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The E�e
t of Bank Sho
ks on Firm-Level andAggregate InvestmentJoão AmadorBan
o de PortugalNova SBE Arne J. NagengastDeuts
he Bundesbank
O
tober 2015Abstra
tWe show that 
redit supply sho
ks have a strong impa
t on �rm-level as well as aggregateinvestment by applying the methodology developed by Amiti and Weinstein (2013) to ari
h dataset of mat
hed bank-�rm loans in the Portuguese e
onomy for the period 2005to 2013. We argue that their de
omposition framework 
an also be used in the presen
e ofsmall �rms with only one banking relationship as long as they a

ount for a small share ofthe total loan volume of their banks. The growth rate of individual loans in our dataset isde
omposed into bank, �rm, industry and 
ommon sho
ks. Adverse bank sho
ks are foundto strongly impair �rm-level investment, parti
ularly in small �rms and in those with noa

ess to alternative �nan
ing sour
es. For the e
onomy as a whole, granular sho
ks inthe banking system a

ount for around 20�40% of aggregate investment dynami
s.JEL: E32, E44, G21, G32Keywords: Banks, Credit dynami
s, Investment, Firm-level data, Portuguese e
onomy.
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DEE Working Papers 21. Introdu
tionAssessing the impa
t of bank sho
ks on the real e
onomy has in
reasinglygained in importan
e sin
e the 2008 international �nan
ial 
risis and thesubsequent sovereign debt and banking 
rises in several European 
ountries.In parti
ular, persistently weak investment in front of a ba
kdrop of lowbank lending in euro area e
onomies has been a major 
on
ern (EuropeanCentral Bank 2014; Task For
e of the Monetary Poli
y Committee of the ESCB2015). Although 
redit dynami
s are generally thought to be an importantdeterminant of ma
roe
onomi
 �u
tuations (e.g. Bernanke and Gertler (1995)and Ash
raft (2005)), identifying the origin of variations in 
redit is hard sin
ethe total loan volume in an e
onomy is a fun
tion of both 
redit demand and
redit supply.While initial 
ontributions to identify 
redit supply sho
ks were based onaggregate data (e.g. Rosengren and Peek (2000)), more re
ent studies havemade use of the in
reasing availability of mat
hed bank-�rm loan datasets.1These mi
ro-level studies exploit the a
ross-bank variation of an exogenousevent a�e
ting bank lending as well as the fa
t that �rms obtain theirloans from di�erent 
redit institutions (Amiti and Weinstein 2011; Chavaand Purnanandam 2011; Jimenez et al. 2012; S
hnabl 2012; Chodorow-Rei
h2014; Iyer et al. 2014; Miyakawa et al. 2015; Dwenger et al. 2015; Kaoruet al. 2015; Paravisini et al. 2015). For example, Khwaja and Mian (2008)use the withdrawal of deposits after the suspension of ex
hange rate liquidityby the IMF following nu
lear tests in Pakistan in 1998 in order to quantify thee�e
t of bank 
redit supply sho
ks on the borrowing of �rms with di�erent
hara
teristi
s. The main obsta
le for applying the previous approa
hes toother 
ountries is the di�
ulty of �nding suitable instruments to identify 
reditsupply sho
ks. Even if these instruments are available, the analysis is usuallylimited to studying one parti
ular episode. Another short
oming is that whilethese studies 
onvin
ingly address the identi�
ation problem at the �rm-level,they remain silent on the aggregate e�e
t of 
redit supply sho
ks.All of the three points above are addressed by the methodology proposed byAmiti and Weinstein (2013) (hen
eforth AW), whi
h exploits the variation of�rm borrowing a
ross multiple banks in order to identify 
redit supply sho
ksand imposes an adding-up 
onstraint to assure 
onsisten
y with loan growth atthe aggregate level. Sin
e the approa
h by AW does not rely on instrumentalvariables, it permits the identi�
ation of a wide range of fa
tors a�e
ting bank
redit supply su
h as bankrupt
ies, regulatory interventions or trading errors forevery year in the dataset. The methodology yields a 
omplete de
omposition of1. Hosono and Miyakawa (2015) provide a 
omprehensive survey of the literature on theidenti�
ation of adverse sho
ks to bank lending and their e�e
t on �rm a
tivities.



3 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate Investmentloan growth rates both at the mi
ro- and ma
ro-level into bank, �rm, industryand 
ommon sho
ks.Our paper applies the methodology by AW to a unique dataset ofPortuguese �rms and banks for the period 2005 to 2013 and 
ontributes tothe literature along three main dimensions. First, AW ex
lusively fo
us on thesample of �rms listed in the Japanese sto
k market 
onsisting mainly of large�rms with multiple banking relationships, whi
h at �rst sight appears to be arequirement for the usefulness of the approa
h. We show that the appli
abilityof the de
omposition framework by AW is mu
h more general and that it 
analso be used for samples that are more representative of the population of �rmsas a whole, i.e. in
luding a large share of small �rms with few bank relationships(Axtell 2001; Cabral and Mata 2003; Khwaja and Mian 2008). This derives fromthe fa
t that the imposition of an adding-up 
onstraint introdu
es weights intothe estimation, resulting in bank sho
ks being identi�ed mainly through lendingrelations with larger �rms, whi
h a

ount for the major part of the total loanvolume in Portugal. This insight 
ontributes to bridging the gap between mi
ro-and ma
ro-level analysis sin
e it implies that 
redit registry datasets in most
ountries � whi
h 
ome 
lose to representing the universe of loans in an e
onomy� should be amenable to the estimation methodology by AW.Se
ond, we show that 
redit supply sho
ks have a strong impa
t on �rm-level investment in the Portuguese e
onomy over and above aggregate demand
onditions and �rm-spe
i�
 investment opportunities. In addition, we also
onsider how the e�e
t of 
redit supply sho
ks on investment varies with the
apital stru
ture and size of �rms. We �nd that �rms with a

ess to alternative�nan
ing sour
es are generally less vulnerable to the adverse e�e
t of banksho
ks on investment and partially manage to o�set their shortfall of bank
redit by in
reasing their �nan
ing from other sour
es. Larger �rms also appearto be in a better position to 
ope with the unfavourable e�e
ts of bank sho
ksmainly sin
e their banks do not 
urtail their 
redit supply as mu
h as for small�rms. Our �ndings on the mitigating e�e
ts of alternative �nan
ing sour
esand �rm size are in line with studies using other identi�
ation strategies and/orfo
using on di�erent 
ountries and parti
ular episodes (Khwaja and Mian 2008;S
hnabl 2012; Chodorow-Rei
h 2014; Iyer et al. 2014; Dwenger et al. 2015;Paravisini et al. 2015).Third, we use the ma
ro-level estimates of bank sho
ks from ourde
omposition exer
ise and show that granular 
redit supply sho
ks in thebanking system a

ount for around 20 per
ent of the variation in aggregatelending and between 20 to 40 per
ent of aggregate investment dynami
s inPortugal. The broad 
overage of �rms in the mi
ro-dataset under 
onsiderationas well as the study of a European e
onomy under �nan
ial stress and e
onomi
adjustment, provide strong support for the �ndings by AW. Our results
ontribute to the growing literature on the importan
e of granular sho
ks ina

ounting for ma
roe
onomi
 �u
tuations. Gabaix (2011) demonstrated thatin the presen
e of a fat-tailed �rm size distribution idiosyn
rati
 sho
ks to



DEE Working Papers 4individual large �rms do not average out in the aggregate and in the UnitedStates explain about one-third of the variation in output growth. Similarly,granular sho
ks have also been do
umented to matter for aggregate salesvolatility, for example in studies exploiting the variation of exports a
rossdestinations (di Giovanni et al. 2014) as well as 
redit growth in the bankingse
tor using a methodology di�erent from the one by AW (Bremus et al. 2013).A related strand of literature has in
orporated banks into dynami
 sto
hasti
general equilibrium models (den Heuvel 2008; Gerali et al. 2010; Devereux andSutherland 2011; Kollmann et al. 2011; Kollmann 2013). In this new 
lass ofmodels negative sho
ks to bank 
apital trigger a fall in bank 
redit whi
h leadsto a drop in investment (and output) in line with the results in our study.The paper is organised as follows. Se
tion 2 outlines the empiri
almethodology. Se
tion 3 des
ribes our data sour
es and the salient features of ourdatasets. Se
tion 4 examines the external validity of our bank sho
k estimatesand investigates their sensitivity to the number of bank relationships. Inaddition, we 
hara
terise our sho
k estimates by �rm-level variables. Se
tion 5presents our three sets of results and Se
tion 6 
on
ludes.2. Empiri
al MethodologyOur e
onometri
 approa
h is based on the work by AW, who propose todisentangle loan supply sho
ks from loan demand sho
ks in a dataset mainly
onsisting of �rms with multiple bank relationships by exploiting the variationof �rm borrowing a
ross di�erent banks. Our exposition begins with a generalempiri
al model 
apturing the di�erent sour
es of sho
ks a�e
ting the bank-�rm lending relationship and we will gradually build up the more aggregatespe
i�
ation that is used for 
omputing bank sho
ks in the Portuguese e
onomyas a whole.Consider a general 
lass of models in whi
h the growth in lending Lfbt bybank b to �rm f in time t 
an be de
omposed into a �rm-borrowing 
hannel
αft and a bank-lending 
hannel βbt

Lfbt − Lfb,t−1

Lfb,t−1

= αft + βbt + εfbt, (1)where we follow the literature in assuming that the expe
tation of the errorterm is zero, E[εfbt] = 0. Equation 1 
an be derived stru
turally (Khwaja andMian 2008) and its variants have been widely used empiri
ally (Chava andPurnanandam 2011). The underlying assumption of this 
lass of models is that�rms 
annot fully avoid the negative impa
t of a redu
tion in loan supply byits lenders sin
e swit
hing banks is 
ostly, for whi
h there is strong empiri
alsupport (Kim et al. 2003).The �rm-borrowing 
hannel αft 
aptures all fa
tors a�e
ting borrowingthat are spe
i�
 to the �rm su
h as �rm-level produ
tivity sho
ks, �rm-spe
i�
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t of Bank Sho
ks on Firm-Level and Aggregate Investment
hanges in investment opportunities, �rm-level 
hanges in a

ess to other�nan
ing sour
es, 
hanges in the 
redit worthiness of the �rm et
. Similarly,the bank-lending 
hannel βbt 
omprises all bank-spe
i�
 fa
tors that result ina bank to 
ut ba
k or in
rease its lending over time. These in
lude fa
tors thathave been used in previous studies to identify bank liquidity sho
ks su
h asexposure to sovereign debt 
rises (Chava and Purnanandam 2011), the 2008global �nan
ial 
risis (Paravisini et al. 2015), natural disasters (Kaoru et al.2015) and a nu
lear test in Pakistan (Khwaja and Mian 2008). Furthermore,as meti
ulously do
umented by AW, there are numerous other events su
has regulatory interventions, 
omputer glit
hes and idiosyn
rati
 trading errorswhi
h 
an have non-negligible e�e
ts on the loan supply of banks.In prin
iple, Equation 1 
ould be estimated dire
tly using a large set oftime-varying bank and �rm �xed e�e
ts. However, this approa
h turns out to beine�
ient sin
e it ignores the equilibrium relations that underlie the observedout
ome in the loan market. Banks 
an only disburse an additional loan ifthey �nd an interested borrower. Correspondingly, �rms 
an only obtain new
redit if there is at least one bank that is willing to lend more. Ignoring these
onstraints yields estimates of bank-lending that are very di�erent from theobserved rates of loan growth, whi
h 
ompli
ates gauging the e�e
t of granularsho
ks in the banking se
tor on ma
roe
onomi
 out
omes.2AW propose introdu
ing a set of adding-up 
onstraints that take intoa

ount the equilibrium linkages between banks and �rms in the 
redit market.On the lender side, banks' loan growth is expressed as the bank-lending
hannel plus the weighted sum of the �rm-borrowing 
hannels of its 
lientsby multiplying both sides of Equation 1 by the lagged share of lending to �rm
f , ϕfb,t−1 and by summing a
ross all �rms
DB

bt ≡

∑

f

(

Lfbt − Lfb,t−1

Lfb,t−1

)

Lfb,t−1
∑

f Lfb,t−1

= βbt +
∑

f

ϕfb,t−1αft +
∑

f

ϕfb,t−1εfbt, (2)where
ϕfb,t−1 ≡

Lfb,t−1
∑

f Lfb,t−1

,and DB
bt equals the growth rate of lending of bank b to all of its 
lients.Correspondingly, on the borrower side, �rms' loan growth is expressed as the2. Dire
tly estimating Equation 1 with an un
onstrained �xed-e�e
ts pro
edure and usingthe estimates in a regression on the a
tual loan growth of banks results in an R2 of 0.01.Weighting the data by loan volume, improves the �t to 0.21. Using both a weighted regressionand a log spe
i�
ation yields an R2 of 0.23, whi
h still leaves the major part of the variationin the data unexplained. In 
ontrast, the R2 is one by 
onstru
tion using the methodologyby AW.



