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Abstract
We measure the causal effect of negative credit supply shocks on firms’ productivity growth,
systematically exploring the distinction between the effect on technical productivity growth
(TFPQ, the quantity of physical units produced per unit of inputs) and revenue productivity
growth (TFPR, the product of TFPQ and output prices). We show that this distinction matters
because firms respond to financial shocks by re-optimizing both their pricing decisions and
productivity-enhancing activities. We match administrative records on product-level prices and
quantities of goods produced by a large sample of manufacturing firms in Belgium and exploit
quasi-experimental variation in the availability of credit faced by individual firms to separately
estimate the causal effect of negative credit supply shocks on TFPR, TFPQ, and output prices.
Confirming the results of previous empirical studies, we find that TFPR growth declines in
response to credit tightening. Unlike previous empirical work, however, we document that the
short-run effect on TFPR is entirely driven by firms’ output price adjustments, whereas TFPQ
growth is unaffected. Over the long-run, adverse credit market conditions have a negative
impact on TFPQ growth, which is explained by a persistent contraction of firms’ investments
in innovation and technology adoption.
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Introduction

Financial crises are frequently followed by a persistent slowdown in aggregate productivity
growth (Calvo et al. 2006; Huber 2018; Queralto 2019). This has been the case for the
U.S., Europe, and a number of developing countries in the wake of the Great Recession and
subsequent sovereign debt crisis. Motivated by this fact, the literature has begun investigating
how, and to what extent, credit supply contractions can lead to a sustained aggregate growth
slowdown.1 The growing availability of micro-data has spurred a growing body of research
linking the deterioration of financing conditions, such as a credit tightening, to a slowdown
of firm-level productivity growth. The overarching finding of this literature is a negative
relationship between the two that materializes in the wake of a credit supply shock and
endures over time.2
The empirical evidence available so far, however, is inherently inconclusive. Firms can
take various actions to mitigate the effects of financial shocks. Some of these actions—such
as reducing investments in innovation or human capital—can curb firms’ productivity growth
(Bianchi et al. 2019; Anzoategui et al. 2019). Others do not. In particular, the adjustment
of output prices is important margin of response available to firms (see e.g., Gilchrist et al.
2013 and Kim 2018). While price adjustments do not directly affect “technical productivity”
(TFPQ, defined as quantity of physical units produced per unit of inputs; Foster et al. 2008),
they show up in the standard measures of productivity used in the literature. So far, the
inability to observed firm-level output quantities separately from output prices has forced researchers to examine the relationship between financial shocks and a composite of technical
productivity and prices—commonly referred to as “revenue productivity” or TFPR —rather
than focusing on the relationship with technical productivity alone. Because changes in
TFPR reflect unobserved variation in both output prices and technical productivity, it is unclear to what extent the available estimates on the response of firm-level revenue productivity
to financial shocks speak to the technical productivity response of interest.
In this paper, we explore the TFPR-TFPQ bifurcation systematically, both empirically
and theoretically, with a particular emphasis on the role played by firms’ price adjustments
in response to financial shocks. Leveraging rich administrative data from Belgium on producers’ physical outputs and prices, we separately measure firm-level revenue productivity and
technical productivity. We assess the causal impact of credit supply shocks on the growth
rates of TFPR, TFPQ, and prices over different horizons (short-term versus long-term) by
exploiting quasi-experimental variation in the availability of credit faced by individual firms
1

Christiano et al. (2015) offers a taxonomy of possible explanations for the slow recovery after a financial
crisis. Hall (2015), Reifschneider et al. (2015), and Anzoategui et al. (2019) and Queralto (2019) argue that
the drop in productivity may be the result of a decline in productivity-enhancing investments, and thus an
endogenous response to the recession. Schmookler (1966) and Shleifer (1986) emphasize the role of aggregate
demand on the timing of innovation and technology adoption.
2
Duval et al. (2017), Dörr et al. (2018), and Manaresi and Pierri (2018), explore the relationship between
firm-level productivity and credit supply tightening. Levine and Warusawitharana (2019) find evidence that
financial frictions inhibit firm-level productivity growth.
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due to the differential exposure of their lenders to distressed sovereign securities during the
recent European sovereign debt crisis (Bottero et al. 2019).
Our core results highlight the intrinsic relationship between financing, pricing decisions,
and productivity dynamics. We begin by showing that, consistent with the findings of previous empirical studies, a credit supply contraction has an immediate and persistent negative
impact on firm-level revenue productivity growth. However, we demonstrate that the shortrun response of TFPR (one-year window) is entirely driven by a reduction of output prices,
whereas technical productivity is unaffected. In other words, in the aftermath of a credit
contraction, there is strong relationship between financial shocks and firm profitability but no
relationship between financial shocks and (technical) productivity. The bifurcation between
TFPR and TFPQ is robust to various ways of measuring both prices and productivity. The
differential short-run responses of prices and TFPQ is a sensible result. Prices represent a
relatively “easy” margin of adjustment for firms in response to a change in the economic
environment. In contrast, productivity is a slow-moving variable, which gradually evolves
as a result of innovation in production processes, higher human capital accumulation, or
organizational changes (Syverson 2011).
Our analysis also shows that not only do TPFR estimates provide a biased estimate of
the underlying TFPQ response, but it is not even clear a priori what the direction of the
price-bias in the short-run TFPR estimates could be. We document that firms are highly
heterogeneous in their price responses to financial shocks, with the majority of firms lowering
prices, and a smaller group increasing prices.3
The second key finding that emerges from our analysis is that, in spite of the null shortrun effect, over the long-run credit supply shocks have a significant impact on productivity
growth. Both TFPR and TFPQ persistently decline over time for firms more exposed to
a credit tightening. In contrast, the negative short-run effect on prices is short-lived and
eventually reverses. At the same time, we document a gradual, and widening, innovation gap
between firms more and less impacted by the financial shock. This gap explains why we find
no effect of credit shocks on technical productivity in the short-run but sizable negative effects
at longer horizons. The contractionary effects on innovation activity do not immediately
translate into lower productivity growth, but a protracted under-investment over time does
lead to lower productivity growth in the long-run (Bianchi et al. 2019; Anzoategui et al.
2019). These findings offer an explicit link between the availability of financing and firms’
innovation activity that can explain the sluggish aggregate productivity growth following a
financial crisis.
In order to understand the economic forces behind the observed pricing and productivity responses to financial shocks, we analyze our empirical findings through the lens of a
theoretical model designed to illustrate how financial factors affect both firm price-setting
behavior and productivity growth. When financial distress is costly (e.g., bankruptcy or asset
3

These results echo the contrasting evidence offered by previous empirical studies on the direction of the
effect of financial shocks on prices (e.g., Gilchrist et al. 2013 and Kim 2018).
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fire-sales), firms hold liquidity to insure against lower-than-expected cash flows that might
prevent the firm from repaying its obligations, such as debt service and operating costs.
Credit supply shocks exacerbate this risk. A credit tightening increases the probability of
financial distress, as it deprives firms of an important source of working capital, or in the
case of leveraged firms, starves their liquidity holdings by preventing debt roll-over. Firms
can mitigate this adverse effect by increasing revenues or cutting costs, thereby increasing
liquidity. In the model we focus on two key margins of adjustment: pricing and investment
policies.
By lowering prices, firms can increase short-term revenues in order to increase liquidity.
A downward price adjustment, however, comes at the cost of sacrificing short-term profits,
as firms trade off safeguarding against financial distress versus current profits (Hendel 1996).
The relative importance of these two forces determines a firm’s optimal pricing policy, which,
we show, is a non-monotonic function of the severity of the credit shock. Firms respond to a
sufficiently low negative credit shock by lowering prices in order to boost revenues. The price
drop is increasing in the size of the shock, as firms attempt to lower prices further to generate
additional liquidity. A sufficiently large credit shock, however, can substantially increase the
probability of distress for some firms. In this case, the cost of lowering prices (forgone current
profits) exceeds expected benefits (increased expected survival), and the optimal response to
the shock is a price increase. Moreover, the model predicts that the likelihood that a credit
shock triggers a downward price adjustment (rather than an upward adjustment) depends on
the characteristics of the firm. In particular, the model highlights how differences in terms of
asset composition (inventory holdings), strength of financial position, and demand conditions
influence the optimal response to financial shocks.
The other margin of adjustment that we study is a contraction of investments in innovative
activities. Innovation reduces current profits and capitalizes them into future profits via
higher future productivity (Holmstrom 1989; Hall and Khan 2003). Firms react to a credit
supply shock economizing on investments to avoid incurring the immediate cost of financial
distress, thereby sacrificing future growth prospects.
We take these predictions to the data and test them by exploiting cross-sectional variation
in both firm characteristics and exposure to the sovereign crisis. As predicted by the model,
we find that, for firms with a large stock of inventories, a downward price adjustment is
observed, consistent with a fire sale of their inventory stock to raise liquidity (Kim 2018).
The availability of inventories affects the firm’s ability to respond to a shock by decreasing
prices as it can choose to deplete its inventories in order to lower prices and increase sales,
without incurring extra production costs. In contrast, a credit tightening leads firms with a
weak financial position (and low inventory holdings) to adjust prices upward. We measure
the strength of financial position by looking at the share of net liabilities due within one
year from the credit shock. Intuitively, a credit tightening sharply increases the probability
of default of these firms because it prevents them from rolling over their liabilities. We also
show that demand conditions play an important role. Firms facing more elastic demand are
more likely to reduce prices, consistent with the idea that a higher demand elasticity implies
3

larger revenue gains to reducing prices.
Finally, we show that a credit supply contraction translates into a persistent reduction
of investments in innovation (R&D and technology adoption) over the years following the
burst of the sovereign crisis, which, in turn, negatively affects the TFPQ growth over the
same period. The contraction in innovation expenses is evident in the immediate aftermath
of the credit tightening, but, due to the slow-moving nature of productivity, this adjustment
affects firms’ technical productivity growth only over longer horizons as the innovation gap
compounds and widens over time. These findings offer an explicit link between the availability of financing and firms’ innovation activity that can explain why sluggish aggregate
productivity growth endures years after the burst of a financial crisis.
Our paper is directly related to a growing literature that utilizes micro-data to study the
implications of adverse financial shocks on firm-level productivity (e.g., Duval et al. 2017,
Dörr et al. 2018, Manaresi and Pierri 2018, and Levine and Warusawitharana 2019). These
empirical studies find evidence of a negative relationship between revenue productivity and
credit supply conditions, with an emphasis on identifying a causal link between the two. As
in this literature, in this paper we address the identification concern using granular firmbank matched data and quasi-experimental variation in credit supply faced by individual
firms. Where we depart from these papers is in the unusual opportunity to observe output
prices, which allows us to decompose the TFPR response into the separate effects on physical
efficiency and prices. We do so studying both the short- and long-run effects, and providing
evidence regarding the economic mechanisms behind these effects. We highlight that TPFR
estimates provide a biased estimate of the TFPQ response and that, notably, the direction
of the bias is a priori difficult to assess, as it depends on how pricing policies respond to the
shock, which, in turn, depends on the asset and liability composition of the firms affected
by the credit contraction. This implies that the TFPR effect might either understate or
overstate the true impact of credit shocks on TFPQ. Since the lack of data on firm-level
prices makes revenue-based measures ubiquitous, we hope our findings provide guidance
regarding the conditions under which researchers can confidently draw inference on TFPQ
based on TFPR, which appear to hold only over the long-run.4
More broadly, this paper shares a common thread with the growing body of work interested in determining the relationship between financing conditions, productivity growth, and
economic growth. Queralto (2019) documents that financial crises that impair the functioning
of credit markets are associated with a particularly strong contraction in innovation activity
and, in turn, a more pronounced slowdown in aggregate productivity growth. Aghion et al.
(2010) shows theoretically that credit constraints can lead firms to cut R&D spending—and
long-term illiquid investments more broadly—during recessions. Aghion et al. (2012), GarciaMacia (2017), Huber (2018), Anzoategui et al. (2019), and Bianchi et al. (2019) provides supportive empirical evidence of this channel highlighting the link between firm-level productivity
4

