Conclusion

Central banks around the world rely on asset purchase programs as part of their
policy kit to stimulate the real economy. The bank lending channel, whereby an
increase in bank net worth relaxes bank collateral constraints and increases credit
supply, has been proposed as a key transmission mechanism for central bank asset
purchases. A similar logic of ‘stealth recapitalization’ applies to other events that
lead to price appreciations of bonds frequently held by the banking sector.

We provide evidence that not all shocks are created equal – the strength of this
bank lending channel varies considerably across three major events in the European
sovereign debt crisis – the Greek debt restructuring with private sector involvement
(PSI), outright monetary transactions (OMT), and quantitative easing (QE). We
study both how banks’ security trading and lending behavior responds to these
three events. We show that while sovereign bond yields drop by significantly more
after PSI and OMT than after the QE announcement, only QE has statistically
and economically meaningful effects on bank lending to firms and households. We
trace these differences to the fact the banks only sell assets and realize trading
gains after the onset of QE but none of the other two events.

The increased incentive to realize gains is consistent with portfolio rebalancing
having a prime role in the transmission of unconventional monetary policy. Acting
as arbitrageurs, banks accommodate external demand shocks by reallocating
their portfolio and investing in other assets. Our results corroborate the previous
literature showing a muted transmission of trading gains to credit markets. Several
hypotheses have been brought forward to explain these findings: (i) banks were
weakly capitalized, which limited the substitution to high risk-weight loans, (ii)
governments exerted suasion on the banking sector to hold domestic sovereign

8. The average CAPEX/sales ratio is 11.1% for firms in the intensive margin sample and 9.4%
for firms in the extensive margin sample.
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debt, and (iii) banks were incentivized to hold sovereign debt as collateral to tap
central bank liquidity. Further investigating which of these hypotheses played the
most important role is a fruitful direction for future research.
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Tables

(a) Bank Descriptive Statistics

Weighted Unweighted
Mean Std. dev. Mean Std. dev.
(1) (2) (3) (4)

% exposed assets 4.25 3.92 2.29 6.04
Total assets (€Bi) 51.66 45.30 10.68 26.38
Capital ratio 14.47 12.52 19.49 32.52
% arrears (firms) 10.49 8.89 8.98 11.31
% arrears (households) 5.61 7.11 6.83 12.38
% accepted firm applications 12.86 11.45 11.99 19.57
% accepted household app. 21.89 15.94 11.82 17.50
% LTRO 0.45 0.75 0.15 1.60

Observations 132 132

(b) Borrower Descriptive Statistics

Firms Households
Mean Std. dev. Mean Std. dev.
(1) (2) (3) (4)

∆ log loans (1 month) -0.28 1.44 -0.32 1.25
∆ log loans (3 months) -0.54 1.98 -0.57 1.69
∆ log loans (12 months) -1.51 3.24 -1.33 2.58
Exit rate (1 month) 3.11 17.35 4.96 21.71
Exit rate (3 months) 5.77 23.32 8.63 28.07
Exit rate (12 months) 15.24 35.94 18.97 39.21
Relationship length (years) 4.56 2.83 3.1 1.62

Observations 684,426 679,299

Table 1. Descriptive Statistics
Notes: The table shows descriptive statistics for banks, firm-bank and household-bank pairs used in
the analysis. In panel a, we include an observation for each bank prior to each of the three events.
In Columns (1) and (2) of panel a, statistics are weighted by the total number of borrowers (firms
and households). In Columns (3) and (4) of panel b, we use sample weights. Relationship length
for households is censored to the left because the household credit register only starts in 2009. We
use the month before each event as the reference date: January 2012 for PSI, June 2012 for OMT,
and December 2014 for QE.
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∆ Exposed securities
Total assets

PSI OMT QE
(1) (2) (3)

Exposure 0.001 -0.003 -0.019**
(0.002) (0.003) (0.009)

Bank
controls

Yes Yes Yes

Observations 44 44 44
R-squared 0.209 0.296 0.616

Table 2. Regression Results: Security Holdings
Notes: The table reports estimates of coefficient β1 from Equation 2. The dependent variable
∆ Exposed securities

Total assets is the change in the ratio of exposed securities over total assets one year after
the event. The independent variable Exposure is the standardized ratio of exposed securities to
total bank assets in the last month before the event. We use bank-level characteristics from Table
A.3 as additional controls. Observations are weighted by the number of bank customers (firms and
households) in the sample. Robust standard errors are reported in parentheses. ***, **, * denote
significance at the 1%, 5%, and 10% levels, respectively.
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∆ log net worth

Price appreciation Capital gains

PSI OMT QE PSI OMT QE
(1) (2) (3) (4) (5) (6)

Exposure 0.182** 0.062 0.027 0.001 -0.012 0.024***
(0.071) (0.049) (0.025) (0.073) (0.053) (0.006)

Bank controls Yes Yes Yes Yes Yes Yes
Observations 44 44 44 44 44 44
R-squared 0.442 0.501 0.510 0.330 0.424 0.618

Table 3. Regression Results: Bank-level Net Worth Gains
Notes: The table reports estimates of coefficient β1 from Equation 2. The dependent variable
∆ log net worth is the change in log bank net worth induced by price appreciation (Columns 1
to 3) and capital gains (Columns 4 to 6) one year after the event. We obtain gains from price
appreciation by multiplying monthly price variation by outstanding security holdings. Realized gains
are cumulative gains that banks monetize when they close their position in a certain security. We
compute the effect of price variation and capital gains on bank net worth using Equation 1. The
independent variable Exposure is the standardized ratio of exposed securities to total bank assets
in the last month before the event. We use bank-level characteristics from Table A.3 as additional
controls. Observations are weighted by the number of borrowers (firms and households) in the
sample. Robust standard errors are reported in parentheses. ***, **, * denote significance at the
1%, 5%, and 10% levels, respectively.

