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Introduction

Interconnections between different firms and industries are known to lead to the propagation
and amplification of shocks throughout the economy in a way that can drive aggregate
fluctuations (Acemoglu, Carvalho, Ozdaglar, and Tahbaz-Salehi (2012)). Interconnections
may also lead to credit market freezes because lenders fearing poor firm performance if
interconnected firms fail to receive credit may refrain from providing new loans (Bebchuk
and Goldstein (2011)). This paper argues that the extent to which cascade effects due
to interconnections propagate, and credit markets freeze, depends on the structure of the
banking system and the lenders’ share of the loans outstanding in an industry.
Our argument is as follows. Negative shocks and industry distress often lead to asset fire
sales. Through this channel, negative shocks affecting one borrower may deplete the balance
sheets of other firms in the same industry (Lang and Stulz (1992), Benmelech and Bergman
(2011), Carvalho (2015)). Shocks may also ripple through the supply chain (Hertzel, Li,
Officer, and Rodgers (2008); Barrot and Sauvagnat (2016)), magnifying the initial shock to
the industry in distress through the disruption of input supply and demand. Ultimately,
these spillover effects are expected to adversely affect lenders of the distressed industry not
only because the propagation of shocks may impair the value of the loans they have retained,
but also because it may disrupt future business with firms in the distressed industry.
Lenders anticipate that fire sales and cascade effects along the supply chain are less likely
to ensue if they directly or indirectly provide liquidity to firms affected by large negative
shocks and distress. We hypothesize that a lender’s decision to provide liquidity depends on
the extent to which the lender internalizes any adverse spillover effects of negative shocks.
Lenders that issued a larger share of the loans outstanding in an industry are likely to have
retained a larger share of the outstanding loans and to expect higher profits from future
business with firms in the industry. Anticipating that liquidity provision will enable them
to preserve future business and to limit the effect of costly defaults on outstanding loans,
high-market-share lenders may have stronger incentives to provide credit in times of distress.
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We find that lenders that have a large share of the loans outstanding in an industry in
distress are more likely to extend credit to firms in that industry, especially if the industry
is prone to fire sales, as proxied by the presence of industry-specific assets or a large fraction
of long-term loans maturing around the time of distress. We also find that lenders that
are prominent providers of credit to an industry in distress are more likely to initiate new
loans to firms upstream and downstream. These effects are largely driven by industries in
which firms have strong relationships with their customers and suppliers. In particular, by
propping up the distressed industry’s customers, lenders may help to boost the sales of the
distressed (upstream) industry, thereby mitigating fire sales and increasing borrowers’ ability
to repay their loans.
High-market-share lenders also provide credit to suppliers of distressed industries. Suppliers are more likely to experience negative liquidity shocks if downstream firms make late
payments or default on their obligations. As a consequence, they may experience distress
and even failure (Boissay and Gropp (2013), Jacobson and von Schedvin (2015)). However,
suppliers’ financial health and continued provision of inputs and other products are important for the performance of their customers (Bernard, Moxnes, and Saito (2015); Barrot and
Sauvagnat (2016)), especially if they are in industries with strong relationships along the
supply chain. Thus, high-market-share lenders initiate new loans to suppliers of industries
in distress to reduce shock propagation and amplification.
Overall, high-market-share lenders’ liquidity provision along the supply chain stabilizes
distressed industries. As we show, industries in which loan provision is more concentrated
experience fewer bankruptcies, possibly thanks to intra-industry mergers that high-marketshare lenders appear to favor following distress. In addition, we find that industries in
distress enjoy better long-term stock market performance, which suggests that the observed
bank lending behavior is at least on average efficient.
All of our results are obtained after absorbing bank-level supply and industry-level demand shocks using bank-time and industry-time fixed effects, respectively. Thus, our estimates capture the differential propensity of banks that are important to an industry to
2

provide new loans in case of distress. We mitigate any lingering concerns that a lender’s
market share may be spuriously correlated with its propensity to grant new loans by exploiting exogenous variation in industry market shares due to recent bank mergers, similarly to
Favara and Giannetti (2017) and Garmaise and Moskowitz (2006).
Bank mergers are unlikely to be driven by bank lending to particular industries in the
syndicated loan market, as banks active in the syndicated loan market are very large and each
industry in the syndicated loan market is small with respect to their balance sheets. While
in principle, high-market-share banks may be able to provide particular services and face
greater loan demand from distressed industries, this is less likely to be the case if the market
share is the result of recent bank mergers, as banks are unlikely to have acquired the expertise
necessary to provide these services. It is therefore comforting that the instrumental-variable
estimates support the causal interpretation of our findings.
We also document a number of cross-sectional effects that are consistent with the causal
mechanism underlying our hypothesis. Banks are significantly more likely to lend to customers of distressed industries if these customers are less leveraged than firms in the distressed industry. In this manner, banks generate liquidity for their borrowers in the distressed
industry without further increasing their leverage. Banks also lend more to customers of distressed industries if these customers are highly concentrated. Banks thus optimize the extent
to which they internalize the externalities created by financial distress along the supply chain
by focusing on strategically important firms.
Finally, we investigate alternative mechanisms that may lead to our findings. For instance, one may wonder whether a lender’s share of the loans outstanding in an industry
captures the exposure of the lender’s portfolio to the industry (i.e., the industry’s share
of the bank’s loan portfolio). As Acharya, Hasan, and Saunders (2006) and Loutskina and
Strahan (2011) show, less diversified lenders may be better informed. Therefore, our measure
of a lender’s share of the loans outstanding in an industry could be related to an informational advantage, which may explain the lender’s willingness to extend loans to borrowers in
distressed industries.
3

While we do not deny that better information may enable lenders to internalize externalities, an explanation based on portfolio concentration and information asymmetry alone
cannot account for the cross-sectional effects that we document.
First, in our data the correlation between a lender’s market share and the share of the
industry in the lender’s portfolio is close to zero. Second, we find no evidence that a lender’s
portfolio exposure to an industry, a common indicator of banks’ expertise, positively affects
its propensity to extend new loans to borrowers in distressed industries. Third, if banks’
liquidity provision was driven exclusively by an informational advantage, it would be difficult
to explain why banks are more inclined to provide liquidity to industries prone to fire sales,
such as industries with more fixed assets. This is because the presence of fixed assets is
generally associated with a lower degree of information asymmetry (e.g., Rajan and Zingales
(1995) and Titman and Wessels (1988)). Fourth, exogenous variation in market shares
due to recent mergers is unlikely to capture lenders’ informational advantage. Finally, we
document that lenders provide liquidity to new borrowers in distressed industries, and not
only to borrowers that they engaged with in the recent past and that they are expected to
know better.
Our paper is related to several strands of literature. First, we contribute to the banking
literature. Existing work focuses on the effect of bank and relationship characteristics in the
transmission of economic shocks. Typically, foreign banks are believed to be fickle lenders
(Giannetti and Laeven (2012)), while a close relationship with a bank guarantees stable
funding when negative shocks occur (Bolton, Freixas, Gambacorta, and Mistrulli (2016);
Liberti and Sturgess (2016)). We recognize that bank lending decisions affect borrowers’
health, and may feed back to lenders’ balance sheets. Some lenders – notably banks with a
high fraction of the loans outstanding in an industry – may therefore take into account these
feedback effects in their lending decisions.
This point is related to Favara and Giannetti (2017), who show that lenders that have
retained a high fraction of outstanding mortgages are more likely to renegotiate defaulting
mortgages and, thus, mitigate the effects of negative shocks on real estate prices. To the
4

best of our knowledge, we are the first to recognize that the internalization of externalities
may affect not only loan renegotiations but also the provision of new loans to distressed
industries and along the supply chain.
Our paper also relates to the literature that explores the effects of bank loan concentration on bank-firm relationships (Petersen and Rajan (1995)), loan supply (Garmaise and
Moskowitz (2006)), and the transmission of monetary policy to mortgage rates (Scharfstein
and Sunderam (2016)). All of these papers study the effects of market power on loan contract
terms. We focus, instead, on the role of concentration of the loans outstanding in an industry for lenders’ incentives to provide liquidity during distress. By showing that concentrated
lenders are more prone to provide liquidity, we also present an alternative interpretation of
the view that competition in the credit market erodes financial stability because it distorts
lenders’ risk-taking incentives by lowering their profit margins (Keeley (1990)).
Finally, we contribute to the literature on forced sales of real and financial assets (Shleifer
and Vishny (1992), Shleifer and Vishny (2011)). Forced asset sales may reduce the value
of collateral and impair the balance sheets of other borrowers (Benmelech and Bergman
(2011)). Our paper shows that when industry conditions are poor, certain lenders are more
inclined to extend new loans, potentially mitigating the initial effects of forced asset sales.

2

Data Description and Variable Definitions

This section describes the construction of the dataset and the most important variables
in our analysis. Our main data source is DealScan, which covers syndicated loan issuance
(both credit lines and term loans). While syndicated lending is only a fraction of banks’
total lending, in the absence of data on other credit transactions, it is commonly used to
evaluate bank lending policies and their real effects (e.g., Ivashina and Scharfstein (2010)).
Importantly, the evidence of real effects that we uncover in Section 7 indicates that the
effects we highlight are salient.
We focus on all completed syndicated loans granted to publicly listed or privately held
5

U.S. firms. While our most comprehensive sample period is 1990 − 2013, in some of our tests
we focus on the period from 1997 to 2013, because we are able to identify relationships over
the supply chain starting only from 1997. As is customary, we drop all public-service, energy
and financial-services firms, and identify bank-industry lending relationships by focusing on
the lead arrangers of syndicated loans. We hand-match each lead arranger to its respective
bank-holding company.
We measure bank lending as the dollar amount of loans for which a bank serves as lead
arranger. We proceed in this way, instead of apportioning the share of a loan provided by
the various participants of a syndicated loan, because loan-share data have relatively poor
coverage in DealScan. Our proxies, based on the total number and volume of loans originated
by a lead bank, allow us to capture a bank’s share of profits in different industries, which
should ultimately govern a lender’s incentives to internalize externalities – the focal point of
our analysis. To mitigate any lingering doubts, we correlate the market share of a lender in
an industry to the average share of the loan that it retains as a lead bank in that industry.
We find no relation. As will be clearer later, this implies that considering actual loan shares
(in $ amounts) retained by a lead arranger would leave our findings unaffected (because it
would be equivalent to dividing the dependent variable by a constant).
Since our objective is to explore whether lender j’s (past) market share in industry i
affects its propensity to provide credit to firms in industry i at time t, we aggregate data at
the bank-industry-time level ijt. The main reason for aggregating the loan-level information
is that, as we will show, changes in the loan supply are mainly driven by changes in the
number of loans that are issued. Thus, changes in the total amount of loans that are
extended are a better proxy for changes in the supply of credit than changes in the amount
of each loan that has been granted. We aggregate the data at the half-year frequency in order
to capture time-varying industry conditions. Using six-month periods also allows lenders to
react to industry conditions as it typically takes several months to issue a syndicated loan.
To detect industry distress, we rely on historical industry stock returns from CRSP. In
the spirit of Opler and Titman (1994) and Dinc, Erel, and Liao (2017), we define Industry
6

distress it−1 as a binary variable that takes the value of one if industry i experienced a
cumulative median stock return of less than −10% in the previous half-year t − 1.
Our conjecture is that banks’ incentives to internalize potential externalities derive from
their share of the loans outstanding in an industry in distress. We define Market share ijt−2
as the proportion of bank j’s total loan volume granted to industry i over the aggregate
loan volume of industry i in t − 2, that is, prior to any potential industry shock. Both the
bank’s and the industry’s loan volumes are measured over the previous six years (that is, the
previous six-month periods from t − 13 to t − 2), because the average maturity of syndicated
loans is six years.
We contrast a bank’s market share to the share of an industry in a bank’s loan portfolio,
a commonly used proxy for a bank’s informational advantage in an industry. The difference
between Portfolio share of industry ijt−2 and Market share ijt−2 is the denominator. We define
the former to be equal to the proportion of bank j’s total loan volume to industry i over the
aggregate loan volume granted by bank j over the previous six years. Consistent with our
argument that Portfolio share of industry ijt−2 and Market share ijt−2 capture different bank
characteristics, their correlation is extremely close to zero (0.002).
To focus on banks that have an interest in an industry, the sample is limited to bankindustry (ij) pairs with non-zero loans in at least three half-years.1 If a lender that satisfies
this condition does not issue any loan to an industry in a six-month period, we include this
as a zero-loan observation. Thus, our dataset comprises 48 observations (for each half-year
from the first half of 1990 to the second half of 2013) for each bank-industry pair.
In order to test our maintained hypothesis that banks with a larger market share internalize any externalities created by financial distress, we also consider customer and supplier
relationships. We identify supplier-customer relationships at the industry level using inputoutput tables from the U.S. Bureau of Economic Analysis (BEA), because contagion effects
are known to spread beyond reliant suppliers and major customers to firms in their re1