We note that the focus of this paper is on the effect of credit supply contractions on productivity growth.
It may be the case that firms respond differently to credit supply expansions, which is an important area of
ongoing research (Mian et al. 2019).
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growth and innovation activity. By linking innovation decisions and financial frictions, this
paper also speaks to the costly external finance literature. This literature finds evidence of
financing constraints but has focused on large public companies and rarely touches upon the
effect of financial frictions on firms innovation decisions. Exceptions are Bond et al. (2005)
and Howell (2017), who provide evidence consistent with financial constraints discouraging
investment in R&D. While the focus on this paper is on firm-level productivity, our analysis
complements the findings of a separate strand of the literature focusing on the possibly large
misallocative effects that credit market disruptions and exacerbation of financial frictions
might bring about (Hsieh and Klenow 2009; Midrigan and Xu 2014; Lenzu and Manaresi
2018; Schivardi et al. 2017).
We are not the first to use micro-data on prices and quantities to quantify the importance
of the distinction between firms’ technical productivity and revenue productivity. For example, the seminal work of Foster et al. (2008), whose theme perhaps mostly closely matches
that of this paper, explores the separate influence of idiosyncratic productivity and demand
on firm survival. The distinction between TFPQ and TFPR has also been emphasized in
a number of other settings including misallocation (Hsieh and Klenow 2009; Haltiwanger
et al. 2018), foreign market participation (Katayama et al. 2009), trade liberalization (Eslava
et al. 2013), learning-by-exporting (Garcia-Marin and Voigtländer 2018), and firm dynamics (Eslava and Haltiwanger 2018), among others. To the best of our knowledge, however,
we are the first to systematically examine the distinction between TFPR and TFPQ when
studying the causal relationship between firms’ productivity and financing conditions, which
we are able to estimate using quasi-experimental variation in banks’ credit supply to individual firms. Our identification strategy allows us to shed light on a particular factor affecting
firm-level productivity – the access to stable sources of funding – effectively addressing the
endogeneity of firms’ financing choices.
Finally, our paper also serves to bridge the finance-productivity literature with an (until now) entirely separate literature focused on the relationship between finance and pricing
policies. This literature has found contrasting empirical evidence on the response of pricing to financial shocks. Borenstein and Rose (1995), Zingales (1998), Busse (2002), Phillips
and Sertsios (2013), and Kim (2018) find a negative relationship between firms’ financial
conditions and price adjustments. Another set of influential empirical studies finds instead
that firms increase prices in response to an exacerbation of financial frictions or higher likelihood of financial distress (Chevalier, 1995a; Chevalier, 1995b; Chevalier and Scharfstein,
1995; Chevalier et al., 1996; Gilchrist et al., 2017). This result is also found in a number
of industry-level studies focusing on business cycle fluctuations (Phillips, 1995; Campello,
2003).5 Our results confirm that it is difficult a priori to sign the effect of negative financial
shocks on firms’ pricing policies. We help reconcile the contrasting effects found in the literature. The ability to “fire sale” inventory to boost sales, we show, can explain the average,
5

Complementing our results on credit supply contractions, Mian et al. (2019) point out that credit supply expansions can also affect prices. They show that credit supply expansions boost non-tradable sector
employment and the price of non-tradable goods by stimulating household credit demand.
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negative response of prices to credit supply shocks (Kim, 2018).6 When the inventory channel
is not available, however, the strength of the firm’s balance sheet determines the direction
of the price response to the shock, as firms with pressing liquidity needs and low inventories
respond by increasing prices.
The paper proceeds as follows. The next section describes the micro-level datasets that
we assemble to conduct our empirical analysis. Section 3 discusses issues related to the
measurement of prices and productivity and illustrates the empirical design that allows us
to identify credit supply shocks from bank balance sheet shocks. Our main results on the
short-run and long-run effects of negative credit supply shocks on productivity and prices are
presented in Section 4. Motivated by our empirical results, Section 5 provides a theoretical
framework for interpreting these results. Section 6 contains more detailed empirical results
designed to illustrate the key mechanisms driving our empirical findings. Section 7 concludes.

2

Data

The main objective of our analysis is to show how credit shocks affect firm outcomes, disentangling the effects on prices and technical productivity. To this end, we construct a
novel product-firm-bank-matched dataset that allows us to separately observe information
on the product-level prices and quantities of the goods produced by individual firms, as
well as detailed accounts of the firms’ assets and liabilities structure. We combine five detailed administrative datasets covering manufacturing firms in Belgium: (a) Firms’ annual
accounts (AA) and value added fiscal (VAT) declarations from the Belgian central balance
sheet office and the tax authorities, respectively; (b) the PRODCOM survey and (c) the
Business-to-Business (B2B) transactions database from the Belgian statistical agency; (d)
corporate credit register records (CCR) and (e) individual bank-balance sheets (BBS) from
the National Bank of Belgium supervisory records.
The granularity of these data allows us to overcome several data limitations of previous empirical studies interested in the finance-productivity nexus. The availability of
firm/product-specific prices enables us to disentangle price differences from technical productivity differences and, thus, to study how financing constraints separately affect each of
the two. The ability to link firms with their lenders, combined with detailed information
about the balance sheets of these lenders, allows us to go beyond the endogenous correlations
between financial conditions, productivity and pricing behavior which are jointly determined
by credit demand and credit supply forces. We exploit quasi-experimental variation in the
availability of credit for individual firms in order to construct firm-specific credit supply
shifters. We use these firm-specific credit supply shifters to quantify the causal relationship
between financing shocks and the firm outcomes of interest.
Below, we briefly elaborate on the relevant aspects of our data and sample selection.
Appendix A provides additional details.
6

The seminal works of Kashyap et al. (1994) and Gertler and Gilchrist (1994) provide evidence of the
importance of inventory management for the response to negative financial shocks.

6

Firm-level information – Belgian corporations featuring limited liability are obliged to
file their annual accounts (AA) – balance sheets and income statements – electronically
to the National Bank of Belgium. We use firms’ AA to measure intermediate inputs use,
capital expenditures and book value of assets (investments in and stock of fixed tangible
and intangible assets), labor utilization, and inventory stock. We also collect a battery of
firm-level balance sheet and income statement items – total assets, firm age, bank leverage
(bank debt over assets), share of total liabilities due (liabilities due within the year over
total liabilities), liquidity (cash over assets), ROA, inventories stock (inventories over sales),
and the number of products produced by the firm. We use these variables as controls in our
regression models and to explore the heterogeneous effects of the credit shock. In order to shed
light on the channels through which credit tightening might affect firm-level productivity, we
also gather information on firms’ investments in fixed intangible assets, which we can break
down into two components: R&D expenditures and expenditures related to the purchase and
utilization of third-party patents (i.e., technology adoption). For each of these measures, we
construct investment rates scaling expenditures by the stock of intangibles in 2009. Using
unique firm identifiers, we merge the AA with firms’ value-added tax declarations (VAT) to
gather detailed information on firm operating revenues.7
Product-level sales and quantities – We collect information on product-level quantities and sales by linking the merged AA-VAT database to the PRODCOM database. The
PRODCOM database collects accurate information on firms’ real activity (value and quantity of production). The survey, administered by the Belgian Statistical Agency, is designed
to cover at least 90% of production value within each NACE 4-digit manufacturing industry
by surveying all Belgian firms with (a) a minimum of 10 employees or (b) total revenue
above 2.5 million euros (European Commission 2014).8 The surveyed firms are required to
disclose product-specific revenues (in euros) and quantities (e.g., volume, kg., m2 , etc.) of all
products sold on a monthly basis, disaggregated at the 8-digit product level(e.g., 10.92.10.30
for “Dog food”, 10.92.10.31 for “Cat food”).9 The availability of product-level prices allows
us to analyze different measures of prices and price indexes that helps us test the robustness
our findings. We return to this point below and in Section 3.1.
Firm-to-firm relationships – The Business-to-Business (B2B) database is a panel of
VAT-ID to VAT-ID transactions among the universe of Belgian firms (Kikkawa et al. 2019).10
We use information on B2B transactions to construct empirical proxies of the price elasticity
7

As detailed in Appendix A, small firms are not obliged to report sales in their AA, so we complement
the AA with the confidential sales measure taken from VAT declarations. For large firms, we cross-check
sales reported in (a) total sales declared to the VAT authority and (b) annual accounts. Across these data
sources, firm-level sales are broadly consistent.
8
The statistical classification of economic activities in the European Community, commonly referred to
as NACE, is the industry standard classification system used in the European Union.
9
The following turnover components are not included; (i) turnover/consumer taxes, (ii) discounts and (iii)
separately charged freight costs.
10
All enterprises in Belgium are assigned unique VAT-IDs and are required to report total yearly sales
exceeding 250 Euro to other VAT-IDs.
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of demand faced by individual firms. Namely, for each firm-year, we look at the importance
of a firm in his customers’ total intermediate purchases, at the length of B2B relationships,
and at the number of direct competitors serving its customers. We return to the discussion
of these proxies in Section 4.
Firm-bank credit relationships – Unique firm-identifiers allow us to merge the firmproduct-level data with the firm-bank records of the Belgian Corporate Credit Registry
(CCR). The CCR, administered by the National Bank of Belgium, provides us with detailed, confidential information on the credit relationships maintained by the firms in our
database with all banks operating under the supervision of the National Bank of Belgium.
We collect data on the outstanding stock of bank debt of each borrower vis-a-vis each
financial institution between January 2006 and December 2014. Debt amounts from the
CCR are recorded at a monthly frequency. To harmonize the CCR records with firms’
annual balance sheets, we average across months and calculate the yearly credit exposure
of a firm across vis-a-vis each lenders in each fiscal year (Creditjbt ) and aggregate these
amounts at the firm-level summing across lending relationships (Creditjt ).11 We measure the
extent and strength of firms’ credit market participation counting the number of active credit
relations between a firm and its lending institutions during year t (Number of relationshipsjt )
and average length of the lending relationships between a borrower and each of its lenders
(Length of relationshipsjt ,).12
Bank balance sheets – The National Bank of Belgium supervisory records provide us
with quarterly accounting information on balance sheets and income statements for each bank
operating in Belgium. As we describe in Section 3, the main variable of interest is the banklevel stock of sovereign securities that experienced significant loss in value after the burst
of the European sovereign crisis: Greece, Ireland, Portugal, Spain, and Italy (GIPSI). Our
empirical models also include the following set of bank-level variables as controls: bank size,
capitalization, retail funding, interbank funding, liquidity, and quality of lending portfolio.
Sample selection and properties of the selected sample – The key event in our study
is the Greek bailout in the second quarter of 2010, which triggered the 2010-2012 European
sovereign debt crisis. We restrict our analysis to a nine-year window around the Greek bailout
event (2006-2014) and apply the following selection rules to our sample. First, we restrict
our attention to firms that appear in the credit registry in the last quarter before the Greek
bailout (2010:Q1). As the following section describes, we do so because the identification of
firm-specific credit supply shocks requires information on firms’ relationships with financial
11

Our measure of bank debt is the balance across four different types of bank debt (term loans, loans
backed by account receivables, and revolving credit lines, and guarantees).
12
Specifically, exploiting the panel dimension of the CCR, we measure the length of the lending relationships between a borrower and each of its lenders – Length of relationshipsjbt – counting the number of
quarters of continuous credit interactions between borrower and lenders (i.e., months with outstanding debt
in
jt =
P the CCR). Then we calculate the firm-level weighted average across lenders as Length of relationships
P
Credit
jbt
Share
of
credit
×
Length
of
relationships
,
where
Share
of
credit
=
/
Credit
jt is
jbt
jbt
jbt
b∈N B
b∈N B
jt

jt

B
the share of debt provided by each lender, and Njt
is the set of lenders of firm j in year t.
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Table 1: Summary Statistics
Panel a: Firm characteristics
Total assetsj
Employeesj
Agej
Bank leveragej
Share liabilities duej
Cashj
ROAj
Number of productsj
Inventoryj
Multiple relationshipsj
Number of relationshipsj
Length of relationships
R&D ratej
Technology adoption ratej
Innovation ratej
Length customer relationshipsj
Customer sharej
Number of direct competitorsj
Customized goodsj
Firms
Firm-year observations

Mean
92.722
215.407
32.401
.210
.347
.064
.022
2.485
.145
.635
2.090
9.748
.062
.290
.351
4.383
.069
27.256
.094

SD
308.623
1123.363
19.044
.205
.236
.083
.113
2.944
.113
.482
1.097
11.239
.212
.933
.948
1.337
.071
27.256
.293

1,017
5,486

Panel b: Credit, Prices, and TFP growth rates
Mean
SD
g(Creditj )
-.153
.580
g5 (Creditj )
-.822;
1.05
∆ln(Pj )
.007
.156
∆5 ln(Pj )
.110
.322
∆ ln(T F P Rj )
.022
.112
∆5 ln(T F P Rj )
.028
.137
∆ ln(T F P Qj )
.016
.188
∆5 ln(T F P Qj )
-.082
.338