∆ log outstanding loans

Firms Households

PSI OMT QE PSI OMT QE
(1) (2) (3) (4) (5) (6)

Exposure 0.109 0.064 0.336*** 0.042 0.013 0.110***
(0.083) (0.090) (0.084) (0.036) (0.035) (0.018)

Observations 241,311 233,402 209,713 242,823 231,840 204,636
R-squared 0.433 0.434 0.426 0.461 0.468 0.469

Table 4. Regression Results: Outstanding Loans
Notes: The table shows coefficients from estimating Equation 5. The dependent variable
∆ log outstanding loans is the change in one plus log outstanding loans one year after the event.
The independent variable Exposure is the standardized ratio of exposed securities to total assets,
measured in the last month before the event. We control for bank characteristics with variables
from Table 1. Standard errors are clustered at the bank-level. ***, **, * denote significance at the
1%, 5%, and 10% levels, respectively.



27 Not All Shocks Are Created Equal

Relationship ends = 1

Firms Households

PSI OMT QE PSI OMT QE
(1) (2) (3) (4) (5) (6)

Exposure -0.010 -0.005 -0.039*** -0.003 0.0004 -0.019***
(0.008) (0.009) (0.008) (0.006) (0.005) (0.002)

Observations 241,311 233,402 209,713 242,823 231,840 204,636
R-squared 0.427 0.43 0.43 0.4667 0.4741 0.477

Table 5. Regression Results: Termination of Credit Relationships
Notes: The table shows coefficients from estimating Equation 5. The dependent variable
Relationship ends = 1 is an indicator variable that is equal to 1 if the borrower does not have
a credit relationship with the bank 1 year after the event. The independent variable Exposure is
the standardized ratio of exposed securities to total assets, measured in the last month before the
event. We control for bank characteristics with variables from Table 1. Standard errors are clustered
at the bank-level. ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.

Accepted application = 1

Firms Households

PSI OMT QE PSI OMT QE
(1) (2) (3) (4) (5) (6)

Exposure 0.022** -0.001 0.036*** -0.002 -0.011 0.009
(0.011) (0.013) (0.009) (0.006) (0.011) (0.014)

Observations 14,672 16,279 19,859 13,051 13,477 16,538
R-squared 0.450 0.459 0.456 0.456 0.454 0.461

Table 6. Regression Results: Loan Applications
Notes: The table shows coefficients from estimating Equation 5. The dependent variable Accepted
application = 1 is an indicator variable that is equal to 1 if the loan application is accepted.
The independent variable Exposure is the standardized ratio of exposed securities to total assets,
measured in the last month before the event. The sample consists of loan applications between the
4th and the 12th month after the month of the event. We control for bank characteristics with
variables from Table 1. Standard errors are clustered at the bank-level. ***, **, * denote significance
at the 1%, 5%, and 10% levels, respectively.
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∆ log outstanding loans Accepted application = 1

PSI OMT QE PSI OMT QE
(1) (2) (3) (4) (5) (6)

Exposure 0.176** 0.113 0.249*** 0.018** -0.007 0.029**
(0.084) (0.099) (0.059) (0.008) (0.011) (0.011)

Exposure×P(default)-0.005* -0.005** 0.001 0.001 0.001 0.001**
(0.002) (0.003) (0.006) (0.001) (0.001) (0.001)

Average
P(default)

6.465 6.371 5.315 4.153 3.990 4.323

Observations 203,285 197,405 164,066 14,047 15,676 18,000
R-squared 0.436 0.438 0.437 0.450 0.460 0.451

Table 7. Regression Results: By Borrower Composition
Notes: The table shows coefficients from estimating Equation 5. In Columns 1 to 3 the dependent
variable ∆ log outstanding loans is the change in log one plus outstanding loans one year after
the event. In Columns 4 to 6 the dependent variable Accepted application = 1 is an indicator
equal to 1 for firms with accepted loan applications 4-12 months after the event. The independent
variable Exposure is the standardized ratio of exposed securities to total assets, measured in the
last month before the event. The independent variable Exposure × P(default) is the interaction
between Exposure and the probability of default provided by Antunes et al. (2016). We control for
bank characteristics with variables from Table 1. Standard errors are clustered at the bank-level.
***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.
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β̂ β̂FE β̂OLS βOLS V ar(δi) V ar(δj)
(1) (2) (3) (4) (5) (6)

Firms, intensive margin
PSI 0.069 0.109 0.094 0.044*** 1.025 0.624

(0.083) (0.089) (0.009)
OMT 0.062 0.064 0.050 0.038*** 1.017 0.584

(0.090) (0.098) (0.010)
QE 0.162 0.336*** 0.325*** 0.146*** 0.978 0.654

(0.084) (0.079) (0.010)

Households, intensive margin
PSI 0.015 0.042 0.032 0.001 1.029 0.736

(0.036) (0.044) (0.006)
OMT 0.014 0.013 -0.008 -0.016** 1.030 0.714

(0.035) (0.042) (0.007)
QE 0.063 0.110*** 0.091*** 0.037*** 1.025 0.740

(0.018) (0.021) (0.007)

Firms, extensive margin
PSI 0.032 0.023** 0.018** 0.022** 1.331 0.666

(0.011) (0.009) (0.009)
OMT 0.000 -0.001 0.003 0.008 1.157 0.568

(0.013) (0.014) (0.010)
QE 0.048 0.036*** 0.030*** 0.037*** 1.406 0.737

(0.009) (0.008) (0.009)

Households, extensive margin
PSI -0.036 -0.002 -0.013 -0.051*** 1.029 0.736

(0.006) (0.009) (0.013)
OMT -0.032 -0.011 -0.016 -0.039*** 1.030 0.714

(0.011) (0.012) (0.014)
QE 0.012 0.010 0.008 0.009 1.025 0.740

(0.014) (0.015) (0.015)

Table 8. Regression Results: Borrower-level Lending Effects
Notes: The table shows coefficients from Equation 6. Column 1 depicts estimates for the bias-
corrected effect of exposure to sovereign debt on ∆ log outstanding loans (change in one plus
outstanding loans one year after each event). Column 2 depicts estimates for Equation 5, including
borrower fixed effects. Column 2 depicts estimates for Equation 5, excluding borrower fixed effects.
Column 3 depicts estimates for Equation 5, including borrower fixed effects. Column 4 depicts
estimates for the effect of exposure to sovereign debt on ∆ log outstanding loans, not correcting for
demand-driven bias. Column 5 depicts the variance of the standardized exposure to sovereign debt
measured at the bank-borrower level. Column 6 depicts the variance of the average standardized
exposure to sovereign debt measured at the borrower level. We weight each observation by total
outstanding credit in the month before each of the events when computing borrower-level averages.
Standard errors in parentheses are clustered at the bank-level. ***, **, * denote significance at the
1%, 5%, and 10% levels, respectively.
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Overdrafts Credit card Mortgages Consumer Auto
(1) (2) (3) (4) (5)