DEE Working Papers 6�rm-borrowing 
hannel plus the weighted sum of the bank-lending 
hannels bymultiplying both sides of equation 1 by the lagged share of borrowing frombank b, θfb,t−1 and by summing a
ross all banks
DF

ft ≡

∑

b

(

Lfbt − Lfb,t−1

Lfb,t−1

)

Lfb,t−1
∑

bLfb,t−1

= αft +
∑

b

θfb,t−1βbt +
∑

b

θfb,t−1εfbt, (3)where
θfb,t−1 ≡

Lfb,t−1
∑

bLfb,t−1

,and DF
ft equals the growth rate of borrowing of �rm f from all of its banks.Note that both ϕfb,t−1 and θfb,t−1 are pre-determined variables, whi
hallows us to impose the following moment 
onditions on the data:

E
[

∑

f

ϕfb,t−1εfbt

]

=
∑

f

ϕfb,t−1E[εfbt] = 0,and
E
[

∑

b

θfb,t−1εfbt

]

=
∑

b

θfb,t−1E[εfbt] = 0.This yields the following sets of interlinked equations that need to be ful�lledby the parameters αft and βft

DB
bt = βbt +

∑

f

ϕfb,t−1αft, (4)and
DF

ft = αft +
∑

b

θfb,t−1βbt. (5)For every year equations 4 and 5 
omprise a system of F + B linearequations and F +B unknowns, whi
h at �rst sight suggests that the systemhas a unique solution. However, sin
e the loan shares by de�nition sum toone, ∑b θfbt = 1 and ∑f ϕfbt = 1, it turns out that the equation system isunder-determined, i.e. it has in�nitely many solutions. As long as the bank-�rm loan network 
onsists of a single 
onne
ted 
omponent � whi
h is the
ase in our dataset � this means that for any set of βbt and αft that satisfyequations 4 and 5, βbt + kt and αft− kt is also a solution. Therefore by imposingone additional 
onstraint standard methods for solving linear equations 
an beused to obtain a solution as shown in Appendix A.1. In order to arrive ate
onomi
ally meaningful parameters, we follow AW and re-express βbt and αft



7 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate Investmentrelative to their respe
tive median for every given year as detailed in AppendixA.2.3Consequently, ea
h bank's lending 
an be exa
tly de
omposed into thefollowing four terms:
D

B

t
= (Āt + B̄t)ιB +Φt−1Nt +Φt−1Ãt + B̃t (6)where DB

t
is the B × 1 ve
tor in
luding the loan growth rates of all individualbanks at time t, (Āt+ B̄t) are the median �rm and bank sho
ks, i.e. the 
ommonsho
k a�e
ting all �rm-bank relationships in year t, ιB is a B × 1 ve
tor of 1's,

Nt is the F × 1 ve
tor 
ontaining the median �rm sho
k in ea
h �rm's industryat time t, Ãt is the F × 1 ve
tor 
apturing the �rm sho
ks a�e
ting borrowingof individual �rms less the median �rm sho
k of the respe
tive industry inyear t, B̃t is the B × 1 ve
tor 
apturing the bank sho
ks a�e
ting lending ofindividual banks less the median bank sho
k at time t, and Φt−1 is the B × Fmatrix 
ontaining the weights of ea
h �rm in the lending portfolio of everybank:
Φt ≡







ϕ11t . . . ϕF1t... . . . ...
ϕ1Bt . . . ϕFBt






.The �rst term are 
ommon sho
ks 
apturing e
onomi
 for
es that a�e
t alllending-borrowing relationships at the same time su
h as 
hanges in 
entralbank interest rates or 
hanges in aggregate demand 
onditions.4 The se
ondterm represents industry sho
ks whi
h are bank-spe
i�
 weighted averages ofthe median �rm sho
k of ea
h industry that the bank is lending to. They
apture di�eren
es in the 
redit demand of industries and their impa
t on banklending due to di�eren
es in their lending portfolio a
ross industries unrelatedto the �rm-borrowing 
hannel. Third, the �rm sho
k subsumes all fa
torsidiosyn
rati
 to the �rm that a�e
t loan demand whi
h 
annot be attributedto 
hanges in bank-loan supply. Finally, the last term provides a measure forbank-supply sho
ks independent of �rm-spe
i�
, industry-related and e
onomy-wide 
onditions. Note that the elements in B̃t equal the individual bank sho
ksminus the supply sho
k of the median bank in year t. Suppose bank b was hitby a parti
ularly adverse sho
k to their 
redit supply of minus 20 per
ent whilelending in all other banks de
reased by only 10 per
ent. This would, hen
e,result in a bank sho
k of minus 10 per
ent for bank b in this framework sin
e3. The over-determina
y of the system of linear equations is analogous to the dummyvariable trap in linear regression analysis. The solution of expressing the set of 
oe�
ientsrelative to a sample statisti
 instead of an arbitrarily 
hosen 
oe�
ient also has its
ounterparts in the dummy variable literature (Suits 1984; Kennedy 1986).4. Note that the individual 
ontributions deriving from Āt and B̄t 
annot be disentangledgiven that for any kt, βbt + kt and αft − kt are also solutions to the system of equationsunder 
onsideration.
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ks are always expressed relative to the median bank. Note that while thebank sho
k ex
lusively 
aptures supply-side fa
tors, the �rm sho
k subsumesboth demand-side and other �rm-spe
i�
 fa
tors su
h as the riskiness of the�rm.One strength of the framework proposed by AW is that the loan supplysho
ks of individual banks 
an be added up using an appropriate weightings
heme in order to express aggregate lending as a fun
tion of the four typesof sho
ks des
ribed above. Let wB
b,t be the share of bank b in total lending inyear t and de�ne W

B

t
≡ [wB

1,t, . . . w
B
B,t]. Pre-multiplying Equation 6 with W

B

tallows us to arrive at the following expression for aggregate lending
Dt = W

B

t−1
D

B

t

= (Āt + B̄t) +W
B

t−1
Φt−1Nt +W

B

t−1
Φt−1Ãt +W

B

t−1
B̃t, (7)where Dt is the 
hange in aggregate lending. Analogously to Equation 6, the�rst term represents the impa
t of 
ommon sho
ks on aggregate lending. These
ond term 
aptures granular industry sho
ks resulting from 
ertain industrieshaving larger shares in the total e
onomy than others. The third term is agranular �rm sho
k deriving from the fa
t that 
hanges in the 
redit demandof large �rms have a non-negligible e�e
t on aggregate lending. Finally, thefourth term is the granular bank sho
k whi
h subsumes the weighted average ofthe 
redit supply sho
ks of individual �nan
ial institutions. In 
ontrast to theprevious literature (Gabaix 2011), estimation of the sho
ks does not assumetheir independen
e and the only requirement is that they are not perfe
tly
orrelated.3. Data and Des
riptive Statisti
s3.1. DataThe availability of mat
hed bank-�rm loan information is essential forthe implementation of the methodology des
ribed above. In addition,another requirement is linking the lender-borrower information with other
hara
teristi
s of the �rm. The Portuguese 
redit registry and balan
e sheetdatabases together with the existen
e of a 
ommon �rm identi�er allow us to
onstru
t a very ri
h mi
ro-level dataset for Portugal for the period 2005-2013.The Portuguese Central de Ris
os de Crédito (Central Credit Register,Portuguese a
ronym: CRC) provides information on 
redit exposures.Originally, the purpose of the database was information sharing betweenparti
ipant institutions in order to improve their 
redit risk assessment andmanagement. The database 
ontains monthly information on loans granted to�rms and households, and reporting by all 
redit institutions is mandatory. Forthe better part of the paper, we 
onsider only data for the month of De
ember



9 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate Investmentto mat
h the Portuguese tax year and the frequen
y of the balan
e sheet data.In order to perform an additional e
onometri
 analysis on aggregate dynami
swe require a larger number of observations and we use data for Mar
h, June,September and De
ember for ea
h year in a

ordan
e with the quarterly dataseries for the e
onomy as a whole.One 
hallenge that arises from working with the 
redit registry data is totra
k the identity of banks over time. In parti
ular, banks may go bankrupt andbe restru
tured, be a
quired by or merge with another bank. Whenever any ofthese three events o

urred in year t, we re
oded loans in year t− 1 as 
omingfrom the new institution.5 For example, if bank 1 was a
quired by bank 2 inyear t, bank 2's loans in year t− 1 would be set equal to the sum of the loansof bank 1 and bank 2. In order to ensure su�
ient observations for estimatingthe bank sho
ks, we ex
luded 
redit institutions with less than ten borrowingrelations in both t and t − 1, whi
h dropped 0.02% of the observations. Thenumber of banks ranges from 163 to 184 depending on the year, with a smallernumber of banks at the end of the sample period.The balan
e sheet data for Portuguese �rms draws on information reportedunder Informação Empresarial Simpli�
ada (Simpli�ed Corporate Information,Portuguese a
ronym: IES). IES is the system through whi
h 
orporations reportmandatory information to the tax administration and the statisti
al authorities.Data is available from 2005 onwards with a very wide 
overage of Portuguesenon-�nan
ial 
orporations.6 We use information on investment, 
apital, 
ash�ow, total sales, number of employees, total borrowings, bank loans, bonds,loans from asso
iated �rms and liabilities towards shareholders (LTS).7 Wede�ne investment as the annual di�eren
e in 
apital plus depre
iation. Asa proxy for Tobin's Q of unlisted �rms we use the lagged growth rate oftotal sales (Whited 2006; Bloom et al. 2007; Kaoru et al. 2015). In 2010there was a 
hange in the o�
ial �rm a

ounting system (from Plano O�
ialde Contas (O�
ial A

ounting Plan, Portuguese a
ronym: POC) to Sistemade Normalização Contabilísti
a (Normalised A

ounting System, Portuguesea
ronym: SNC)) whi
h was driven by the need to 
omply with EU regulations.This leads to small di�eren
es in the de�nitions of total �xed assets, 
ash�ow, total borrowings, bonds and borrowing from asso
iated �rms whi
h,however, have a negligible in�uen
e on the series under 
onsideration. For the5. We determine bank mergers and a
quisitions in a data-driven manner using the CRCdatabase and de�ned these events to o

ur if at least 80 per
ent of the total loan volume of
lients from bank b in year t− 1 
hanged to a new institution in year t, and bank b was nolonger present in the database in year t.6. Se
tors su
h as ��nan
ial intermediation�, �publi
 administration and defen
e;
ompulsory so
ial se
urity� and �extra-territorial organizations and bodies� as well as soleproprietorships are not part of IES.7. Liabilities towards shareholder in
lude pro�ts attributable to shareholders among otheritems.
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lassi�
ation of industries, we use the �rst two digits of Classi�ção Portuguesade A
tividades E
onómi
as, Revisão 3 (Portuguese Classi�
ation of E
onomi
A
tivities Revision 3, Portuguese a
ronym: CAE-Rev.3) whi
h is based onNACE Revision 2 resulting in 78 di�erent industries.We only 
onsider �rms whose number of employees was greater than zeroand whose sales and assets were greater than 1000e in a given year. Similarly,only loan volumes larger than 50e were in
luded in the analysis. In order tolimit the e�e
t of outliers, the top and the bottom two and a half per
entilesof ea
h variable used in the regressions were dropped. Finally, only �rms withbalan
e sheet data for three 
onse
utive year 
an be in
luded in the estimationsdue to the data requirements for 
omputing lagged sales growth (data for year
t− 1 and t− 2) and investment (data for year t and t− 1). These 
onstraintsleave us with a �nal sample of a total of 187,628 �rms ranging from 77,832 to103,755 depending on the year. The same sample of �rms is used for 
omputingthe bank sho
ks from the 
redit registry data. On average our sample represents
59% of total employment and 58% of total sales of the full balan
e sheet dataset,or equivalently 43% of the total loan volume of the 
redit registry data. A largepart of the observations is lost be
ause (a) the balan
e sheet database does not
over sole proprietorships whi
h are part of the 
redit registry database and(b) not all �rms obtain 
redit from banks and hen
e are not 
overed by the
redit registry database while they are in
luded in the balan
e sheet database.Quarterly data for the total volume of bank loans to non-�nan
ial
orporations was taken from the Statisti
al Bulletin of Ban
o de Portugal. Thequarterly investment series for the private se
tor ex
luding housing was takenfrom the National A