Panel c: Lender characteristics
Sovj
.142
Bank Sizej
17.692
Tier1 ratioj
.217
Net interbank liabilities ratioj -.091
Liquidity ratioj
.847
Deposits ratioj
1.594
Bad loans ratioj
.004

Firm-bank relationships

.045
.457
.010
.073
.245
.122
.001

2,057

Notes: In Panel a, all variables are measured at the end of 2009 and vary at the firm-level. Total Assets is firm’s total assets (expressed in million
of Euros). Employees is the number of full time employees (average of the fiscal year); Age is firm age; Bank leverage is bank debt over total assets;
Share liabilities due is (liabilities due within one year - cash)/total assets; Cash is cash/total assets; ROA is return on assets; Number of products is
the number of products produced by the firm, where a product is defined as a combination of 5-digit industry and unit of measurement; Inventory
is inventory of final goods and intermediates over sales; Multiple relationships is a dummy variable that flags firms with multiple active lending
relationships; Number of relationships is the number of active lending relationships between firm and financial intermediaries; Length of
relationships is the average length of lending relationships (measured in quarters); The variables R&D rate, Technology adoption rate, and
Innovation rate are expenditures in R&D, expenditures related to the purchase and utilization of third-party patents, and total intangible fixed
assets, scaled by the stock of total intangible fixed assets in 2009, respectively. Length customer relationshipsj measures the average length (in
years) of relationships with other firms that buy products from the firm. Customer sharej measure the (average) importance of each firm’s sales in
its customers’ goods purchases from other firms. Number of direct competitorsj measures the average number of direct competitors, defined as
firms that belong to the same industry and sell to a firms’ business customers. The dummy variable Customized goodsj flags those firms that sell
custom-made goods (i.e., goods customized to meet the demand of specific buyers). In Panel b, all variables are either short-term growth rates
(2009–2010) or long-term growth rates (2009-2014), and vary at the firm-level. g(Credit) and g5 (Credit) are the growth rate of bank debt. ∆ ln(P )
and ∆5 ln(P ) are the one-year and five-year growth rates of the firm-level price index; ∆ ln(T F P R) and ∆5 ln(T F P R) are the growth rates of
revenue productivity; ∆ ln(T F P Q) and ∆5 ln(T F P Q) are the growth rates of technical productivity calculated as the difference between TFPR
and prices. All growth rates are relative to the levels in 2009. The production function estimation is performed assuming a non-parametric
functional. In Panel c, all variables are firm-level averages of bank balance sheet variables and are measured in 2010:Q1. Sov is the stock of
sovereigns issued by GIPSI countries scaled by total assets; Bank Size is the log of total assets measured in millions of Euros; Tier1 ratio is Tier1
capital over risk-weighted assets; Net interbank liabilities ratio is (interbank liabilities - interbank assets)/total assets; Liquidity ratio is liquid assets
over total assets; Deposits ratio is callable deposits over total assets; Bad loans ratio is bad loans over total assets.
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intermediaries before the event that triggered the sovereign crisis. Second, we keep only
firms that report information on both the value of sales and quantity of their products in
PRODCOM: this restriction is necessary in order to be able to compute output prices. Third,
we drop firms that do not report information on total assets, investments, the wage bill, sales,
intermediate inputs, or inventories during our time window.13 Applying these rules yields a
sample of 1,017 firms and 2,057 firm-bank credit relationships with a total of 5,486 firm-year
observations over the five-year window that begins with the year prior to the Greek bailout.
Table 1 presents summary statistics that describe the characteristics our sample. Panel a
describes the cross-section of firms in our dataset. Panel b focuses on growth rates of the
TFP measures and prices. Panel c looks at lender characteristics. All variables in levels
refer to the end of fiscal year 2009, the year prior to the credit supply shock. Growth rates
are calculated over a one-year (2009–2010) or five-years horizon (2009–2014). Bank-level
variables are reported as firm-level weighted averages of their lenders’ characteristics.

3

Prices and productivity measurement and identification of credit supply shocks

In this section we discuss how we approach the measurement of firm-level prices and estimation of firm-level productivity, as well as discussing our identification strategy for isolating
exogenous variation in credit supply. We leverage the availability of different measures of
firm/product-level prices to decouple technical and revenue productivity. We take advantage
of the availability of firm-bank matched data to construct firm-level credit supply shifters,
which we use to identify the causal impact of financing constraints on productivity and prices.

3.1

Prices and productivity measures

Price measures – Due to the granularity of our data, we are in the unusual position to
observe detailed product-level prices. However, our analysis is conducted primarily at the
firm-level and, therefore, we need to compute a firm-level price index which can meaningfully
measure price changes aggregating across different products. While some weighted average
of product level prices seems a natural candidate, one concern with this simple measure is
that time-series changes of such an index might conflate changes in prices with changes in
the product mix or quality (e.g., a firm might be selling boxes of screws or units of screw
drivers). The PRODCOM database, which contains the value and quantity sold of each
product produced by each firm, allows us to construct three different price measures that
help us address this concern: two at the level of the firm’s main product and one firm-level
price that incorporates all of the firm’s products.
13

The information on inventories management allows us to construct TFP estimates that are based on
output produced, rather than output sold, and it allows us to test the impact of the inventory channel as a
driver of price adjustments.
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Our first measure is the price of the firm’s main product (PM ain,jt ). To construct this
measure, we first sum the value and quantity of sales of all the 8-digit product codes within
each of the firm’s 6-digit product codes. The 8–to–6-digit aggregation is necessary to obtain a
consistent product classification across years because the PRODCOM product classification
system was re-organized in 2008.14 Second, we define products as unique combinations of
6-digit product codes and units of quantity measurement (e.g., volume, kg, etc.) to ensure
unit prices are comparable. We then compute a unit price for each product, Ppjt , dividing
total value by total quantity, where p, j, and t denote product, firm, and time, respectively.
Finally, we select the price of the firm’s main product and use that as our price measure.15
While focusing on the firm’s main 6-digit product avoids much of the potential issues
with aggregating across heterogeneous products, there are still some aggregation involved in
moving from the 8-digit to the 6-digit level. Our second price measure tries to address this
concern. We compute the average price (across all firms) for each 8-digit product code and
scale the firm-level quantities by this average price relative to a numeraire price (the average
price of the 8-digit product with the highest sale). We refer to these prices as Pp−adj,jt . This
procedure has the effect of putting the quantities of each 8-digit product in common units of
the numeraire product. Then, we use the adjusted price of the firm’s main 6-digit product,
which we label PM ain−adj,jt , as our second price-measure.
Our third measure aggregates prices to the firm-level. We compute our firm-level price
index, Pjt , as the revenue-share weighted average of 6-digit level product prices, using adjusted product prices in order to minimize issues related to the aggregation of heterogeneous
P
goods: Pjt = p PPQQp,jt
· Pp−adj,jt .16
jt
Productivity measures – Following Foster et al. (2008), we use the log-difference between estimates of revenue productivity (TFPR) and each of the alternative price measures
described above to construct corresponding measures of physical productivity (TFPQ):
ln(T F P Qjt ) = ln(T F P Rjt ) − ln(Pjt ).

(1)

As we discuss below, this decomposition allows us to exactly partition the effect of a credit
shock on TFPR into the effect of the shock on its components. Adopting the standard
practice in the literature, we estimate firm-level TFPR as a residual from a gross output
production function:
ln(T F P Rjt ) = yjt − f (kit , lit , mit ; γ)
14

See Van Beveren (2012) for a discussion of the re-classification in the context of Belgian firm data.
For each firm, the main product is defined as the 6-digit product code/units of measurement combination
with the highest share of revenues in the year before the Sovereign debt crisis, 2009.
16
This approach is similar in spirit to the one in Amiti et al. (2019), De Loecker et al. (2014), and Dhyne
et al. (2017) employ a similar approach, also using Belgian data. In the robustness analysis of Section 4 we
show that our results are very similar if we use quantity shares as weights to aggregate product-level prices
into a firm-level price.
15
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where yjt denotes the logarithm of firm revenues adjusted by the change in inventory and
deflated with an industry output deflator. ljt , kjt , mjt denote the logarithm of labor, capital,
and intermediate inputs, respectively. f (·) is the log-production function, and Θ is a vector
of structural parameters to be estimated.
We measure labor services using the deflated wage bill and construct a measure of capital
stock from investments in fixed assets (both tangibles and intangibles) following the perpetual
inventory method (Becker and Haltiwanger 2006).17 Intermediate inputs are measured as
the total value of materials and services used in production during a year. We deflate labor,
capital, and intermediate inputs by the corresponding industry-year price deflators. Because
we use expenditures to compute input use, idiosyncratic firm-level variation in input prices
will be captured here as high measured inputs and, in turn, low measured productivity. In
our context, this does not pose a significant threat as long as the growth rate of input prices
is uncorrelated with our measure of idiosyncratic credit supply shocks.
We estimate the production function separately for each 2-digit industry following the
structural approach developed in Gandhi et al. (2017), modeling production the function
f (·) non-parametrically.18 The structural approach in Gandhi et al. (2017) identifies the production function by addressing the simultaneity bias that derives from the correlation between
input choices and unobserved (to the econometrician) productivity (Marschak and Andrews
1944), and it solves the identification problem that affects the estimates of the output elasticities of flexible inputs.19 Importantly, the non-parametric approach to production function
estimation does not impose any restrictions on the elasticity of substitution between different inputs, allowing us to estimate firm-time-specific output elasticities that depend on the
X
= θX (ljt , kjt , mjt ; γ), X =
industry-specific technology and the firm-specific input mix: θjt
{L, K, M }. The elasticity estimates, presented in Table A.2 in the Appendix, highlight
roughly constant returns to scale on average across industries and, at the same time, substantial heterogeneity in firms’ output elasticities.20 The empirical results of our study are
remarkably robust to using alternative approaches to estimate of TFPR, such as performing
17

The perpetual inventory method provides us with a better proxy for capital services than the book value
of fixed assets. Using the total wage bill as a measure of labor services accounts for differences in the quality
of firms’ workforce (see e.g., Fox and Smeets 2011). However, measuring labor using the number of employees
delivers estimates very similar to the ones obtained using the wage bill.
18
The approach in Gandhi et al. (2017) involves an exogenous Markov process for the evolution of productivity. Strictly speaking, to the extent that credit supply affects the evolution of productivity, one should
incorporate measures of credit supply directly into the Markov process in estimation. This approach, used in
Manaresi and Pierri (2018), requires access to a panel of credit supply shocks, as opposed to the cross section
we use here. As described below, in addition to estimating productivity using the approach of Gandhi et al.
(2017), we also recover productivity using standard index-function methods, which do not rely on assumptions regarding the evolution of productivity. The fact that our results are very similar regardless of which
approach we use suggests that this issue is not affecting our results.
19
We provide the details of the estimation routine in Appendix C and refer to Gandhi et al. (2017) for a
more detailed exposition and discussion of its underlying assumptions.
20
In 4 of the 20 industries we were not able to obtain estimates of the production function due to the
lack of observations (firms) for these industries. Since these industries are very small, our subsequent results
are unaffected by whether or not we include them, something we verify using an index-function approach to
measuring productivity, as discussed below.
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the production function estimation assuming a Cobb-Douglas functional form or using a standard index-function approach that uses industry-revenue shares as estimates of gross-output
elasticities.21
Correlation between productivity measures and prices – Table 1, panel b, reports
the mean and standard deviation of the growth rates of prices and productivity measures. Before presenting our identification strategy, it is instructive to examine the correlation between
the raw price and productivity measures.
Table 2 shows their pairwise correlations, both in levels and growth rates (elasticities). A
number of remarks are in order. First, there is a strong positive correlation between TFPQ
and TFPR. Second, there is also a positive relationship between prices and TFPR, but it
is substantially weaker. Based on the relative magnitude of the correlation coefficients in
the first column of Table 2, it is tempting to conclude that this data limitation is of secondorder importance, and, therefore, the elasticity of TFPR to credit shocks is a “sufficient
statistic” for the TFPQ elasticity, as implicitly assumed by previous studies. However, this
observation fails to account for the fact that the relation between TFPQ, TFPR, and the
profit-maximizing price hinges on both demand- and supply-side components. Therefore, the
relevance of the distinction between the TFPQ and TFPR elasticities to financial conditions
is determined by the sign and magnitude of the price elasticity, both in the short- and longrun. Identification of this price elasticity requires variation in financing conditions that is
orthogonal to other factors that simultaneously determine firms’ credit demand. We next
describe our identification strategy that allows us to isolate the necessary exogenous variation
in credit supply.