Intensive margin

PSI
βOLS 0.026*** 0.032*** -0.009* 0.030** 0.021**

(0.009) (0.010) (0.005) (0.012) (0.009)
β̂ 0.034 0.022 -0.005 0.045 0.029

OMT
βOLS -0.017 0.010 0.015** 0.009 0.011

(0.010) (0.011) (0.006) (0.013) (0.010)
β̂ -0.005 0.014 0.022 0.025 0.015

QE
βOLS -0.010 0.013 -0.035*** -0.014 0.042***

(0.011) (0.012) (0.008) (0.014) (0.011)
β̂ 0.007 0.019 -0.029 -0.007 0.042

Extensive margin

PSI
βOLS 0.004 -0.012* -0.005 -0.007 -0.039***

(0.004) (0.007) (0.004) (0.007) (0.009)
β̂ 0.004 -0.011 -0.004 -0.001 -0.032

OMT
βOLS -0.001 0.012 -0.004 -0.001 -0.052***

(0.003) (0.009) (0.005) (0.008) (0.009)
β̂ -0.001 0.009 -0.001 -0.001 -0.043

QE
βOLS 0.002 -0.012** -0.002 0.000 -0.001

(0.003) (0.005) (0.004) (0.006) (0.006)
β̂ 0.003 -0.008 -0.002 0.000 -0.004

Table 9. Regression results: Household lending, By Product
Notes: The table shows coefficients from Equation 6 for five major credit product categories used by
households. βOLS is the effect of exposure to sovereign debt on lending, excluding household fixed
effect, which is potentially biased by demand effects. β̂ is the bias-corrected effect of exposure to
sovereign debt on ∆ log outstanding loans for each product. The dependent variable in the intensive
margin panel is ∆ log outstanding loans for each credit product (change in one plus outstanding
loans one year after each event). The dependent variable in the extensive margin is a dummy if
a new lending relationship of that product type is created. We weight each observation by total
outstanding credit in the month before each of the events when computing borrower-level averages.
Standard errors in parentheses are clustered at the bank-level. ***, **, * denote significance at the
1%, 5%, and 10% levels, respectively.
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(a) Interest rates

Intensive margin Extensive margin

PSI OMT QE PSI OMT QE
Variable (1) (2) (3) (4) (5) (6)

Exposure -0.010 0.035 -0.034 0.055* -0.060* -0.013
(0.022) (0.022) (0.026) (0.029) (0.032) (0.030)

Observations 923,186 901,385 665,307 498,954 490,769 437,256
R-squared 0.734 0.735 0.784 0.728 0.728 0.786

(b) Log sales

Intensive margin Extensive margin

PSI OMT QE PSI OMT QE
Variable (1) (2) (3) (4) (5) (6)

Exposure -0.003 0.014* -0.006 0.003 -0.004 0.030***
(0.008) (0.008) (0.008) (0.009) (0.009) (0.008)

Observations1,072,841 1,046,565 933,810 617,178 607,964 771,650
R-squared 0.866 0.867 0.897 0.888 0.893 0.905

(c) CAPEX/Sales

Intensive margin Extensive margin

PSI OMT QE PSI OMT QE
Variable (1) (2) (3) (4) (5) (6)

Exposure 0.003** 0.003** 0.000 -0.004** -0.002 -0.007***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Observations 980,886 958,210 846,578 566,540 558,472 694,131
R-squared 0.628 0.634 0.638 0.599 0.597 0.684

Table 10. Regression Results: Firm Outcomes
Notes: The table shows coefficients from estimating Equation 7. In Table 11a, the dependent variable
is the average interest rate. In Table 11b, the dependent variable is the logarithm of one plus sales.
In Table 11c, the dependent variable is the ratio of CAPEX/Sales. Columns 1 to 3 depict estimates
for firms with existing credit relationships in the month before each event. Columns 4 to 6 depict
estimates for firms that apply to new credit relationships in the year after each event. Standard
errors are clustered at the firm-level. ***, **, * denote significance at the 1%, 5%, and 10% levels,
respectively.
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Figure 1: Government Bond Yields of Periphery Countries
Notes: The table shows 10-year government bond yields for Greece, Portugal, Ireland, Italy and
Spain. Source: Bloomberg.
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Figure 2: Exposure to Sovereign Debt
Notes: The figure shows the book value of sovereign debt securities held by banks in the sample as a
percentage of total assets. We divide securities by issuer country. Portugal includes securities issued
by the Portuguese government. Other periphery countries includes securities issued by Greece, Spain,
Italy and Ireland. Other Euro Area countries includes securities issued by the remaining countries
from the Euro Area.
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Figure 3: Dynamic Variation of Exposed Security Holdings
Notes: The figure reports coefficients and 95% confidence intervals from equation 3. The dependent
variable is the cumulative variation in exposed security holdings as a percentage of total assets in
the month before the QE announcement. The independent variable is the standardized ratio of
exposed securities to total assets, measured in the last month before the event. Heteroskedasticity
robust standard errors are used to calculate confidence intervals.
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(b) PSI: Households
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(c) OMT: Firms
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(d) OMT: Households
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(e) QE: Firms
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(f) QE: Households

Note: Each panel of the figure shows the results from a dynamic difference-in-difference
regression at the borrower-bank level around a sovereign debt event. The dependent
variable is log(1+loan volume). We show coefficients on the Exposure variable, which is
the standardized ratio of exposed securities to total assets, measured in the last month
before the event. The left panels show results for non-financial borrowers while the right
panels show results for households. The regression include bank and firm-time fixed effects
as well as linear time trend. Standard errors are double clustered at the firm and at the
bank level.