ounts by Instituto Na
ional de Estatísti
a (Portuguesea
ronym: INE). The aggregate 
apital sto
k series was 
onstru
ted from thegross investment series using the perpetual inventory method. The depre
iationrate used 
orresponds to 10 per
ent in annual terms and a

ords with theaverage rate for Portuguese �rms as des
ribed in Amador and Soares (2014).The net investment to 
apital ratio was 
omputed analogously to the �rm-levelequivalent des
ribed above.3.2. Stylised Fa
ts and Aggregate Developments in PortugalIn this se
tion, we �rst show that investment and loan growth in our sampleprovide a good approximation to the 
orresponding aggregates and then we goon to highlight some salient features of the 
redit registry dataset used for thesho
k de
omposition of loan growth rates.Figure 1a shows the path of loan growth in our sample as well as in the
omplete CRC database along with the o�
ial data for loans by resident banksto non-�nan
ial 
orporations. For additional detail quarterly instead of annualseries are depi
ted, whi
h are also used in the e
onometri
 analysis in Se
tion5.3. Overall, the dynami
s of the 
omplete CRC series and aggregate loangrowth are very similar whi
h is not surprising given the 
overage of the 
redit
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(a) Loan Growth in the Portuguese E
on-omy (b) Net Investment-Capital RatioFigure 1: Comparison of Ma
ro and Mi
ro Data Seriesregistry database. Loan growth in our sample also shows a very similar patternand only diverges slightly from the other two series at the beginning and at theend of the time period. In general, loan growth in our sample appears to beslightly more positive than in the e
onomy as a whole whi
h may partially stemfrom the need to ex
lude businesses of sole proprietorship given their absen
ein the balan
e sheet database.Figure 1b plots the total net investment over 
apital of the private se
tor ata quarterly frequen
y overlaid with the annual observations from the balan
esheet dataset. While net investment in
reased at the beginning of the sample,it entered a downward traje
tory from 2008 onwards. Aggregate investmentbe
ame so low in 2011 that it was no longer su�
ient to 
ompensate thedepre
iation of the private se
tors' 
apital sto
k, whi
h only started to re
overby the end of 2014. The evolution of the investment series from the balan
e sheetdataset broadly tra
ks the aggregate developments although some dis
repan
iesarise due to di�eren
es in the de�nition of the 
apital sto
k in national a

ountsand �rms' �nan
ial statements as well as the non-exhaustive 
overage of �rmsin the balan
e sheet data outlined above.Due to its broad 
overage of loans in the Portuguese e
onomy, our mat
hedbank-�rm loan dataset has some 
hara
teristi
s that are very di�erent fromthe one employed in the study by AW, whi
h fo
uses ex
lusively on �rms listedin the Japanese sto
k market. The distribution of the number of borrowingrelationships per �rm is strongly skewed to the right in our sample (Figure2a). Almost half of all �rms borrow only from a single bank, whereas the
orresponding number in AW is as low as 2 per
ent. The shape of the �rm-bank distribution in our sample is due to the presen
e of a very large numberof small �rms, whose borrowing needs do not ex
eed the level required to o�setthe 
ost of maintaining additional borrowing relationships. The large shareof small �rms in the overall population of �rms is a general feature of the�rm-size distribution of 
ountries, whi
h 
an be approximated by di�erent
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(a) Number of Borrowing Relationships (perFirm) (b) Number of Borrowing Relationships (perFirm)
(
) Number of Lending Relationships (perBank) (d) Number of Lending Relationships (perBank)Figure 2: Distribution of the Number of Borrowing/Lending Relationships (2013)
lasses of right-skewed distributions (Axtell 2001; Cabral and Mata 2003).The large number of �rms with only one borrowing relationship is potentiallyproblemati
 for the estimation of bank sho
ks, whi
h are mainly identi�edusing the variation of loan growth rates a
ross both banks and �rms. However,the total loan volume is mu
h less 
on
entrated in �rms with only a singleborrowing relationship (Figure 2b). This feature and the 
hara
teristi
s ofthe estimation methodology will allow us to dire
tly apply the de
ompositionframework proposed by AW to our dataset (see Se
tion 4.2 for a detaileddis
ussion).The distribution of the number of �rms per bank in our sample is
hara
terised by a large proportion of banks that lend to a small number of �rms(Figure 2
). About three quarters of banks have lending relations with less than1,000 �rms. This results from the fa
t that many 
redit institutions are small,only a
tive in 
ertain parts of the 
ountry and/or spe
ialised in a parti
ularsegment of a
tivity. However, as one would expe
t the share of these banks inthe total loan volume is relatively small and a

ounts for only about 7 per
ent oftotal lending (Figure 2d). As a 
onsequen
e the 
on
entration in the Portuguesebanking system is very high with an average Her�ndahl index of 0.10, whi
h
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Figure 3: Bank Con
entrationNote: The grey blo
k 
orresponds to the market share of the banks outside the top 10.is even more 
on
entrated than the Japanese �nan
ial se
tor studied by AWwith an average Her�ndahl index of 0.17. In the sample period the marketshare of the 10 largest 
redit institutions has always been above 75 per
ent,and was as high as 80 per
ent in 2012 (Figure 3). The high 
on
entrationof the banking system is an important prerequisite for the ma
roe
onomi

onsequen
es of bank sho
ks. If some banks are su�
iently large relative toothers, then idiosyn
rati
 sho
ks to these institutions will not average out inthe aggregate with a 
on
omitant e�e
t on the aggregate investment rate ofthe e
onomy.4. Estimating Sho
ks to Bank Lending4.1. External ValidityIn this se
tion, we 
onsider the external validity of the bank sho
ks obtainedfrom the de
omposition of loan growth rates. Due to 
on�dentiality issues we
annot dis
uss extreme events at individual banks. Instead we fo
us on theaverage relation between bank sho
ks and variables that are 
ommonly thoughtto a�e
t the bank-lending 
hannel. More spe
i�
ally, we test whether our banksho
k estimates are signi�
antly 
orrelated with proxy variables whi
h havebeen used in previous studies.The most 
ommon proxy variable for the bank-lending 
hannel is the
apital adequa
y ratio, whi
h measures a bank's 
apital relative to its risk-weighted 
redit exposure. In order to prote
t depositors banking regulatorsusually require the 
apital adequa
y ratio to stay above a minimum threshold,



DEE Working Papers 14whi
h is 8% in the 
ase of Portugal. Amiti and Weinstein (2011) and Peekand Rosengren (1997, 2000, 2005) use the 
apital adequa
y ratio as a proxyvariable for the bank-lending 
hannel arguing that banks with low levels of
apital adequa
y were for
ed to 
ut lending in the aftermath of the mostre
ent Japanese sto
k and house pri
e bubble. Hen
e, we would expe
t bankswith low 
apital adequa
y ratios to have more negative bank sho
ks. Similarly,Montgomery and Shimizutani (2009) have suggested that 
apital inje
tions inJapan have 
aused bank lending to rise in re
ipient banks and AW show that
apital inje
tions are indeed positively related to bank sho
ks in Japan. Here,we 
onsider 
hanges in banks' Tier 1 
apital and we expe
t banks with largein
reases in 
apital to have more positive bank sho
ks. Finally, AW 
onsiderdeteriorations in banks' market-to-book value as a proxy for lower bank lending.As very few �rms in Portugal are a
tually listed in the sto
k market, we analysethe banks' return on assets and return on equity in lieu of 
hanges in the market-to-book value. We expe
t banks s
oring poorly in any of the two performan
emeasures to have more negative bank sho
ks.We de�ne banks with a low 
apital adequa
y ratio to be those in the lowestquartile of our sample 
hara
terised by the 
ut-o� CARb,t < 0.1164, whereCARb,t denotes the 
apital adequa
y ratio of bank b at time t. Similarly, lowperforming banks are de�ned to be those in the lowest quartile of our samplein the two performan
e measures, whi
h 
orresponds to ROAb,t < 0% andROE b,t < 1%, where ROAb,t denotes the return on assets and ROE b,t thereturn on equity. Banks with large 
apital in
reases are de�ned to be those inthe top quartile of the Tier 1 
apital growth rate in our sample, whi
h are bankswhose 
apital grows by more than 11.1%. Table 1 shows that the bank sho
ksfrom the de
omposition exer
ise have the expe
ted relation with all four proxyvariables. Banks with low 
apital adequa
y ratios have 
redit supply sho
kswhi
h are about 6 PP more negative than those of the remaining banks, whilefor banks with low ROAb,t and ROE b,t the value is about 6 PP and 4 PPlower, respe
tively. Correspondingly, �rms with large 
apital in
reases have anasso
iated 
redit supply sho
k whi
h is roughly 5 PP more positive than forother banks.In Table A.1 we show that these results are robust to the use of alternativethresholds. When 
onsidering the lowest de
ile for the 
apital adequa
y ratio aswell as the performan
e measures and the highest de
ile for in
reases in 
apital,the 
oe�
ients remain statisti
ally signi�
ant and 
hange as one would expe
t,i.e. they be
ome more negative for the �rst three variables and more positivefor in
reases in 
apital. Overall, the fa
t that our bank sho
k estimates arerelated to the four proxy variables of the bank-lending 
hannel in the expe
tedway reassures us that they provide a meaningful measure of a
tual sho
ksto the 
redit supply of banks. Importantly, while here we examined only asmall number of possible variables that matter for lending, our bank sho
ksen
ompass all sour
es impa
ting on the banks' 
redit supply su
h as individualmistakes and 
omputer errors (Amiti and Weinstein 2013).
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t of Bank Sho
ks on Firm-Level and Aggregate InvestmentDependent Variable: Bank Sho
kb,t (1) (2) (3) (4)Low Capital Adequa
y Ratiob,t -0.0587∗∗∗(0.0190)Large Capital In
reaseb,t 0.0496∗∗∗(0.0182)Low Return on Assetsb,t -0.0552∗∗(0.0216)Low Return on Equityb,t -0.0460∗∗(0.0195)Year �xed e�e
ts Yes Yes Yes YesObservations 997 1314 1128 1128R2 .015 .015 .012 .01Table 1. Validation of Bank Sho
ksNotes: Robust standard errors in parentheses. ***p<0.01, **p<0.05 *p<0.1. We drop thetop and bottom two and a half per
entiles of bank supply sho
ks. The 
apital adequa
yratio is the 
ombined Tier 1 and Tier 2 
apital divided by the banks' risk weighted assets.The regressor in Column 1 is a dummy variable equal to 1 if bank b's 
apital adequa
y ratiois in the lowest quartile of our sample (smaller than 11.6 per
ent). Capital in
reases arede�ned as the growth rate of Tier 1 
apital. In Column 2 the regressor is a dummy variablethat takes the value 1 if the 
apital in
rease of bank b is in the top quartile of our sample(larger than 11.1 per
ent). Return on assets is de�ned as the net in
ome of bank b overits average total assets. In Column 3 the regressor is a dummy variable whi
h equals 1 if abank's return on assets is in the bottom quartile (smaller than 0 per
ent). Return on equityis de�ned as the net in
ome of bank b over its net assets. The regressor in Column 4 theregressor is a dummy variable whi
h equals 1 if a bank's return on equity is in the bottomquartile (smaller than 1 per
ent). All information was taken from bank-level regulatory data
olle
ted by Ban
o de Portugal.4.2. Sensitivity to Number of Bank RelationshipsAW use a dataset 
onsisting of Japanese listed 
ompanies whi
h are mostly largein size and as a 
onsequen
e 98 per
ent of �rms in their sample borrow frommore than one bank. In 
ontrast, most �rms in our dataset are relatively smalldue to the broad 
overage of the Portuguese private se
tor and hen
e 50 per
entof �rms have only one bank relationship.8 The identi�
ation of loan supplysho
ks in AW exploits the variation of �rm borrowing a
ross di�erent banksand therefore requires the existen
e of �rms with multiple bank relationships.However, due to the moment 
onditions the estimator proposed by AW also in8. The high per
entage of �rms intera
ting with a single bank is 
omparable to otherstudies and is as high as 90 per
ent in Khwaja and Mian (2008).
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iple allows for the estimation of �rm and bank sho
ks if the underlyingdataset in
ludes �rms with only a single bank relationship.9In the following, we argue that the empiri
al strategy by AW 
an also beused dire
tly to obtain bank sho
ks in our setting given the parti
ular stru
tureof the dataset under 
onsideration and the 
hara
teristi
s of their proposedestimator. First, note that while half of the �rms in our dataset have only onebanking relationship, their loans a