3.2

Credit supply shocks

Changes in banks’ credit supply are typically correlated with unobservable changes in firms’
credit demand or credit worthiness. Thus, it would be incautious to draw conclusions on the
response of firm outcomes (e.g., productivity and price changes) to supply-side shocks based
on the OLS estimates of the correlation of these outcomes with credit growth. We overcome
this identification challenge by exploiting quasi-experimental variation in the credit supply
faced by individual firms driven by the exposure of their lenders to distressed sovereign
securities in the wage of the recent European sovereign debt crisis. The key event in our
study is the burst of the European sovereign debt crisis triggered by the bailout request
advanced by the Greek government in April 2010. The announcement generated concerns
21
For each 2-digit industry, we compute the average labor and intermediate input revenue shares to form
our estimates of θL and θM . We then back out the capital elasticity θK under constant returns to scale
as θK = 1 − θL − θM . Despite its simplicity and widespread utilization in the literature, the revenue share
approach to measuring of TFPR involves some potentially strong assumptions (e.g., constant returns to scale,
inputs are flexibly chosen, no within-industry heterogeneity in input elasticities). Nevertheless, as we show
in Appendix D, we are able to replicate all our empirical findings using this measure and alternative TFPR
measures.
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Table 2: Correlation between TFPR, TFPQ, and prices
Pairwise correlation with ln(T F P Rj )
Levels
Growth rates
Raw Residual Short-term Long-term
(1)
(2)
(3)
(4)
ln(Pj )
-0.011
0.031
0.023
0.037
[0.282] [0.002]
[0.027]
[0.009]
ln(T F P Qj ) 0.589
0.273
0.333
0.248
[0.000] [0.000]
[0.000]
[0.000]
Firm-year observations: 5,486
Notes: This table shows the pairwise correlation between revenue productivity (TFPR) and prices and TFPR. In column (1) presents the raw
pairwise correlations between the variables in (log) levels. Column (2) presents pairwise correlations between the variables in (log) levels, netting
out the variation explained by industry, time, and time-invariant firm-level components. Column (3) presents pairwise correlations between the
one-year growth rates, netting out the variation explained by industry and time. Column (4) presents pairwise correlations between the five-years
growth rates, netting out the variation explained by industry and time. P-values are reported underneath each correlation in square brackets.

about the health of the Greek economy and the solvency of its sovereign debt.22 Shortly
after the events in Greece, investors began to be concerned with the solvency and liquidity
of the public debt issued by other peripheral European countries, starting with Ireland and
Portugal, and spreading soon thereafter to Spain and Italy (Angelini et al. 2014). Figure
1, panel a, displays the spread between the yield to maturity of 10 year bonds issued by
GIPSI countries (Greece, Ireland, Portugal, Spain, and Italy) and the yield of maturity of
the German 10 year bonds. This spread, which had been low and relatively stable since
the introduction of the Euro, significantly increased following news from Greece and the
subsequent bailout at the end of the first quarter of 2010.23 The sudden change in the risk
profile of government securities issued by GIPSI countries had a direct negative effect on
the balance sheets of banks holding these assets because it decreased the market value of
their assets and reduced the ability of financial intermediaries to use these distress sovereign
securities as collateral in interbank transactions. As shown by Bottero et al. (2019) and
Acharya et al. (2018), banks passed the shock through to their borrowers in the form of a
credit tightening.
Following Bottero et al. (2019), we construct firm-level credit supply shifters exploiting
variation in the presence and importance of firms’ credit relationships with lenders heavily
exposed to distressed sovereign securities. Formally, let Bj be the set of all lenders to firm
j in the pre-bailout period (2010:Q1). We construct a firm-level credit supply shifter as a
22

After the parliamentary elections held in Greece in October 2009, the newly elected government acknowledged significant budget misreporting in previous years and a larger-than-expected fiscal deficit. The
announcement generated concerns about the health of the Greek economy and the solvency of its sovereign
debt. This ultimately forced the Greek government to request, on April 23, 2010, an EU/IMF bailout package
to cover its financial needs for the remainder of the year. In response to these events, Standard & Poor’s
downgraded Greece’s sovereign debt rating to "junk bond" and the yields on Greek government bonds rose
sharply, effectively barring the country’s access to capital markets. See Lane (2012) for a detailed description
of the European sovereign crisis.
23
The turmoil spread to the Belgian sovereign market as well, although to a smaller extent compared to
the sovereign bond market of Southern European countries (see Figure A.1 in the Appendix).
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Figure 1: Sovereign Yield Spread after the Greek Bailout

Notes: 10y Yield Spread with respect to German Sovereigns.

weighted average of the exposure of firm j’s lender to the sovereign shock:
Sovj =

X

ωjb · Sovb

b∈Bj

where ωjb is the share of firm j’s credit received from bank b in the quarter before the Greek
bailout request (2010:Q1), and Sovb is bank b’s pre-bailout holdings of sovereign securities
issued by GIPSI countries scaled by bank b’s risk-weighted assets.24 Table 1, panel c, shows
that in 2010:Q1, the average exposure of Belgian firms to the GIPSI sovereigns was 14 percent,
with a standard deviation of about 4.5 percent. As we discuss later, alternative definitions of
exposure to the sovereign debt crisis provide a comparable picture regarding banks’ exposure
to distress securities and regarding the implications of such exposure for credit supply.

4

The effect of negative financial shocks on productivity and prices

In this section, we analyze the effects of credit shocks on TFPR, TFPQ, and prices. The
empirical investigation is organized into two parts. We first verify that firms’ access to credit
is negatively impacted by their exposure to the sovereign crisis via their lenders. Then, we
24

The strength of our credit supply shocks relies on the stickiness of firm-bank relationships. If firms
can compensate a reduction of credit supply from ongoing lending relationships with more exposed lenders
either by borrowing more from other ongoing relationships with less exposed lenders or by establishing new
relationships, then Sovj would not explain changes in lending patterns. Table 3 shows that the credit supply
shock has strong predictive power on lending, indicating that lenders’ substitution is limited and, in line with
a large body of empirical work (Degryse et al. 2009; Lenzu and Manaresi 2018), lending relationships are
indeed persistent: in 2010, 88 percent of the firm-bank relationships observed in 2009 are still in place, 71
percent in 2012, and 59 percent in 2014.
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estimate the effect on our three main firm-level outcomes of interest – TFPR, TFPQ, and
prices.

4.1

Identification strategy

Using the decomposition in (1), we decouple the growth rate of revenue productivity (TFPR)
driven by technical productivity (TFPQ) growth and price growth:
∆ ln(T F P Rj ) = ∆ ln(T F P Qj ) + ∆ ln(Pj ).

(2)

Taking advantage of the quasi-experimental variation in credit supply driven by firms’ heterogeneous exposure to the sovereign crisis, we separately estimate the causal effects on each
variable. In doing so, we distinguish between short-run and long-run relationships.
We analyze the short-run effects estimating the following reduced-form model:
0

0

0

∆Yj = β · Sovj + Γ1 Xj + Γ2 Kj + Γ3 Zj + iind + ireg + uj ,

(3)

The coefficient of interest, β, measures the causal effect of interest. To facilitate the interpretation of the effects, we de-mean and scale Sovj by its standard deviation. Therefore β
is interpreted as the effect of one standard-deviation difference in the exposure to the credit
shock. By taking first-differences of the left-hand side variables (equation (2)), we soak up
any variation driven by unobserved, time-invariant characteristics of the firms. Equation
(3) is essentially a difference-in-differences design that is augmented with controls and fixed
effects to allow for differential growth rates in the outcome variables.
Following Bottero et al. (2019), we condition on a set of bank controls (Zj ), firm-level
controls (Xj ), firm-bank relationship variables (Kj ), and a set of narrowly-defined industry
fixed effects (iind , NACE 3-digit codes) and region fixed effects (ireg ). By including bank
controls, we control for the fact that a bank’s level of sovereign holdings are correlated with
other bank characteristics (e.g., capitalization and exposure to stability of funding) that, in
turn, might also affect banks’ propensity to lend after the burst of the sovereign crisis.25
The set of firm-level controls absorb variation in firm’s unobservable changes in investment
opportunities and credit demand that may be correlated with their exposure to the sovereign
shock.26 The firm-bank relationship variables allow us to control for the possibility that the
pass-through of banks’ balance sheet shocks to credit supply might differ depending on the
strength of the relationships and that firms with multiple established lending relationships
are in a better position to substitute to other lenders.27 Finally, by restricting the analysis
25

The relationship-specific controls include the average length of credit relationships and the number of
lending relationships. These variables measure the strength of firms’ credit relationships and the overall
intensity of firms’ credit market participation, and are measured before the Greek bailout in 2010:Q1.
26
The battery of firm-level variables includes log assets, log age, leverage (bank debt over assets), liquidity
(cash over assets), ROA, inventories stock (inventories over sales), and the number of products produced by
the firm. All of these variables are measured before the Greek bailout in 2010:Q1.
27
The battery of bank-level controls includes variables capturing size (log assets), funding structure (tier1
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to within industry and within region variation through the inclusion of our detailed fixed
effects, we address the possibility that lenders with high sovereign holdings might specialize
in industries or geographical regions experiencing a more severe contraction of economic
activity.28
The panel version of equation (3) allows us to explore the long-run relationship between
financial shocks, productivity and prices:

∆ τ Yj =

X

0

0

0

βτ · Sovj × 1(τ = 1) + Γ1 Xjτ + Γ2 Kjτ + Γ3 Zjτ + iind×τ + ireg×τ + uj

(4)

τ

where the left-hand-side variable ∆τ Yj now measures the cumulative growth rate of outcome
Y for firm j between year 2009 and 2009 + τ . The Boolean variable 1(τ = 1) takes value one
τ –years from the shock and zero otherwise. The vectors Xjτ , Kjτ , Zjτ are vectors of firm–,
relationship–, and bank–level controls, fully interacted with the time-fixed effects. iind×τ and
ireg×τ are industry-by-year and region-by-year fixed effects.

4.2

Exposure to the sovereign debt crisis and credit availability

We begin by showing that firms exposed to lenders with high holdings of distressed sovereigns
experienced a contraction of credit supply after the burst of the sovereign crisis. We first show
the relationship between credit and banks’ holdings of distressed securities at the aggregate
level. We sort banks into a “High Sovereign” group or “Low Sovereign” group based on
whether their pre-shock (conditional) holdings of GIPSI sovereigns place them above or
below the median. For consistency with the rest of the analysis, we residualize the measure
of bank credit against our set of bank characteristics. Then, we aggregate firm-level credit
growth residuals in two groups: those granted by “High Sovereign” and those granted by
“Low Sovereign” banks, and plot them over time (Figure 2, panel a).29 Overall, we find that,
before the sovereign shock, aggregate credit provided by the institutions with high and low
holdings displays a very similar dynamic (i.e., that they followed parallel trends prior to the
shock). However, after 2009, the two groups start diverging. More exposed intermediaries
cut lending more extensively, while the credit supply of less exposed banks does not react.
Next, we move to the micro data to quantify the effect of bank balance sheets on individual
firms’ access to credit. We begin with the short-run effect by taking equation (3) to the data.
ratio, deposits over risk-weighted assets, net interbank liabilities scaled by risk-weighted assets), liquidity
position (liquidity over risk-weighted assets), quality of lending portfolio (non-performing loans over riskweighted assets). Each of these measures is constructed as a firm-level weighted average of the lender-specific
variables using as weights the share of firm j’s credit received from the bank b in 2010:Q1 (ωjb ). See Bottero
et al. (2019) for more discussion on the relationship between sovereign holdings, bank characteristics, and
credit supply.
28
The country of Belgium is divided into three regions, the Flemish region, the Walloon region, and the
Brussels-Capital Region.
29
The two time series are normalized such that aggregate lending is zero in 2009 for each group. Appendix
D provides a detailed description of the procedure followed to conduct Figure 2, panel a.
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Figure 2: Credit and exposure to the sovereign crisis
Panel a: Aggregate credit (levels)