Results would be similar if we included all bank-industry pairs, but this would yield a larger number of
zeros in our dataset.
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spective industries (Hertzel, Li, Officer, and Rodgers (2008); Carvalho, Nirei, Saito, and
Tahbaz-Salehi (2016)). The BEA provides annual tables for the use of commodities by industries, before redefinitions (producers’ prices), for 71 summary industries for the period
from 1997 to 2013, which constrains our sample period. We match the BEA’s input-output
tables with information about borrower firms in the DealScan database. To do so, we translate the BEA’s industry codes to SIC codes, available for each borrower in DealScan, using
a conversion table attained from the BEA.2
For each one of the 71 BEA industries, we identify suppliers and customers of an industry
as the top supplier and customer industries, respectively, other than the industry itself. While
a large component of supplier-customer relationships may occur within the same industry,
other mechanisms, such as the desire to avoid fire sales, may induce high-market-share lenders
to provide credit directly to the industry in distress. Therefore, to isolate lending to supplier
and customer industries, we consider the top supplier and customer industries other than
the distressed industry.
When we explore banks’ liquidity provision over the supply chain, we measure supplier
and customer distress as well as a lender’s market share in, or portfolio share of, the industries of the main suppliers and customers using variables defined analogously to Industry
distress it−1 , Market share ijt−2 , and Portfolio share of industry ijt−2 . We refer to these variables as Supplier distress it−1 , Customer distress it−1 , Supplier share ijt−2 , Customer share ijt−2 ,
Portfolio share of supplier ijt−2 , and Portfolio share of customer ijt−2 .
We differentiate industries along a number of dimensions. First, we conjecture that
if banks indeed internalize externalities arising from industry distress, they should have
stronger incentives to initiate new loans if the industry is prone to fire sales. This is more
likely to be the case in industries with less redeployable assets.
We use two alternative measures of asset specificity. Our first measure follows Kung
and Kim (2017), who use the 1997 BEA capital-flow table which breaks down expenditures
on new equipment, software, and structures by 180 assets for 123 industries. We define
2

https://www.census.gov/eos/www/naics/concordances/concordances.html
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Specific i as a time-invariant indicator for whether the industry in question is among the
bottom-quintile industries in terms of asset redeployability. In addition, we define a second
proxy for asset specificity, Specific (alternative)it , as a time-varying indicator for whether the
industry in question is among the top-quintile industries in terms of the ratio of machinery
and equipment to total assets in year t. This proxy measures an industry’s asset tangibility,
and is widely used in the literature to capture how prone an industry is to fire sales (see
Acharya, Bharath, and Srinivasan (2007)).
Second, we consider that firms’ liquidity needs are stronger and the negative effects of
distress are likely to be amplified when a larger proportion of firms in the industry has
long-term debt maturing around the time of distress (Carvalho (2015)). To capture this
empirically, we use the one-year lag of the ratio of long-term debt due within one year in
the industry, a variable that is determined when long-term debt was issued, i.e., well before
the date at which we measure industry distress. We define Liquidity needs it as an indicator
for whether industry i is among the top-quintile industries in terms of the ratio of long-term
debt maturing in one year from t − 1 over total long-term debt in t − 1, and include the
relevant interaction effects in our regressions.
Finally, high-market-share banks’ incentives to initiate new loans to customers and suppliers of industries in distress should depend on the extent to which customers and suppliers
entertain close relationships, as defaults and other problems may cause larger costs in these
industries due to the disruption of valuable relationships. To detect such relationship industries, we use the list of industries in Cremers, Nair, and Peyer (2008). We define Relationship
industries i as an indicator for whether industry i and its customer or supplier industry are
relationship industries. The intuition behind this classification, described in detail by Cremers, Nair, and Peyer (2008) and widely used in the literature, is that in industries that sell
durable goods, firms are likely to interact repeatedly with their trade partners to provide
maintenance and service. Therefore, service interruptions are expected to cause large costs.
Summary statistics. In Table 1, we present summary statistics for our main variables.
After merging the BEA input-output tables with industries borrowing in the syndicated loan
9

market, as recorded in DealScan, our sample (from 1997 to 2013) includes 57 industries and
211 banks. On average, each industry obtains credit from 44 banks, whereas each bank
covers 12 industries. In total, our sample includes 2,516 bank-industry relationships.
Our bank-industry-half-year structure includes observations associated with zero loans
issued in an industry. We find that 21% of the 116,662 observations from 1990 to 2013 are
associated with non-zero loans. In the whole sample, the average bank’s market share in
a given industry, and in supplier and customer industries is 2 to 3%.3 There is, however,
large variation in lenders’ market shares, and some industries have a unique lender in certain
periods. On average, Portfolio share of industry ijt−2 , Portfolio share of supplier ijt−2 , and
Portfolio share of customer ijt−2 are somewhat higher, as the denominator is replaced by the
aggregate loan volume granted by bank j.
Finally, based on our definition of industry distress, about 21% of all observations are
associated with industry-level shocks.

3

Empirical Methodology

Our objective is to test whether banks with a large market share in an industry are more
inclined to extend loans to the industry, its suppliers, or its customers when the industry
experiences distress. We start by exploring how bank j’s propensity to lend to industry i
in half-year t following industry distress varies depending on bank j’s past market share in
industry i. Therefore, our baseline regression specification is:

yijt = β1 Market share ijt−2 × Industry distress it−1 + β2 Market share ijt−2 + µij + θit + ψjt + ijt ,

where the outcome, yijt , is either the total loan volume that industry i attains from bank
j in period t, or an indicator variable for whether bank j grants any loan to industry i in
3

Note that the number of observations for Market share ijt−2 , Supplier share ijt−2 , and Customer share ijt−2
varies because (i) we have supply-chain data starting only in 1997 and (ii) we consider observations for
which the denominator of these shares is zero as missing.
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period t; Market share ijt−2 is bank j’s market share of loans in industry i in period t − 2;
Industry distress it−1 is an indicator variable for whether industry i was in distress in period
t − 1; and µij , θit , and ψjt denote bank-industry, industry-period, and bank-period fixed
effects, respectively. Standard errors are clustered at the bank level.
In particular, θit captures all time-varying unobserved heterogeneity at the industry level,
including an industry’s demand for loans.4 ψjt captures all time-varying unobserved heterogeneity across banks, such as shocks to credit supply or other bank-level changes. For
instance, ψjt captures that weakly capitalized banks may want to provide liquidity to any of
the current clients in distress in order not to recognize previous bad loans.
The coefficient of interest is β1 , which reflects to what extent a bank’s previous market
share in an industry increases the bank’s propensity to grant new loans to that industry
after it enters distress.
We also extend this framework to study banks’ propensity to lend to the customers and
suppliers of industries in distress. By replacing Market share ijt−2 with Supplier share ijt−2 or
Customer share ijt−2 , and Industry distress it−1 by the corresponding indicators of distress in
suppliers’ and customers’ industries, respectively, β1 captures banks’ propensity to lend to
the customers and suppliers of an industry in distress.
By absorbing any supply shocks affecting bank j and any demand shocks affecting industry i, our empirical framework allows us to identify the differential propensity of bank j
to lend to industry i in distress (and industry i’s customers and suppliers), using as controls
other banks with different market shares in the same industry i, as well as bank j’s propensity
to lend to other industries, not in distress, in which it has a similar market share. Thus, our
fixed-effects structure allows us to exclude a wide range of alternative explanations, which
could lead to a spurious correlation between a bank’s market share and its lending decisions.
In Section 4.2, we introduce an instrumental-variable methodology to further address any
lingering doubts.
4

Industry-period fixed effects subsume Industry distress it−1 .
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4

Bank Lending to Distressed Industries

We now turn to our estimation results for bank lending to industries in distress, discuss their
robustness, and present additional findings that shed light on the underlying mechanism.

4.1

Baseline Specifications

Table 2 tests whether lenders that over the past six years provided a larger share of an
industry’s loans are more inclined to lend to this industry when it experiences distress. Panel
A shows that banks with a large market share generally extend more loans. This tendency,
however, is drastically accentuated during periods of industry distress. The estimates are
both statistically and economically significant. In column 1 of Panel A, increasing a bank’s
market share by one standard deviation (0.055) increases the volume of new loans by 24.6%
(= 0.055 × 4.468) following industry distress.
The tendency of high-market-share banks to lend to industries in distress does not depend
on the fact that certain banks lend more than others to all industries, as we include bankperiod fixed effects throughout the analysis. The effect is also not driven by industries in
distress borrowing more, as our estimates are robust when we include industry-period fixed
effects in column 2. The coefficient of interest on the interaction term Market share ijt−2 ×
Industry distress it−1 remains significant even after controlling for bank-industry fixed effects
(column 3). The estimated coefficient on the interaction term capturing the propensity of
banks with different market shares to lend to industries in distress is smaller, but it still
implies an economically relevant 9.9% (= 0.055 × 1.805) increase in the propensity to lend
following a one-standard-deviation increase in Market share ijt−2 . Hereafter, we use the most
conservative specification in column 3 – with bank-industry, bank-period, and industryperiod fixed effects – as our baseline specification.
The higher propensity of banks with large market shares to lend to distressed industries
is driven by the number of new loans rather than by the size of each loan. In column 4, the
interaction term Market share ijt−2 × Industry distress it−1 is not significant when we consider
12

as dependent variable the individual loan amount, computed as the logarithm of the average
size of the loans issued to an industry during period t. Thus, on average, lenders with high
market shares do not grant larger loans when an industry is in distress in comparison to
normal times. In contrast, we continue to find a higher propensity of high-market-share
banks to lend to industries in distress if we use as dependent variable an indicator capturing
any new loans granted to industry i by bank j during period t (column 5).5
This evidence is consistent with the idea that banks with a large market share in an
industry provide liquidity to internalize the externalities of financial distress. However, bankfirm relationships could be closer in industries with higher loan concentration. Relationship
banks are, in turn, known to lend to their clients in distress (Bolton, Freixas, Gambacorta,
and Mistrulli (2016)), even if they do not internalize any externalities. To evaluate the merit
of this alternative explanation, in Panel B, we repeat the tests from Panel A, and exclude
any loans granted by banks that already entertained a relationship with the borrower.
For this purpose, we redefine the dependent variables to exclude loans to firms in industry
i to which bank j lent in the previous six years. The remaining loans are unlikely to have
been granted to borrowers with a close relationship with bank j or to have been renegotiated.
It still emerges that banks with a higher market share issue more loans to borrowers in
distressed industries. This indicates that our findings are not driven by close relationships in
high-market-share industries. In addition, banks do not appear to merely provide liquidity
by renegotiating loans to existing borrowers, an occurrence that is hard to distinguish from
new loan issuance in DealScan (Roberts (2015)), but that would be fully consistent with
banks’ propensity to internalize the negative spillovers of industry distress.
Importantly, this test also allows us to rule out another potential explanation for highmarket-share banks’ propensity to lend to industries in distress. Troubled banks may have
incentives to allocate credit to severely impaired borrowers in order to avoid the realization
of losses on their own balance sheets (Peek and Rosengren (2005), Giannetti and Simonov
(2013)). Since high-market-share banks exhibit a higher propensity to lend to industries in
5

Given the structure of the syndicated loan market, there is rarely more than one loan granted by a given
bank to an industry during a six-month period.
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distress even when we exclude current borrowers, their behavior cannot be driven exclusively
by the desire to avoid the negative direct effect of firm defaults on their balance sheets.
Rather, banks lending to firms with which they previously did not entertain relationships
appear to take into account the indirect effects of those firms’ well-being on the industry as
a whole, including current borrowers.
In Panel C, we evaluate whether our results may be driven by the recent financial crisis.
Given the way we define industry distress, episodes of industry distress could be correlated
with bank distress. This gives rise to the possibility that instead of providing liquidity to
distressed industries, banks rebalance their portfolios towards their core activities (Giannetti
and Laeven (2012)), which in our case may comprise lending to the high-market-share industries. A conservative way of ruling out such competing explanation is to omit the financial
crisis – from 2008 until the first half of 2010 – from our sample.6 In Panel C, our estimates
remain invariant, implying that the financial crisis does not drive our estimates. Our findings
that banks internalize externalities could, however, potentially explain why banks are found
to rebalance to core activities when they experience distress.
Finally, we consider that high-market-share banks may be particularly suitable for granting loans which require additional non-loan services, such as loans related to mergers and
acquisitions (M&A). Mergers and acquisitions may also be more likely to occur when industries are in distress and need to restructure, giving an alternative mechanism for why
high-market-share banks may grant more loans to industries in distress. However, Panel D
shows that excluding loans related to M&A activities leaves our results qualitatively and
quantitatively unaffected. This suggests that the propensity of high-market-share banks to
lend to distressed industries is unlikely to be driven by the fact that these banks are able to
provide specific services, at least the ones connected to M&A activities.
Below, we introduce an instrumental-variable methodology, which helps us to further
address the potential criticism that high-market-share lenders may be special, for instance
because they face higher demand for credit when industries are in distress.
6

Thus, the last observation for Industry distress it−1 before the omitted period is measured over the first
half of 2007, and its first observation after the crisis is measured over the first half of 2010.
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4.2

Exogenous Variation in Market Shares Due to Bank Mergers

The economic mechanism we propose is that the desire to avoid potential externalities stemming from defaults and more firms entering dire straits prompts high-market-share banks
to grant new loans to industries in distress. We do not deny that banks may know better
the industries in which they have high market shares. While their knowledge may be a
prerequisite for lending in times of distress, we argue that high-market-share banks are more
inclined to provide liquidity if negative shocks may cause externalities.
However, one may wonder whether our results are uniquely driven by high-market-share
lenders’ informational advantage. In this subsection, we introduce an instrumental-variable
methodology to address this concern. In the next subsection, we present additional crosssectional evidence in support of our hypothesis.
To yield exogenous variation in market shares, arguably unrelated to lenders’ informational advantage or their ability to provide other, non-loan services to borrowers, we follow
Favara and Giannetti (2017) and Garmaise and Moskowitz (2006), and exploit mergers between banks that are active in the syndicated loan market. We detect mergers between any
two banks in DealScan using the SDC M&A database in conjunction with any mergers that
we identify through a LexisNexis news search. Our instrument for Market share ijt−2 is defined to be equal to the sum of the two merging banks’ historical market shares in industry
i in t − 3, starting in period t − 2 which is when a merger between bank j and another bank
is completed.
In this manner, we only exploit variation in banks’ market shares that is due to recent
mergers. That is, we identify a treatment effect using incremental increases in market shares,
irrespective of the level of historical market shares of the merging banks. This renders it
unlikely that our treatment effect is due to any pre-merger private information of the banks
involved.
Our instrument is likely to satisfy the exclusion restriction, because banks active in the
syndicated loan market are large and each industry in the syndicated loan market constitutes
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only a small portion of banks’ balance sheets. Thus, it is not plausible that mergers occur
because of the anticipation of fire sales in case of financial distress. In addition, our instrument captures variation in market shares arising from recent mergers which are therefore
unlikely to have led to an informational advantage or any particular expertise in providing
services to an industry, which goes beyond the expertise of the merging banks.
The first two columns of Table 3 display the first-stage results, and show that our instrument is highly statistically significant. Hence, there are no concerns about our instrument
being weak. The last two columns of Table 3 present the second-stage estimates, using
as dependent variables the logged total amount of all loans and an indicator for any loans
granted (as in columns 3 and 5 of Table 2). The estimates are qualitatively and quantitatively robust, suggesting that even the high-market-share banks that are least likely to have
gained an informational advantage are prone to extend new loans to industries in distress.