Figure 4: Borrower-Bank Regression Results: Intensive Margin
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(c) OMT: Firms
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(d) OMT: Households
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(e) QE: Firms
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(f) QE: Households

Note: Each panel of the figure shows the results from a dynamic difference-in-difference
regression at the borrower-bank level around a sovereign debt event. The dependent
variable is a dummy if a lending relationship is terminated. We show coefficients on the
Exposure variable, which is the standardized ratio of exposed securities to total assets,
measured in the last month before the event. The left panels show results for non-financial
borrowers while the right panels show results for households. The regression include bank
and firm-time fixed effects. The regression specification includes a linear time trend.
Standard errors are double clustered at the bank level and at the firm level.

Figure 5: Borrower-Bank Regression Results: Extensive Margin
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Figure 6: Fraction of Portuguese Assets Sold to the ECB by Banks in the Sample
Notes: The figure shows the percentage of ECB Portuguese government debt security purchases in
which the counterparty was a Portuguese bank in our sample. Percentages are weighted by security
market value.
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Appendix A: Tables and Figures

(a) Bank Descriptive Statistics

Weighted Unweighted

Mean Std. dev. Mean Std. dev.
(1) (2) (3) (4)

% exposed assets 3.50 3.34 1.78 4.03
Total assets (EUR M) 54,972.23 48,194.50 11,319.20 28,330.86
Capital ratio 12.22 12.47 20.98 30.87
% arrears (firms) 8.02 6.83 7.09 8.66
% arrears (households) 5.77 7.13 6.31 11.63
% accepted applications (firms) 13.11 11.78 14.68 21.40
% accepted applications (house-
holds)

20.60 13.69 10.75 14.47

% LTRO 0.31 0.51 0.23 1.09

Observations 44 44

(b) Borrower Descriptive Statistics

Firms Households

Mean Std. dev. Mean Std. dev.
(1) (2) (3) (4)

∆ log loans (Month) -0.29 1.44 -0.33 1.28
∆ log loans (Quarter) -0.55 1.97 -0.58 1.71
∆ log loans (Year) -1.55 3.21 -1.36 2.58
Exit rate (Month) 3.19 17.58 5.04 21.88
Exit rate (Quarter) 5.87 23.51 8.76 28.27
Exit rate (Year) 15.46 36.16 19.36 39.51
Relationship length (years) 4.08 2.37 2.45 0.92

Observations 241,311 241,311

Table A.1. Descriptive Statistics by Event (PSI)
Notes: The table shows descriptive statistics for banks, firm-bank and household-bank pairs used
in the analysis. In Columns (1) and (2) of Table A.2a, statistics are weighted by the total number
of customers (firms and households) in the analysis. In Columns (3) and (4) of Table A.2a, we use
sample weights. Relationship length for households is censored to the left because the household
credit register only starts in 2009. We use the month before each event as the reference date:
January 2012 for PSI, June 2012 for OMT, and December 2014 for QE.
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(a) Bank Descriptive Statistics

Weighted Unweighted

Mean Std. dev. Mean Std. dev.
(1) (2) (3) (4)

% exposed assets 4.26 4.05 2.27 5.48
Total assets (EUR M) 55,261.49 48,491.42 11,339.60 28,488.66
Capital ratio 13.44 13.29 21.77 27.12
% arrears (firms) 9.96 8.49 8.30 9.97
% arrears (households) 5.43 7.07 6.70 13.06
% accepted applications (firms) 13.10 12.15 11.98 19.93
% accepted applications (house-
holds)

24.37 17.85 15.26 21.82

% LTRO 0.37 0.86 0.14 0.55

Observations 44 44

(b) Borrower Descriptive Statistics

Firms Households

Mean Std. dev. Mean Std. dev.
(1) (2) (3) (4)

∆ log loans (Month) -0.3 1.44 -0.32 1.23
∆ log loans (Quarter) -0.57 1.98 -0.57 1.68
∆ log loans (Year) -1.5 3.2 -1.33 2.56
Exit rate (Month) 3.22 17.64 5.02 21.83
Exit rate (Quarter) 5.99 23.73 8.78 28.31
Exit rate (Year) 15.12 35.82 19.11 39.31
Relationship length (years) 4.32 2.49 2.76 1.06

Observations 233,402 233,402

Table A.2. Descriptive Statistics by Event (OMT)
Notes: The table shows descriptive statistics for banks, firm-bank and household-bank pairs used
in the analysis. In Columns (1) and (2) of Table A.3a, statistics are weighted by the total number
of customers (firms and households) in the analysis. In Columns (3) and (4) of Table A.3a, we use
sample weights. Relationship length for households is censored to the left because the household
credit register only starts in 2009. We use the month before each event as the reference date:
January 2012 for PSI, June 2012 for OMT, and December 2014 for QE.
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(a) Bank Descriptive Statistics

Weighted Unweighted

Mean Std. dev. Mean Std. dev.
(1) (2) (3) (4)

% exposed assets 5.06 4.20 2.81 8.02
Total assets (EUR M) 44,168.39 36,783.05 9,376.42 22,449.17
Capital ratio 18.04 16.98 15.72 38.86
% arrears (firms) 13.76 10.22 11.55 14.29
% arrears (households) 5.64 7.13 7.47 12.66
% accepted applications (firms) 12.35 10.23 9.32 17.24
% accepted applications (house-
holds)

20.66 15.77 9.44 15.11

% LTRO 0.69 0.79 0.07 2.51

Observations 44 44

(b) Borrower Descriptive Statistics

Firms Households

Mean Std. dev. Mean Std. dev.
(1) (2) (3) (4)

∆ log loans (Month) -0.25 1.44 -0.32 1.23
∆ log loans (Quarter) -0.48 2 -0.55 1.66
∆ log loans (Year) -1.45 3.33 -1.28 2.61
Exit rate (Month) 2.89 16.74 4.79 21.36
Exit rate (Quarter) 5.41 22.62 8.29 27.57
Exit rate (Year) 15.12 35.83 18.35 38.71
Relationship length (years) 5.37 3.42 4.25 2.11

Observations 233,402 233,402

Table A.3. Descriptive Statistics by Event (QE)
Notes: The table shows descriptive statistics for banks, firm-bank and household-bank pairs used
in the analysis. In Columns (1) and (2) of Table A.4a, statistics are weighted by the total number
of customers (firms and households) in the analysis. In Columns (3) and (4) of Table A.4a, we use
sample weights. Relationship length for households is censored to the left because the household
credit register only starts in 2009. We use the month before each event as the reference date:
January 2012 for PSI, June 2012 for OMT, and December 2014 for QE.
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(a)