ount only for 13 per
ent of the total loanvolume of all banks (Figure 2b). Correspondingly, 72 per
ent (57 per
ent) of thetotal loan volume is 
omposed of loans to �rms that intera
t with more than two(three) banks. This is due to the fa
t that �rms with few banking relationshipstend to be small and therefore also less likely to request and obtain large loansfrom their 
redit institutions. Se
ond, in the empiri
al methodology outlinedin Se
tion 2 bank sho
ks are 
omputed using weights that, in the 
ase of thebanks' loan growth, 
orrespond to the �rms' share in total borrowing. As a
onsequen
e �rms with small loan volumes have a relatively minor in�uen
e onthe estimation of the loan supply sho
ks of banks. Combining these two insightsimplies that dire
t estimation of bank sho
ks using our dataset is feasible sin
etheir identi�
ation mainly o

urs via �rms with multiple bank relationships asin AW.In order to empiri
ally assess the impa
t that �rms with few borrowingrelationships have on the estimation of sho
ks to bank lending, we also
omputed bank sho
ks for di�erent sub-samples of our dataset in
luding onlythose �rms with more than one, two or three borrowing relationships. Ingeneral, we �nd that bank sho
ks obtained from these sub-samples are verysimilar to those using the full sample 
on�rming the intuition des
ribed above(Figure 4). The 
orrelation between bank sho
ks estimated using all �rms andthose ex
luding �rms with one banking relationship is 0.96. As more �rms aredropped from the sample, sho
ks to �rm lending are in
reasingly attributedto be bank sho
ks and the 
orrelation with bank sho
ks from the full samplede
reases slightly, but remains generally high.In the subsequent se
tions, we present estimation results using bank sho
ksobtained from the full dataset sin
e this allows us to gauge their e�e
t oninvestment of the maximum number of �rms and also, in parti
ular, of smallones. Nevertheless, our main results also hold if �rms with only one borrowingrelationship are ex
luded even though this redu
es the sample size by abouthalf.
9. A dummy variable estimation approa
h requires �rms to have at least two bankrelationships, as for example in Khwaja and Mian (2008).
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NoBR > 3Figure 4: Correlation between Bank Sho
ks from Di�erent SamplesNotes: NoBR refers to the Number of Borrowing Relationships per Firm. We drop the topand bottom two and a half per
entiles of ea
h variable.4.3. Bank Sho
ks, Firm Sho
ks and Firm-Level Chara
teristi
sThe de
omposition of loan growth rates allows us to 
ompute a time-varyingmeasure of bank sho
ks at the �rm-level by weighting the bank-level sho
ks bythe banks' importan
e in the �rms' loan portfolio:
BankShockft =

∑

b

θfb,t−1β̃bt. (8)In this se
tion, we brie�y examine whether �rm sho
ks and �rm-spe
i�
bank sho
ks vary systemati
ally a
ross �rms with di�erent 
hara
teristi
s. We
onsider two features of the �rms' loan portfolio � the number of borrowingrelationships and the share of loans with short-term maturities (less than ayear) � along with two measures of �rm size � the number of employees andtotal sales. In order to assess the variation of bank and �rm sho
ks a
ross �rms,we 
ompute the mean of the sho
ks as well as �rm 
hara
teristi
s a
ross the



DEE Working Papers 18sample period and run a number of simple linear regressions.10 Our interestis not in 
ausality here, but simply to highlight whether �rms with 
ertain
hara
teristi
s are exposed to smaller or larger sho
ks than the average �rm.Table 2 shows how bank sho
ks 
o-vary with loan portfolio 
hara
teristi
sas well as �rm size. We �nd that all four variables are positively related tobank sho
ks (Column 1 to Column 4), i.e. larger �rms and those with a greaternumber of borrowing relationships and a higher share of short-term maturitiesare more likely to be hit by more positive bank sho
ks. This means that larger�rms, whi
h are likely to borrow from several banks, 
hoose or have a

ess tobanks that ex-post turn out to be able to supply more 
redit to their 
lients.Firms that borrow from an additional bank are on average hit by bank sho
ksthat are 0.007 higher, whi
h in the absen
e of �rm sho
ks would in
rease their
orresponding loan growth rate by 0.7 PP. Similarly, a large �rm with 250employees is on average fa
ed with a bank sho
k that is 0.0065 higher than asmall �rm with 10 employees, 
eteris paribus leading to a rise in loan growthby 0.65 PP. After 
ontrolling for the number of banking relationships and thematurity stru
ture of �rms, larger �rms are a
tually worse o� than smaller�rms (Column 5 and Column 6). This highlights that the bene�t of size a

ruesmainly through the number of banking relationships. For example, large �rms inour dataset also borrow from more spe
ialised 
redit institutions su
h as leasing
ompanies that outperformed the median bank in Portugal in the period underinvestigation.Table 3 presents the result of the 
orresponding analysis for the �rm-borrowing 
hannel. We �nd that all variables � with the ex
eption of the shareof short-term loans � are positively asso
iated with the �rm sho
k (Column 1 toColumn 6). Note that di�eren
es in bank sho
ks a
ross �rms arise ex
lusivelyfrom �rms' bank portfolios, whi
h me
hani
ally translate into di�eren
es in theexposure to sho
ks from di�erent banks. In 
ontrast, di�eren
es in �rm sho
ksmay result from 
hoi
es in the past, di�erential treatment of �rms by banksand a
tive intervention by �rms to redu
e the impa
t of adverse 
redit supplysho
ks. First, the maturity stru
ture of loans modi�es the impa
t of bank sho
kswhi
h is re�e
ted in di�eren
es in the �rm-borrowing 
hannel. Firms that haveto re�nan
e a larger share of their loans in a given year are mu
h more exposedto adverse 
redit supply 
onditions of their banks than those with a highershare of long-term maturities. In addition, �rms with very low 
redit ratingsissue more short-term debt (Stohs and Mauer 1996; Diamond 1991; Bar
lay andSmith 1995) and may be deemed too risky by their banks during a liquiditysqueeze. Se
ond, we �nd eviden
e that banks pass on a smaller share of liquiditysho
ks to larger �rms. This may be related to information asymmetries (Binkset al. 1992), di�eren
es in growth prospe
ts and 
ollateral (Be
k et al. 2008)10. All four independent variables are strongly 
orrelated ex
ept with our measure ofshort-term maturities.
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t of Bank Sho
ks on Firm-Level and Aggregate Investmentand preferential treatment by banks (Albertazzi and Mar
hetti 2010). Third,�rms with more borrowing relationships have a more positive �rm-borrowing
hannel even after 
ontrolling for the maturity stru
ture and the size of �rms(Column 5 and Column 6). This provides eviden
e that �rms may substitutepart of their borrowing towards banks that are less a�e
ted by negative 
reditsupply sho
ks in line with the �ndings by Khwaja and Mian (2008).(1) (2) (3) (4) (5) (6)Dependent Variable:Mean Bank Sho
kf FullSample FullSample FullSample FullSample FullSample FullSampleMean Number of Bank Relationshipsf 0.00792∗∗∗ 0.00885∗∗∗ 0.00936∗∗∗(0.000129) (0.000146) (0.000151)Mean Share of Short-Term Loansf 0.0127∗∗∗ 0.0145∗∗∗ 0.0145∗∗∗(0.000992) (0.000988) (0.000988)Mean Log of Employeesf 0.00202∗∗∗ -0.00277∗∗∗(0.000186) (0.000211)Mean Log of Salesf 0.00118∗∗∗ -0.00283∗∗∗(0.000139) (0.000163)Observations 187628 164478 187628 187628 164478 164478R2 0.0124 0.00142 0.000561 0.000362 0.0165 0.0173Table 2. Bank Sho
ks and Firm-Level Chara
teristi
sNotes: Robust standard errors in parentheses. ***p<0.01, **p<0.05 *p<0.1. We drop thetop and bottom two and a half per
entiles of ea
h variable. Information about the maturityof loans is only available from 2009 onwards.
(1) (2) (3) (4) (5) (6)Dependent Variable:Mean Firm Sho
kf FullSample FullSample FullSample FullSample FullSample FullSampleMean Number of Bank Relationshipsf 0.0213∗∗∗ 0.0104∗∗∗ 0.00583∗∗∗(0.000552) (0.000624) (0.000644)Mean Share of Short-Term Loansf -0.168∗∗∗ -0.164∗∗∗ -0.165∗∗∗(0.00401) (0.00399) (0.00399)Mean Log of Employeesf 0.0333∗∗∗ 0.0267∗∗∗(0.000810) (0.000917)Mean Log of Salesf 0.0302∗∗∗ 0.0266∗∗∗(0.000598) (0.000705)Observations 187628 164478 187628 187628 164478 164478R2 0.00504 0.0143 0.00852 0.0132 0.0247 0.0288Table 3. Firm Sho
ks and Firm-Level Chara
teristi
sNotes: Robust standard errors in parentheses. ***p<0.01, **p<0.05 *p<0.1. We drop thetop and bottom two and a half per
entiles of ea
h variable. Information about the maturityof loans is only available from 2009 onwards.
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ts of Bank Sho
ks on InvestmentIn the subsequent se
tions, �rst, we examine the in�uen
e of bank sho
ks on�rm-level investment (Se
tion 5.1). Se
ond, we investigate whether the 
apitalstru
ture and size of �rms a�e
ts the impa
t that bank sho
ks have on �rm-level out
omes (Se
tion 5.2). Finally, we quantify the e�e
ts of bank sho
ks onaggregate loan and investment dynami
s (Se
tion 5.3).5.1. Baseline ResultsIn order to quantify the e�e
t of bank sho
ks on �rm investment, we use astandard investment regression framework with 
ash �ow and lagged salesgrowth, whi
h is a 
ommonly used proxy for Tobin's Q of unlisted �rms (Whited2006; Bloom et al. 2007; Kaoru et al. 2015). In addition, we always in
lude �rmand year �xed e�e
ts to 
ontrol for unobserved �rm-level 
hara
teristi
s as wellas 
ommon time-varying fa
tors a�e
ting investment in all �rms.Table 4 presents our baseline results along with a number of robustness testsand alternative spe
i�
ations. In line with the literature, we �nd a positiveasso
iation between a �rm's investment and its 
ash �ow and investmentopportunities. In Column 2 we add the bank sho
k, �rm sho
k and industrysho
k from the de
omposition of �rm borrowing.11 Sin
e not all �rms borrowfrom banks to the same extent, the e�e
t that bank sho
ks have on investmentis likely to di�er as a fun
tion of �rms' dependen
e on bank loans. For example,a given bank sho
k will a�e
t �rms that borrow very little from banks relativeto their size mu
h less than �rms that depend almost entirely on bank �nan
ing.In order to a

ount for these di�eren
es in bank dependen
e, we in
ludeintera
tion terms with the mean ratio of bank loans to total assets.12 Column 2of Table 4 shows that the 
oe�
ient on bank sho
ks intera
ted with the meanloan-to-asset ratio is positive indi
ating that a stronger exposure to bank loansis asso
iated with a more pronoun
ed e�e
t of bank sho
ks. We also �nd apositive 
oe�
ient on bank sho
ks entering alone, whi
h means that even �rmswith few bank loans would have �nan
ed more investment proje
ts in theabsen
e of negative sho
ks to their banks' 
redit supply. As expe
ted, boththe �rm borrowing sho
k and its intera
tion with the mean bank-loan-to-assetratio show a positive 
oe�
ient. This implies that the �rm-borrowing 
hannel,for example 
apturing 
hanges in the marginal produ
t of 
apital or 
hanges inthe 
redit worthiness of the �rm, has a strong impa
t on investment whi
h ismore pronoun
ed for �rms whi
h are highly dependent on the supply of bank
redit. Similarly, we �nd a positive 
oe�
ient for the industry sho
k suggesting11. We 
annot separately in
lude the 
ommon sho
k sin
e it does not vary a
ross �rmsand therefore is already absorbed in the year �xed e�e
t.12. Sin
e the mean bank-loan-to-asset ratio is time invariant, we 
annot in
lude itseparately in the regression sin
e it is already absorbed in the �rm �xed e�e
t.