Panel b: Credit growth and exposure to the sovereign crisis

Panel c: Firm-level credit growth

Notes: Panel a displays the aggregate amount of credit received by firms exposed to lenders with high holdings of sovereigns issued by GIPSI
countries and lenders with low sovereign holdings. See Appendix D for a detailed description of the procedure use to construct this figure. Panel
b displays a binned-scatter plot showing the growth rate of credit, grouping firms according to their lenders’ exposure to GIPSI securities. Panel
SI
c displays the relationship between firms’ exposure to the sovereign crisis (SovGIP
, measured in 2010:Q1) and the growth rate of credit over
j
different time horizons (2006-2013), relative to the period of the Greek bailout.
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The dependent variable in this case is the firm-level growth rate of bank debt between 2009
and 2010, g(Creditj ), which is constructed following Davis et al. (1996).30 Table 3 presents
the estimation results. Standard errors are clustered at the main lender-level to address the
fact that our credit supply shock measure is correlated across firms borrowing from the same
set of lenders (Bottero et al. 2019). Column 1 shows that firms more exposed to lenders with
larger holdings of distressed sovereigns experienced a relative drop in credit availability. This
effect is both statistically and economically significant. On average, a one standard deviation
increase in banks’ holdings of GIPSI sovereign securities corresponds to a reduction in bank
credit of almost 10 percent in the year following the burst of the sovereign crisis. Figure
2, panel b, presents a binned-scatter plot showing that the negative relationship between
exposure to the sovereign crisis and the growth rate of firm credit is monotone and holds
throughout the entire distribution of sovereign exposure, and is not driven by outliers.
Columns 2–4 show that the credit shock did not affect firms’ growth rates of credit equally.
We interact the GIPSI exposure with firms’ leverage and with the share of firms’ net liabilities
outstanding in 2009 (liabilities due within one year minus cash). The negative interaction
terms highlight that firms that entered the crisis with high leverage and, in particular, with a
large share of liabilities coming due experienced a greater contraction of bank credit. These
results suggest that the credit shock affected firms’ real activity not only preventing them
from expanding their balance sheet but also, and mostly, forcing them to shrink it. We will
return to this point in Section 6 when we study how firm policies responded to the negative
credit shock.
A causal interpretation of the estimates in Table 3 relies on the validity of the parallel
trend assumption. That is, absent the sovereign debt crisis, the level of sovereign debt held
by firms’ banks would not have affected the trend in bank credit supplied to firms. While this
assumption is fundamentally untestable, we can provide indirect evidence consistent with its
validity. At an aggregate level, Figure 2 panel a, shows that the stock of credit for the firms
exposed to banks with high and low GIPSI’s sovereign holdings moved similarly prior to the
sovereign debt crisis. The micro-level data also confirm these patterns by estimating the
panel version of equation (3) given by equation (4). Figure 2, panel c reports the estimates
of the coefficients on sovereign exposure at different horizons (βτ ), letting τ vary from -3
to +5. In line with the aggregate patterns presented in panel b, the micro-level coefficients
plotted in panel c show no relationship between credit growth and our measure of exposure to
the sovereign shock prior to the Greek bailout. Importantly, figure 2, panel c also highlights
30

The growth rate, g(Creditj ), is a second-order approximation of the log difference growth rate around
Creditj,P ost −Creditj,P re
0. It is defined as g(Creditj ) = 0.5(Credit
, where Creditj,P ost and Creditj,P re are the average
j,P ost +Creditj,P re )
quarterly credit granted to firm j from 2010:Q2 to 2011:Q2 and from 2009:Q1 to 2010:Q1, respectively.
Relative to the standard log-difference approximation, the growth rate g(Creditj ) has two benefits. First,
it is bounded in the range [-2,2], thus limiting the influence of outliers. Second it accounts for changes in
credit along both the intensive and extensive margins (e.g., g(Creditj ) = −2 if firm j has positive credit in
the Pre period but zero credit in the Post period). We have verified that the effects of sovereign exposure on
credit access are also evident if we focus on the pure intensive margin by measuring credit growth rates as a
log-difference.
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Table 3: Effect of sovereign shock on bank credit

Sovj

(1)
-.121
(.050)

Sovj x Bank Leveragej
Sovj x Share liabilities duej
R2
Observations

.132
1,017

g(Creditj )
(2)
(3)
(4)
-.056 -.022
.010
(.044) (.049) (.047)
-.343
-.268
(.102)
(.085)
-.300 -.241
(.102) (.090)
.146
.148
.156
1,017 1,017 1,017

Notes: In columns (1)–(4), the dependent variable is the firm-level growth rate of credit g(Creditj ). Each regression includes firm-, bank-,
relationship-level controls and industry and region fixed effects. All coefficients of bank-level variables are expressed in z-scores. Standard errors
(in parentheses), are clustered at the main-bank level.

that the reduction in credit driven by lenders’ exposure to the sovereign crisis was rather
transitory in nature as we observe a convergence of firm-level credit to the pre-crisis levels.31
This finding implies that we should interpret the short- and long-run dynamics of prices and
TFP presented in the following section as the short- and long-run response of a transitory
credit supply shock, rather than the result of persistent credit shocks.32
In Appendix D, we provide additional regression analysis demonstrating that credit supply
factors, rather than a contraction of credit demand or a worsening of firms’ credit worthiness, are driving the observed drop in bank credit. In particular, by focusing on firm-bank
relationships, we exploit within-firm variation to estimate a variant of equation (3) that includes firm-fixed effects in order to control for differences in firm-level credit demand. We
find similar results as those presented above in Table 3, supporting idea that the contraction
in credit was due to supply shocks.

4.3

Short- and long-run effects of credit shocks on productivity
and prices

Short-run effects – We now turn to quantifying the effect of a contraction of credit supply
on productivity and prices. We begin by replicating the results of previous empirical studies
in the finance-productivity literature that examine the response of revenue productivity in
the aftermath of a credit tightening. Table 4, panel a, column 1 presents the estimates β̂ from
equation (3). In line with previous findings, we find a statistically significant, and economically relevant, negative relation between negative credit supply shocks and revenue productivity growth (Dörr et al., 2018; Duval et al., 2017; Manaresi and Pierri, 2018). Comparing
two similar firms that operate in the same industry and region, a one-standard deviation
31

In Appendix D, we document that the long-run convergence of firm-level credit to the pre-crisis level is
explained by firms’ ability to gradually replace credit from existing, more exposed lenders with credit from
newer lenders.
32
See Appendix D for additional empirical tests that provide further support of these assumptions and of
the robustness of our findings.
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Table 4: Short-term effect of credit supply shocks on productivity and prices
Panel a: Reduced form regression: Baseline
(1)
(2)
∆ ln(T F P Rj )
∆ ln(Pj )
Sovj
-.018
-.019
(.006)
(.006)
R2
.198
.122

(3)
∆ ln(T F P Qj )
.001
(.009)
.148

Panel b: Reduced form regression: Main product price
(1)
(2)
(3)
(4)
∆ ln(PM ain,j ) ∆ ln(T F P QM ain,j ) ∆ ln(PM ain−adj,j ) ∆ ln(T F P QM ain−adj,j )
Sovj
-.020
.001
-.021
.002
(.007)
(.010)
(.006)
(.014)
R2
.139
.149
.142
.149
Panel c: 2SLS Regression
(1)
∆ ln(T F P Rj )
g(Creditj )
.152
(.057)
Observations

1,017

(2)
∆ ln(Pj )
.156
(.088)

(3)
∆ ln(T F P Qj )
-.005
(.078)

1,017

1,017

Notes: This table estimates the effect of a credit supply tightening on the one-year growth rate of revenue productivity (∆ ln(T F P Rj )), technical
productivity (∆ ln(T F P Qj )), and prices (∆ ln(P ricej )). In panel a, we estimate the reduced-form coefficient measuring the effect of exposure to
the credit shock (Sov j , de-meaned and scaled by its standard deviation) on the one-year growth rate of TFP and prices at the firm-level. In
column (1) the dependent variable is the firm-level growth rate of revenue productivity (∆ ln(T F P Rj )). In columns (2) and (3) the dependent
variables are the growth rate of the firm-level price index (Pj ) and the growth rate of TFPQ measured as the log difference of that price and
TFPR (∆ ln(T F P Qj )). In panel b, we look at the prices of the main product and the corresponding TFPQ measures. In columns (1) and (2) the
dependent variables are the growth rate of the price of the main product (PM ain,j ) and the growth rate of TFPQ measured as the log difference
of that price and TFPR (∆ ln(T F P QM ain,j )). In columns (3) and (4) the dependent variables are the growth rate of the adjusted price of the
main product (PM ain−adj,j ) and the growth rate of TFPQ measured as the log difference of that price and TFPR (∆ ln(T F P QM ain−adj,j )). In
panel c, we report the 2SLS estimates, where the regress the growth rate of credit (g(Credit)) on the growth rate of TFPR, prices, and TFPQ,
instrumenting g(Credit) with the credit supply shifter Sov j . All regressions include a battery of firm-specific, relationship-specific, and
bank-specific controls, as well as industry and region fixed effects. Standard errors (in parentheses), are clustered at the main-bank level.
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difference in the exposure to the sovereign crisis translates into a reduction of 1.8 percent in
firm-level revenue productivity for the more exposed firm.
Next we turn to the main focus of our analysis: the decomposition of the contribution
of the TFPR effect into TFPQ growth and price adjustments. The estimates suggest that
the short-run reduction in revenue productivity is driven entirely by a reduction in prices,
whereas technical productivity is unaffected. Column (2) shows a statistically significant and
economically meaningful average contraction of firm-level prices: Over a one-year window,
a one-standard deviation difference in exposure to the credit shock is associated with a 1.9
percent drop in prices. In contrast, the estimates of the impact of a credit supply shock
on TFPQ show no evidence of an effect of the credit shock on technical productivity over
the short-run, as the estimated effects are both economically negligible and statistically
insignificant (column 3).
As discussed in Section 3.1, the construction of our firm-level price index required us to
take a stand on how to aggregate prices across the products produced by firms. To test
the robustness of our results to this aggregation we re-estimate the effects on prices and
TFPQ using alternative price measures based on the main-product price (Table 4, panel b).
Using both the raw (PM ain,j ) and adjusted (PM ain−adj,j ) prices, we obtain price and technical
productivity responses that are statically equivalent to the ones obtained using the firm-level
price index in panel a.
In order to put these estimates into perspective, we estimate the reduced form elasticity
of productivity and prices to credit. We instrument the growth rate of credit (g(Creditj ))
with our credit supply shock variable and estimate the elasticity of productivity and price
growth to credit supply movements using 2SLS (Table 4, panel c). We find that a 10 percent
decrease in the growth rate of bank credit, driven by a contraction of credit supply, leads
to a 1.5 percent drop in revenue productivity over a one-year horizon. This drop is entirely
explained by a reduction of output prices (1.6 percent), whereas the response of technical
productivity is essentially zero.33
Long-run effects – Our results so far have demonstrated that in the short-run, the credit
supply shock led to a decrease in prices, and therefore TFPR, but there was no associated
change in technical productivity. The fact that, in the short-run, prices adjust but technical
productivity does not respond to a negative credit shock is a sensible result. Prices represent
a relatively easy margin of adjustment for firms in response to a change in the economic
environment. In contrast, productivity is a slow-moving variable, which gradually evolves
as a result of innovation in production processes, higher human capital accumulation, or
organizational changes (Syverson 2011). These considerations suggest that, over the longrun, productivity growth may be diminished by a contraction in credit supply if the credit
tightening has a persistent impact on productivity-enhancing investments, which take time
33

In Appendix E we show that the results in Table 4 are robust to alternative measures of prices and
productivity, including using only single-product firms, computing the firm-level price index using quantity
rather than revenue weights, and using alternative production function specifications (Cobb-Douglas) and
estimation approaches (index number methods).
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Table 5: Long-term effect of credit supply shocks on productivity and prices

Sovj x 1(τ = 1)
Sovj x 1(τ = 2)
Sovj x 1(τ = 3)
Sovj x 1(τ = 4)
Sovj x 1(τ = 5)

R2
Observations

(1)
∆ ln(T F P Rj )
-.018
(.006)
-.034
(.007)
-.023
(.009)
-.033
(.006)
-.034
(.008)
.271
5,486

(2)
(3)
∆ ln(Pj ) ∆ ln(T F P Qj )
-.019
.001
(.006)
(.009)
-.007
-.027
(.010)
(.013)
.021
-.045
(.011)
(.016)
.012
-.045
(.015)
(.017)
.012
-.045
(.014)
(.019)
.155
5,486

.153
5,486

Notes: This table presents the estimates of the effect of a credit supply tightening on the cumulative growth rate of TFP and prices over different
time-horizons. The independent variable is the firm exposure to the sovereign shock (Sovj , de-meaned and scaled by its standard deviation). In
columns (1) and (2) we examine the growth rate of firm-level revenue productivity (T F P Rj ) and firm-level price index (Pj ), respectively. In
column (3) we examine the growth rate of technical productivity. Growth rates are calculated relative to 2009. All regressions include a battery of
firm-specific, relationship-specific, and bank-specific controls, as well as industry-by-year and region-by-year fixed effects. Standard errors (in
parentheses), are double clustered at the main-bank level and the firm level.