W
eighted

∆
Exposed

securities
Totalassets

PSI
O

M
T

Q
E

M
onth

Q
uarter

Year
M

onth
Q

uarter
Year

M
onth

Q
uarter

Year
(1)

(2)
(3)

(4)
(5)

(6)
(7)

(8)
(9)

Exposure
0.001

0.002*
0.001

0.001
-0.0004

-0.003
-0.007*

-0.011***
-0.019**

(0.001)
(0.001)

(0.002)
(0.0004)

(0.002)
(0.003)

(0.004)
(0.003)

(0.009)

O
bservations

44
44

44
44

44
44

44
44

44
R-squared

0.359
0.392

0.209
0.267

0.216
0.296

0.411
0.595

0.616

(b)
U

nweighted
∆

Exposed
securities

Totalassets

PSI
O

M
T

Q
E

M
onth

Q
uarter

Year
M

onth
Q

uarter
Year

M
onth

Q
uarter

Year
(1)

(2)
(3)

(4)
(5)

(6)
(7)

(8)
(9)

Exposure
0.003***

0.003***
-0.010*

0.001
-0.009***

-0.013***
-0.029***

-0.034***
-0.020***

(0.001)
(0.001)

(0.006)
(0.0004)

(0.003)
(0.003)

(0.004)
(0.003)

(0.001)

O
bservations

44
44

44
44

44
44

44
44

44
R-squared

0.515
0.589

0.457
0.433

0.700
0.615

0.891
0.917

0.877

Table
A.5.

Robustness:Bank-levelExposed
Security

Holdings
N

otes:T
he

table
reportsestim

atesofcoeffi
cient

β
1

from
Equation

2.T
he

dependentvariable
∆

Exposed
securities

Totalassets
isthe

change
in

the
ratio

ofexposed
securities

over
totalassets

one
m

onth,one
quarter,and

one
year

after
the

event.T
he

independent
variable

Exposure
is

the
standardized

ratio
ofexposed

securities
to

totalbank
assets

in
the

last
m

onth
before

the
event.

W
e

use
bank-levelcharacteristics

from
Table

A.3
as

additionalcontrols.
In

Table
A.6a,

observations
are

weighted
by

the
num

ber
ofbank

custom
ers

(firm
s

and
households)

in
the

sam
ple.In

Table
A.6b,we

use
unit

sam
ple

weights.Robust
standard

errors
are

reported
in

parentheses.***,**,*
denote

significance
at

the
1%

,5%
,and

10%
levels,respectively.
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(a)

W
eighted

∆
log

networth
PSI

O
M

T
Q

E
M

onth
Q

uarter
Year

M
onth

Q
uarter

Year
M

onth
Q

uarter
Year

(1)
(2)

(3)
(4)

(5)
(6)

(7)
(8)

(9)

Exposure
-0.004

0.002
0.001

0.002**
-0.077

-0.013
0.006*

0.014**
0.024***

(0.062)
(0.061)

(0.072)
(0.001)

(0.047)
(0.053)

(0.003)
(0.005)

(0.006)

O
bservations

44
44

44
44

44
44

44
44

44
R-squared

0.298
0.333

0.330
0.150

0.459
0.424

0.275
0.528

0.618

(b)
U

nweighted

∆
log

networth
PSI

O
M

T
Q

E
M

onth
Q

uarter
Year

M
onth

Q
uarter

Year
M

onth
Q

uarter
Year

(1)
(2)

(3)
(4)

(5)
(6)

(7)
(8)

(9)

Exposure
-0.016

-0.014
0.029

0.0004*
-0.012

0.013
0.028

0.042**
0.037**

(0.024)
(0.024)

(0.027)
(0.0002)

(0.015)
(0.019)

(0.018)
(0.018)

(0.018)

O
bservations

44
44

44
44

44
44

44
44

44
R-squared

0.124
0.134

0.150
0.083

0.051
0.135

0.053
0.138

0.136

Table
A.7.

Robustness:CapitalGains
N

otes:T
he

table
reports

estim
ates

ofcoeffi
cient

β
1

from
Equation

2.T
he

dependent
variable

∆
log

net
worth

is
the

change
in

log
bank

net
worth

induced
by

capitalgains
one

m
onth,one

quarter,and
one

year
after

the
event.T

he
independent

variable
Exposure

is
the

standardized
ratio

ofexposed
securities

to
totalbank

assets
in

the
last

m
onth

before
the

event.
W

e
use

bank-levelcharacteristics
from

Table
A.3

as
additionalcontrols.

In
Table

A.8a,
observations

are
weighted

by
the

num
ber

ofbank
custom

ers
(firm

s
and

households)
in

the
sam

ple.In
Table

A.8b,we
use

unit
sam

ple
weights.Robust

standard
errors

are
reported

in
parentheses.***,**,*

denote
significance

at
the

1%
,5%

,and
10%

levels,respectively.
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(a) PSI

∆ log outstanding loans

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.014 0.031 0.109 0.001 0.014 0.042
(0.013) (0.024) (0.083) (0.013) (0.021) (0.036)

Observations 241,311 241,311 241,311 242,823 242,823 242,823
R-squared 0.401 0.411 0.433 0.435 0.441 0.461

(b) OMT

∆ log outstanding loans

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.004 0.025 0.064 0.015 0.022 0.013
(0.017) (0.034) (0.090) (0.013) (0.020) (0.036)

Observations 233,402 233,402 233,402 231,840 231,840 231,840
R-squared 0.404 0.411 0.434 0.453 0.459 0.468

Table A.8. Robustness: Outstanding Loans (1/2)
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(a) QE

∆ log outstanding loans

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.051*** 0.092*** 0.336*** 0.017* 0.026* 0.110***
(0.010) (0.015) (0.084) (0.009) (0.014) (0.018)

Observations 209,713 209,713 209,713 204,636 204,636 204,636
R-squared 0.404 0.415 0.426 0.456 0.467 0.469