4.3

Cross-sectional Effects

To provide more direct evidence on our proposed mechanism, we consider industries prone
to fire sales, in which the negative externalities of distress are expected to be higher. If highmarket-share lenders indeed internalize externalities, we would expect them to be particularly
inclined to provide new loans to these industries when they are in distress.
Distress is more likely to result in fire sales in industries in which assets are highly specific
and less redeployable, because most of the potential buyers are in the same industry and
are likely to be financially constrained by the time the industry enters distress and asset
sales occur. In Table 4, we re-estimate the specifications from columns 3 and 5 of Table 2,
differentiating industries by their level of asset specificity. We measure asset specificity using
two alternative widely-used proxies: the industry’s level of asset redeployability from Kung
and Kim (2017) and the industry’s asset tangibility, used for instance by Acharya, Bharath,
and Srinivasan (2007) to capture an industry’s propensity to fire sales. Consistent with
our maintained hypothesis, we find that high-market-share banks’ propensity to grant new
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loans to industries in distress increases with industries’ asset specificity. This is indicated by
the coefficient on the triple-interaction term, which is positive and significant regardless of
whether we consider industries with low levels of asset redeployability (columns 1 and 2) or
industries with a high ratio of tangible assets (columns 3 and 4).
Importantly, industries with high tangible assets, having relatively more collateral to
pledge, are considered to be less subject to asymmetric information (e.g., Rajan and Zingales
(1995) and Titman and Wessels (1988)). Therefore, these results support the idea that the
effect of a bank’s market share on loan provision to distressed industries is unlikely to be
driven by any informational advantage.
We also consider that industry downturns are more likely to result in fire sales when firms
are financially constrained (Shleifer and Vishny (1992)). Firms’ liquidity needs tend to be
stronger and to cause larger negative externalities for other firms when a larger proportion
of firms in the industry has long-term debt maturing around the time of distress (Carvalho
(2015)). Extending this idea to our hypothesis, we would expect that to limit shock amplification, high-market-share lenders would want to provide liquidity precisely to industries
with higher liquidity needs and greater exposure to the amplification of the initial shock.
Consistent with the mechanism underlying our hypothesis, columns 5 and 6 of Table 4
show that high-market-share banks extend more loans to industries in distress with a high
proportion of long-term debt maturing, that is, to industries in which the initial shock is
more likely to be amplified by firms’ liquidity constraints and fire sales.

4.4

Which Shocks Matter?

In most of our analysis, we consider an industry to be in distress if the median return in
the industry during a six-month period is below −10%. Table 5 shows that our results are
robust to a number of variations. For instance, in Panel A, we consider an industry to be in
distress if the mean return, rather than the median return, is below −10%. Our results are
invariant.
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In the remaining panels of Table 5, we consider alternative definitions of shocks to shed
further light on the mechanism leading high-market-share banks to provide credit to industries in distress.
If the observed bank lending behavior is indeed driven by the desire to avoid negative
externalities of distress, we would expect high-market-share lenders’ tendency to provide
credit to industries in distress to be more pronounced after temporary shocks. In this case,
industries are expected to recover, and may be able to do so more promptly if they can avoid
defaults, fire sales, and supply-chain disruptions. Following permanent shocks, firm exit and
radical change may be optimal, and it is not clear that providing liquidity may benefit bank
profits. Thus, to the extent that they are able to distinguish ex ante between permanent
and transitory shocks, high-market-share lenders should not provide credit if the shocks are
permanent.
In Panel B, we define a shock as permanent if the industry’s median return is still below
−10% three years after the initial distress period. We label all remaining episodes of industry
distress as transitory.7 High-market-share banks appear to lend more to industries in distress
only after transitory shocks. This suggests that high-market-share lenders support industries
in distress only when they expect distress to be temporary. This finding also suggests
that high-market-share banks’ behavior is not due to loan evergreening, as in that case
lenders would want to keep afloat their borrowers irrespective of their capacity to recover.
Overall, our evidence suggests that banks’ tendency to internalize externalities may benefit
the economy, an issue that we revisit in Section 7.
Our results show how lenders react to systemic shocks that affect a large majority of firms
in the industry and are, therefore, more likely to lead to negative externalities. In Panel C,
we consider banks’ lending decisions following more idiosyncratic shocks, which we define as
six-month periods in which the average return of the top-three firms in an industry (in terms
of their sales) is below −10%. This definition does not require any widespread industry
7

While industry performance depends on bank behavior, our stark definition of permanent shocks is likely
to capture structural changes, such as increased competition from emerging economies, which permanently
affect an industry’s performance.
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distress. We find no evidence that high-market-share banks are more inclined to lend when
industry distress is limited to a few firms in the industry. If industry distress is not systemic,
we expect externalities to be less likely to ensue as other firms in the industry can purchase
the ailing firms’ assets, thereby avoiding fire sales. This evidence lends further support to our
maintained hypothesis that high-market-share banks provide liquidity if industry distress is
widespread and the intervention is, thus, necessary to avoid negative externalities.

5

Bank Lending to Customers and Suppliers of Distressed Industries

In this section, we consider banks’ ability to internalize potential externalities from industry
distress over the supply chain.

5.1

Main Results

So far, our evidence suggests that high-market share banks tend to internalize any externalities that distress may generate within an industry. However, externalities are not confined
to the industry in distress, but are known to spread over the supply chain and may amplify
the effect of the initial shock to the distressed industry. Supply-chain disruptions may in
turn have negative feedback effects on the balance sheets of lenders that are highly exposed
to industries in distress. Firms in distress are likely to default on their suppliers, potentially
leading to further defaults. The spreading of financial problems to upstream industries may
worsen the problems of industries in distress, because firms are highly dependent on their
suppliers. Therefore, high-market-share lenders have an incentive to extend new loans to the
suppliers of industries in distress in an attempt to limit the propagation of the initial shock,
and to avoid negative feedback effects on the distressed industry and ultimately their own
profits.
Table 6 presents supporting evidence for this conjecture. In column 1, we find that banks
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that have a large market share in an industry (customer) in distress are more likely to grant
new loans to the suppliers of that industry. The magnitude of the coefficient on Customer
share ijt−2 × Customer distress it−1 is even larger than the corresponding coefficients in column
3 of Table 2. As in Table 2, the effect is driven entirely by new loans to the industry, i.e.,
the extensive margin (column 3) rather than the intensive margin (column 2).
Importantly, this result does not depend on the fact that banks with a large market share
in the customers’ industry also have a large market share in upstream industries. In columns
4 and 5, we control for Market share ijt−2 × Industry distress it−1 and Market share ijt−2 to
capture this effect. The magnitude of the coefficient on Customer share ijt−2 × Customer
distress it−1 is invariant, and remains highly statistically significant.
High-market-share lenders may also be inclined to extend new loans to distressed industries’ customers in order to prop up the demand for their clients’ products. More than
that, since distressed industries may cut the amount of trade credit they are able to offer to their customers, liquidity provision to customers may be particularly important to
sustain demand. To test this, in Table 7, we re-estimate all specifications from Table 6,
but replace Customer share ijt−2 and Customer distress it−1 by Supplier share ijt−2 and Supplier distress it−1 . The results confirm that banks with a large market share in an industry
(supplier) in distress grant new loans to its customers.
Again, the internalization of externalities over the supply chain does not appear to depend
on the correlation of banks’ market shares in upstream and downstream industries. In
columns 4 and 5, where we additionally control for Market share ijt−2 × Industry distress it−1
and Market share ijt−2 , the magnitude of the coefficient on Supplier share ijt−2 × Supplier
distress it−1 remains largely invariant, even though in column 4 the coefficient, with a p-value
of 15%, is not statistically significant at conventional levels.
Lenders’ incentives to internalize externalities stemming from financial distress along the
supply chain should be stronger in industries in which firms maintain long-term relationships
with their trade partners, as these are likely to be hard to replace. Following Cremers, Nair,
and Peyer (2008), we classify industries that provide durable goods or services as industries
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in which trade partners are more likely to establish long-term relationships. Therefore, any
externalities caused by financial distress should be more severe if both the distressed industry
and its upstream or downstream industry are relationship industries.
We conjecture that the effect of lenders’ market shares on new loans to the suppliers and
customers of industries in distress should be more pronounced in relationship industries. In
Table 8, we find that this is indeed the case: in columns 1 and 2, the tendency of highmarket-share lenders to provide credit to the suppliers of industries in distress is highest
when both customers and suppliers are in relationship industries. Columns 3 and 4 show a
similar tendency for the customers of industries in distress.

5.2

To Which Customers Do Banks Extend New Loans?

In the following tests, we explore the strategic dimension of banks’ decision to extend new
loans to distressed industries’ customers. First, banks may decide to lend to a distressed
industry or to its customers in order to maximize the effectiveness of their liquidity provision
and at the same time to minimize costs arising from financial frictions and credit risk. For
instance, extending new loans to an industry in distress may be particularly costly if the
industry already has high leverage, because situations of debt overhang may arise. In this
case, indirectly providing liquidity to customers, which would increase their input purchases,
may be optimal from a lender’s point of view.
To explore this, we re-run the first three specifications of Table 7, and add an interaction
term with Relative leverage it , which is a ratio comparing the leverage of an industry with
that of its customer industry.
Our estimates in the first column of Table 9 show that high-market-share banks’ tendency
to lend to the customers of an (upstream) industry in distress is more pronounced if the
industry in distress has high leverage in comparison to its customer industry. By providing
loans to the customers, lenders can increase the sales in a distressed industry and, thus,
provide liquidity without having to further increase its leverage and the financial frictions
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associated with high debt. As before, the effect is driven by the extensive margin (in column
3) rather than the intensive margin (in column 2).
In Table 10, we provide further evidence for the strategic nature of banks’ decision to
provide credit to customers of distressed industries. Namely, we document that high-marketshare banks are more likely to extend new loans to the customers of an industry in distress if
these customers are highly concentrated. In this case, one or few loans are likely to generate
large sales for the distressed upstream industry, while in dispersed customer industries many
loans may be necessary, increasing lenders’ cost of limiting contagion.
In summary, our evidence suggests that banks optimize their efforts to internalize externalities along the supply chain by focusing on strategically important customers.

5.3

Mechanisms

This subsection discusses why banks may benefit from providing liquidity to industries in
distress. Industry distress may feed back on profits of high-market-share banks for several
reasons. First, banks’ balance sheets may be directly exposed to distressed industries if the
lead banks have retained a large proportion of the loans they issued. Banks’ net worth could
therefore be negatively affected by defaults, giving high-market-share banks, whose balance
sheets are more exposed, incentives to provide liquidity and thereby avoid defaults.
Columns 1 and 2 of Table 11 provide evidence in support of this mechanism. As discussed
in Section 2, due to the relatively poor coverage of loan shares, we are unable to define
Market share ijt−2 using the amount of loans retained by the lead bank. However, we can
identify industries in which syndicated loans have few participants, suggesting that the lead
arrangers retain a larger share of the loans in such industries. The dummy Retention it−2
captures industries whose average number of participants across syndicates places them in
the bottom quintile of all industries. The positive and significant coefficient on the respective
triple interaction suggests that high-market-share banks are more inclined to provide loans
to distressed industries in which they are likely to have retained a large exposure on their
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balance sheets.
Second, high-market-share banks may support industries in distress to preserve their
profits from these industries. Some of these profits derive from underwriting activities,
because banks tend to also serve the debt- and equity-underwriting needs of firms in the
industries in which they have high market shares (in terms of credit). Using SDC data
and hand-matching underwriters with lead arrangers in DealScan, we define Underwriting
market share ijt−2 as the proportion of debt- and equity-underwriting mandates of bank j in
industry i over the previous six years, similarly to Market share ijt−2 . In this manner, we
yield a correlation between the two market shares of 0.47. Furthermore, columns 3 and 4 of
Table 11 show that banks with higher underwriting market shares indeed tend to provide
more loans to industries in distress. A one-standard-deviation increase in Underwriting
market share ijt−2 increases the volume of new loans by 6.0% (= 0.046 × 1.294, see column
3) following distress.
Finally, high-market-share banks may also be inclined to support industries in distress
if they are able to charge more for their loans. Table 12 explores whether Market share ijt−2
is positively associated with two measures of the average cost of loans in the respective
industries.
In the first column, we use as outcome variable the logged average all-in-drawn spread of
all loans granted to industry i by bank j during a 12-month period. In the second column,
we use as an alternative measure the total cost of borrowing, as defined in Berg, Saunders,
and Steffen (2016). In the last two columns, we test whether the spread on future loans is
higher when lenders have a high market share and the industry has experienced distress in
the past 24 months, rather than 12 months. We do not find any evidence that loan spreads
charged by high-market-share banks increase following industry distress. However, highmarket-share lenders charge higher interest rates and fees, suggesting that these banks have
economic incentives to lend to industries in which they have larger market shares, albeit not
differentially so in times of distress versus normal times (columns 2 and 4).
In summary, it appears that high-market-share banks do have stronger incentives to avoid
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the externalities created by industry distress, because the amplification of the initial shock
would feed back on their balance sheets and jeopardize future profits.

6

Alternative Explanations: The Role of Bank Diversification

Throughout the paper, we have interpreted the effects of Market share ijt−2 , Customer share ijt−2 ,
and Supplier share ijt−2 to depend on banks’ ability to internalize externalities. However,
banks’ market shares in distressed industries may also be correlated with their informational
advantage in extending loans to such industries.
In Tables 3 and 4, we have already presented evidence suggesting that loan provision to
distressed industries is unlikely to be driven by any informational advantage. In addition,
Table 13 explores whether patterns similar to the ones we have highlighted so far emerge
when we use a bank’s Portfolio share ijt−2 . This variable captures the extent to which a
lender’s portfolio is exposed to a given industry, and is considered to be positively correlated
with banks’ informational advantage in extending loans to an industry (Acharya, Hasan, and
Saunders (2006); Loutskina and Strahan (2011)).
After re-estimating the regression specification in the third column of Table 2 as well
as the ones in the first column of Tables 6 and 7, we find that Portfolio share ijt−2 does
not positively affect the extension of new loans to borrowers in distressed industries, or to
their suppliers and customers. If anything, in column 1, high-portfolio-share banks lend less
to industries in distress, possibly because higher balance-sheet exposure may impair bank
health.
We continue to find no effect of Portfolio share ijt−2 on the extension of new loans to industries in distress when we define Underwriting portfolio share ijt−2 similarly to Underwriting
market share ijt−2 in column 4. These findings demonstrate that the effects we uncover are
tied to the proportion of loans outstanding in an industry and banks’ expectations regarding
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future profits, rather than to banks’ diversification, and further corroborate the idea that
lenders internalize the externalities associated with distress.