Figure 3: Long-run effects of credit supply shock on productivity and prices

Notes: This figure accompany Table 5. The solid line plots the differential growth rate of revenues productivity driven by a one-standard deviation
difference exposure to the credit shock over different horizons. The bars decompose the effect on TFPR growth into the effect of price and TFPQ
growth. Growth rates are calculated relative to the levels in 2009. The confidence bands represent ±1.645 times the standard errors of each point
estimate.
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to manifest.
In order to study the long-term implications of credit supply on productivity we estimate
the panel version (equation 4) of our analysis presented in Table 4, panel a, fully interacting
all of the control variables and fixed effects with time-fixed effects. We use the cumulative
growth rate of TFPR, TFPQ, and prices calculated over different horizons as dependent
variables. Table 5 presents the estimates of β̂τ , letting τ vary from 1 to 5 (β1 reproduces our
results in panel a of Table 4).34 Figure 3 offers a visualization of the empirical estimates.
Our results indicate that revenue productivity persistently declined over time for firms more
exposed to the credit tightening (Figure 3, black line). In contrast to the short-run results,
the slowdown in TFPQ is the driver of the long-run decrease in TFPR (light gray bars).
Starting two years after the credit shock, and particularly so after three years, the growth rate
of technical productivity for firms facing a credit tightening is significantly below the growth
rate of otherwise similar firms that are less affected by the shock. We find that, consistent
with a pass-through of higher financing costs, the prices of the firms most affected by the
shock recover, or even increase, over the long-run relative to less affected firms, although the
long-run price increase is not precisely estimated (dark gray bars).
To summarize, the empirical results in this section suggest that conclusions based on the
revenue productivity response are fundamentally misleading regarding the effect of financial
shocks on technical productivity in the aftermath of a credit contraction. In the short-run,
it completely overstates the effect on productivity as the response of TFPR growth to credit
shocks is driven by price adjustments. Over the long-run, there is a reduction in technical
productivity growth and, if anything, the revenue productivity response understates the true
extent of technical productivity slowdown.
We devote the remainder of this paper to understanding what economic forces can generate the bifurcation between prices and productivity responses to financial shocks. We first
offer additional evidence that highlights a large cross-sectional heterogeneity in firms pricing
response to the credit shock. Then, we propose a theoretical model linking firms’ pricing
behavior and innovation activity to financial conditions. The model offers a number of predictions that highlight the role played by interplay of firms’ assets, liabilities, and demand
conditions in explaining how firms cope with financial shocks. Then in the next section, we
take these predictions to the data and test them by exploiting cross-sectional variation in
firms’ characteristics and exposure to the shock.
34

Standard errors are clustered at the main-bank level and at the firm level to account for correlation in
residuals among firms with common banking relationships and for the autocorrelation of firm-level residuals,
respectively. In addition to the empirical model with firm, time, and region fixed effects, we experimented
with a fully interacted model with industry-by-year and region-by-year fixed effects. The basic results are
unchanged by these alterations in the specification.
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Figure 4: Heterogeneous pricing response to credit shocks

Notes: This figure displays the heterogeneous response of firms’ pricing policies to a negative credit supply shock. It displays the cumulative
distribution of the response of log change in prices for firms with high exposure to the sovereign shock, relative to the average log price response
for firms with low exposure to the shock.

5

A theoretical model of financial shocks, productivity,
and pricing behavior

Cross-sectional heterogeneity in pricing responses to financial shocks — In the
previous section we documented that, on average, firms respond to credit supply shocks by
adjusting prices, driving a wedge between the TFPR and TFPQ response. The average price
response, however, masks substantial heterogeneity across firms. To illustrate this, in Figure
4 we plot the cumulative distribution of the individual-firm price response for those firms
most exposed to the credit supply shock (third tercile of the distribution of Sovj ) relative
to the average price response of similar firms with the lowest exposure (first tercile of the
distribution of Sovj ).35 In line with our previous results, we find that the majority of firms
that are highly exposed to the shock reduce prices relative to less-exposed firms. However,
around a third of the observations respond to the shock by increasing prices, although the
price increases are smaller in magnitude than the price decreases. Moreover, we observe
significant heterogeneity in the price adjustment even among firms that respond to the credit
35

We estimate a discretized version of equation (3) that compares the price change of firms with the
highest exposure to the credit supply shock (third tercile of Sovj ) relative to those with the lowest exposure
(first tercile of Sovj ). On average, firms in the high exposure group reduce prices by 5 percent relative to
firms in the low exposure group. Then, we focus on the high-exposure firms and calculate the marginal
contribution of each observation to the average response of ∆ ln(Pj ) compared to the average ∆ ln(Pj ) of
firms in the control group. We estimate the marginal contribution of each observation to the average effect



˜ −µ̃
Sov
˜ j − µ̃Sov , where Sov
˜ j and
via an influence function: βj = ( σ̃j 2 Sov ) × ∆ ln(Pj ) − µ̃∆ ln(Pj ) − β Sov
Sov
∆ ln(Pj ) are residuals of a regression of firm-, relationship-, bank-level variables and fixed effects on Sovj and
∆ ln(Pj ), respectively. µ̃ and σ̃ 2 are the average and standard deviation of the residuals in the subset
P of firms
with high sovereign exposure. By construction, the sum of each contribution is equal to zero ( j β̄j = 0).
We add back the estimated average effect (β = −0.05) when we plot the distribution of βj in Figure 4.
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Figure 5: Model timeline

Notes: Model timeline.

shock by reducing their prices. This heterogeneity echoes the contrasting empirical evidence
offered by previous studies focusing on the response of firms’ pricing policies to a financial
shock. For example, Borenstein and Rose (1995), Zingales (1998), Busse (2002), Phillips
and Sertsios (2013), and Kim (2018) document downward price adjustments in response to
a deterioration of financial conditions. Another set of influential studies finds instead that
firms increase prices in response to an increase in financial frictions and higher likelihood
of financial distress (Chevalier, 1995a; Chevalier, 1995b; Chevalier and Scharfstein, 1995;
Chevalier et al., 1996; Gilchrist et al., 2017).
In order to understand the economic forces behind the observed pricing and productivity
responses to financial shocks, we analyze our empirical findings through the lens of a theoretical model designed to illustrate how financial factors affect both firm price-setting behavior
and productivity growth. Building on the work of Hendel (1996), we first present a model
that explores the relationship between credit financial shocks and pricing, treating firm-level
productivity as exogenous. The model highlights that the heterogeneity in pricing responses
that we document should not be surprising, as the size and direction of the effect of a financial
shock on firms’ pricing policies is a priori unclear. Then we endogenize productivity growth,
introducing firms’ decisions to invest in productivity-enhancing investments.

5.1

A model with endogenous pricing

Consider a profit-maximizing firm facing downward-sloping demand for its product. Each
period, the firm decides production and pricing in three sequential stages as more uncertainty
is resolved. Figure 5 presents the timeline of the model.
At stage 1, the firm carries over a given stock of inventories I ≥ 0 and debt F ≥ 0
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from the previous period. The debt payment F is due at the end of the period, but firms
expect they can roll it over entirely. Given I and F , the firm has to decide how many units
of input L to acquire in order to produce Q units of output using the following technology
Q = T P F Q · L.36 L is supplied inelastically at a unit-cost of one, which is paid by the firm
at the end of the period (stage 3). The production decision takes place under uncertainty.
The first source of uncertainty stems from demand uncertainty. In particular, firm demand,
conditional on output price is D(P, S) = D(P ) · S, where D0 (P ) < 0 and S ≥ 0 denotes
a demand shifter that is realized at stage 2. The second source of uncertainty stems from
unforeseen cash flow shocks. Firms face a mean-zero revenue shock , realized at stage 3.
At stage 2, demand uncertainty is resolved – i.e., S is realized. At this stage, a firm may
face an unanticipated credit shock, which prevents them from fully rolling over their debt.
In particular, a firm that faces a credit supply shock is unable to roller a fraction λF of
its liabilities, with λ ∈ [0, 1] denoting the severity of the credit tightening. After observing
demand and facing the unexpected credit shock, the firm chooses its optimal pricing strategy
(P ).
At stage 3, the liquidity shock  is realized and sales are collected. The firm pays inputs
and repays the share of debt that cannot be rolled over. The end-of-period cash flows are
given by V3 = P · min{I + Q, D(P ) · S} − λF − L + . A firm survives if the revenues collected
are sufficient to repay all stakeholders (V3 ≥ 0), otherwise it enters a default state. If the
firm survives it collects the continuation period value π > 0. Otherwise the firm collects
the default value π < π. Continuation values capture the present discounted value of future
profits and introduce dynamic considerations in firm behavior. In particular, the difference
in continuation values (∆π = π − π) provides firms with incentives to survive and avoid the
costs of financial distress (e.g., costly bankruptcy litigation or asset fire-sales). Finally, we
assume that at the end of the period, firms recover δ ∈ (0, 1] for each unit of unsold output
(I + Q − D(P ) · S). δ captures the level of sunkness of inventories or, alternatively, the
opportunity cost of using inventories today versus using them in the future.
Pricing decisions – We characterize the optimal pricing decision P ∗ as a function of the
states of the problem (I, F, E) and of the severity of the credit tightening. For simplicity,
we omit the dependence of the optimal price on the states in most of what follows, and add
back the dependence only when it is worth highlighting.
Firms enter stage 2 (the pricing stage) having chosen labor L in stage 1. Given L, the
firm sets its price to maximize profits after observing the realized financial obligations λF :
maxV2 = P · D(P ) · S − λF − L + δ(Q + I − D(P ) · S)
P

s.t.

+∆π · Φ(P · D(P ) · S − λF − L) + π
D(P ) · S ≤ Q + I, P > 0

(5)

We denoted by Φ(·) the cumulative distribution function of the liquidity shock , capturing
36

For simplicity we think of L as a composite input (e.g., “labor-plus-capital-plus-intermediates”).
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Figure 6: Optimal price and probability of default

Notes: Optimal default probability (panel a) and optimal price (P ∗ , panel b) as a function of the severity of the credit tightening (λ).
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the probability of financial distress, and by φ(·) is the corresponding probability density
function. The solution to equation (5) is bounded: P ≤ P ∗ < P̄ . The lower bound P is the
minimum price a firm can set without violating the capacity constraint D(P ) · S ≤ I + Q, i.e.,
it corresponds to the maximum quantity a firm can sell. The upper bound P̄ , we show, is the
static profit-maximizing price. When (5) has an interior solution (i.e., D(P ∗ ) · S < Q + I),
the solution is characterized by the following first-order condition:37
[P − δ] D0 (P ∗ ) · S + D(P ∗ ) · S+
=0
∗
∗
∗
0
∗
∗
∆π · φ(P · D(P ) · S − λF − L) (P · D (P ) · S + D(P ) · S) = 0

(6)

The first term in (6) is the standard optimality condition of a firm facing downward-sloping
demand, in the absence of risk/liquidity considerations. Absent the risk of default, firms act
E
P
as static profit maximizers, and P ∗ = (1+E)
δ := P̄ , where E = D0 (P ) · D
is the elasticity of
demand. The cost of depleting inventories δ plays the role of the marginal cost of production
(which is sunk at stage 2). The cost of financial distress (∆π > 0) makes liquidity valuable and
it introduces a second force driving firms’ pricing decisions, which is captured by the second
term in (6). It represents the increase in the probability of surviving due to an additional
dollar of revenue (φ(P ·D(P )·S −λF −L)) times marginal revenue (P · D0 (P ) · S + D(P ) · S)
times the future benefit of not defaulting (∆π). The second term in (6) is negative, which
implies that P ∗ is lower than the static profit-maximizing price. The intuition for this result is
straightforward. Optimal behavior involves maximizing a combination of current and future
profits. Even in the absence of unexpected financing shocks (λ = 0), firms choose to price
below the static profit-maximizing price, in order to be able to maintain a liquidity buffer
that can be used to cope with for adverse cash flow shocks. The trade-off between maximizing
revenues versus profits is a key force of the model, which ultimately determines firms’ optimal
price response to financial shocks.
The realization of an unanticipated negative credit supply shock (λ > 0) leads firms to
reassess (downward) the probability of survival at their current expected cash flows and, in
turn, to a change in their optimal pricing policy. Importantly, the optimal pricing response
to a credit supply shock is non-monotonic in the size of the shock. Figure 6 offers a graphical
representation of this result, plotting the locus of P ∗ as function of λ. For a sufficiently low
realization of λ, firms respond by lowering prices further, to generate additional revenues to
mitigate this effect. This impact is increasing in the size of the shock λ, as firms lower prices
further to generate additional revenues. However, for a large enough shock, the decrease
in the probability of survival is so substantial that the expected return to survival starts
shrinking relative to the cost of forgoing current profits. At this point, indicated by λ∗ in
Figure 6, firms no longer find it optimal to sacrifice more short-run profits to try to survive
and begin increasing prices towards P̄ . At some point, the optimal price exceeds the price
that the firm would have set in the absence of a credit supply shock (i.e., the price when
37

The Lagrangian of problem (5) is L = P · D(P ) · S − λF − L + δ(Q + I − D(P ) · S) + ∆π · Φ(P · D(P ) ·
S − λF − L) + π + ς(D(P ) · S − I − Q). ς ≥ 0 represents the shadow value of inventories, which is zero for
any interior solution in which the firm’s pricing policies are not constrained by production capacity.
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Figure 7: Optimal price: Comparative Statics
Panel a: High vs low inventory (interior)

Panel b: High vs low inventories (corner)

Panel c: High vs low liabilities

Panel d: High vs low demand elasticity

Notes: In each panel the black line displays the optimal prices P ∗ as a function of the severity if the credit supply shock λ. In each panel, we
perform a separate counterfactual exercise where we change, one at the time, the value of inventories (I), debt (F ), and demand elasticity (E). In
panel a and panel b, we reduce the amount of inventories. In panel c, we increase the amount of debt. In panel d, we make demand less elastic.