Table A.9. Robustness: Outstanding Loans (2/2)
Notes: The table shows coefficients from estimating Equation 5. The dependent variable ∆ log
outstanding loans is the change in one plus log outstanding loans one month, one quarter, and
one year after the event. The independent variable Exposure is the standardized ratio of exposed
securities to total assets, measured in the last month before the event. We control for bank
characteristics with variables from Table 1. Errors are clustered at bank level. ***, **, * denote
significance at the 1%, 5%, and 10% levels, respectively.
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(a) PSI

∆ log outstanding loans

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.0089** 0.015*** 0.034** -0.005 -0.002 -0.021
(0.003) (0.004) (0.013) (0.005) (0.004) (0.013)

Observations 130,351 130,351 130,351 108,939 108,939 108,939
R-squared 0.395 0.405 0.405 0.457 0.458 0.47

(b) OMT

∆ log outstanding loans

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.005 0.017*** 0.019 -0.007 -0.016 -0.030***
(0.003) (0.005) (0.015) (0.008) (0.011) (0.010)

Observations 130,351 130,351 130,351 108,939 108,939 108,939
R-squared 0.411 0.408 0.41 0.476 0.479 0.469

Table A.11. Robustness: Outstanding Loans (Closed Sample) (1/2)
Notes: The table shows coefficients from estimating Equation 5. The dependent variable ∆ log
outstanding loans is the change in one plus log outstanding loans one month, one quarter, and
one year after the event. The independent variable Exposure is the standardized ratio of exposed
securities to total assets, measured in the last month before the event. We control for bank
characteristics with variables from Table 1. We restrict the sample to borrowers who have credit
relationships with banks in the three events. Errors are clustered at bank level. ***, **, * denote
significance at the 1%, 5%, and 10% levels, respectively.
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(a) QE

∆ log outstanding loans

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.075*** 0.129*** 0.518*** 0.023*** 0.039*** 0.182***
(0.018) (0.023) (0.129) (0.007) (0.013) (0.030)

Observations 130,351 130,351 130,351 108,939 108,939 108,939
R-squared 0.433 0.443 0.455 0.471 0.478 0.484

Table A.11. Robustness: Outstanding Loans (Closed Sample) (2/2)
Notes: The table shows coefficients from estimating Equation 5. The dependent variable ∆ log
outstanding loans is the change in one plus log outstanding loans one month, one quarter, and
one year after the event. The independent variable Exposure is the standardized ratio of exposed
securities to total assets, measured in the last month before the event. We control for bank
characteristics with variables from Table 1. We restrict the sample to borrowers who have credit
relationships with banks in the three events. Errors are clustered at bank level. ***, **, * denote
significance at the 1%, 5%, and 10% levels, respectively.
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(a) PSI

Relationship ends = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure -0.001 -0.003 -0.010 0.001 -0.0002 -0.003
(0.001) (0.002) (0.008) (0.002) (0.003) (0.006)

Observations 241,311 241,311 241,311 242,823 242,823 242,823
R-squared 0.405 0.409 0.427 0.4413 0.4442 0.4667

(b) OMT

Relationship ends = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.0003 -0.001 -0.005 -0.002 -0.002 0.0004
(0.002) (0.004) (0.009) (0.002) (0.003) (0.005)

Observations 233,402 233,402 233,402 231,840 231,840 231,840
R-squared 0.407 0.413 0.43 0.4523 0.4615 0.4741

Table A.12. Robustness: Termination of Credit Relationships (1/2)
Notes: The table shows coefficients from estimating Equation 5. The dependent variable
Relationship ends = 1 is an indicator variable that is equal to 1 if the borrower does not have a credit
relationship with the bank one month, one quarter, and one year after the event. The independent
variable Exposure is the standardized ratio of exposed securities to total assets, measured in the last
month before the event. We control for bank characteristics with variables from Table 1. Standard
errors are clustered at the bank-level. ***, **, * denote significance at the 1%, 5%, and 10% levels,
respectively.
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(a) QE

Relationship ends = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure -0.006*** -0.010*** -0.039*** -0.003 -0.005** -0.019***
(0.001) (0.002) (0.008) (0.002) (0.002) (0.002)

Observations 209,713 209,713 209,713 204,636 204,636 204,636
R-squared 0.408 0.418 0.43 0.4569 0.4656 0.477

Table A.13. Robustness: Termination of Credit Relationships (2/2)
Notes: The table shows coefficients from estimating Equation 5. The dependent variable
Relationship ends = 1 is an indicator variable that is equal to 1 if the borrower does not have a credit
relationship with the bank one month, one quarter, and one year after the event. The independent
variable Exposure is the standardized ratio of exposed securities to total assets, measured in the last
month before the event. We control for bank characteristics with variables from Table 1. Standard
errors are clustered at the bank-level. ***, **, * denote significance at the 1%, 5%, and 10% levels,
respectively.
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(a) PSI

Relationship ends = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure -0.002 -0.003 -0.012 0.003 0.003 0.001
(0.001) (0.002) (0.007) (0.002) (0.004) (0.008)

Observations 315,187 315,187 315,187 438,359 438,359 438,359
R-squared 0.011 0.012 0.017 0.02 0.035 0.072

(b) OMT

Relationship ends = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.0001 -0.001 -0.006 -0.0002 0.0008 0.004
(0.002) (0.004) (0.010) (0.003) (0.004) (0.005)

Observations 307,550 307,550 307,550 427,904 427,904 427,904
R-squared 0.011 0.012 0.016 0.026 0.045 0.079

Table A.14. Robustness: Relationship Terminations Without Borrower FE (1/2)
Notes: The table shows coefficients from estimating Equation 5, excluding the borrower fixed effect
θj . The dependent variable Relationship ends = 1 is an indicator variable that is equal to 1 if the
borrower does not have a credit relationship with the bank one month, one quarter, and one year
after the event. The independent variable Exposure is the standardized ratio of exposed securities to
total assets, measured in the last month before the event. We control for bank characteristics with
variables from Table 1. For firms (Columns 1 to 3), we use 1 plus the logarithm of firm assets and
firm workers, EBITDA/Assets, equity ratio, and an indicator variable that is equal to 1 if the firm
has 90-day overdue loans as additional control variables. We replace values by 0 whenever balance
sheet data is missing. Errors are clustered at bank level. ***, **, * denote significance at the 1%,
5%, and 10% levels, respectively.
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(a) QE