21 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate Investmentthat investment opportunities often arise at the level of parti
ular industries.For example, these might be related to the pri
e of industry-spe
i�
 investmentgoods, or demand and produ
tivity sho
ks that are shared by all �rms withinthe same industry. (1) (2) (3) (4) (5)Dependent Variable:Investmentf,t / Capitalf,t−1

FullSample FullSample Largest�rms NoBR > 1
NoBR > 1
ombinedCash Flowf,t / Capitalf,t−1 0.0260∗∗∗ 0.0257∗∗∗ 0.00385∗∗∗ 0.0381∗∗∗ 0.0258∗∗∗(0.000403) (0.000404) (0.00102) (0.000783) (0.000405)Sales Growthf,t−1 0.0388∗∗∗ 0.0295∗∗∗ 0.00104 0.0251∗∗∗ 0.0290∗∗∗(0.00190) (0.00186) (0.00487) (0.00243) (0.00186)Bank Sho
kf,t 0.146∗∗∗ 0.0396 0.214∗∗∗ 0.157∗∗∗(0.00835) (0.0628) (0.0131) (0.00897)(Bank Sho
kf,t)*(Mean Bank-Loan-to-Asset Ratiof ) 0.147∗∗∗ 0.301∗∗ 0.0758∗∗ 0.145∗∗∗(0.0259) (0.143) (0.0354) (0.0272)Firm Sho
kf,t 0.133∗∗∗ 0.137∗∗∗ 0.172∗∗∗ 0.133∗∗∗(0.00277) (0.0156) (0.00382) (0.00284)(Firm Sho
kf,t)*(Mean Bank-Loan-to-Asset Ratiof ) 0.142∗∗∗ 0.0451 0.130∗∗∗ 0.144∗∗∗(0.0142) (0.0419) (0.0142) (0.0148)Industry sho
kf,t 0.498∗∗∗ 0.141∗∗∗ 0.433∗∗∗ 0.518∗∗∗(0.0293) (0.0545) (0.0398) (0.0304)Fixed E�e
tsYear Yes Yes Yes Yes YesFirm Yes Yes Yes Yes YesObservations 656246 656246 21415 329892 655529R2 0.356 0.388 0.418 0.437 0.389Table 4. Firm-Level InvestmentNotes: Robust standard errors in parentheses. ***p<0.01, **p<0.05 *p<0.1. We drop thetop and bottom two and a half per
entiles of ea
h variable. The mean bank-loan-to-assetratio is de�ned for ea
h �rm as its average ratio of bank loans to assets over the sampleperiod. NoBR refers to the Number of Borrowing Relationships per �rm.Our results strongly support the �ndings by AW in parti
ular due to thefa
t that the datasets di�er 
onsiderably from ea
h other: While AW fo
us onthe set of Japanese �rms listed on the Japanese sto
k ex
hange, our sample
overs almost 200,000 Portuguese �rms, whi
h in large part are relatively smalland unlisted. Although our main �ndings are very similar, AW �nd a negative
oe�
ient on the main e�e
t for bank sho
ks while its intera
tion with themean bank-loan-to-asset ratio is positive. AW argue that negative bank sho
ksmay have a positive impa
t on the investment of �rms that do not rely heavilyon bank loans sin
e they may undertake investment proje
ts of 
ompetitors ifthe latter are short of 
redit (Buera et al. 2014). For 
omparison purposes weattempt to mat
h the sample of AW as 
losely as possible by in
luding only



DEE Working Papers 22the largest �rms in our dataset.13 We repeat the de
omposition exer
ise usingthis sub-sample and in Column 3 we present the results for this additionalanalysis. In this 
ase, we �nd that the 
oe�
ient on bank sho
ks is statisti
allyindistinguishable from zero. This suggests that the di�eren
es in the e�e
ts ofbank sho
ks might be related to di�eren
es in the �rms in
luded in two datasets.Very large �rms may be more likely to bene�t relative to other �rms when
redit 
onditions tighten, while small �rms la
k alternative �nan
ing sour
esand may generally struggle in the presen
e of adverse �nan
ing 
onditions evenif their exposure to bank loans is relatively low. The 
oe�
ients of the remainingvariables do not 
hange sign, but tend to be
ome more similar in magnitude tothe ones obtained by AW. Bank sho
ks intera
ted with the mean bank-loan-to-asset ratio be
ome more important, while �rm sho
ks be
ome less important.Similarly, the 
oe�
ient on industry sho
ks is lower indi
ating that industrydynami
s seem to be slightly less important than for smaller �rms.As dis
ussed in Se
tion 4.2 one potential 
on
ern pertains to the estimationof bank sho
ks using a dataset 
onsisting in large part of �rms with only asingle banking relationship. In Column 4, we repeat the analysis in
luding onlythose �rms intera
ting with at least two di�erent banks.14 We �nd that noneof the 
oe�
ients 
hanges appre
iably despite the fa
t that this interventionredu
es the sample size by about half. The di�eren
es in the 
oe�
ients betweenColumn 2 and Column 4 may derive either from di�eren
es in the sample of�rms in the investment regression or from di�eren
es in the estimated bankand �rm sho
ks. In order to disentangle these two explanations, we 
ombinethe bank sho
ks obtained from the redu
ed sample with the full dataset.15This allows us to leverage the bank sho
k estimates from the sub-sample,whi
h are una�e
ted by the 
riti
ism raised above, and use them with the
omplete dataset due to the fa
t that (most) banks lend to �rms in bothsamples. Column 5 presents the results of this additional analysis whose samplesize is very similar to the one used in our baseline spe
i�
ation in Column 2.Strikingly, none of the 
oe�
ients from this exer
ise is statisti
ally signi�
antlydi�erent from the ones in our baseline spe
i�
ation suggesting that the small13. For this analysis we de�ne the largest �rms to be those in the top three per
entile ofloan volume ea
h year, whi
h gives us a sample size 
omparable to the one by AW.14. Similar results are obtained when dropping �rms with less than three borrowingrelationships.15. Denote the ve
tor of bank sho
ks estimated from the sample ex
luding �rms with onlyone borrowing relationship by BI

t
. For simpli
ity, assume that BI

t
and Bt have the samedimensions. In pra
ti
e, the full sample has on average six banks per year more than thesub-sample, whose bank sho
ks were set to zero. This allows for the 
omputation of �rmsho
ks for the full sample as At = DF

t
−Θt−1B

I

t
, where At is the ve
tor of �rm sho
ks inthe full sample, DF

t
is the ve
tor of loan growth rates of the full sample, and Θt−1 are the�rm-borrowing weights of the full sample. Similarly, �rm-spe
i�
 bank sho
ks are obtainedby pre-multiplying B
I

t
with Θt−1. The normalisation of all variables is then performedanalogously to the one in the full sample.



23 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate Investmentdis
repan
ies between the 
oe�
ients in Column 2 and Column 4 are notrelated to the estimation of bank sho
ks. Overall, these robustness tests providestrong support for applying the de
omposition framework by AW to samplesin
luding �rms with few borrowing relationships, whi
h is a 
hara
teristi
 ofmany mat
hed bank-�rm loan datasets as, for example, in Khwaja and Mian(2008).5.2. Firm HeterogeneityIn this se
tion we investigate whether the e�e
t of bank sho
ks on investmentvaries with the 
apital stru
ture as well as the size of �rms. One hypothesis isthat �rms with a

ess to �nan
ing sour
es other than bank loans might be lesssus
eptible to adverse bank-supply sho
ks. For example, Adrian et al. (2012)provide empiri
al eviden
e on �rms 
ompensating the de
line in bank lendingby in
reasing their borrowing in the bond market. Similarly, a

ess to internalsour
es of 
apital has been shown to shield a�liates of multinational enterprisesfrom the real e�e
ts of 
urren
y and banking 
risis (Klein et al. 2002; Desaiet al. 2008). Given the small size and ownership stru
ture of many Portuguese�rms liabilities towards shareholders may provide another potential sour
e of�nan
ing when external 
apital is s
ar
e (Romano et al. 2001).Table 5 presents the results of intera
ting bank and �rm sho
k variables withthe mean ratio of other loans (i.e. those 
oming from sour
es other than banks),bonds, intra-group loans and liabilities towards shareholders over total assets.The 
oe�
ient on the intera
tion with bank loans is negative and statisti
allysigni�
ant for other loans and debt from shareholders, while the 
oe�
ientsfor bonds and intra-group loans are statisti
ally indistinguishable from zero.Similarly, the 
oe�
ients on the intera
tion of all 
apital stru
ture variableswith the �rm sho
k with the ex
eption of the one for bonds are also negativeand signi�
ant. In terms of their size �rm-spe
i�
 redu
tions in 
redit appear tohave a similar e�e
t to those that are bank-spe
i�
. Overall, �rms with a

ess toalternative sour
es of 
apital seem to be less likely to 
urtail their investmentwhen hit by adverse sho
ks to their borrowing. Firms with a

ess to othersour
es of �nan
ing 
ould either be partially shielded from bank sho
ks sin
ethey generally �nan
e a part of their investment proje
ts in this way or be
ausethey tap these sour
es in
reasingly during �nan
ial distress in the bankingse
tor. In order to di�erentiate between these two possibilities we run anotherset of regressions in
luding intera
tions of the bank sho
k with both 
hanges inother �nan
ing sour
es as well as the lag of a

ess to other �nan
ing sour
es.Table 6 shows that the 
oe�
ients of the intera
tion of both the di�eren
eand the lag of alternative �nan
ing sour
es with the bank sho
k are negativeand signi�
ant with the ex
eption of bond �nan
ing. This suggests that bothme
hanisms shield �rms from a lower 
redit supply in the banking se
tor. First,�rms that have a

ess to alternative �nan
ing sour
es 
an substitute bank loansif ne
essary and are therefore less vulnerable to the 
urtailment of 
redit by



DEE Working Papers 24(1) (2) (3) (4) (5)Dependent Variable:Investmentf,t / Capitalf,t−1