7

Real Effects

To evaluate the economic consequences of the patterns in bank lending that we find, we
examine whether a higher concentration of loans outstanding in an industry alleviates the
consequences of distress.
To test this, we start by conjecturing that distress in industries with a high credit concentration is less likely to be associated with adverse real outcomes, such as bankruptcies. We
estimate industry-level regressions at the half-year frequency, and use as dependent variable
an indicator for whether there have been any delistings due to liquidations and bankruptcies
in industry i in period t. As before, we use as explanatory variable an indicator for industry
distress, Industry distress it−1 . In addition, we define a measure of credit concentration, Market HHI it−2 , as the Herfindahl index of banks’ market shares in industry i over the previous
six years, that is, from t − 13 to t − 2, analogously to Market share ijt−2 . This measure of
concentration varies between 0 and 1, with a higher value indicating higher concentration in
the credit provision to an industry.
In the first column of Table 14, periods of industry distress are associated with a 21percentage-point increase in the probability of industry-wide delistings due to liquidations
and bankruptcies. However, this effect is attenuated in industries with a high credit concentration, as the coefficient on the interaction between Market HHI it−2 and Industry distress it−1 is negative and significant. The effect remains robust after including industry fixed
effects in column 2. Conversely, the previously negative coefficient on Market HHI it−2 becomes insignificant, possibly because credit concentration does not vary considerably within
industries over time.
The attenuating effect of credit concentration on industry delistings following distress is
not only statistically but also economically significant. A one-standard-deviation increase
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in Market HHI it−2 of 0.124 corresponds to a decrease in the likelihood of industry-wide
delistings by 4.76 percentage points (= 0.124 × 0.384) following industry distress, a large
effect considering that the probability of delisting is 0.304 in our sample.
As delistings are longer-term consequences of industry distress, in columns 4 and 5, we
double the horizon of our dependent variable from six months to one year after industry
distress. The coefficients of the interaction term are virtually unaltered. In columns 3 and
6, we use the market share of the top lender in industry i over the past six years as an
alternative measure of concentration. Our results remain largely robust.
Fewer delistings due to liquidations and bankruptcies in distressed industries appear to
be achieved, at least partly, through an increase in intra-industry mergers. We consider the
number of intra-industry mergers, standardized by the number of successful mergers initiated
by acquirers in that industry, to account for the industry’s propensity to be involved in M&A
activities. Table 15 shows that while bank concentration generally does not favor intraindustry mergers, the number of intra-industry mergers in an industry increases especially
in the six months following industry distress. In column 1, following industry distress, a
one-standard-deviation increase in Market HHI it−2 is associated with an increase in the
proportion of intra-industry mergers by 7.94 percentage points (= 0.124 × 0.640). The effect
is qualitatively similar but not always significant at conventional levels when we consider the
first twelve, rather than six, months after industry distress.
Fewer delistings and more intra-industry mergers in distressed industries are not necessarily efficient, and may actually decrease an industry’s overall performance, if they allow non-viable “zombie” firms to survive, as highlighted by Caballero, Hoshi, and Kashyap
(2008). To evaluate whether the behavior of high-market-share banks is efficient, we investigate whether the long-run abnormal performance of industries following distress is related
to the level of credit concentration.
To this end, we adopt a calendar-time-portfolio approach (see Fama (1998)), using
monthly industry stock returns. We build two portfolios for industries in distress that are
in the top and bottom quintiles of the distribution of the industry credit concentration over
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six years prior to distress, as captured by Market HHI it−2 . We estimate industry abnormal
performance (alpha) using weighted least squares with weights that account for the fact
that monthly returns are more precisely estimated when more industries enter the respective
portfolios (see Malmendier, Opp, and Saidi (2016)).
Table 16 displays the long-run abnormal monthly returns (%) over three, five, and seven
years for the two types of portfolios in the first two columns. The last column reports the
abnormal return of a portfolio that is long in the top quintile of the credit-concentration
distribution and short in the bottom quintile.8
We find that industries in distress generally experience negative abnormal returns in the
long run, but significantly less so if they have high levels of credit concentration (column
3). The long-short difference amounts to approximately 4% (= 0.332% × 12) per annum
over three years. After seven years, the long-short difference remains positive, at 3% (=
0.250% × 12) per annum.
This evidence complements our findings in Table 14 and suggests that industries with a
high credit concentration experience fewer liquidations and bankruptcies following industry
distress, and that the surviving stocks indeed outperform those in distressed industries with a
low credit concentration. Thus, the behavior of banks in industries with a high concentration
of outstanding loans appears to be efficient overall and to improve industry performance.

8

Conclusion

In this paper, we argue that lenders’ propensity to provide liquidity depends on whether they
internalize potential feedback effects of negative shocks. We find that lenders with a larger
share of the loans outstanding in an industry in distress are more likely to provide credit,
especially if the industry is prone to fire sales. Lenders with a larger share of outstanding
8

Note that the alpha estimate in the third column is generally not exactly equal to the difference between
the alpha estimates in the first and second column, because the number of industries in a given portfolio
month is not constant across the two portfolios, for which we account by weighting observations as
indicated in Appendix A of Malmendier, Opp, and Saidi (2016).
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loans are also more likely to provide loans to suppliers and customers of industries in distress,
and particularly so when the disruption of supply chains would be more costly.
Our results show that the concentration of outstanding loans impacts to what extent
industry shocks are transmitted along the supply chain and become systemic. In this respect,
we present evidence of a new channel for why concentration in the credit market may enhance
financial stability.
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Tables
Table 1: Summary Statistics

Bank-industry-half-year level
Mean Std. dev. Min
Max
N
Number of bank-industry pairs
2,516
Number of industries
57
Number of banks
211
Loan volume in 2015 $bn
0.313
1.849
0.000 102.715 116,662
Any loan ∈ {0, 1}
0.210
0.408
0
1
116,662
Market share ∈ [0, 1]
0.020
0.055
0
1
116,662
Supplier share ∈ [0, 1]
0.025
0.057
0
1
39,210
Customer share ∈ [0, 1]
0.026
0.058
0
1
43,916
Underwriting market share ∈ [0, 1]
0.015
0.046
0
1
116,662
Portfolio share of industry ∈ [0, 1]
0.042
0.127
0
1
116,662
Portfolio share of supplier ∈ [0, 1]
0.038
0.081
0
1
39,210
Portfolio share of customer ∈ [0, 1]
0.025
0.058
0
1
43,916
Underwriting portfolio share ∈ [0, 1]
0.017
0.066
0
1
116,662
Industry distress ∈ {0, 1}
0.206
0.404
0
1
116,662
Supplier distress ∈ {0, 1}
0.199
0.399
0
1
39,210
Customer distress ∈ {0, 1}
0.210
0.407
0
1
43,916
Specific ∈ {0, 1}
0.200
0.400
0
1
116,662
Specific (alternative) ∈ {0, 1}
0.146
0.353
0
1
109,364
Liquidity needs ∈ {0, 1}
0.217
0.412
0
1
116,662
Relationship industry ∈ {0, 1}
0.500
0.500
0
1
65,320
Retention ∈ {0, 1}
0.201
0.401
0
1
116,662
Avg. spread in bps (6= 0)
246.495 145.618
1.5
1,480
23,508
Avg. total cost of borrowing in bps (6= 0) 134.856 116.354 4.616 924.600 10,647
Market HHI ∈ [0, 1]
0.171
0.124
0
1
2,633
Notes: Market share ijt−2 is the proportion of bank j’s total loan volume to industry i over the
aggregate loan volume in industry i, measured over the past six years (i.e., twelve half-year periods
from t − 13 to t − 2). Supplier share ijt−2 is the proportion of bank j’s total loan volume to industry
i’s supplier industry over the aggregate loan volume in industry i’s supplier industry, measured over
the past six years (i.e., twelve half-year periods from t − 13 to t − 2). Customer share ijt−2 is the
proportion of bank j’s total loan volume to industry i’s customer industry over the aggregate loan
volume in industry i’s customer industry, measured over the past six years (i.e., twelve half-year
periods from t − 13 to t − 2). Underwriting market share ijt−2 is the proportion of bank j’s total
number of debt and equity underwriting mandates in industry i over the aggregate number of debt
and equity issuances in industry i, measured over twelve half-year periods (i.e., six years) from
t − 13 to t − 2. Portfolio share of industry ijt−2 is the proportion of bank j’s total loan volume
to industry i over the aggregate loan volume granted by bank j, measured over twelve half-year
periods (i.e., six years) from t − 13 to t − 2. Portfolio share of supplier ijt−2 is the proportion of
bank j’s total loan volume to industry i’s supplier industry over the aggregate loan volume granted
by bank j, measured over twelve half-year periods (i.e., six years) from t − 13 to t − 2. Portfolio
share of customer ijt−2 is the proportion of bank j’s total loan volume to industry i’s customer
industry over the aggregate loan volume granted by bank j, measured over twelve half-year periods
(i.e., six years) from t − 13 to t − 2. Underwriting portfolio share ijt−2 is the proportion of bank j’s
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total number of debt and equity underwriting mandates in industry i over the aggregate number of
underwriting mandates of bank j across industries, measured over twelve half-year periods (i.e., six
years) from t − 13 to t − 2. Industry distress it−1 is an indicator variable for whether the cumulative
median stock return of industry i was less than −10% in the previous half-year t − 1. Supplier
distress it−1 is an indicator variable for whether the cumulative median stock return of industry i’s
supplier industry was less than −10% in the previous half-year t − 1. Customer distress it−1 is an
indicator variable for whether the cumulative median stock return of industry i’s customer industry
was less than −10% in the previous half-year t − 1. Specific i is an indicator for whether industry
i is among the bottom 20% industries in terms of asset redeployability, as defined in Kung and
Kim (2017). Specific (alternative)it is an indicator for whether industry i is among the top 20%
industries in terms of the ratio of machinery and equipment to total assets in year t. Liquidity
needs it is an indicator for whether industry i is among the top 20% industries in terms of the ratio
of long-term debt maturing in one year from t − 1 over total long-term debt in t − 1. Relationship
industry i is an indicator for whether industry i is a relationship industry, as defined in Cremers,
Nair, and Peyer (2008). Retention it−2 is an indicator for whether industry i is among the bottom
20% industries in terms of the average number of participants across all syndicated loans from t−13
to t − 2. Spread refers to the all-in-drawn spread, which is the sum of the spread over LIBOR and
any annual fees paid to the lender syndicate. The total cost of borrowing is from Berg, Saunders,
and Steffen (2016). Market HHI it−2 measures the credit concentration in industry i over twelve
half-year periods (i.e., six years) from t − 13 to t − 2, across all banks that provide credit to industry
i in the sample described in Table 14.
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Table 2: Bank Lending to Industries in Distress
ln(1+Loan volume)
ln(Avg. loan size)
Sample
All
All
All
Loan vol. 6= 0
Panel A: Regression sample from 1990 to 2013
(1)
(2)
(3)
(4)
Market share × Ind. distress 4.468***
3.136***
1.805**
-0.193
(1.294)
(0.934)
(0.838)
(0.213)
Market share
8.369*** 12.654*** 4.870***
-0.198
(1.622)
(1.271)
(0.927)
(0.374)
Industry distress
-0.070
(0.069)
Bank-industry FE
N
N
Y
Y
Bank-period FE
Y
Y
Y
Y
Industry-period FE
N
Y
Y
Y
N
113,494
113,470
113,470
24,292
Panel B: Regression sample from 1990 to 2013, no relationship loans
(1)
(2)
(3)
(4)
Market share × Ind. distress
3.365**
3.358**
2.796**
-0.014
(1.325)
(1.376)
(1.236)
(0.605)
Market share
21.771*** 21.019*** 11.376***
-1.990***
(3.732)
(3.510)
(2.819)
(0.391)
Industry distress
0.002
(0.069)
Bank-industry FE
N
N
Y
Y
Bank-period FE
Y
Y
Y
Y
Industry-period FE
N
Y
Y
Y
N
59,444
59,425
59,412
11,026
Panel C: Regression sample from 1990 to 2013, excluding 2008 to first half of 2010
(1)
(2)
(3)
(4)
Market share × Ind. distress 4.090***
3.050***
2.511***
-0.412*
(1.275)
(1.060)
(0.933)
(0.229)
Market share
8.855*** 12.643*** 4.746***
-0.162
(1.473)
(1.320)
(0.872)
(0.388)
Industry distress
-0.068
(0.079)
Bank-industry FE
N
N
Y
Y
Bank-period FE
Y
Y
Y
Y
Industry-period FE
N
Y
Y
Y
N
101,664
101,645
101,645
22,542
Panel D: Regression sample from 1990 to 2013, no acquisition loans
(1)
(2)
(3)
(4)
Market share × Ind. distress 4.604***
2.908***
1.636**
-0.175
(1.461)
(0.969)
(0.769)
(0.212)
Market share
10.191*** 15.374*** 5.411***
0.148
(2.158)
(1.796)
(0.793)
(0.346)
Industry distress
-0.021
(0.079)
Bank-industry FE
N
N
Y
Y
Bank-period FE
Y
Y
Y
Y
Industry-period FE
N
Y
Y
Y
N
94,988
94,964
94,939
21,789

Any loan
All
(5)
0.097**
(0.043)
0.221***
(0.049)

Y
Y
Y
113,470
(5)
0.143**
(0.065)
0.634***
(0.144)

Y
Y
Y
59,412
(5)
0.131***
(0.048)
0.214***
(0.044)

Y
Y
Y
101,645
(5)
0.089**
(0.038)
0.249***
(0.042)