λ = 0). We denote this threshold value of λ by λ̃ in Figure 6.
In Appendix B, we prove that the probability that a firm increases (or decreases) price
in response to the shock, is a monotone function of both λ̃(I, F, E) and λ∗ (I, F, E). These
two critical thresholds, in turn, are a monotone function of the states (I, F, E). The lower
the value of λ∗ , the higher the probability that a firm will increase prices, and similarly for
λ̃. We then show that λ∗ is increasing in I, decreasing in F , and increasing in E. These
results are presented graphically in Figure 7.38 The intuition for these results is as follows.
Because production has been committed, the level of inventories affects the firm’s ability to
respond to a shock by decreasing prices as it can choose to deplete their inventories in order
to lower prices and increase sales.39 Firms with low inventories have little room to expand
38

In Figure 7, panels a and b present the comparative static for investment when the capacity constraint is
never binding (panel a) or sometimes binding (panel b). Lower levels of inventories increase the lower bound
P , possibly generating a plateau in the P ∗ locus. For all λ values such that P ∗ = P , problem (5) has a corner
solution.
39
Note that we assume that inventories can only be used for operational purposes – i.e., they can be sold
on the market in response to demand shocks – but they cannot be used to directly cancel financial obligations
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sales by lowering prices. Therefore, ceteris paribus, a firm with low inventories is more likely
to increase prices in response to the shock. The amount of debt due determines the severity of
the effects of a credit tightening. A firm with a weaker financial position will be more affected
by a shock. Firms with high F facing a sufficiently small shock respond cutting prices very
aggressively. However, larger credit shocks impair the chances of survival of highly indebted
firms, leading them to increase prices. The elasticity of demand also plays an important role
as it affects firm incentives to lower prices. The more elastic is the demand, the larger the
revenues that can be collected by lowering prices (or the greater the revenue loss in case of a
price increase), and therefore the greater the incentives to lower prices in response to a credit
shock.
The following proposition, formally proved in Appendix B, summarizes the observations
above:
Proposition 1. The optimal price response to a negative credit supply shock is a nonmonotonic function of the severity of the shock, with some firms increasing and some decreasing prices. This implies that the optimal price response to a credit shock is a price
decrease for some firms and a price increase for other firms. The probability of responding
by decreasing prices is increasing in initial inventories, strength of financial position, and
elasticity of residual demand.
Proof. See Appendix B.
As discussed above, the probability that a firm decreases price in response to the shock
is monotone and increasing in λ∗ (I, F, E). Thus Proposition 1 is equivalent to the following:
∗
∗
∂λ∗ (I,F,E)
> 0; ∂λ (I,F,E)
< 0; ∂λ (I,F,E)
> 0.
∂I
∂F
∂E

5.2

A model with endogenous pricing and innovation

We now endogenize productivity growth, allowing firms to invest in productivity enhancing
activities N , or simply innovation. The decision of how many resources to devote to innovation is made simultaneously with the pricing decision. Innovation is valuable to a firm
because it increases its continuation value. That is, π = π(N ) with π 0 > π 0 > 0.40 This
modeling choice captures the salient feature of innovation decisions, which is that, by and
large, the benefits from adopting a new technology are flow of benefits which are received
throughout the life of the acquired innovation (Holmstrom 1989; Hall and Khan 2003).41
or as collateral for additional credit. Moreover, because the credit shock is unexpected, one should think of
inventories as a means to avoid product stock-out when demand conditions are favorable (Wen 2011; Kim
2018), rather than as an hedge against adverse financial shocks.
40
The assumption that the return to innovation is lower in the default state (π 0 > π 0 ) is justified by
empirical evidence showing that firms in financial distress are often forced to liquidate their most valuable
intangible assets to satisfy stakeholders’ claims (Ma et al. 2019).
41
Holmstrom (1989) points out that innovation, unlike routine tasks that generate quick returns, is inherently a long-term, risky, and idiosyncratic process that entails great patience.
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The dependency of the continuation value on innovation captures the empirical finding, documented and discussed in Section 4, that innovation affects the firm’s future (but not current)
technical productivity.
Innovation decisions – The first-order condition characterizing firm pricing policies is
similar to (6). The key difference is that N also enters the argument of φ(·), thereby negatively
affecting the chances of survival. The first-order condition characterizing optimal investment
behavior is the following:
∆π 0 · Φ(P · D(P ) − λF − L − N ) + π 0 = 1 + ∆π · φ(P · D(P ) − λF − L − N )

(7)

The firm chooses investment to equalize the marginal benefit (∆π 0 ·Φ+π 0 ) to the marginal
cost (1+∆π·φ) of innovation. Under a condition regarding the relative slopes of the difference
in continuation values and the density of the liquidity shock , the solution to this first-order
condition is characterized by the following proposition.42
Proposition 2. Investments in innovation decrease with the severity of the credit supply
shock (∂N ∗ /∂λ < 0).
Proof. See Appendix B.
Innovation reduces current profits and capitalizes them into future profits (via higher
future productivity). Firms react to a credit supply shock economizing on investments to
avoid incurring the immediate cost of financial distress, thereby sacrificing future growth
prospects.43

6

Economic channels

We use the theoretical discussion above to guide the empirical analysis into the economic
channels that can rationalize the short-run price response and the long-run productivity
response to a credit shock documented in Section 4. We first shed light on the short-term
response of prices, then we stretch the horizon and focus on the drivers of the long-run
productivity slowdown.
0

∗

0

∗

(N )
φ (N )
Formally the condition is ∆π
∆π(N ∗ ) > φ(N ∗ ) . This condition implies that the marginal benefit of innovation
is always decreasing faster than the marginal cost of innovation in response to a credit supply shock λ. What
this requires is that the marginal benefit of innovation is sufficiently steep for low levels of innovation. See
Appendix B for more details.
43
An alternative way to reduce costs and strengthen the liquidity position is the liquidation of tangible
assets, such as buildings, machinery, and real estate. Estimates from the literature suggest, however, a high
degree of irreversibility of these assets (Cooper and Haltiwanger 2006), possibly caused caused by a lack of
liquidity of the secondary markets for this type of capital goods,. This irreversibility acts as another form of
adjustment costs, especially when other firms in the same industry (the potential buyers of these assets) also
experience low demand or financial difficulties (Shleifer and Vishny 1992).
42
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Table 6: Short-term effect of credit supply shocks on prices: Channels
(1)
Sovj
Sovj × Inventoryj

[A]

-.012
(.007)
-.051
(.027)

Sovj × Share liabilities duej

(2)

(3)
(4)
∆ ln(Pj )
-.027 -.023 -.024
(.009) (.009) (.007)

.028
-.001
(.018) (.020)
.040
(.023)

Sovj × Share liabilities due2j
Sovj × High Default Riskj
Sovj × Inventoryj
× Share liabilities duej
Sovj × Inventoryj
× High Default Riskj
R2
Observations

(5)

(6)

-.042 -.024
(.014) (.008)
.105
-.003
(.055) (.039)
.082
(.032)

.027
(.008)

.056
(.018)
-.388
(.132)

[B]

-.191
(.084)

[C]
.124
1,017

.124
1,017

.127
1,017

.127
1,017

.131
1,017

.132
1,017

Notes: This table explores the heterogeneity in the pricing effect of a credit supply shock. In all columns, the left-hand side variable is the
one-year growth rate of the firm-level price index (∆ ln(P j )). We estimate equation (3), interacting firms’ exposure to the sovereign shock (Sovj ,
de-meaned and scaled by its standard deviation) with measures of inventories stock (Inventoryj ) and share of liabilities due (Share Liabilities
Duej ). The variable High Default Riskj takes value one if Share Liabilities Duej is in the top quintile of its distribution. All regressions include a
battery of firm-specific, relationship-specific, and bank-specific controls, as well as industry and region fixed effects. Standard errors (in
parentheses), are clustered at the main-bank level.

Understanding the short-term price response – The theoretical model presented in
the previous section highlights the role of a set of firm characteristics (channels) in explaining
why the effect of financial shocks on firms’ pricing policies is a priori unclear. We begin by
testing the predictions in Proposition 1, which highlights the importance of differences across
firms in their asset composition (inventory holdings), strength of financial position, and
demand conditions. The first channel we analyze is the role of inventory management. When
faced with a credit supply shock, firms have an incentive to liquidate inventories and sell their
products at a lower price in order to generate the extra cash flows needed to repay debt that
cannot be rolled-over or, more broadly, to cover current costs. We test the inventory channel
by comparing the pricing response of firms that are equally exposed to the credit shock but
have higher stocks of inventory when the shock hits. The coefficient on the interaction term
between the sovereign shock and inventories in Table 6, column (1), shows that indeed firms
with higher inventories reduce prices more relative to firms with lower inventory holdings.
Our estimates indicate that a firm at the top decile of the distribution of the inventory to
sales ratio (0.3) decreases prices by two times as much relative to a firm at the bottom decile
(0.03). This helps to explain the large heterogeneity in the negative price adjustment shown
in Figure (4).44 These findings are in line with the ones in the seminal work of Kashyap
et al. (1994) and Gertler and Gilchrist (1994) and the more recent study by Kim (2018), all
44

In unreported analysis, we also experimented with a quadratic interaction with inventory holdings and
found that the linear model better fits data. Moreover, we did not detect any heterogeneity in the response of
the firm-level growth rate of credit to the credit shock – the first-stage regression – as a function of inventories.
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of which provide, for U.S. firms, empirical evidence supporting the idea that firms respond
to financial shocks by deleting inventories.
A second theoretical prediction is that, ceteris paribus, a firm at high risk of financial
distress responds to a credit tightening by increasing prices relative to a firm not exposed
to the shock and, a fortiori, relative to firms equally exposed to the shock but with low risk
of default. Intuitively, if the likelihood of default is high, it is not optimal to lower prices
and give up current profits in order to increase revenues, since the marginal effects of higher
revenues on the probability of survival is small. We measure the firms’ financial position by
looking at the share of liabilities due within one year (measured before the credit shock in
2009). We view this variable as an indicator of which firms are more likely to be in distress
following the crisis. The analysis in Section 3.2 (Table 3, column 2) highlights that indeed
firms entering the crisis with a large share of liabilities coming due did experience a sharper
contraction in credit in the wake of the crisis: A credit tightening impairs debt rollover
and therefore disproportionately exposes firms with a large amount of liabilities due in the
short-term to bankruptcy risk.45
In Table 6, we interact the share of liabilities due with our measure of credit shock
(columns 2 and 3). In line with the prediction of the model, we find that firms facing high
rollover risk do not respond to the credit shock by lowering prices as much as firms with
lower default risk do. We highlight that the effect of Share liabilities duej is non-linear,
since only firms with a substantial share of liabilities coming due are the ones at high risk of
financial distress. Column 4 shows that this is the case, isolating the effect of the shock on
the subset of firms with Share liabilities duej in the top quintile of the distribution (dummy
High Default Riskj ).46
Next, we show that high default risk firms not only decrease prices less, but they actually
increase them to relative to firms not exposed to the shock. To see this, we need to distinguish
between firms that can exploit the inventory channel and those that cannot. In columns 5 and
6, we study the price response for firms with high and low default risk, as a function of their
inventories. On the one hand, we find that firms with high liabilities due but low inventory
holdings respond, on average, by increasing prices, as reflected in the positive coefficients
on the interaction of the shock with the share of liabilities due and with the high default
risk indicator. On the other hand, those firms with high liabilities due and high inventory
holdings respond by aggressively decreasing their output prices relative to similar firms that
are less exposed to the shock.47 As inventories increase, the coefficients on the interaction
45