FullSample FullSample FullSample FullSample FullSampleCash Flowf,t / Capitalf,t−1 0.0258∗∗∗ 0.0257∗∗∗ 0.0257∗∗∗ 0.0257∗∗∗ 0.0258∗∗∗(0.000404) (0.000404) (0.000404) (0.000404) (0.000404)Sales Growthf,t−1 0.0296∗∗∗ 0.0295∗∗∗ 0.0296∗∗∗ 0.0296∗∗∗ 0.0296∗∗∗(0.00186) (0.00186) (0.00186) (0.00186) (0.00186)Bank Sho
kf,t 0.152∗∗∗ 0.146∗∗∗ 0.149∗∗∗ 0.159∗∗∗ 0.159∗∗∗(0.00903) (0.00848) (0.00873) (0.00931) (0.00942)(Bank Sho
kf,t)*(Mean Bank-Loan-to-Asset Ratiof ) 0.153∗∗∗ 0.147∗∗∗ 0.150∗∗∗ 0.150∗∗∗ 0.151∗∗∗(0.0264) (0.0261) (0.0261) (0.0260) (0.0263)Firm Sho
kf,t 0.138∗∗∗ 0.133∗∗∗ 0.135∗∗∗ 0.141∗∗∗ 0.142∗∗∗(0.00289) (0.00277) (0.00283) (0.00296) (0.00297)(Firm Sho
kf,t)*(Mean Bank-Loan-to-Asset Ratiof ) 0.148∗∗∗ 0.142∗∗∗ 0.145∗∗∗ 0.145∗∗∗ 0.147∗∗∗(0.0147) (0.0144) (0.0144) (0.0143) (0.0145)(Bank Sho
kf,t)*(Mean Other-Loan-to-Asset Ratiof) -0.104∗∗ -0.0112(0.0485) (0.0573)(Bank Sho
kf,t)*(Mean Bonds-to-Asset Ratiof ) 0.0115(0.0724)(Bank Sho
kf,t)*(Mean Intra-Group-Loan-to-Asset Ratiof ) -0.0824(0.0590)(Bank Sho
kf,t)*(Mean LTS-to-Asset Ratiof ) -0.140∗∗∗ -0.135∗∗∗(0.0400) (0.0472)(Firm Sho
kf,t)*(Mean Other-Loan-to-Asset Ratiof) -0.0917∗∗∗ -0.0334∗∗(0.0130) (0.0156)(Firm Sho
kf,t)*(Mean Bonds-to-Asset Ratiof ) -0.00558(0.0182)(Firm Sho
kf,t)*(Mean Intra-Group-Loan-to-Asset Ratiof ) -0.0565∗∗∗(0.0154)(Firm Sho
kf,t)*(Mean LTS-to-Asset Ratiof ) -0.0989∗∗∗ -0.0831∗∗∗(0.0106) (0.0127)Industry sho
kf,t 0.497∗∗∗ 0.498∗∗∗ 0.498∗∗∗ 0.494∗∗∗ 0.495∗∗∗(0.0292) (0.0293) (0.0293) (0.0293) (0.0293)Fixed E�e
tsYear Yes Yes Yes Yes YesFirm Yes Yes Yes Yes YesObservations 656246 656246 656246 656246 656246R2 0.388 0.388 0.388 0.389 0.389Table 5. Firm-Level Investment - Capital Stru
tureNotes: Robust standard errors in parentheses. ***p<0.01, **p<0.05 *p<0.1.We drop the topand bottom two and a half per
entiles of ea
h variable. The Mean Bank-Loan-to-Asset Ratiois de�ned for ea
h �rm as its average ratio of bank loans to assets over the sample period.The ratios for Other Loans, Bonds, Intra-Group Loans and Liabilities towards Shareholders(LTS) are de�ned analogously.



25 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate Investmenttheir 
redit institutions. Se
ond, a

ess to other �nan
ing sour
es mitigates theimpa
t of adverse bank sho
ks on investment more generally sin
e these �rmsappear to depend less on bank loans for their investments in the �rst pla
e.The 
oe�
ient on the bank sho
k intera
tion with other loans andshareholder debt has the opposite sign and roughly the same magnitude ofthe one for the intera
tion of the bank sho
k with the mean bank-loan-to-asset ratio. This implies that the exposure of �rms' to bank sho
ks derivingfrom one euro of bank debt 
an be o�set by roughly one euro borrowed fromother sour
es. How many �rms do a
tually bene�t from the mitigating e�e
t ofalternative funding sour
es? In our sample, 52% of �rms have a

ess to somekind of other loan and 46% of �rms have liabilities towards their shareholders,while 71% of �rms have at least one of the two on their balan
e sheet. Asone would expe
t, the bond market does not play an important role for themajority of �rms in Portugal and only about 2% of �rms in our sample issuebonds in the Portuguese 
apital market. Out of those �rms with some kind ofother loan, the median �rm has a mean other-loan-to-asset ratio of about 9%and a mean bank-loan-to-asset ratio of 16%. Similarly, out of the �rms withsome kind of shareholder liability, the median �rm has a mean LTS-to-assetratio of 13%, while the mean bank-loan-to-asset ratio stands at 15%. However,a large proportion of �rms in Portugal are almost entirely dependent on bank-�nan
ing16 and hen
e the majority of �rms feels the full brunt of bank sho
kson their investment a
tivities.An additional analysis 
ontributes to the ongoing debate in the literatureon how �rms of di�erent sizes respond to �nan
ial sho
ks. There is someeviden
e that larger �rms are better able to 
ope with de
lines in their banks'
redit supply (Khwaja and Mian 2008; Sharpe 1994). In Se
tion 4.3 we alreadyestablished that large �rms are less likely to be hit by adverse bank sho
ksdue to the 
redit institutions they 
hose to intera
t with. Here, we ask thequestion whether the response of investment to the same bank sho
k di�ersas a fun
tion of �rm size. We use the European Commission's de�nition of�rm size and 
onsider �rms to be large if they employ more than 50 personsand if their annual turnover ex
eeds e 10 million.17 Column 1 and Column 2of Table 7 present the results of regressions in
luding the intera
tion of bankand �rm sho
ks with our two measures of �rm size. The 
oe�
ient on theintera
tion between �rm size and bank sho
ks is negative and signi�
ant forboth measures of �rm size. This means that large �rms 
urtail their investment16. The median �rm in the dataset has a mean bank-loan-to-asset ratio of 14%, while the
orresponding values for other loans and liabilities towards shareholders are as low as 3%and 5%, respe
tively.17. This 
orresponds to the European Commission's threshold for medium-sizedenterprises, whi
h is relatively high given the size of Portugal. This leaves us with 7,678�rms (or 4% of our sample) being de�ned as large when using employment as the thresholdand 4,413 �rms (or 2.4% of our sample) when using total sales.



DEE Working Papers 26(1) (2) (3) (4) (5)Dependent Variable:Investmentf,t / Capitalf,t−1

FullSample FullSample FullSample FullSample FullSampleCash Flowf,t / Capitalf,t−1 0.0258∗∗∗ 0.0257∗∗∗ 0.0257∗∗∗ 0.0257∗∗∗ 0.0258∗∗∗(0.000405) (0.000404) (0.000405) (0.000404) (0.000405)Sales Growthf,t−1 0.0296∗∗∗ 0.0295∗∗∗ 0.0296∗∗∗ 0.0293∗∗∗ 0.0293∗∗∗(0.00186) (0.00186) (0.00186) (0.00186) (0.00186)Bank Sho
kf,t 0.151∗∗∗ 0.146∗∗∗ 0.150∗∗∗ 0.150∗∗∗ 0.155∗∗∗(0.00853) (0.00836) (0.00841) (0.00887) (0.00909)(Bank Sho
kf,t)*(Mean Loan-to-Asset Ratiof ) 0.148∗∗∗ 0.147∗∗∗ 0.145∗∗∗ 0.146∗∗∗ 0.147∗∗∗(0.0260) (0.0260) (0.0258) (0.0258) (0.0259)Firm Sho
kf,t 0.137∗∗∗ 0.133∗∗∗ 0.135∗∗∗ 0.138∗∗∗ 0.143∗∗∗(0.00284) (0.00277) (0.00279) (0.00285) (0.00293)(Firm Sho
kf,t)*(Mean Loan-to-Asset Ratiof ) 0.143∗∗∗ 0.143∗∗∗ 0.141∗∗∗ 0.142∗∗∗ 0.142∗∗∗(0.0143) (0.0143) (0.0141) (0.0141) (0.0142)(Bank Sho
kf,t)*
∆ (Other-Loan-to-Asset Ratiof,t) -0.142∗∗∗ -0.161∗∗∗(0.0413) (0.0436)(Bank Sho
kf,t)*(Other-Loan-to-Asset Ratiof,t−1) -0.101∗∗∗ -0.103∗∗∗(0.0388) (0.0390)(Bank Sho
kf,t)*
∆ (Bonds-to-Asset Ratiof,t) -0.410(0.511)(Bank Sho
kf,t)*(Bonds-to-Asset Ratiof,t−1) -0.0931(0.370)(Bank Sho
kf,t)*
∆ (Intra-Group-to-Asset Ratiof,t) -0.192∗∗∗(0.0515)(Bank Sho
kf,t)*(Intra-Group-Loan-to-Asset Ratiof,t−1) -0.177∗∗∗(0.0554)(Bank Sho
kf,t)*
∆ (LTS-to-Asset Ratiof,t) -0.0972∗∗ -0.142∗∗∗(0.0444) (0.0466)(Bank Sho
kf,t)*(LTS-to-Asset Ratiof,t−1) -0.0631∗ -0.0728∗∗(0.0322) (0.0324)Industry sho
kf,t 0.491∗∗∗ 0.498∗∗∗ 0.495∗∗∗ 0.485∗∗∗ 0.481∗∗∗(0.0292) (0.0293) (0.0292) (0.0293) (0.0292)Fixed E�e
tsYear Yes Yes Yes Yes YesFirm Yes Yes Yes Yes YesObservations 656246 656246 656246 656246 656246R2 0.389 0.388 0.389 0.389 0.389Table 6. Firm-Level Investment - Capital Stru
ture - Changes and LagsNotes: Robust standard errors in parentheses. ***p<0.01, **p<0.05 *p<0.1. We drop thetop and bottom two and a half per
entiles of ea
h variable. The Mean Bank-Loan-to-AssetRatio is de�ned for ea
h �rm as its average ratio of bank loans to assets over the sampleperiod. The main e�e
ts of the 
hanges in and lags of the Other-Loan-to-Asset Ratio, Bonds-to-Asset Ratio, Intra-Group-Loan-to-Asset Ratio and LTS-to-Asset Ratio are also in
ludedin the regression, but omitted in the table due to spa
e 
onstraints.



27 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate Investment(1) (2) (3) (4) (5) (6)Dependent Variable:Investmentf,t / Capitalf,t−1