Relationship ends = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure -0.007*** -0.013*** -0.030*** -0.003 -0.005** -0.017***
(0.002) (0.002) (0.004) (0.003) (0.002) (0.003)

Observations 266,990 266,990 266,990 401,652 401,652 401,652
R-squared 0.007 0.009 0.021 0.021 0.036 0.062

Table A.15. Robustness: Relationship Terminations Without Borrower FE (2/2)
Notes: The table shows coefficients from estimating Equation 5, excluding the borrower fixed effect
θj . The dependent variable Relationship ends = 1 is an indicator variable that is equal to 1 if the
borrower does not have a credit relationship with the bank one month, one quarter, and one year
after the event. The independent variable Exposure is the standardized ratio of exposed securities to
total assets, measured in the last month before the event. We control for bank characteristics with
variables from Table 1. For firms (Columns 1 to 3), we use 1 plus the logarithm of firm assets and
firm workers, EBITDA/Assets, equity ratio, and an indicator variable that is equal to 1 if the firm
has 90-day overdue loans as additional control variables. We replace values by 0 whenever balance
sheet data is missing. Errors are clustered at bank level. ***, **, * denote significance at the 1%,
5%, and 10% levels, respectively.
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(a) PSI

Accepted application = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.043*** 0.022 0.022** -0.021 -0.007 -0.002
(0.015) (0.015) (0.011) (0.014) (0.018) (0.006)

Observations 4,470 3,573 14,672 3,258 3,116 13,051
R-squared 0.432 0.449 0.450 0.445 0.457 0.456

(b) OMT

Accepted application = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.011 -0.004 -0.001 -0.024** -0.005 -0.011
(0.021) (0.014) (0.013) (0.011) (0.012) (0.011)

Observations 2,589 3,420 16,279 2,908 3,096 13,477
R-squared 0.449 0.453 0.459 0.432 0.471 0.454

Table A.16. Robustness: Loan Applications (1/2)
Notes: The table shows coefficients from estimating Equation 5. The dependent variable Accepted
application = 1 is an indicator variable that is equal to 1 if the loan application is accepted. Month,
Quarter, and Year report coefficients for applications 0-1, 2-3, and 4-12 months after the event,
respectively. The independent variable Exposure is the standardized ratio of exposed securities to
total assets, measured in the last month before the event. We control for bank characteristics with
variables from Table 1. Errors are clustered at bank level. ***, **, * denote significance at the 1%,
5%, and 10% levels, respectively.
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(a) QE

Accepted application = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.037*** 0.024*** 0.036*** 0.012 -0.006 0.009
(0.008) (0.008) (0.009) (0.018) (0.014) (0.014)

Observations 6,549 5,653 19,859 3,352 3,742 16,538
R-squared 0.492 0.495 0.456 0.454 0.451 0.461

Table A.17. Robustness: Loan Applications (2/2)
Notes: The table shows coefficients from estimating Equation 5. The dependent variable Accepted
application = 1 is an indicator variable that is equal to 1 if the loan application is accepted. Month,
Quarter, and Year report coefficients for applications 0-1, 2-3, and 4-12 months after the event,
respectively. The independent variable Exposure is the standardized ratio of exposed securities to
total assets, measured in the last month before the event. We control for bank characteristics with
variables from Table 1. Errors are clustered at bank level. ***, **, * denote significance at the 1%,
5%, and 10% levels, respectively.



55 Not All Shocks Are Created Equal

(a) PSI

Accepted application = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.027*** 0.018* 0.017* -0.012 0.001 -0.010
(0.009) (0.010) (0.009) (0.025) (0.018) (0.024)

Observations 30,336 27,598 110,587 26,058 25,033 103,445
R-squared 0.047 0.053 0.042 0.081 0.091 0.125

(b) OMT

Accepted application = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.003 0.001 0.000 -0.046 -0.041 -0.027
(0.016) (0.009) (0.012) (0.033) (0.034) (0.022)

Observations 21,426 25,225 119,448 22,363 23,860 106,456
R-squared 0.049 0.041 0.033 0.119 0.147 0.131

Table A.18. Robustness: Loan Applications Without Borrower FE (1/2)
Notes: The table shows coefficients from estimating Equation 5, excluding the borrower fixed effect
θj . The dependent variable Accepted application = 1 is an indicator variable that is equal to 1
if the loan application is accepted. Month, Quarter, and Year report coefficients for applications
0-1, 2-3, and 4-12 months after the event, respectively. The independent variable Exposure is the
standardized ratio of exposed securities to total assets, measured in the last month before the event.
We control for bank characteristics with variables from Table 1. For firms (Columns 1 to 3), we use
1 plus the logarithm of firm assets and firm workers, EBITDA/Assets, equity ratio, and an indicator
variable that is equal to 1 if the firm has 90-day overdue loans as additional control variables. We
replace values by 0 whenever balance sheet data is missing. Errors are clustered at bank level. ***,
**, * denote significance at the 1%, 5%, and 10% levels, respectively.
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(a) QE

Accepted application = 1

Firms Households

Month Quarter Year Month Quarter Year
(1) (2) (3) (4) (5) (6)

Exposure 0.015 0.009 0.015 -0.024 -0.021 -0.010
(0.013) (0.012) (0.012) (0.026) (0.022) (0.024)

Observations 44,770 37,950 138,439 23,474 24,879 109,917
R-squared 0.036 0.030 0.042 0.105 0.076 0.086

Table A.19. Robustness: Loan Applications Without Borrower FE (2/2)
Notes: The table shows coefficients from estimating Equation 5, excluding the borrower fixed effect
θj . The dependent variable Accepted application = 1 is an indicator variable that is equal to 1
if the loan application is accepted. Month, Quarter, and Year report coefficients for applications
0-1, 2-3, and 4-12 months after the event, respectively. The independent variable Exposure is the
standardized ratio of exposed securities to total assets, measured in the last month before the event.
We control for bank characteristics with variables from Table 1. For firms (Columns 1 to 3), we use
1 plus the logarithm of firm assets and firm workers, EBITDA/Assets, equity ratio, and an indicator
variable that is equal to 1 if the firm has 90-day overdue loans as additional control variables. We
replace values by 0 whenever balance sheet data is missing. Errors are clustered at bank level. ***,
**, * denote significance at the 1%, 5%, and 10% levels, respectively.
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(f) QE: Households