Y
Y
Y
94,939

Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all
completed syndicated loans from 1990 to 2013 granted to industry i for which bank j served as a
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lead arranger in half-year t. In Panels A, B, and D, the sample comprises the years 1990 to 2013.
In Panel C, the sample omits the period from 2008 until (and including) the first half of 2010.
Furthermore, the sample is limited to bank-industry (ij) pairs with non-zero loans in at least three
half-years, whereas the remaining periods are included as zero-loan observations. In Panels A and
C, the dependent variable in the first three columns is the logarithm of the total volume of all loans
granted to industry i by bank j in period t plus one. In the fourth column, the dependent variable
is the logged average size of loans granted to industry i by bank j in period t, and the sample is
limited to non-zero loans granted to industry i by bank j in period t. In Panels A and C, the
dependent variable in the fifth column is an indicator capturing whether any loans were granted to
industry i by bank j in period t. For all dependent variables in Panel B, we additionally exclude
the volume of all loans granted to firms in industry i to which bank j already lent anytime from
t − 13 to t − 2 (relationship loans). As a result, we also drop observations in which all loans to
industry i consist entirely of relationship loans. For all dependent variables in Panel D, we exclude
the volume of loans with the following DealScan purposes, to which we refer as acquisition loans:
“LBO,” “MBO,” “Merger,” “Proj. finance,” or “Takeover”. As a result, we also drop observations
in which all loans to industry i consist entirely of acquisition loans. Market share ijt−2 is the
proportion of bank j’s total loan volume to industry i over the aggregate loan volume in industry
i, measured over twelve half-year periods (i.e., six years) from t − 13 to t − 2. Industry distress it−1
is an indicator variable for whether the cumulative median stock return of industry i was less than
−10% in the previous half-year t − 1. Public-service, energy, and financial-services industries are
dropped. Robust standard errors, clustered at the bank level, are in parentheses. ***, **, and *
denote significance at the 1%, 5%, and 10% level, respectively.
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Table 3: Bank Lending to Industries in Distress: Instrumental-variable Estimates

Merger-implied market share × Ind. distress
Merger-implied market share

Market share
(1)
0.018
(0.015)
0.207***
(0.064)

Market share × Industry distress
(2)
0.504***
(0.080)
-0.041***
(0.012)

Market share × Industry distress (instrumented)
Market share (instrumented)
Bank-industry FE
Bank-period FE
Industry-period FE
F -statistic
N

Y
Y
Y
7.83
43,849

Y
Y
Y
21.95
43,849

ln(1+Loan volume)
(3)

Any loan
(4)

5.696*
(3.087)
-24.142**
(9.384)
Y
Y
Y

0.277*
(0.147)
-1.037**
(0.496)
Y
Y
Y

43,849

43,849
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Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all completed syndicated loans from 1990 to 2013
granted to industry i for which bank j served as a lead arranger in half-year t. Furthermore, the sample is limited to bank-industry (ij) pairs with
non-zero loans in at least three half-years, whereas the remaining periods are included as zero-loan observations, and it is limited to banks that
merged with at least one another bank anytime during the sample period. The two first-stage regressions (for two instruments) are given in the
first two columns. Merger-implied market share ijt−2 is equal to the sum of the two merging banks’ market shares in industry i in t − 3 starting
in period t − 2, which is when a merger between bank j and another bank is completed. The dependent variable of the second stage in the third
column is the logarithm of the total volume of all loans granted to industry i by bank j in period t plus one. The dependent variable of the second
stage in the last column is an indicator capturing whether any loans were granted to industry i by bank j in period t. Market share ijt−2 is the
proportion of bank j’s total loan volume to industry i over the aggregate loan volume in industry i, measured over twelve half-year periods (i.e.,
six years) from t − 13 to t − 2. We instrument this variable by Merger-implied market share ijt−2 . Industry distress it−1 is an indicator variable
for whether the cumulative median stock return of industry i was less than −10% in the previous half-year t − 1. Public-service, energy, and
financial-services industries are dropped. Robust standard errors, clustered at the bank level, are in parentheses. ***, **, and * denote significance
at the 1%, 5%, and 10% level, respectively.

Table 4: Cross-sectional Differences in Industry Propensities to Fire Sales

Specificity measure
Sample period
Market share × Industry distress × Specific

ln(1+Loan volume) Any loan
Low asset redeployability
1997 − 2013
(1)
(2)
5.870**
0.258**
(2.296)
(0.112)

ln(1+Loan volume) Any loan
High M&E/assets
1990 − 2013
(3)
(4)
6.564***
0.299***
(1.589)
(0.075)

Market share × Industry distress × Liquidity needs
Market share × Industry distress
Market share × Specific

2.042
(1.509)
0.433
(2.032)

0.112
(0.072)
0.003
(0.111)

-0.857
(0.937)
-5.101**
(2.408)

-0.030
(0.046)
-0.182
(0.114)

Market share × Liquidity needs
Market share
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Bank-industry FE
Bank-period FE
Industry-period FE
N

0.058
(1.361)
Y
Y
Y
80,392

-0.016
(0.069)
Y
Y
Y
80,392

6.053***
(1.400)
Y
Y
Y
106,202

0.248***
(0.074)
Y
Y
Y
106,202

ln(1+Loan volume)
1990 − 2013
(5)

Any loan

(6)

7.724**
(3.516)
0.067
(1.177)

0.383**
(0.172)
0.017
(0.060)

0.482
(2.517)
4.780***
(1.506)
Y
Y
Y
108,428

0.002
(0.117)
0.211***
(0.077)
Y
Y
Y
108,428

Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all completed syndicated loans from 1990 (1997 in the first two
columns) to 2013 granted to industry i for which bank j served as a lead arranger in half-year t. Furthermore, the sample is limited to bank-industry (ij) pairs
with non-zero loans in at least three half-years, whereas the remaining periods are included as zero-loan observations. The dependent variable in the first, third,
and fifth column is the logarithm of the total volume of all loans granted to industry i by bank j in period t plus one. The dependent variable in the second,
fourth, and sixth column is an indicator capturing whether any loans were granted to industry i by bank j in period t. Market share ijt−2 is the proportion of
bank j’s total loan volume to industry i over the aggregate loan volume in industry i, measured over twelve half-year periods (i.e., six years) from t − 13 to
t − 2. Industry distress it−1 is an indicator variable for whether the cumulative median stock return of industry i was less than −10% in the previous half-year
t − 1. In the first two columns, Specific i is an indicator for whether industry i is among the bottom 20% industries in terms of asset redeployability, as defined
in Kung and Kim (2017). In the third and fourth column, Specific it is an indicator for whether industry i is among the top 20% industries in terms of the ratio
of machinery and equipment to total assets in year t. Liquidity needs it is an indicator for whether industry i is among the top 20% industries in terms of the
ratio of long-term debt maturing in one year from t − 1 over total long-term debt in t − 1. Public-service, energy, and financial-services industries are dropped.
Robust standard errors, clustered at the bank level, are in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% level, respectively.

Table 5: Alternative Definitions of Industry Distress
ln(1+Loan volume)
ln(Avg. loan size)
Sample
All
All
All
Loan vol. 6= 0
Panel A: Regression sample from 1990 to 2013, mean returns
(1)
(2)
(3)
(4)
Market share × Ind. distress
5.462***
3.995***
2.591**
-0.179
(1.715)
(1.305)
(1.246)
(0.242)
Market share
8.395*** 12.662*** 4.832***
-0.205
(1.594)
(1.286)
(0.983)
(0.386)
Industry distress
-0.449***
(0.089)
Bank-industry FE
N
N
Y
Y
Bank-period FE
Y
Y
Y
Y
Industry-period FE
N
Y
Y
Y
N
113,494
113,470
113,470
24,292
Panel B: Regression sample from 1990 to 2013, transitory vs. permanent shocks
(1)
(2)
(3)
(4)
Market share × Transitory shock
6.000***
4.671***
2.700**
-0.033
(2.056)
(1.494)
(1.137)
(0.307)
Market share × Permanent shock
2.748
1.228
0.508
-0.342
(1.663)
(1.636)
(1.172)
(0.281)
Market share
8.365*** 12.660*** 4.888***
-0.200
(1.627)
(1.272)
(0.922)
(0.374)
Transitory shock
-0.019
(0.097)
Permanent shock
-0.085
(0.081)
Bank-industry FE
N
N
Y
Y
Bank-period FE
Y
Y
Y
Y
Industry-period FE
N
Y
Y
Y
N
113,494
113,470
113,470
24,292
Panel C: Regression sample from 1990 to 2013, mean returns of top-3 firms
(1)
(2)
(3)
(4)
Market share × Non-system. distress
-2.720
-2.844
-1.143
-0.394
(1.846)
(1.825)
(1.530)
(0.315)
Market share
13.231*** 15.274*** 5.457***
-0.094
(1.812)
(2.098)
(1.608)
(0.391)
Non-systemic distress
-0.347***
(0.066)
Bank-industry FE
N
N
Y
Y
Bank-period FE
Y
Y
Y
Y
Industry-period FE
N
Y
Y
Y
N
105,832
105,832
105,832
22,973

Any loan
All
(5)
0.146**
(0.062)
0.218***
(0.052)

Y
Y
Y
113,470
(5)
0.142**
(0.057)
0.032
(0.060)
0.222***
(0.049)

Y
Y
Y
113,470
(5)
-0.030
(0.081)
0.234***
(0.086)

Y
Y
Y
105,832

Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all
completed syndicated loans from 1990 to 2013 granted to industry i for which bank j served as a
lead arranger in half-year t. Furthermore, the sample is limited to bank-industry (ij) pairs with
non-zero loans in at least three half-years, whereas the remaining periods are included as zero-loan
observations. The dependent variable in the first three columns is the logarithm of the total volume
of all loans granted to industry i by bank j in period t plus one. In the fourth column, the dependent
variable is the logged average size of loans granted to industry i by bank j in period t, and the
sample is limited to non-zero loans granted to industry i by bank j in period t. The dependent
variable in the fifth column is an indicator capturing whether any loans were granted to industry i
by bank j in period t. Market share ijt−2 is the proportion of bank j’s total loan volume to industry
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i over the aggregate loan volume in industry i, measured over twelve half-year periods (i.e., six
years) from t − 13 to t − 2. In Panel A, Industry distress it−1 is an indicator variable for whether the
cumulative average stock return of industry i was less than −10% in the previous half-year t − 1.
In Panel B, Transitory shock it−1 is an indicator variable for whether the cumulative median stock
return of industry i was less than −10% in the previous half-year t − 1, but no longer below −10%
after three more years. In contrast, Permanent shock it−1 is an indicator variable for whether the
cumulative median stock return of industry i was less than −10% in the previous half-year t − 1,
and remained below −10% after three more years. In Panel C, Non-systemic distress it−1 is an
indicator variable for whether the cumulative average stock return of the top-3 firms (in terms of
sales) in industry i was less than −10% in the previous half-year t − 1. Public-service, energy, and
financial-services industries are dropped. Robust standard errors, clustered at the bank level, are
in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% level, respectively.
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Table 6: Bank Lending to Distressed Industries’ Suppliers

Sample
Customer share × Customer distress
Customer share

ln(1+Loan volume)
All
(1)
2.994**
(1.485)
2.996
(2.311)

ln(Avg. loan size)
Loan volume 6= 0
(2)
-0.240
(0.423)
0.239
(0.321)

Any loan
All
(3)
0.151**
(0.067)
0.131
(0.104)

Y
Y
Y
43,058

Y
Y
Y
13,074

Y
Y
Y
43,058

Market share × Industry distress
Market share
Bank-industry FE
Bank-period FE
Industry-period FE
N

ln(1+Loan volume)
All
(4)
3.036**
(1.502)
2.889
(2.174)
2.687
(2.264)
0.125
(2.029)
Y
Y
Y
43,058

Any loan
All
(5)
0.153**
(0.068)
0.127
(0.098)
0.132
(0.111)
-0.017
(0.106)
Y
Y
Y
43,058
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Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all completed syndicated loans from 1997 to 2013
granted to industry i for which bank j served as a lead arranger in half-year t. Furthermore, the sample is limited to bank-industry (ij) pairs
with non-zero loans in at least three half-years, whereas the remaining periods are included as zero-loan observations. The dependent variable
in the first and fourth column is the logarithm of the total volume of all loans granted to industry i by bank j in period t plus one. In the
second column, the dependent variable is the logged average size of loans granted to industry i by bank j in period t, and the sample is limited to
non-zero loans granted to industry i by bank j in period t. The dependent variable in the third and fifth column is an indicator capturing whether
any loans were granted to industry i by bank j in period t. Customer share ijt−2 is the proportion of bank j’s total loan volume to industry i’s
customer industry over the aggregate loan volume in industry i’s customer industry, measured over twelve half-year periods (i.e., six years) from
t − 13 to t − 2. Customer distress it−1 is an indicator variable for whether the cumulative median stock return of industry i’s customer industry
was less than −10% in the previous half-year t − 1. Market share ijt−2 is the proportion of bank j’s total loan volume to (supplier) industry i
over the aggregate loan volume in industry i, measured over twelve half-year periods (i.e., six years) from t − 13 to t − 2. Industry distress it−1 is
an indicator variable for whether the cumulative median stock return of (supplier) industry i was less than −10% in the previous half-year t − 1.
Public-service, energy, and financial-services industries are dropped. Robust standard errors, clustered at the bank level, are in parentheses. ***,
**, and * denote significance at the 1%, 5%, and 10% level, respectively.

Table 7: Bank Lending to Distressed Industries’ Customers

Sample
Supplier share × Supplier distress
Supplier share

ln(1+Loan volume)
All
(1)
2.314*
(1.216)
0.073
(2.959)

ln(Avg. loan size)
Loan volume 6= 0
(2)
0.002
(0.355)
-0.328
(0.249)

Any loan
All
(3)
0.119**
(0.058)
-0.011
(0.143)

Y
Y
Y
38,348

Y
Y
Y
11,553

Y
Y
Y
38,348

Market share × Industry distress
Market share
Bank-industry FE
Bank-period FE
Industry-period FE
N

ln(1+Loan volume)
All
(4)
1.970
(1.339)
-0.012
(2.834)
3.895**
(1.806)
0.052
(2.217)
Y
Y
Y
38,348

Any loan
All
(5)
0.102*
(0.063)
-0.014
(0.137)
0.190**
(0.089)
-0.015
(0.114)
Y
Y
Y
38,348
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Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all completed syndicated loans from 1997 to 2013
granted to industry i for which bank j served as a lead arranger in half-year t. Furthermore, the sample is limited to bank-industry (ij) pairs
with non-zero loans in at least three half-years, whereas the remaining periods are included as zero-loan observations. The dependent variable
in the first and fourth column is the logarithm of the total volume of all loans granted to industry i by bank j in period t plus one. In the
second column, the dependent variable is the logged average size of loans granted to industry i by bank j in period t, and the sample is limited
to non-zero loans granted to industry i by bank j in period t. The dependent variable in the third and fifth column is an indicator capturing
whether any loans were granted to industry i by bank j in period t. Supplier share ijt−2 is the proportion of bank j’s total loan volume to industry
i’s supplier industry over the aggregate loan volume in industry i’s supplier industry, measured over twelve half-year periods (i.e., six years) from
t − 13 to t − 2. Supplier distress it−1 is an indicator variable for whether the cumulative median stock return of industry i’s supplier industry was
less than −10% in the previous half-year t − 1. Market share ijt−2 is the proportion of bank j’s total loan volume to (customer) industry i over
the aggregate loan volume in industry i, measured over twelve half-year periods (i.e., six years) from t − 13 to t − 2. Industry distress it−1 is an
indicator variable for whether the cumulative median stock return of (customer) industry i was less than −10% in the previous half-year t − 1.
Public-service, energy, and financial-services industries are dropped. Robust standard errors, clustered at the bank level, are in parentheses. ***,
**, and * denote significance at the 1%, 5%, and 10% level, respectively.