FullSample FullSample FullSample FullSample FullSample FullSampleCash Flowf,t / Capitalf,t−1 0.0257∗∗∗ 0.0257∗∗∗ 0.0258∗∗∗ 0.0258∗∗∗ 0.0258∗∗∗ 0.0258∗∗∗(0.000404) (0.000404) (0.000404) (0.000404) (0.000405) (0.000405)Sales Growthf,t−1 0.0295∗∗∗ 0.0295∗∗∗ 0.0296∗∗∗ 0.0296∗∗∗ 0.0293∗∗∗ 0.0293∗∗∗(0.00186) (0.00186) (0.00186) (0.00186) (0.00186) (0.00186)Bank Sho
kf,t 0.149∗∗∗ 0.149∗∗∗ 0.162∗∗∗ 0.162∗∗∗ 0.158∗∗∗ 0.158∗∗∗(0.00844) (0.00840) (0.00955) (0.00950) (0.00921) (0.00916)(Bank Sho
kf,t)*(Mean Bank-Loan-to-Asset Ratiof ) 0.147∗∗∗ 0.146∗∗∗ 0.150∗∗∗ 0.150∗∗∗ 0.147∗∗∗ 0.146∗∗∗(0.0259) (0.0259) (0.0262) (0.0262) (0.0258) (0.0258)Firm Sho
kf,t 0.134∗∗∗ 0.135∗∗∗ 0.144∗∗∗ 0.144∗∗∗ 0.145∗∗∗ 0.145∗∗∗(0.00280) (0.00278) (0.00302) (0.00299) (0.00297) (0.00295)(Firm Sho
kf,t)*(Mean Bank-Loan-to-Asset Ratiof ) 0.142∗∗∗ 0.141∗∗∗ 0.146∗∗∗ 0.145∗∗∗ 0.142∗∗∗ 0.141∗∗∗(0.0142) (0.0142) (0.0144) (0.0144) (0.0141) (0.0141)(Bank Sho
kf,t)*(EmployeesLarge) -0.0473∗∗ -0.0565∗∗ -0.0542∗∗(0.0231) (0.0233) (0.0232)(Bank Sho
kf,t)*(SalesLarge) -0.0832∗∗ -0.0929∗∗∗ -0.0879∗∗∗(0.0328) (0.0330) (0.0328)(Firm Sho
kf,t)*(EmployeesLarge) -0.0340∗∗∗ -0.0388∗∗∗ -0.0358∗∗∗(0.00580) (0.00587) (0.00581)(Firm Sho
kf,t)*(SalesLarge) -0.0609∗∗∗ -0.0663∗∗∗ -0.0608∗∗∗(0.00723) (0.00733) (0.00724)Industry sho
kf,t 0.500∗∗∗ 0.500∗∗∗ 0.496∗∗∗ 0.497∗∗∗ 0.483∗∗∗ 0.483∗∗∗(0.0292) (0.0291) (0.0292) (0.0291) (0.0291) (0.0291)Controls for Capital Stru
tureMean No No Yes Yes No NoLags and Di�eren
es No No No No Yes YesFixed E�e
tsYear Yes Yes Yes Yes Yes YesFirm Yes Yes Yes Yes Yes YesObservations 656246 656246 656246 656246 656246 656246R2 0.388 0.388 0.389 0.389 0.389 0.389Table 7. Firm-Level Investment - Firm SizeNotes: Robust standard errors in parentheses. ***p<0.01, **p<0.05 *p<0.1. We drop thetop and bottom two and a half per
entiles of ea
h variable. The Mean Bank-Loan-to-AssetRatio is de�ned for ea
h �rm as its average ratio of bank loans to assets over the sampleperiod. The 
ontrols for the 
apital stru
ture in addition in
lude the following variables.Mean: Intera
tion between the Mean Other-Loan-to-Asset Ratio and Mean LTS-to-AssetRatio with the Bank Sho
k and Firm Sho
k. Lags and Di�eren
es: The lag and �rst di�eren
eof the Other-Loan-to-Asset Ratio and the LTS-to-Asset Ratio intera
ted with the BankSho
k and Firm Sho
k as well as their main e�e
t.less than small �rms when their banks get hit by a 
redit supply sho
k ofthe same magnitude. The same �nding holds true for the intera
tion of the�rm sho
k with �rm size. Large �rms usually have a more diversi�ed 
apitalstru
ture than small �rms, whi
h may explain why they are less a�e
ted byadverse bank sho
ks given our results from the previous paragraphs. Therefore,in Column 3 and Column 4 we 
ontrol for the mean other-loan-to-asset ratioand the mean sharehold-debt-to-asset ratio, and in Column 5 and Column 6 we
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lude lags and �rst di�eren
es of the two variables as 
ontrols instead. We �ndthat the 
oe�
ients of the intera
tion between bank and �rm sho
ks with �rmsize does not 
hange appre
iably when 
ontrolling for the 
apital stru
tureof �rms. In Se
tion 4.3 we do
umented that the �rm-borrowing 
hannel oflarger �rms is usually more positive than for smaller �rms. This resulted fromlonger maturities of their loans, di�erential treatment of �rms by their banksand substitution of borrowing towards less a�e
ted banks. All three fa
tors
ontribute to a more favourable 
redit supply for large �rms, whi
h shieldstheir investments from adverse 
redit supply sho
ks to a 
ertain extent.5.3. Bank Sho
ks and Aggregate Lending and InvestmentOne important feature of the methodology proposed by AW is that it alsoprovides a 
omplete de
omposition of loan growth rates into bank, �rm,industry and 
ommon sho
ks at the aggregate level. Figure 5a presents theaggregate de
omposition results for our quarterly dataset between 2005 and2014.18 The aggregate bank sho
k series is 
hara
terised by two pronoun
ed
ontra
tions during whi
h its values fall below zero indi
ating that larger banksin Portugal were parti
ularly hard hit by idiosyn
rati
 sho
ks in the last de
ade.The two aggregate 
redit supply squeezes 
orrespond to the outbreak of theunexpe
ted freeze of the European interbank market (Iyer et al. 2014) as wellas the onset and peak of the sovereign debt 
risis in Europe with its 
on
urrente�e
ts on bank lending (Popov and van Horen 2013). In the most re
ent periodsupply side fa
tors are beginning to show a re
overy. The variation in theaggregate �rm sho
k series is mu
h lower and overall larger �rms appear tohave fa
ed more benevolent 
onditions than smaller �rms. However, sin
e 2008�rm-spe
i�
 fa
tors have progressively de
reased loan growth in the aggregateinterrupted only by a brief re
overy in 2010.In the following we assess whether the four sho
ks are important forexplaining aggregate loan and investment dynami
s. First, we 
onsider aregression of the aggregate bank, �rm, industry and 
ommon sho
k on thegrowth rate of total loans to the private se
tor (Column 1 of Table 8). All
oe�
ients are statisti
ally indistinguishable from one, whi
h is what one wouldexpe
t sin
e the four sho
ks provide a 
omplete de
omposition of the aggregateloan growth rate in the 
redit registry database and given that the latterhas very similar dynami
s to the loan growth rate of the private se
tor asa whole (Figure 1a). Column 2 presents the results of the same regression withstandardised variables so that the 
oe�
ients of the sho
ks 
an be interpretedin terms of standard deviations. Therefore, a one standard deviation in
reasein the aggregate bank sho
k series leads to an in
rease of the aggregate loan18. We use quarterly instead of annual data and also in
lude the year 2014 in this se
tionsin
e we require a dataset with a larger number of observations in order to perform thesubsequent e
onometri
 analysis.



29 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate Investmentgrowth rate by 0.66 standard deviations. The 
ommon sho
k as well as theaggregate �rm sho
k also have sizeable e�e
ts on loan developments in theprivate se
tor while the industry sho
k appears to be of minor importan
e.Column 3 and Column 4 present the 
orresponding results for a regressionon net investment, whi
h is de�ned analogously to the measure used for the�rm-level analysis. We �nd that the 
oe�
ients of the 
ommon sho
k aswell as the aggregate �rm and bank sho
k are highly signi�
ant. Column 5and Column 6 present the regression results for the growth rate of privateinvestment ex
luding housing, whi
h is a measure of investment more typi
allyused in ma
roe
onomi
 analysis (Figure 5b). The aggregate �rm and bank sho
kboth remain highly signi�
ant for this alternative investment series. Overall,this highlights that granular sho
ks in the banking system have a palpableimpa
t on aggregate investment dynami
s in the Portuguese e
onomy.

(a) Aggregate Bank and Firm Sho
k (b) Growth of Private Investment Ex
l.HousingFigure 5: Aggregate Sho
ks and Growth Rate of Private Investment Ex
ludingHousingIn order to gauge the quantitative importan
e of the four sho
ks inexplaining aggregate loan and investment dynami
s, we perform an R2-de
omposition of the regressions above. If all regressors were un
orrelated,their importan
e would just be the R2-in
rease when adding a parti
ularvariable to any subset of regressors and their 
ontributions would add upto the R2 of the full model. However, sin
e the regressors are 
orrelated itis no longer straightforward to break down the R2 of the full model into
ontributions from individual regressors. In the following we use two di�erentstatisti
al pro
edures, whi
h take the dependen
e on the order of introdu
ingvariables in the regression into a

ount. This is implemented either by averagingover di�erent sequen
es using simple unweighted averages (LMG) as �rstproposed by Lindeman et al. (1980) or alternatively by using weighted averages
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ede
omposition) as suggested by Feldman (2005).19The lower panel of Table 8 presents the results of these two R2-de
omposition methods for the three sets of regressions above. In the regressionon total loan growth (Column 1 and Column 2) the most important fa
torsare 
ommon and �rm sho
ks, whi
h a

ount for around 35 to 38 and 39 to40 per
ent of the aggregate dynami
s, respe
tively. About 15 to 20 per
entof the variation in aggregate loan growth is due to granular sho
ks in thePortuguese banking system. A similar result holds for the 
orresponding R2-de
omposition of the regression on the investment to 
apital ratio (Column 3and Column 4). Here, granular bank sho
ks explain around 18 to 24 per
entof the variation in the data, while about one third ea
h derives fromsho
ks a�e
ting all lending-borrowing relationships and �rm-spe
i�
 sho
ks.Alternatively, when 
onsidering the growth rate of investment, whi
h is more
ommonly used in ma
roe
onomi
s, we �nd that the aggregate bank sho
ka

ounts for 37 to 38 per
ent of its dynami
s, while in this 
ase the 
ommonsho
k and the aggregate �rm sho
k are mu
h less important (Column 5 andColumn 6). Overall, the 
ontributions deriving from granular bank sho
ks inPortugal appear to be a little lower than for the Japanese sample studied byAW, in whi
h 
ase the aggregate bank sho
k explained about 36 and 37 per
entof the variation in loan growth and net investment. Partially, this may be dueto di�eren
es in the frequen
ies of the series under 
onsideration � quarterlyversus annual � in 
ase granular bank sho
ks are more important in explainingmedium-term movements of aggregate variables. Methodologi
al 
onsiderationsaside this suggests that e
onomy-wide fa
tors along with �rm-spe
i�
 sho
ksmay have played a slightly larger role in Portugal in the past de
ade than inJapan. However, on the whole our analysis provides strong eviden
e for theimportan
e of granular bank sho
ks in explaining aggregate �u
tuations andsupports the �ndings by AW for the Japanese e
onomy.

19. All de
ompositions were performed using the R pa
kage relaimpo (Groemping 2006).



31 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate InvestmentDependent Variable: Loan Growtht Investmentt / Capitalt−1 Growth Rate of PrivateInvestment Ex
l. Housingt(1) (2) (3) (4) (5) (6)Common Sho
kt 1.158∗∗∗ 0.715∗∗∗ 0.527∗∗∗ 0.742∗∗∗ -0.107 -0.044(0.124 (0.077) (0.048) (0.067) (0.321) (0.132)Industry Sho
kt 0.597 0.053 0.0282 0.057 4.521∗ 0.265∗(0.690) (0.061) (0.269) (0.054) (2.586) (0.151)Firm Sho
kt 0.944∗∗∗ 0.481∗∗∗ 0.381∗∗∗ 0.440∗∗∗ 1.257∗∗∗ 0.426∗∗∗(0.146) (0.074) (0.046) (0.053) (0.304) (0.103)Bank Sho
kt 0.914∗∗∗ 0.665∗∗∗ 0.434∗∗∗ 0.720∗∗∗ 1.736∗∗∗ 0.840∗∗∗(0.101) (0.074) (0.033) (0.054) (0.275) (0.133)Constant -0.022∗ 0.000 0.018∗∗∗ 0.000 -0.087∗∗∗ 0.000(0.011) (0.040) (0.005) (0.042) (0.028) (0.112)Standardised Variables No Yes No Yes No YesObservations 40 40 40 40 40 40
R2 0.943 0.943 0.938 0.938 0.547 0.547% of TSS LMG PMVD LMG PMVD LMG PMVDCommon Sho
kt 0.376 0.352 0.371 0.378 0.033 0.001Industry Sho
kt 0.019 0.002 0.023 0.002 0.045 0.042Firm Sho
kt 0.401 0.388 0.368 0.322 0.104 0.122Bank Sho
kt 0.146 0.200 0.175 0.235 0.365 0.382Table 8. Aggregate E�e
tsNotes: Robust standard errors in parentheses. ***p< 0.01, **p< 0.05 *p< 0.1. Thesample 
orresponds to the period 2005Q1 to 2014Q4. TSS refers to the total sum ofsquares of the regressions. LMG details the 
ontributions of individual regressors basedon simple unweighted averages (Lindeman et al. 1980). PMVD stands for proportionalmarginal varian
e de
omposition whi
h 
omputes 
ontributions of individual regressorsusing weighted averages with data-dependent weights (Feldman 2005).6. Con
lusionIn this paper, we show that bank sho
ks have a sizeable impa
t on both �rm-level as well as aggregate investment in the Portuguese e
onomy. We do thisby applying the de
omposition framework proposed by AW to a ri
h dataset ofmat
hed bank-�rm loans 
omprising 
lose to 200,000 �rms. In 
omparison toa simple �xed-e�e
ts approa
h the introdu
tion of an adding-up 
onstraint inthe methodology by AW has the advantage of being mu
h more e�
ient andproviding ma
ro-level estimates of bank sho
ks that are 
onsistent with themi
ro-level sho
k de
omposition. While AW 
onsider a sample of large Japanese�rms with multiple bank relationships, we argue that their methodology 
analso be applied to datasets in
luding small �rms with few banking relationships,as long as they represent a small share of the total loan volume of their banks.This insight 
onsiderably widens the appli
ability of the methodology by AWsin
e in most 
ountries the population of �rms 
ontains a large share of small