Note: Each panel of the figure shows the results from a dynamic difference-in-difference
regression at the borrower-bank level around a sovereign debt event. The dependent
variable is log(1+loan volume). We show coefficients on the Exposure variable, which is
the standardized ratio of exposed securities to total assets, measured in the last month
before the event. The left panels show results for non-financial borrowers while the right
panels show results for households. The regression include bank and firm-time fixed
effects. The regression specification for PSI includes a linear time trend. double clustered
at the bank level and at the firm level

Figure A.1: Borrower-Bank Regression Results: Intensive Margin
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Appendix B: Effect of PSI on Portuguese bond yields

In this section we measure the effect of the Greek debt restructuring (PSI) on
Portuguese government bond yields. We follow a methodology that is similar to
the one used by Krishnamurthy et al. (2018) to measure the impact of OMT on
yields of government bonds in periphery Euro Area countries.

There was a series of events that signalled an increase in the probability of a
successful debt restructuring between February and April 2012. We obtain a list of
these events using Factiva. We search for all news between February 2012 and April
2012 that include the terms “Greece” and “PSI”. We filter the results to include
only news from Reuters. Using this procedure, in Table B.1 we obtain a list of
news articles that indicate an increase in the probability of a successful Greek debt
restructuring.

Date Title Summary

4/25/2012 Greece says final participa-
tion rate in bond swap is
96.9 pct

Greek bond swap completed with 96.9%
participation rate

3/9/2012 Gilts dip as Greek deal
confirmed, eye UK data

A sufficient number of private creditors
agreed on PSI conditions for a successful
deal (86% participation rate)

3/8/2012 EURO GOVT-Italian, Span-
ish yields fall on Greek hopes

Yields of periphery countries went down
with increased optimism of a successful
Greek debt swap

2/21/2012 ANNOUNCEMENT-Greece
launches debt swap plan
(PSI)

Greece announced the final terms of the
debt swap program

2/20/2012 Deal near to lower Greek
debt-Greek finmin source

European countries appeared to agree on
credit conditions to finance the Greek debt
swap

2/13/2012 Greek bond swap seen
wrapped up in March- govt

The Greek government announced that the
Greek debt swap would be completed in
March 2012

2/7/2012 EURO GOVT-Bunds slide
as markets anticipate Greek
deal

Yields of periphery countries went down
with positive signs of a Greek debt swap
deal

2/5/2012 France says Greek PSI talks
going "relatively well"

French finance minister said talks on the
Greek debt swap were moving relatively
well

Table B.1. List of PSI News
Notes: The table lists news between February and April 2012 that were associated with an increase
in the probability of a successful Greek debt restructuring. We obtain this list using the procedure
described in Appendix B



59 Not All Shocks Are Created Equal

In Table B.2 we estimate the following equation:

∆yieldt = β1PSI
t + εt (B.1)

where ∆yieldt is the change in yield between day t − 1’s close and day t’s
close, and 1PSI

t is an indicator equal to 1 on the day of the news reported in Table
B.1 and on the subsequent working day. We retrieve yields for the 2-year, 5-year,
and 10-year reference Portuguese government bonds from MarketWatch.

∆ yield (bps)
Variable (1) (2) (3)

PSI event = 1 -34.625*** -19.267** -13.108**
(11.163) (8.001) (5.384)

Cumulative effect (bps) -415.500 -231.204 -157.296
N 269 269 269
R-squared 0.026 0.009 0.014

Table B.2. Regression: Effect of PSI News on Yield Changes
Notes: The table shows coefficients from estimating Equation B.1 using yields of the reference 2-
year, 5-year, and 10-year Portuguese government bonds. We retrieve yields measured at each day’s
close from MarketWatch for all days with available data in 2012. Cumulative effect (bps) measures
the sum of daily yield changes for all days in which the indicator variable associated with the PSI
event is equal to 1. We display heteroskedasticity-robust standard errors in parentheses. ***, **, *
denote significance at the 1%, 5%, and 10% levels, respectively.

On average, Portuguese bond yields fall on days with positive news about the
Greek debt restructuring. We compute the cumulative change in yields on days
with positive news about PSI. Yields fall by about 420 bps at the 2-year maturity,
230 bps at the 5-year maturity, and 160 bps at the 10-year maturity. These yield
drops are larger than the ones reported by Krishnamurthy et al. (2018) for the
OMT event (74 bps for the 2-year bond, 152 for the 5-year bond, 118 bps for the
10-year bond).
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Appendix C: Data processing

The credit register identifies banks with bank codes attributed by Banco de
Portugal. We tabulate the number of credit relationships held by each bank to
verify if there are breaks in the number of reported credit relationships. Whenever
a large number of credit relationships move from one bank code to another, we
assume that both bank codes belong to the same bank. However, when credit
relationships move to another bank code that already has a large number of credit
relationships, we assume that the first bank was acquired and drop it. We also drop
credit relationships when there is a sudden increase or decrease in the number of
credit relationships for a given bank code and we cannot track these relationships
in a new bank code.

We analyze reporting gaps by aggregating credit exposures using the following
variables: bank code, responsibility level (e.g., whether it is a joint credit exposure),
maturity, and product. We verify whether there are 1 to 2 month reporting gaps
for these exposures. We replace the missing exposure by the exposure in the first
month after the reporting gap in such cases.

In the securities register, we aggregate exposures using ISINs and bank codes.
We fill one month exposure gaps with the average of the exposures in the
surrounding months.

Some banks report at the individual level but belong to a consolidated bank. We
aggregate data at the consolidated bank in such cases. We assume that absolute
term changes of monthly bank variables expressed as stocks (e.g., total assets)
greater than 10 p.p. and reporting gaps for banks that keep reporting in at least
one dataset are driven by changes in reporting standards. We remove the effect of
sudden changes and fill reporting gaps with the last observed value in such cases.

We define the bank sample as the group of institutions that report non-zero
total assets in the Bank Balance Sheet (BBS) database for all periods between
April 2010 and January 2016.
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