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Abstract

Using novel survey data on Italian firms’ expectations collected just before and after the beginning
of the COVID-19 outbreak, we investigate the role of credit constraints in the transmission of
adverse economic shocks. Our results show that credit-constrained firms plan to charge higher
prices than unconstrained ones while expecting a larger fall in quantities. When we consider
realized outcomes, however, these differences are less pronounced. This evidence is consistent
with the credit programs implemented during the crisis being largely unanticipated at its outbreak

and benefiting constrained firms relatively more.
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1 Introduction

There is widespread agreement that firms subject to financial frictions are more exposed
to the adverse effects of a crisis. We contribute to the existing literature by studying the
role of credit constraints in the transmission mechanism of an adverse shock through firms’
expectations and plans. Unlike realized outcomes, expectations immediately react to shocks
and provide information on firms’ best responses that are not confounded by subsequent
policy interventions.

In this paper, we focus on the effects of the COVID-19 crisis on Italian firms. The pan-
demic outbreak in Italy represents an ideal laboratory for our analysis because it generated
a series of demand and supply shocks that are exogenous and largely unanticipated, as Italy
was the first Western country to be severely hit by the pandemic and to impose national
lockdown policies.! Moreover, the Italian economy is predominantly composed of small firms
that are privately held, bank-dependent, and have limited or no access to market debt.

Our empirical strategy takes advantage of two surveys conducted just before and after
the pandemic outbreak that provide information on firms’ expectations and plans. The
2019 MET survey was completed by the end of January 2020, i.e., a few days before the
official COVID-19 “case zero” in Italy. This pre-pandemic survey is representative of the
[talian economy and contains expectations on sales and pricing strategies, questions on
loan applications, and information on several structural characteristics of the firm. We
matched this dataset with a unique additional survey specifically designed to study firms’
expectations about sales, orders, employment, investment, and prices at the onset of the
pandemic outbreak. The data collection of the follow-up wave started at the end of March
2020, i.e., two weeks after the implementation of the first lockdown following the initial
explosion in the number of cases and deaths. After merging the two surveys with balance-
sheet information, we obtain a final dataset of 5,000 firms, many of which are small and
likely to encounter difficulties in accessing external sources of finance.

The short time window between the two surveys allows us to analyze how expectations
and plans were revised in response to the outbreak. Since no other significant event occurred
during that period, it is reasonable to assume that these revisions are entirely due to the

shocks associated with the pandemic. Importantly, these changes in expectations do not

IThe COVID-19 outbreak generated a variety of shocks to demand and supply. On the demand side,
the greater uncertainty associated with the pandemic may lead to a postponement of investment projects
or a decrease in consumption due to a precautionary savings motive. On the supply side, the restrictions
imposed by governments on labor mobility and directly on businesses or the fear of contagion may adversely
affect the availability of labor, its efficiency, and the very ability of firms to operate.
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reflect the extraordinary policies introduced to help firms weather the pandemic, as their
details were still largely uncertain at the time of the second survey.

To identify firms that are more likely to be affected by financial frictions, we rely on
the 2019 MET survey and construct a measure of credit constraints based on information
about loan applications. We classify firms as constrained if they applied for a loan and the
application was denied or only partly satisfied, as well as if they did not apply because the
loan was expected to be turned down. Using our definition, the percentage of financially-
constrained firms is substantial (almost 20%). Note that using a survey measure, as in
Campello et al. (2010), allows us to avoid relying on imperfect proxies for financial frictions
based on balance-sheet information such as leverage and liquidity or firm characteristics like
size or age.

Our results show that financial frictions shape the effect of the COVID-19 outbreak on
firms’ expectations. Credit-constrained firms plan to reduce employment and investment
more and charge higher prices than their unconstrained counterparts. This is also paired
with a greater expected fall in sales and orders for constrained firms. Furthermore, results
tend to be amplified for those firms that were more exposed to the pandemic, as measured
by the local severity of the outbreak or by restrictions imposed on their operations.