DEE Working Papers 32�rms with few banking relationships due to the right-skewed nature of the �rmsize distribution (Axtell 2001; Cabral and Mata 2003; Khwaja and Mian 2008).We estimate bank-lending sho
ks, �rm-borrowing sho
ks, industry-levelsho
ks as well as 
ommon sho
ks using a mat
hed bank-�rm loan datasetfor the Portuguese e
onomy for the time period 2005 to 2013. We show thatbank supply sho
ks have a strong and robust e�e
t on �rm-level investmentfor the average �rm in our sample. The broad 
overage of �rms in our mi
ro-dataset provides strong support for the �ndings by AW and makes it possibleto 
onsider how the e�e
t of 
redit supply sho
ks varies a
ross �rms withdi�erent 
hara
teristi
s. Small �rms are found to be mu
h more vulnerableto the adverse impa
t of bank sho
ks on investment mainly for two reasons.First, their bank lending 
ontra
ts mu
h more than for large �rms sin
e theyare less able to substitute their borrowing from other banks. Moreover, theyhave a larger share of short-term maturities and they may be 
onsidered morerisky by their banks than larger �rms. Se
ond, while we �nd that alternative�nan
ing sour
es mitigate the adverse impa
t of bank sho
ks on investment,small �rms are almost entirely bank-dependent and hen
e feel the full brunt ofdisruptions to their banks' 
redit supply.The banking system in Portugal � as in most other 
ountries � is very
on
entrated. The ten largest banks a

ount for more than three quarters ofthe total loan volume in our dataset. This implies that idiosyn
rati
 sho
ksto these institutions do not average out in the aggregate, but 
an have a
onsiderable e�e
t on total lending and hen
e investment. We �nd that granularbank sho
ks a

ount for around 20 per
ent of aggregate loan growth and 20to 40 per
ent of aggregate investment dynami
s in the Portuguese e
onomyat a quarterly frequen
y. The values are slightly lower than for the Japanesesample studied by AW, whi
h suggests that e
onomy-wide fa
tors along with�rm-spe
i�
 sho
ks may have played a slightly larger role in Portugal in thepast de
ade than in Japan. However, on the whole our analysis provides strongeviden
e for the importan
e of granular bank sho
ks in explaining aggregate�u
tuations. Looking to the future, quantifying the relative roles of bank sho
ksand 
ommon sho
ks using data for other e
onomies and episodes is a promisingarea for future resear
h.
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37 The E�e
t of Bank Sho
ks on Firm-Level and Aggregate InvestmentAppendixA.1. Solving the System of Linear EquationsAs dis
ussed in the main text one additional 
onstraint needs to be imposedin order to solve the system of linear equations. We set α1t = 0 and express allequations using matrix algebra:
A
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,where I
−

F
is the F × (F − 1) matrix obtained from deleting the �rst 
olumnof a F × F identity matrix. In order to solve for the unknown bank and �rmsho
ks we 
ombine bank and �rm-level variables as follows

Xt ≡

(

A
−

t

Bt

)

,Dt ≡

(

DF

t

D
B

t

)

,Γt ≡

(

I
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Θt

Φ
−

t
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)

,whereXt is the (F +B− 1)× 1 ve
tor 
olle
ting unknown �rm and bank sho
ksex
ept α1t whi
h was set to zero, Dt is the (F +B)× 1 ve
tor in
luding theloan growth rates of all �rms and banks, and Γt is the (F +B)× (F +B − 1)matrix 
olle
ting all the bank and �rm weights ex
ept those related to α1t. Theabove de�nitions allow us to write the system of equations 
ompa
tly as
ΓtXt = Dt.In this parti
ular 
ase, we 
annot solve the equation by pre-multiplyingby the inverse of Γt, sin
e Γt is not a square matrix. However, the systemis readily solved by any linear equation solver implemented in standardstatisti
al pa
kages or alternatively by pre-multiplying with the Moore-Penrosepseudoinverse Γ

+
t

Xt = Γ
+
t
Dt.Our exposition of the estimation methodology di�ers slightly from the onein AW who express all equations related to the loan growth rates of �rms



DEE Working Papers 38relative to �rm number one and all equations related to the loan growth ratesof banks relative to bank number one. While their approa
h yields identi
alresults to ours, our presentation emphasises that there is nothing spe
ial aboutthis problem and that the imposition of a single 
onstraints (su
h as α1t = 0)is su�
ient to solve the system of linear equations. Regarding implementation,generating a matrix of size (F +B)× (F +B− 1) may pose a problem on some
omputer systems if the �rm and/or bank dimension is very large and sparsematrix 
oding is not available. In these situations the algorithm proposed byAW provides a nifty workaround sin
e it only requires memory allo
ation formatri
es of size (F − 1)× (B − 1).
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t of Bank Sho
ks on Firm-Level and Aggregate InvestmentA.2. Normalisation of Bank and Firm Sho
ksThe �rm and bank sho
ks derived using the methodology outlined in theprevious se
tion are all expressed relative to α1t, i.e. the 
redit demand sho
kof �rm 1. Sin
e this is an arbitrary referen
e point whi
h 
ompli
ates e
onomi
interpretation, we re-express all sho
ks relative to the median �rm sho
k, Āt,and the median bank sho
k, B̄t. De�ne the ve
tor At with the full set of �rmsho
ks and the matrix Φt with the full set of bank-lending weights as
At ≡







α1t...
αFt






,Φt ≡




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ϕ11t . . . ϕF1t... . . . ...
ϕ1Bt . . . ϕFBt






,and re-express the �rm-borrowing sho
k as the di�eren
e between the a
tualsho
k and the median sho
k Ȧt ≡ At − ĀtιF , and similarly the bank-lendingsho
k as the a
tual sho
k less the median sho
k, Ḃt ≡ Bt − B̄tιB. This allowsus to rewrite Equation 4 as

D
B

t
= Bt +Φt−1At

= Ḃt + B̄tιB +Φt−1Ȧt + ĀtΦt−1ιF

= Ḃt +Φt−1Ȧt + (Āt + B̄t)ιB, (A.1)and similarly Equation 5 as
D

F

t
= At +Θt−1Bt

= Ȧt + ĀtιF +Θt−1Ḃt + B̄tΘt−1ιB

= Ȧt +Θt−1Ḃt + (Āt + B̄t)ιF . (A.2)In order to isolate industry sho
ks we de�ne Ãt ≡ Ȧt −medianf∈n(Ȧt),where �rm f is part of industry n. Similarly, de�ne bank sho
ks relative to themedian, but note that B̃t ≡ Ḃt −median(Ḃt) = Ḃt sin
e median(Ḃt) = 0.Finally, we de�ne the F × 1 ve
tor of industry medians Nt 
orresponding tothe F �rms in the sample, whi
h allows us to arrive at the �rm and bankde
ompositions used in the main text
D

F

t
= Ãt +Nt +Θt−1B̃t + (Āt + B̄t)ιF , (A.3)and

D
B

t
= B̃t +Φt−1Ãt +Φt−1Nt + (Āt + B̄t)ιB. (A.4)



DEE Working Papers 40A.3. Additional ResultsDependent Variable: Bank Sho
kb,t (1) (2) (3) (4)Low Capital Adequa
y Ratiob,t -0.0639∗∗(0.0257)Large Capital In
reaseb,t 0.0421∗∗(0.0214)Low Return on Assetsb,t -0.126∗∗∗(0.0295)Low Return on Equityb,t -0.0770∗∗∗(0.0258)Year �xed e�e
ts Yes Yes Yes YesObservations 997 1314 1128 1128R2 .011 .012 .019 .011Table A.1. Validation of Bank-Supply Sho
ks - RobustnessNotes: Robust standard errors in parentheses. ***p<0.01, **p<0.05 *p<0.1. We drop thetop and bottom two and a half per
entiles of bank supply sho
ks. The 
apital adequa
y ratiois the 
ombined Tier 1 and Tier 2 
apital divided by the banks' risk weighted assets. Theregressor in Column 1 is a dummy variable equal to 1 if bank b's 
apital adequa
y ratio is inthe lowest de
ile of our sample (smaller than 9.07 per
ent). Capital in
reases are de�ned asthe growth rate of Tier 1 
apital. In Column 2 the regressor is a dummy variable that takesthe value 1 if the 
apital in
rease of bank b is in the top de
ile of our sample (larger than23.9 per
ent). Return on assets is de�ned as the net in
ome of bank b over its average totalassets. In Column 3 the regressor is a dummy variable whi
h equals 1 if a bank's return onassets is in the bottom de
ile (smaller than -1.2 per
ent). Return on equity is de�ned asthe net in
ome of bank b over its net assets. The regressor in Column 4 the regressor is adummy variable whi
h equals 1 if a bank's return on equity is in the bottom de
ile (smallerthan -8.6 per
ent). All information was taken from bank-level regulatory data 
olle
ted byBan
o de Portugal.
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t of Bank Sho
ks on Firm-Level and Aggregate InvestmentA.4. Summary Statisti
sBy Year Mean SD 1st quartile Median 3rd quartilePer
ent Change in Flow-of-Fundst 0.019 0.062 -0.051 0.018 0.066Investmentt / Capitalt−1 0.034 0.027 0.006 0.035 0.060Per
ent Change of Private Investmentt -0.008 0.093 -0.098 0.019 0.060Common Sho
kt -0.001 0.038 -0.020 0.003 0.016By BankBank Sho
kb,t 0.032 0.288 -0.130 0.000 0.158Capital Adequa
y Ratiob,t 0.282 0.618 0.116 0.156 0.236Growth Rate of Tier 1 Capitalb,t 0.057 0.420 -0.003 0.042 0.111Return on Assetsb,t -0.000 0.067 0.000 0.004 0.009Return on Equityb,t 0.065 2.769 0.010 0.050 0.119By FirmInvestmentf,t / Capitalf,t−1 -0.051 0.396 -0.237 -0.084 0.000Cash Flowf,t /Capitalf,t−1 -0.700 2.122 -0.705 -0.226 -0.030Sales growthf,t−1 0.054 0.345 -0.135 -0.000 0.156Bank Sho
kf,t -0.068 0.115 -0.143 -0.080 0.001Firm Sho
kf,t 0.111 0.550 -0.198 -0.007 0.217Industry sho
kf,t 0.000 0.030 -0.015 0.003 0.020Mean Bank-Loan-to-Asset Ratiof 0.216 0.253 0.072 0.165 0.293Mean Other-Loan-to-Asset Ratiof 0.086 0.132 0.000 0.021 0.120Mean Bond-to-Asset Ratiof 0.040 0.105 0.000 0.000 0.000Mean Intra-Group-Loan-to-Asset Ratiof 0.058 0.117 0.000 0.000 0.060Mean Shareholder-Debt-to-Asset Ratiof 0.106 0.154 0.000 0.033 0.151Employeesf,t 16.5 134.4 3 5 11Salesf,t 1,986,915 34,556,706 111,333 271,016 800,066Table A.2. Firm-Level Summary Statisti
sNotes: The variables are de�ned as follows. By year: Per
ent 
hange in Flow of Fundstis the year-on-year per
ent 
hange in the sto
k of lending of private �nan
ial institutionsto private non-�nan
ial 
orporations. Investmentt/Capitalt−1 is the net investment of theprivate se
tor ex
l. housing in year t divided by the 
apital sto
k of year t − 1. Per
entChange in Private Investmentt is the year-on-year per
ent 
hange in the total investmentof the private se
tor ex
l. housing. Common Sho
kt is the sum of the median �rm sho
kand the median bank sho
k in ea
h year. By bank: Bank sho
kt is the idiosyn
rati
 banksho
k for ea
h bank. Capital Adequa
y Ratiob,t is the 
ombined Tier 1 and Tier 2 
apitaldivided by the banks' risk weighted assets. Growth Rate of Tier 1 Capitalb,t is the year-on-year growth rate of banks' Tier 1 
apital. Return on Assetsb,t is the net in
ome of bank
b over its average total assets. Return on Equityb,t is the net in
ome of bank b over itsnet assets. By Firm: Investmentf,t/Capitalf,t−1 is the ea
h �rm's year-on-year 
hange intangible �xed assets plus depre
iation divided by the �rm's tangible �xed assets in year
t− 1. Cash Flowf,t/Capitalf,t−1 is �rm f 's 
ash �ow divided by its tangible �xed assets inyear t− 1. Sales growthf,t−1 is the lag of �rm f 's per
ent 
hange in sales. Bank Sho
kf,tis the weighted sum of the idiosyn
rati
 bank sho
ks of all banks from whi
h �rm f wasre
eiving a loan in year t− 1. Firm Sho
kf,t is the idiosyn
ra
ti
 sho
k for �rm f . IndustrySho
kf,t is the industry level sho
k of �rm f 's industry. Mean Bank-Loan-to-Asset Ratiofis �rm f 's mean ratio of total bank loans to total assets over the sample period. The ratiosfor Other Loans, Bonds, Intra-Group Loans and Liabilities towards Shareholders (LTS) arede�ned analogously. Employeesf,t is the total number of employees working for �rm f inyear t. Salesf,t is the total revenue of �rm f in year t.
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