Table 8: Bank Lending to Distressed Industries’ Suppliers and Customers: Relationship Industries

Customer share × Customer distress × Relationship industries
Customer share × Customer distress
Customer share × Relationship industries
Customer share

ln(1+Loan volume)
(1)
6.931**
(2.929)
1.466
(1.848)
-0.826
(2.908)
3.307
(3.110)

Any loan
(2)
0.372**
(0.164)
0.068
(0.087)
-0.081
(0.138)
0.160
(0.142)

Supplier share × Supplier distress × Relationship industries
Supplier share × Supplier distress
Supplier share × Relationship industries
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Supplier share
Bank-industry FE
Bank-period FE
Industry-period FE
N

Y
Y
Y
43,058

Y
Y
Y
43,058

ln(1+Loan volume)
(3)

Any loan
(4)

7.059*
(3.911)
-0.491
(1.932)
-2.664
(2.169)
0.952
(3.210)
Y
Y
Y
38,348

0.314*
(0.190)
-0.005
(0.090)
-0.139
(0.114)
0.035
(0.157)
Y
Y
Y
38,348

Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all completed syndicated loans from 1997 to 2013 granted to
industry i for which bank j served as a lead arranger in half-year t. Furthermore, the sample is limited to bank-industry (ij) pairs with non-zero loans in
at least three half-years, whereas the remaining periods are included as zero-loan observations. The dependent variable in the first and third column is the
logarithm of the total volume of all loans granted to industry i by bank j in period t plus one. The dependent variable in the second and fourth column is an
indicator capturing whether any loans were granted to industry i by bank j in period t. Customer share ijt−2 is the proportion of bank j’s total loan volume to
industry i’s customer industry over the aggregate loan volume in industry i’s customer industry, measured over twelve half-year periods (i.e., six years) from
t − 13 to t − 2. Customer distress it−1 is an indicator variable for whether the cumulative median stock return of industry i’s customer industry was less than
−10% in the previous half-year t − 1. Supplier share ijt−2 is the proportion of bank j’s total loan volume to industry i’s supplier industry over the aggregate
loan volume in industry i’s supplier industry, measured over twelve half-year periods (i.e., six years) from t − 13 to t − 2. Supplier distress it−1 is an indicator
variable for whether the cumulative median stock return of industry i’s supplier industry was less than −10% in the previous half-year t − 1. Relationship
industries i is an indicator for whether industry i and its customer or supplier industries are relationship industries, as defined in Cremers, Nair, and Peyer
(2008). Public-service, energy, and financial-services industries are dropped. Robust standard errors, clustered at the bank level, are in parentheses. ***, **,
and * denote significance at the 1%, 5%, and 10% level, respectively.

Table 9: Bank Lending to Distressed Industries’ Customers: Relative Leverage

Sample
Supp. share × Supp. distress × Relative leverage
Supplier share × Supplier distress
Supplier share × Relative leverage
Supplier share
Bank-industry FE
Bank-period FE
Industry-period FE
N

ln(1+Loan volume)
All
(1)
3.981**
(1.567)
-2.598
(1.861)
2.680**
(1.185)
-1.546
(4.433)
Y
Y
Y
36,334

ln(Avg. loan size)
Loan volume 6= 0
(2)
0.334
(0.372)
-0.527
(0.684)
-0.352
(0.296)
0.169
(0.513)
Y
Y
Y
10,946

Any loan
All
(3)
0.194**
(0.081)
-0.112
(0.095)
0.121*
(0.062)
-0.085
(0.214)
Y
Y
Y
36,334

Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of
all completed syndicated loans from 1997 to 2013 granted to industry i for which bank j served
as a lead arranger in half-year t. Furthermore, the sample is limited to bank-industry (ij) pairs
with non-zero loans in at least three half-years, whereas the remaining periods are included as
zero-loan observations. The dependent variable in the first column is the logarithm of the total
volume of all loans granted to industry i by bank j in period t plus one. In the second column,
the dependent variable is the logged average size of loans granted to industry i by bank j in period
t, and the sample is limited to non-zero loans granted to industry i by bank j in period t. The
dependent variable in the third column is an indicator capturing whether any loans were granted to
industry i by bank j in period t. Supplier share ijt−2 is the proportion of bank j’s total loan volume
to industry i’s supplier industry over the aggregate loan volume in industry i’s supplier industry,
measured over twelve half-year periods (i.e., six years) from t − 13 to t − 2. Supplier distress it−1
is an indicator variable for whether the cumulative median stock return of i’s supplier industry
was less than −10% in the previous half-year t − 1. Relative leverage it is the ratio between the
average leverage of industry i’s (distressed) supplier industry and the average leverage of industry i
in period t. Public-service, energy, and financial-services industries are dropped. Robust standard
errors, clustered at the bank level, are in parentheses. ***, **, and * denote significance at the 1%,
5%, and 10% level, respectively.
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Table 10: Bank Lending to Distressed Industries’ Customers: Customer HHI

Sample
Supp. share × Supp. distress × Customer HHI
Supplier share × Supplier distress
Supplier share × Customer HHI
Supplier share
Bank-industry FE
Bank-period FE
Industry-period FE
N

ln(1+Loan volume)
All
(1)
10.701*
(5.846)
0.938
(1.083)
5.789
(9.545)
-0.844
(3.258)
Y
Y
Y
38,348

ln(Avg. loan size)
Loan volume 6= 0
(2)
-4.010**
(1.729)
0.565
(0.394)
2.512*
(1.421)
-0.681***
(0.241)
Y
Y
Y
11,533

Any loan
All
(3)
0.581**
(0.286)
0.041
(0.058)
-0.023
(0.473)
-0.009
(0.159)
Y
Y
Y
38,348

Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of
all completed syndicated loans from 1997 to 2013 granted to industry i for which bank j served
as a lead arranger in half-year t. Furthermore, the sample is limited to bank-industry (ij) pairs
with non-zero loans in at least three half-years, whereas the remaining periods are included as
zero-loan observations. The dependent variable in the first column is the logarithm of the total
volume of all loans granted to industry i by bank j in period t plus one. In the second column,
the dependent variable is the logged average size of loans granted to industry i by bank j in period
t, and the sample is limited to non-zero loans granted to industry i by bank j in period t. The
dependent variable in the third column is an indicator capturing whether any loans were granted to
industry i by bank j in period t. Supplier share ijt−2 is the proportion of bank j’s total loan volume
to industry i’s supplier industry over the aggregate loan volume in industry i’s supplier industry,
measured over twelve half-year periods (i.e., six years) from t − 13 to t − 2. Supplier distress it−1 is
an indicator variable for whether the cumulative median stock return of i’s supplier industry was
less than −10% in the previous half-year t − 1. Customer HHI it measures the sales concentration
of industry i as customers to their (distressed) suppliers in period t. Public-service, energy, and
financial-services industries are dropped. Robust standard errors, clustered at the bank level, are
in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% level, respectively.
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Table 11: Retention of Loans and Non-loan Exposure

Market share × Ind. distress × Retention
Market share × Industry distress
Market share × Retention
Market share

ln(1+Loan vol.)
(1)
4.867**
(2.341)
0.958
(0.784)
-2.179
(1.812)
5.273***
(0.997)

Any loan
(2)
0.235*
(0.124)
0.056
(0.040)
-0.057
(0.098)
0.231***
(0.053)

Underwriting market share × Ind. distress
Underwriting market share
Bank-industry FE
Bank-period FE
Industry-period FE
N

Y
Y
Y
113,470

Y
Y
Y
113,470

ln(1+Loan vol.)
(3)

Any loan
(4)

1.294*
(0.746)
3.596**
(1.493)
Y
Y
Y
113,470

0.074*
(0.041)
0.122
(0.076)
Y
Y
Y
113,470

Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all
completed syndicated loans from 1990 to 2013 granted to industry i for which bank j served as a
lead arranger in half-year t. Furthermore, the sample is limited to bank-industry (ij) pairs with
non-zero loans in at least three half-years, whereas the remaining periods are included as zero-loan
observations. The dependent variable in the first and third column is the logarithm of the total
volume of all loans granted to industry i by bank j in period t plus one. The dependent variable in
the second and fourth column is an indicator capturing whether any loans were granted to industry i
by bank j in period t. Market share ijt−2 is the proportion of bank j’s total loan volume to industry i
over the aggregate loan volume in industry i, measured over twelve half-year periods (i.e., six years)
from t − 13 to t − 2. Industry distress it−1 is an indicator variable for whether the cumulative median
stock return of industry i was less than −10% in the previous half-year t − 1. Retention it−2 is an
indicator for whether industry i is among the bottom 20% industries in terms of the average number
of participants across all syndicated loans from t−13 to t−2. Underwriting market share ijt−2 is the
proportion of bank j’s total number of debt and equity underwriting mandates in industry i over
the aggregate number of debt and equity issuances in industry i, measured over twelve half-year
periods (i.e., six years) from t − 13 to t − 2. Public-service, energy, and financial-services industries
are dropped. Robust standard errors, clustered at the bank level, are in parentheses. ***, **, and
* denote significance at the 1%, 5%, and 10% level, respectively.
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Table 12: Impact on Cost of Debt

Horizon
Sample
Market share × Industry distress
Market share
Bank-industry FE
Bank-period FE
Industry-period FE
N

ln(Spread) ln(TCB) ln(Spread) ln(TCB)
After 12 months
After 24 months
Loan volume 6= 0
(1)
(2)
(3)
(4)
-0.053
0.119
-0.150
-0.144
(0.126)
(0.290)
(0.127)
(0.209)
-0.022
0.382**
-0.006
0.384**
(0.108)
(0.144)
(0.139)
(0.162)
Y
Y
Y
Y
Y
Y
Y
Y
Y
Y
Y
Y
23,176
9,236
23,245
9,071

Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all
completed syndicated loans from 1990 to 2013 granted to industry i for which bank j served as
a lead arranger in half-year t. Furthermore, the sample is limited to periods with non-zero loans
granted to industry i by bank j. The dependent variable in the first and third column is the logged
average all-in-drawn spread of all loans granted to industry i by bank j in period t + 1 (12 months
after the industry shock) and in period t + 3 (24 months after the industry shock), respectively,
where the all-in-drawn spread is the sum of the spread over LIBOR and any annual fees paid to the
lender syndicate. The dependent variable in the second and fourth column is the logged average
total cost of borrowing, as defined in Berg, Saunders, and Steffen (2016), of all loans granted to
industry i by bank j in period t + 1 (12 months after the industry shock) and in period t + 3
(24 months after the industry shock), respectively. Market share ijt−2 is the proportion of bank j’s
total loan volume to industry i over the aggregate loan volume in industry i, measured over twelve
half-year periods (i.e., six years) from t−13 to t−2. Industry distress it−1 is an indicator variable for
whether the cumulative median stock return of industry i was less than −10% in the previous halfyear t − 1. Public-service, energy, and financial-services industries are dropped. Robust standard
errors, clustered at the bank level, are in parentheses. ***, **, and * denote significance at the 1%,
5%, and 10% level, respectively.
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Table 13: Distressed Industries’ Shares in Banks’ Loan Portfolios

Sample period
Portfolio share of industry × Industry distress
Portfolio share of industry

1990 − 2013
(1)
-1.229**
(0.468)
1.611***
(0.377)

Portfolio share of supplier × Supplier distress

ln(1+Loan volume)
1997 − 2013 1997 − 2013
(2)
(3)

-1.595
(1.248)
0.798
(1.006)

Portfolio share of supplier
Portfolio share of customer × Cust. distress

0.352
(2.361)
1.296
(0.920)

Portfolio share of customer
Underwriting portfolio share × Ind. distress
Underwriting portfolio share
Bank-industry FE
Bank-period FE
Industry-period FE
N

1990 − 2013
(4)

Y
Y
Y
113,470

Y
Y
Y
38,348

Y
Y
Y
43,058

0.525
(0.660)
1.220**
(0.549)
Y
Y
Y
113,470

Notes: The unit of observation is the bank-industry-half-year level ijt, based on the sample of all
completed syndicated loans from 1990 (1997 in the second and third column) to 2013 granted to
industry i for which bank j served as a lead arranger in half-year t. Furthermore, the sample is
limited to bank-industry (ij) pairs with non-zero loans in at least three half-years, whereas the
remaining periods are included as zero-loan observations. The dependent variable is the logarithm
of the total volume of all loans granted to industry i by bank j in period t plus one. Portfolio share
of industry ijt−2 is the proportion of bank j’s total loan volume to industry i over the aggregate loan
volume granted by bank j, measured over twelve half-year periods (i.e., six years) from t − 13 to
t − 2. Industry distress it−1 is an indicator variable for whether the cumulative median stock return
of industry i was less than −10% in the previous half-year t − 1. Portfolio share of supplier ijt−2
is the proportion of bank j’s total loan volume to i’s supplier industry over the aggregate loan
volume granted by bank j, measured over twelve half-year periods (i.e., six years) from t − 13 to
t − 2. Supplier distress it−1 is an indicator variable for whether the cumulative median stock return
of industry i’s supplier industry was less than −10% in the previous half-year t − 1. Portfolio share
of customer ijt−2 is the proportion of bank j’s total loan volume to industry i’s customer industry
over the aggregate loan volume granted by bank j, measured over twelve half-year periods (i.e., six
years) from t − 13 to t − 2. Customer distress it−1 is an indicator variable for whether the cumulative
median stock return of industry i’s customer industry was less than −10% in the previous half-year
t − 1. Underwriting portfolio share ijt−2 is the proportion of bank j’s total number of debt and
equity underwriting mandates in industry i over the aggregate number of underwriting mandates
of bank j across industries, measured over twelve half-year periods (i.e., six years) from t − 13 to
t − 2. Public-service, energy, and financial-services industries are dropped. Robust standard errors,
clustered at the bank level, are in parentheses. ***, **, and * denote significance at the 1%, 5%,
and 10% level, respectively.
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Table 14: Industry-wide Credit Concentration and Firm Exit