Using credit registry data, we also verified that a firm’s share of liabilities due is positively correlated
with future delays on debt repayment and defaults.
46
Firms with High Default Riskj = 1 have over 30 percent of their 2009 liabilities due within the end of
the following fiscal year. In unreported regressions we run a horse-race regression between bank-leverage and
the share of liabilities that are due within one year. While both high leverage and high share of liabilities due
predict a stronger first-stage coefficient (Table 3, column 3 and 4), we find that the former cannot explain
the heterogeneous prices response while the latter retains its explanatory power.
47
The price increase is consistent with the finding in Gilchrist et al. (2017). The authors show that financially weak firms raise prices, while their financially stronger counterparts lower prices in periods characterized
by credit market distress. They rationalize their findings using a model in which firms face financial frictions
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Table 7: Short-term effect of credit supply shocks on prices: Demand elasticity
(1)

Sovj
Sovj × Length customer relationshipsj
Sovj × Customized goodsj
Sovj × Customer sharej

R2
Observations

(2)
(3)
∆ ln(Pj )
-0.043 -0.019 -0.025
(0.001) (0.005) (0.008)
0.006
(0.001)
0.052
(0.023)
0.115
(0.049)
0.126
1,017

0.131
1,017

0.125
1,017

Notes: This table explores the heterogeneity in the pricing effect of a credit supply shock. In all columns, the left-hand side variable is the
one-year growth rate of the firm-level price index (∆ ln(P j )). We estimate equation (3), interacting firms’ exposure to the sovereign shock (Sovj ,
de-meaned and scaled by its standard deviation) with different measures inversely related to firms’ price elasticity of demand. All regressions
include a battery of firm-specific, relationship-specific, and bank-specific controls, as well as industry and region fixed effects. Standard errors (in
parentheses) are clustered at the main-bank level.

terms with inventories, and particularly the double interaction terms with share of liabilities
due and high default risk, dominate, leading to a negative pricing response. Taken together,
these results reveal that a joint consideration of firms’ assets (inventories) and liabilities is
crucial to understand the real effects of credit supply shocks, which is a literal application of
the celebrated Modigliani and Miller (1958) result.
Finally, we explore the role played by demand conditions. As discussed in Section 5, the
slope of the residual demand function faced by individual firms affects their incentives to
adjust prices in response to an adverse credit supply shock. Firms find it optimal to lower
prices and sacrifice short-term profits if, by doing so, they are able to significantly increase
revenues to mitigate the effect of the credit shock on default probabilities. Therefore, firms
facing more elastic demand should have higher incentives to lower prices. To test these
predictions, we take advantage of information on firm-to-firm transaction data in the B2B
database and construct a number of empirical proxies for the elasticity of residual demand
facing firms. All of these variables are measured in the pre-shock period (2009:Q4). First, for
each firm in our dataset, we measure the average length (in years) of relationships with other
firms that buy its products (Length customer relationshipsj ). Second, we flag those firms
that, during the two years prior to the credit shock (2008–2009), report sales of customized
goods (i.e., goods customized to meet the demand of specific buyers).48 Third, we measure
the (average) importance of each firm’s sales in its (domestic) business customers’ purchases
from other firms as:
while setting prices in customer markets. The decision to increase prices in response to a financial shock
reflects the firms’ decisions to preserve internal liquidity and avoid accessing expensive external finance.
Although this force is not a direct prediction of our stylized model, it is consistent with our findings.
48
This information comes from the PRODCOM database. Firms are asked to separately report sales and
quantities sold of goods that are produced to meet the demand of specific buyers.
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Customer sharej =

1 X Salesjk
,
P
Nj k
m Salesmk

where m indexes all firms serving firm k, Salesjk and Salesmk denote the sales from firm j
(firm m) to business customer k, and Nj denotes the number of business customers for firm
j.
A larger value of each of these three measures can be interpreted as an indicator of
firms facing a lower residual demand elasticity. Intuitively, stable supplier relationships are
valuable for firms. Therefore, we expect buyers, in the short-run, to be less sensitive to price
changes of those suppliers with which they have long-term relationships. By the same token,
we expect buyers of custom-made goods to be less sensitive to price chances since buying
the same goods elsewhere can be difficult or costly. The share of customers’s purchases is a
measure of the direct competition faced by individual firms, and therefore is inversely related
to a firm’s price elasticity of demand. In line with the theoretical predictions, Table 7 shows
that a lower price elasticity of demand reduces firms incentives to respond to a negative credit
supply shock lowering prices.49
Understanding the long-term productivity response – We now turn to examining
the sources of our long-run results, in particular why the credit tightening led to a long-run
TFPQ slowdown. We approach this question in two steps. First, we analyze the response of
firm-level innovation activity to the credit shock. Second, we explore the extent to which the
effect of credit shocks on innovation activity can explain the observed productivity slowdown.
Garcia-Macia (2017), Huber (2018), and Anzoategui et al. (2019) highlight the link between productivity growth and productivity enhancing investments. Our theoretical model
delivers a similar prediction (Proposition 2).50 We examine this in the data by estimating the effect of the credit supply shock on the cumulative investment rate in innovation,
which is defined as the sum of investments in internally developed R&D and expenses related to the licensing and purchase of third-party patents
(investments in technology adopP
τ

Expenditures Intangibles Fixed Assets

jτ
tion). Formally this is given by: Innovation ratejτ = 2010 Intangibles Fixed Assets
for
2009
τ = {2010, ...2014}. To do so, we estimate equation (4) using the cumulative innovation rate
as the dependent variable. Figure 8, panels a, graphs the set of coefficients β̂τ at different
horizons.
We find that innovation rates of firms more exposed to the credit shock relative to those of
less-exposed firms widen over time and remain persistently lower. A one-standard deviation
increase in the exposure to the sovereign crisis translates into a persistent reduction of 100
percentage points in firm-level direct investments in innovation, measured 5 years after the

49
In the Appendix we offer additional evidence of the differential prices response by looking at industry-level
measures of demand elasticity.
50
Queralto (2019) presents a quantitative macroeconomic model featuring endogenous growth in TFP
through innovation, in which financial frictions affect firms ability to innovate. See also Aghion et al. (2012);
Garcia-Macia (2017); Huber (2018); and Anzoategui et al. (2019).

36

shock. To put this number into perspective, the average cumulative investment rate on innovation between 2010 and 2014 amounts to about 300 percent of the 2009 stock of intangible
assets.51
It is interesting to break down the overall effect into the effect on internally developed
R&D and investments in technology adoption (measured as expenses on licensing and purchases of third-party patents). The financing of R&D is the object of a large body of research
and the target of many policy interventions related to innovation (Hall and Lerner 2010).
However, the diffusion of these innovations is what ultimately determines the pace of economic growth (Hall and Khan 2003). This is particularly true in low-innovation sectors such
as manufacturing. Therefore, it is not surprising that technology adoption costs (as opposed
to R&D expenditures) represent the lion’s share of the the investments in intangible assets for
the firms in our sample (on average, about three quarters).52 Figure 8, panels a, shows that
the response of technology adoption costs to the credit shock is also the main driver of the
overall drop in innovation activity. While both direct R&D and technology adoption rates
are negatively affected, the investment gap in the latter is large and persistent (light gray
area), whereas the effect on the former (dark gray area), while also negative, is considerably
smaller. Consistent with the theoretical predictions, these empirical results suggest a high
sensitivity of investments in innovation to unanticipated credit tightening.
Next, we document that the gradual, and widening innovation gap, can explain why we
find no impact of credit shocks on technical productivity in the short-run but sizable negative effects at longer horizons. We directly link the long-term slowdown in productivity with
under-investment in innovation by projecting variation in TFPQ growth onto the cumulative
investment in intangibles. Figure 8, panel d, plots the coefficient estimates of a 2SLS regression of cumulative TFPQ growth on cumulative investments, instrumenting the latter with
the exposure to the credit supply shock. The coefficient is positive and significant, suggesting
that indeed one of the channels through which credit availability affects long-run productivity
growth is the negative impact on innovation. Due to the slow-moving nature of productivity,
the effects of a contraction of investments in innovation may not be felt immediately, but a
persistent reduction of firms’ innovation activity leads to lower productivity growth in the
long-run. These findings offer an explicit link between the availability of financing and firms’
innovation activity that can explain the sluggish aggregate productivity growth following a
financial crisis. Our results are in line with those of Aghion et al. 2012; Garcia-Macia 2017,
which also document the link between productivity growth and firm decisions to innovate.
51

The cost of developing or adopting a new technology can be a combination of direct costs (e.g., the R&D
expenses or licensing fees) or indirect costs (e.g., the cost of hiring more skilled workers or consultancy costs).
A credit tightening can affect both. Hall and Lerner (2010) report that in practice 50 percent or more of
R&D spending corresponds to the wages and salaries of highly educated scientists and engineers.
52
Cumulative investment rates in R&D and technology adoption – the two P
components of investments
τ

Expenditures R&D

jτ
2010
in intangible fixed assets – are measured in the same way: R&D ratejτ = Intangible
Fixed Assets2009 and
Pτ
Expenditures on patents purchase and utilizationjτ
2010
Technology adoption ratejτ =
. Note that, by construction,
Intangible Fixed Assets2009
Innovation ratejτ = R&D ratejτ + Technology adoption ratejτ for all horizons.
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Figure 8: Long-run effects of credit shock on investments in innovation
Panel a: Credit supply shocks and innovation

Panel b: Innovation and TFP growth

Notes: Panel a shows the effect of the credit shock on the cumulative investments in innovation. The solid line plots the coefficients of a regression
of credit supply shock on cumulative investment rate on innovation (cumulative investment rate on intangible assets), distinguishing between
the contribution of investments in R&D and investments in technology adoption (expenditures on patents acquisition and utilization). Panel
b explores the relationship between innovation activity and productivity growth. It shows the coefficients of an 2SLS regression of cumulative
investment rate on innovation on TFPQ growth, instrumenting the cumulative investment rate on innovation with the exposure to the credit supply
shock. Cumulative investment rates are calculated by scaling cumulative expenditures by the stock of intangible assets in 2009. The confidence
bands represent ±1.645 times the standard errors of each point estimate. Standard errors are double clustered at the main-bank level and at the
firm-level.

7

Conclusion

This paper explores the relationship between credit supply shocks and productivity growth,
emphasizing the distinction between technical and revenue productivity. Much of the recent
empirical literature exploring the finance-productivity nexus has focused on the latter effect,
overlooking the pricing response to negative financial shocks. Unlike previous research, we
leverage highly-detailed administrative data on product-level prices to separately measure
revenue productivity and technical efficiency. This, together with quasi-experimental variation in credit supply, allows us to empirically decouple the effect of negative credit supply
shocks on TFPR, TFPQ, and pricing.
We find that, consistent with the previous literature, short-term revenue productivity
growth is negatively affected by a credit tightening. This effect, however, is entirely driven
by a significant decrease in output prices, rather than a slowdown of technical productivity
growth. We investigate what variables help characterize the firm-level pricing response.
We find that inventory management strategies and the strength of the firm’s balance sheet
play a crucial role in explaining the differential pricing responses during episodes of credit
contraction. These findings allow us to link the previously disconnected literatures on the
productivity and pricing responses to financing constraints and, at the same time, reconcile
the contrasting pricing effects previously documented by the literature.
While technical productivity does not respond in the short-run, we do find that the credit
shock has a significant impact on long-run productivity growth. Both TFPR and TFPQ
decline over time for firms more exposed to a credit tightening. Exploring the channels
38

leading to the long-term decline in productivity, we highlight the role played by investments
in innovation.
We believe our findings provide important implications for the existing literature interested in understanding the contribution of financial frictions to the slowdown in aggregate
productivity growth following episodes of financial distress. On one hand, the short-term
sensitivity of prices to changes in credit availability makes it important to decompose revenue productivity measures into its price and physical productivity components, something
that unfortunately cannot be done easily with commonly available firm-level micro-data. On
the other hand, the ability to observe other commonly-available balance sheet variables (such
as stock of inventory, strength of balance sheet, and measures of product differentiation) can
provide some guidance on the sign and magnitude of the TFPR-TFPQ bifurcation even when
direct price data are not available.
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