Horizon
HHI measure
Market HHI × Ind. distress
Market HHI
Industry distress
Industry FE
Time FE
N

Any bankruptcy-related delisting in industry
After 6 months
After 12 months
All banks
Top 1
All banks
Top 1
(1)
(2)
(3)
(4)
(5)
(6)
-0.456*** -0.384**
-0.244*
-0.392** -0.330**
-0.252*
(0.166)
(0.156)
(0.145)
(0.168)
(0.132)
(0.137)
-0.635***
-0.011
-0.059
-0.648***
-0.012
-0.046
(0.150)
(0.084)
(0.095)
(0.149)
(0.082)
(0.093)
0.210*** 0.142*** 0.150*** 0.191*** 0.123*** 0.141***
(0.045)
(0.042)
(0.054)
(0.047)
(0.036)
(0.052)
N
Y
Y
N
Y
Y
Y
Y
Y
Y
Y
Y
2,633
2,633
2,633
2,579
2,579
2,579

Notes: The unit of observation is the industry-half-year level it. Furthermore, the sample is limited
to industries with more than 50 non-zero loan observations across all bank relationships over 14 years
from 1990 to 2013. The dependent variable is an indicator variable for whether there is any exit in
industry i in half-year t (in the first three columns) or t + 1 (in the last three columns). We use the
following CRSP delisting codes to identify exits: any type of liquidation (400-490); price fell below
acceptable level; insufficient capital, surplus, and/or equity; insufficient (or non-compliance with
rules of) float or assets; company request, liquidation; bankruptcy, declared insolvent; delinquent
in filing; non-payment of fees; does not meet exchange’s financial guidelines for continued listing;
protection of investors and the public interest; corporate governance violation; and delist required
by Securities Exchange Commission (SEC). Market HHI it−2 measures the credit concentration in
industry i over twelve half-year periods (i.e., six years) from t − 13 to t − 2, across all banks that
provide credit to industry i (in all columns but the third and sixth column). In columns 3 and
6, the measure of concentration is the market share of the top lender to industry i from t − 13
to t − 2. Industry distress it−1 is an indicator variable for whether the cumulative median stock
return of industry i was less than −10% in the previous half-year t − 1. Public-service, energy, and
financial-services industries are dropped. Robust standard errors, clustered at the industry level,
are in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% level, respectively.
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Table 15: Industry-wide Credit Concentration and Intra-industry Mergers

Horizon
HHI measure
Market HHI × Ind. distress
Market HHI
Industry distress
Industry FE
Time FE
N

Proportion of intra-industry mergers as acquirer
After 6 months
After 12 months
All banks
Top 1
All banks
Top 1
(1)
(2)
(3)
(4)
(5)
(6)
0.640**
0.417*
0.293*
0.385*
0.164
0.007
(0.244)
(0.209)
(0.149)
(0.228) (0.227) (0.174)
-0.391***
-0.187
-0.111
-0.332** -0.115
0.005
(0.138)
(0.180)
(0.131)
(0.154) (0.195) (0.139)
-0.113** -0.088** -0.104**
-0.081
-0.056
-0.033
(0.046)
(0.039)
(0.046)
(0.053) (0.041) (0.050)
N
Y
Y
N
Y
Y
Y
Y
Y
Y
Y
Y
2,508
2,508
2,508
2,459
2,459
2,459

Notes: The unit of observation is the industry-half-year level it. Furthermore, the sample is limited
to industries with more than 50 non-zero loan observations across all bank relationships over 14
years from 1990 to 2013, and to observations with non-zero takeovers in a given period. The
dependent variable is the fraction, from 0 to 1, of intra-industry mergers over the total transaction
volume of takeovers where industry i is the acquirer in half-year t (in the first three columns) or
t + 1 (in the last three columns). Market HHI it−2 measures the credit concentration in industry i
over twelve half-year periods (i.e., six years) from t − 13 to t − 2, across all banks that provide credit
to industry i (in all columns but the third and sixth column). In columns 3 and 6, the measure
of concentration is the market share of the top lender to industry i from t − 13 to t − 2. Industry
distress it−1 is an indicator variable for whether the cumulative median stock return of industry i
was less than −10% in the previous half-year t − 1. Public-service, energy, and financial-services
industries are dropped. Robust standard errors, clustered at the industry level, are in parentheses.
***, **, and * denote significance at the 1%, 5%, and 10% level, respectively.
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Table 16: Credit Concentration and Long-run Abnormal Returns of Industries
following Distress

Alpha (in % per month)
Three years
N
Five years
N
Seven years
N

Top-quintile
credit concentration
-0.855***
(0.170)
288
-0.810***
(0.159)
288
-0.771***
(0.157)
288

Bottom-quintile
credit concentration
-1.121***
(0.129)
287
-1.050***
(0.121)
287
-0.980***
(0.116)
287

Long-short
0.332**
(0.156)
287
0.293**
(0.132)
287
0.250**
(0.118)
287

Notes: Fama and French (1993) three-factor-model calendar-time portfolio estimates of alpha (in
percent per month) are based on weighted-least-squares (WLS) regressions from 1990 to 2013 of
the monthly premium of a given portfolio relative to the one-month Treasury rate (as dependent
variable) on the monthly market premium, small minus big market capitalization excess return,
and high minus low book-to-market ratio excess return. We form equal-weight portfolios of industries that in the past n years, where n varies from three to five and seven (across rows), had a
cumulative median stock return of less than −10% in the previous half-year, and were in the top
(first column) or bottom (second column) quintile of the distribution in terms of the industry-level
credit concentration over six years prior to industry distress across all banks in a given industry
(see definition of Market HHI it−2 in Table 14). In the last column, long-short portfolios are long in
the top quintile of said distribution and short in the bottom quintile. N is the number of months
with non-empty portfolios. Observations are weighted efficiently as a function of the number of
industries in a given portfolio in month t, as in Malmendier, Opp, and Saidi (2016). Robust standard errors are in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% level,
respectively.

51

Earlier Working Papers:
For a complete list of Working Papers published by Sveriges Riksbank, see www.riksbank.se
Estimation of an Adaptive Stock Market Model with Heterogeneous Agents
by Henrik Amilon

2005:177

Some Further Evidence on Interest-Rate Smoothing: The Role of Measurement Errors in the Output
Gap
by Mikael Apel and Per Jansson

2005:178

Bayesian Estimation of an Open Economy DSGE Model with Incomplete Pass-Through
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani

2005:179

Are Constant Interest Rate Forecasts Modest Interventions? Evidence from an Estimated Open
Economy DSGE Model of the Euro Area
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani

2005:180

Inference in Vector Autoregressive Models with an Informative Prior on the Steady State
by Mattias Villani

2005:181

Bank Mergers, Competition and Liquidity
by Elena Carletti, Philipp Hartmann and Giancarlo Spagnolo

2005:182

Testing Near-Rationality using Detailed Survey Data
by Michael F. Bryan and Stefan Palmqvist

2005:183

Exploring Interactions between Real Activity and the Financial Stance
by Tor Jacobson, Jesper Lindé and Kasper Roszbach

2005:184

Two-Sided Network Effects, Bank Interchange Fees, and the Allocation of Fixed Costs
by Mats A. Bergman

2005:185

Trade Deficits in the Baltic States: How Long Will the Party Last?
by Rudolfs Bems and Kristian Jönsson

2005:186

Real Exchange Rate and Consumption Fluctuations follwing Trade Liberalization
by Kristian Jönsson

2005:187

Modern Forecasting Models in Action: Improving Macroeconomic Analyses at Central Banks
by Malin Adolfson, Michael K. Andersson, Jesper Lindé, Mattias Villani and Anders Vredin

2005:188

Bayesian Inference of General Linear Restrictions on the Cointegration Space
by Mattias Villani

2005:189

Forecasting Performance of an Open Economy Dynamic Stochastic General Equilibrium Model
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani

2005:190

Forecast Combination and Model Averaging using Predictive Measures
by Jana Eklund and Sune Karlsson

2005:191

Swedish Intervention and the Krona Float, 1993-2002
by Owen F. Humpage and Javiera Ragnartz

2006:192

A Simultaneous Model of the Swedish Krona, the US Dollar and the Euro
by Hans Lindblad and Peter Sellin

2006:193

Testing Theories of Job Creation: Does Supply Create Its Own Demand?
by Mikael Carlsson, Stefan Eriksson and Nils Gottfries

2006:194

Down or Out: Assessing The Welfare Costs of Household Investment Mistakes
by Laurent E. Calvet, John Y. Campbell and Paolo Sodini

2006:195

Efficient Bayesian Inference for Multiple Change-Point and Mixture Innovation Models
by Paolo Giordani and Robert Kohn

2006:196

Derivation and Estimation of a New Keynesian Phillips Curve in a Small Open Economy
by Karolina Holmberg

2006:197

Technology Shocks and the Labour-Input Response: Evidence from Firm-Level Data
by Mikael Carlsson and Jon Smedsaas

2006:198

Monetary Policy and Staggered Wage Bargaining when Prices are Sticky
by Mikael Carlsson and Andreas Westermark

2006:199

The Swedish External Position and the Krona
by Philip R. Lane

2006:200

Price Setting Transactions and the Role of Denominating Currency in FX Markets
by Richard Friberg and Fredrik Wilander

2007:201

The geography of asset holdings: Evidence from Sweden
by Nicolas Coeurdacier and Philippe Martin

2007:202

Evaluating An Estimated New Keynesian Small Open Economy Model
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani

2007:203

The Use of Cash and the Size of the Shadow Economy in Sweden
by Gabriela Guibourg and Björn Segendorf

2007:204

Bank supervision Russian style: Evidence of conflicts between micro- and macro-prudential concerns
by Sophie Claeys and Koen Schoors

2007:205

Optimal Monetary Policy under Downward Nominal Wage Rigidity
by Mikael Carlsson and Andreas Westermark

2007:206

Financial Structure, Managerial Compensation and Monitoring
by Vittoria Cerasi and Sonja Daltung

2007:207

Financial Frictions, Investment and Tobin’s q
by Guido Lorenzoni and Karl Walentin

2007:208

Sticky Information vs Sticky Prices: A Horse Race in a DSGE Framework
by Mathias Trabandt

2007:209

Acquisition versus greenfield: The impact of the mode of foreign bank entry on information and bank
lending rates
by Sophie Claeys and Christa Hainz

2007:210

Nonparametric Regression Density Estimation Using Smoothly Varying Normal Mixtures
by Mattias Villani, Robert Kohn and Paolo Giordani

2007:211

The Costs of Paying – Private and Social Costs of Cash and Card
by Mats Bergman, Gabriella Guibourg and Björn Segendorf

2007:212

Using a New Open Economy Macroeconomics model to make real nominal exchange rate forecasts
by Peter Sellin

2007:213

Introducing Financial Frictions and Unemployment into a Small Open Economy Model
by Lawrence J. Christiano, Mathias Trabandt and Karl Walentin

2007:214

Earnings Inequality and the Equity Premium
by Karl Walentin

2007:215

Bayesian forecast combination for VAR models
by Michael K. Andersson and Sune Karlsson

2007:216

Do Central Banks React to House Prices?
by Daria Finocchiaro and Virginia Queijo von Heideken

2007:217

The Riksbank’s Forecasting Performance
by Michael K. Andersson, Gustav Karlsson and Josef Svensson

2007:218

Macroeconomic Impact on Expected Default Freqency
by Per Åsberg and Hovick Shahnazarian

2008:219

Monetary Policy Regimes and the Volatility of Long-Term Interest Rates
by Virginia Queijo von Heideken

2008:220

Governing the Governors: A Clinical Study of Central Banks
by Lars Frisell, Kasper Roszbach and Giancarlo Spagnolo

2008:221

The Monetary Policy Decision-Making Process and the Term Structure of Interest Rates
by Hans Dillén

2008:222

How Important are Financial Frictions in the U S and the Euro Area
by Virginia Queijo von Heideken

2008:223

Block Kalman filtering for large-scale DSGE models
by Ingvar Strid and Karl Walentin

2008:224

Optimal Monetary Policy in an Operational Medium-Sized DSGE Model
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Lars E. O. Svensson

2008:225

Firm Default and Aggregate Fluctuations
by Tor Jacobson, Rikard Kindell, Jesper Lindé and Kasper Roszbach

2008:226

Re-Evaluating Swedish Membership in EMU: Evidence from an Estimated Model
by Ulf Söderström

2008:227

The Effect of Cash Flow on Investment: An Empirical Test of the Balance Sheet Channel
by Ola Melander

2009:228

Expectation Driven Business Cycles with Limited Enforcement
by Karl Walentin

2009:229

Effects of Organizational Change on Firm Productivity
by Christina Håkanson

2009:230

Evaluating Microfoundations for Aggregate Price Rigidities: Evidence from Matched Firm-Level Data on
Product Prices and Unit Labor Cost
by Mikael Carlsson and Oskar Nordström Skans

2009:231

Monetary Policy Trade-Offs in an Estimated Open-Economy DSGE Model
by Malin Adolfson, Stefan Laséen, Jesper Lindé and Lars E. O. Svensson

2009:232

Flexible Modeling of Conditional Distributions Using Smooth Mixtures of Asymmetric
Student T Densities
by Feng Li, Mattias Villani and Robert Kohn

2009:233

Forecasting Macroeconomic Time Series with Locally Adaptive Signal Extraction
by Paolo Giordani and Mattias Villani

2009:234

Evaluating Monetary Policy
by Lars E. O. Svensson

2009:235

Risk Premiums and Macroeconomic Dynamics in a Heterogeneous Agent Model
by Ferre De Graeve, Maarten Dossche, Marina Emiris, Henri Sneessens and Raf Wouters

2010:236

Picking the Brains of MPC Members
by Mikael Apel, Carl Andreas Claussen and Petra Lennartsdotter

2010:237

Involuntary Unemployment and the Business Cycle
by Lawrence J. Christiano, Mathias Trabandt and Karl Walentin

2010:238

Housing collateral and the monetary transmission mechanism
by Karl Walentin and Peter Sellin

2010:239

The Discursive Dilemma in Monetary Policy
by Carl Andreas Claussen and Øistein Røisland

2010:240

Monetary Regime Change and Business Cycles
by Vasco Cúrdia and Daria Finocchiaro

2010:241

Bayesian Inference in Structural Second-Price common Value Auctions
by Bertil Wegmann and Mattias Villani

2010:242

Equilibrium asset prices and the wealth distribution with inattentive consumers
by Daria Finocchiaro

2010:243

Identifying VARs through Heterogeneity: An Application to Bank Runs
by Ferre De Graeve and Alexei Karas

2010:244

Modeling Conditional Densities Using Finite Smooth Mixtures
by Feng Li, Mattias Villani and Robert Kohn

2010:245

The Output Gap, the Labor Wedge, and the Dynamic Behavior of Hours
by Luca Sala, Ulf Söderström and Antonella Trigari

2010:246

Density-Conditional Forecasts in Dynamic Multivariate Models
by Michael K. Andersson, Stefan Palmqvist and Daniel F. Waggoner

2010:247

Anticipated Alternative Policy-Rate Paths in Policy Simulations
by Stefan Laséen and Lars E. O. Svensson

2010:248

MOSES: Model of Swedish Economic Studies
by Gunnar Bårdsen, Ard den Reijer, Patrik Jonasson and Ragnar Nymoen

2011:249

The Effects of Endogenuos Firm Exit on Business Cycle Dynamics and Optimal Fiscal Policy
by Lauri Vilmi

2011:250

Parameter Identification in a Estimated New Keynesian Open Economy Model
by Malin Adolfson and Jesper Lindé

2011:251

Up for count? Central bank words and financial stress
by Marianna Blix Grimaldi

2011:252

Wage Adjustment and Productivity Shocks
by Mikael Carlsson, Julián Messina and Oskar Nordström Skans

2011:253

Stylized (Arte) Facts on Sectoral Inflation
by Ferre De Graeve and Karl Walentin

2011:254

Hedging Labor Income Risk
by Sebastien Betermier, Thomas Jansson, Christine A. Parlour and Johan Walden

2011:255

Taking the Twists into Account: Predicting Firm Bankruptcy Risk with Splines of Financial Ratios
by Paolo Giordani, Tor Jacobson, Erik von Schedvin and Mattias Villani

2011:256

Collateralization, Bank Loan Rates and Monitoring: Evidence from a Natural Experiment
by Geraldo Cerqueiro, Steven Ongena and Kasper Roszbach

2012:257

On the Non-Exclusivity of Loan Contracts: An Empirical Investigation
by Hans Degryse, Vasso Ioannidou and Erik von Schedvin

2012:258

Labor-Market Frictions and Optimal Inflation
by Mikael Carlsson and Andreas Westermark

2012:259

Output Gaps and Robust Monetary Policy Rules
by Roberto M. Billi

2012:260

The Information Content of Central Bank Minutes
by Mikael Apel and Marianna Blix Grimaldi

2012:261

The Cost of Consumer Payments in Sweden
by Björn Segendorf and Thomas Jansson

2012:262

Trade Credit and the Propagation of Corporate Failure: An Empirical Analysis
by Tor Jacobson and Erik von Schedvin

2012:263

Structural and Cyclical Forces in the Labor Market During the Great Recession: Cross-Country Evidence
by Luca Sala, Ulf Söderström and AntonellaTrigari

2012:264

Pension Wealth and Household Savings in Europe: Evidence from SHARELIFE
by Rob Alessie, Viola Angelini and Peter van Santen

2013:265

Long-Term Relationship Bargaining
by Andreas Westermark

2013:266

Using Financial Markets To Estimate the Macro Effects of Monetary Policy: An Impact-Identified FAVAR*
by Stefan Pitschner

2013:267

DYNAMIC MIXTURE-OF-EXPERTS MODELS FOR LONGITUDINAL AND DISCRETE-TIME SURVIVAL DATA
by Matias Quiroz and Mattias Villani

2013:268

Conditional euro area sovereign default risk
by André Lucas, Bernd Schwaab and Xin Zhang

2013:269

Nominal GDP Targeting and the Zero Lower Bound: Should We Abandon Inflation Targeting?*
by Roberto M. Billi

2013:270

Un-truncating VARs*
by Ferre De Graeve and Andreas Westermark

2013:271

Housing Choices and Labor Income Risk
by Thomas Jansson

2013:272

Identifying Fiscal Inflation*
by Ferre De Graeve and Virginia Queijo von Heideken

2013:273

On the Redistributive Effects of Inflation: an International Perspective*
by Paola Boel

2013:274

Business Cycle Implications of Mortgage Spreads*
by Karl Walentin

2013:275

Approximate dynamic programming with post-decision states as a solution method for dynamic
economic models by Isaiah Hull

2013:276

A detrimental feedback loop: deleveraging and adverse selection
by Christoph Bertsch

2013:277

Distortionary Fiscal Policy and Monetary Policy Goals
by Klaus Adam and Roberto M. Billi

2013:278

Predicting the Spread of Financial Innovations: An Epidemiological Approach
by Isaiah Hull

2013:279

Firm-Level Evidence of Shifts in the Supply of Credit
by Karolina Holmberg

2013:280

Lines of Credit and Investment: Firm-Level Evidence of Real Effects of the Financial Crisis
by Karolina Holmberg

2013:281

A wake-up call: information contagion and strategic uncertainty
by Toni Ahnert and Christoph Bertsch

2013:282

Debt Dynamics and Monetary Policy: A Note
by Stefan Laséen and Ingvar Strid

2013:283

Optimal taxation with home production
by Conny Olovsson

2014:284

Incompatible European Partners? Cultural Predispositions and Household Financial Behavior
by Michael Haliassos, Thomas Jansson and Yigitcan Karabulut

2014:285

How Subprime Borrowers and Mortgage Brokers Shared the Piecial Behavior
by Antje Berndt, Burton Hollifield and Patrik Sandås

2014:286

The Macro-Financial Implications of House Price-Indexed Mortgage Contracts
by Isaiah Hull

2014:287

Does Trading Anonymously Enhance Liquidity?
by Patrick J. Dennis and Patrik Sandås

2014:288

Systematic bailout guarantees and tacit coordination
by Christoph Bertsch, Claudio Calcagno and Mark Le Quement

2014:289

Selection Effects in Producer-Price Setting
by Mikael Carlsson

2014:290

Dynamic Demand Adjustment and Exchange Rate Volatility
by Vesna Corbo

2014:291

Forward Guidance and Long Term Interest Rates: Inspecting the Mechanism
by Ferre De Graeve, Pelin Ilbas & Raf Wouters

2014:292

Firm-Level Shocks and Labor Adjustments
by Mikael Carlsson, Julián Messina and Oskar Nordström Skans

2014:293

A wake-up call theory of contagion
by Toni Ahnert and Christoph Bertsch

2015:294

Risks in macroeconomic fundamentals and excess bond returns predictability
by Rafael B. De Rezende

2015:295

The Importance of Reallocation for Productivity Growth: Evidence from European and US Banking
by Jaap W.B. Bos and Peter C. van Santen

2015:296

SPEEDING UP MCMC BY EFFICIENT DATA SUBSAMPLING
by Matias Quiroz, Mattias Villani and Robert Kohn

2015:297

Amortization Requirements and Household Indebtedness: An Application to Swedish-Style Mortgages
by Isaiah Hull

2015:298

Fuel for Economic Growth?
by Johan Gars and Conny Olovsson

2015:299

Searching for Information
by Jungsuk Han and Francesco Sangiorgi

2015:300

What Broke First? Characterizing Sources of Structural Change Prior to the Great Recession
by Isaiah Hull

2015:301

Price Level Targeting and Risk Management
by Roberto Billi

2015:302

Central bank policy paths and market forward rates: A simple model
by Ferre De Graeve and Jens Iversen

2015:303

Jump-Starting the Euro Area Recovery: Would a Rise in Core Fiscal Spending Help the Periphery?
by Olivier Blanchard, Christopher J. Erceg and Jesper Lindé

2015:304

Bringing Financial Stability into Monetary Policy*
by Eric M. Leeper and James M. Nason

2015:305

SCALABLE MCMC FOR LARGE DATA PROBLEMS USING DATA SUBSAMPLING AND
THE DIFFERENCE ESTIMATOR
by MATIAS QUIROZ, MATTIAS VILLANI AND ROBERT KOHN

2015:306

SPEEDING UP MCMC BY DELAYED ACCEPTANCE AND DATA SUBSAMPLING
by MATIAS QUIROZ

2015:307

Modeling financial sector joint tail risk in the euro area
by André Lucas, Bernd Schwaab and Xin Zhang

2015:308

Score Driven Exponentially Weighted Moving Averages and Value-at-Risk Forecasting
by André Lucas and Xin Zhang

2015:309

On the Theoretical Efficacy of Quantitative Easing at the Zero Lower Bound
by Paola Boel and Christopher J. Waller

2015:310

Optimal Inflation with Corporate Taxation and Financial Constraints
by Daria Finocchiaro, Giovanni Lombardo, Caterina Mendicino and Philippe Weil

2015:311

Fire Sale Bank Recapitalizations
by Christoph Bertsch and Mike Mariathasan

2015:312

Since you’re so rich, you must be really smart: Talent and the Finance Wage Premium
by Michael Böhm, Daniel Metzger and Per Strömberg

2015:313

Debt, equity and the equity price puzzle
by Daria Finocchiaro and Caterina Mendicino

2015:314

Trade Credit: Contract-Level Evidence Contradicts Current Theories
by Tore Ellingsen, Tor Jacobson and Erik von Schedvin

2016:315

Double Liability in a Branch Banking System: Historical Evidence from Canada
by Anna Grodecka and Antonis Kotidis

2016:316

Subprime Borrowers, Securitization and the Transmission of Business Cycles
by Anna Grodecka

2016:317

Real-Time Forecasting for Monetary Policy Analysis: The Case of Sveriges Riksbank
by Jens Iversen, Stefan Laséen, Henrik Lundvall and Ulf Söderström

2016:318

Fed Liftoff and Subprime Loan Interest Rates: Evidence from the Peer-to-Peer Lending
by Christoph Bertsch, Isaiah Hull and Xin Zhang

2016:319

Curbing Shocks to Corporate Liquidity: The Role of Trade Credit
by Niklas Amberg, Tor Jacobson, Erik von Schedvin and Robert Townsend

2016:320

Firms’ Strategic Choice of Loan Delinquencies
by Paola Morales-Acevedo

2016:321

Fiscal Consolidation Under Imperfect Credibility
by Matthieu Lemoine and Jesper Lindé

2016:322

Challenges for Central Banks’ Macro Models
by Jesper Lindé, Frank Smets and Rafael Wouters

2016:323

The interest rate effects of government bond purchases away from the lower bound
by Rafael B. De Rezende

2016:324

COVENANT-LIGHT CONTRACTS AND CREDITOR COORDINATION
by Bo Becker and Victoria Ivashina

2016:325

Endogenous Separations, Wage Rigidities and Employment Volatility
by Mikael Carlsson and Andreas Westermark

2016:326

Renovatio Monetae: Gesell Taxes in Practice
by Roger Svensson and Andreas Westermark

2016:327

Adjusting for Information Content when Comparing Forecast Performance
by Michael K. Andersson, Ted Aranki and André Reslow

2016:328

Economic Scarcity and Consumers’ Credit Choice
by Marieke Bos, Chloé Le Coq and Peter van Santen

2016:329

Uncertain pension income and household saving
by Peter van Santen

2016:330

Money, Credit and Banking and the Cost of Financial Activity
by Paola Boel and Gabriele Camera

2016:331

Oil prices in a real-business-cycle model with precautionary demand for oil
by Conny Olovsson

2016:332

Financial Literacy Externalities
by Michael Haliasso, Thomas Jansson and Yigitcan Karabulut

2016:333

The timing of uncertainty shocks in a small open economy
by Hanna Armelius, Isaiah Hull and Hanna Stenbacka Köhler

2016:334

Quantitative easing and the price-liquidity trade-off
by Marien Ferdinandusse, Maximilian Freier and Annukka Ristiniemi

2017:335

What Broker Charges Reveal about Mortgage Credit Risk
by Antje Berndt, Burton Hollifield and Patrik Sandåsi

2017:336

Asymmetric Macro-Financial Spillovers
by Kristina Bluwstein

2017:337

Latency Arbitrage When Markets Become Faster
by Burton Hollifield, Patrik Sandås and Andrew Todd

2017:338

How big is the toolbox of a central banker? Managing expectations with policy-rate forecasts:
Evidence from Sweden
by Magnus Åhl

2017:339

International business cycles: quantifying the eﬀects of a world market for oil
by Johan Gars and Conny Olovsson l

2017:340

Systemic Risk: A New Trade-Off for Monetary Policy?
by Stefan Laséen, Andrea Pescatori and Jarkko Turunen

2017:341

Household Debt and Monetary Policy: Revealing the Cash-Flow Channel
by Martin Flodén, Matilda Kilström, Jósef Sigurdsson and Roine Vestman

2017:342

House Prices, Home Equity, and Personal Debt Composition
by Jieying Li and Xin Zhang

2017:343

Identification and Estimation issues in Exponential Smooth Transition Autoregressive Models
by Daniel Buncic

2017:344

Domestic and External Sovereign Debt
by Paola Di Casola and Spyridon Sichlimiris

2017:345

The Role of Trust in Online Lending
by Christoph Bertsch, Isaiah Hull, Yingjie Qi and Xin Zhang
On the effectiveness of loan-to-value regulation in a multiconstraint framework
by Anna Grodecka

2017:346
2017:347

Sveriges Riksbank
Visiting address: Brunkebergs torg 11
Mail address: se-103 37 Stockholm
Website: www.riksbank.se
Telephone: +46 8 787 00 00, Fax: +46 8 21 05 31
E-mail: registratorn@riksbank.se