Our findings are qualitatively consistent with the prediction of models featuring a sticky
customer base and financial frictions (see the recent contribution by Gilchrist et al., 2017,
and the seminal papers by Gottfries, 1991, and Chevalier and Scharfstein, 1996). In case
of an adverse shock affecting net revenue, credit-constrained firms, unable to access cheap
external finance, have the incentive to increase their prices relative to unconstrained firms.
This allows them to generate liquidity out of their existing customer base but at the cost
of losing customers in the future. This strategy also implies that the output will decrease
more for constrained firms as the increase in price is associated with a larger fall in both the
extensive and intensive margins of demand.

The fact that credit constraints affect how firms revised their expectations at the onset of
a crisis is economically relevant if this is translated into actual realizations. When we focus
on actual values, we confirm the informativeness and relevance of firm-level expectations
and plans. Consistently with our main findings, we document an important role played by
financial frictions during the pandemic, resulting in lower sales, employment, and investment
growth and higher price growth relative to unconstrained firms. However, the effects on ex-
post realizations are, in absolute value, smaller than those expected at the onset of the crisis.

When we use the forecast errors as dependent variables, we confirm that credit-constrained
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firms significantly underpredicted their sales and factor demand and overpredicted prices
relative to unconstrained firms.

A plausible explanation for this result is that the content and extent of the government

programs of financial support to firms were mostly unanticipated at the time of the survey.
These programs used public guarantees as the main instrument and explicitly targeted firms
in need of liquidity and facing financial frictions, such as small and medium firms. As a
result, credit-constrained firms were more likely to benefit from these policies. Our findings
confirm that being credit constrained is associated with greater access to the credit program
both in terms of probability and amount of guarantee loans. These effects are substantial,
which would explain the difference in the forecast errors. Hence, credit-constrained firms
were more positively surprised by the introduction of these policies. In the final part of
the paper, we argue that expectations about more restrictive access to credit in the future,
even if unrealized, may lead to a larger divergence in the patterns for prices and output of
constrained and unconstrained firms. Hence, our analysis highlights an additional channel
that can exacerbate the difference between the two types of firms.
Related literature Our paper is related to several strands of the literature, starting from
those contributions that study and provide evidence on the role of financing constraints in
amplifying the effect of adverse economic shocks on firms’ investment, employment, and out-
put. See, among others, the early contributions of Gertler and Gilchrist (1994) and Kashyap
et al. (1994) and the more recent one by Alfaro et al. (2023) (see also Carlstrom and Fuerst,
1997, and Bernanke et al., 1999, for two seminal theoretical contributions). In addition,
our results complement the empirical evidence provided by Chevalier and Scharfstein (1995;
1996) and Gilchrist et al. (2017) showing that, during a recession, firms that face financial
frictions are more likely to charge relatively higher prices.? The distinguishing feature of our
contribution is our ability to assess how firms revise expectations for a wide set of variables in
response to an exogenous shock. Moreover, the availability of information about applications
for bank loans allows us to identify credit-constrained firms more precisely.

Our paper also relates to the rich recent literature that studies firms’ expectation for-
mation, the nature of expectational errors, and the relevance of expectations for actual
outcomes. In particular, the papers closest to ours are those that focus on firms’ expecta-

tions about their own variables, such as Bachmann and Elstner (2015), Enders et al. (2019),

2Kim (2021) and Lenzu et al. (2022), instead, consider a different scenario and provide evidence that
firms affected by an idiosyncratic credit supply shock that is orthogonal to firm characteristics (including
demand conditions) decreased prices in the short run to liquidate inventories and generate additional cash
flow. Our study is also related to Bottone et al. (2021), who find no evidence that financing constraints
affected firms’ pricing decisions during the pandemic in Italy. The difference in the results can be explained
by the different composition of their sample, which is substantially smaller and skewed towards larger firms.
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Enders et al. (2022), and Born et al. (2023) who rely on the monthly IFO Survey of German
firms. See also Gennaioli et al. (2016) who use data from Duke University’s quarterly survey
of Chief Financial Officers to show that both planned and actual investments are affected by
earnings expectations. Our main contribution to this branch of the literature is to provide
novel evidence on how credit constraints affect expectations and forecast errors. We will
return to some of these papers in Section 4.3.

Organization The remainder of the paper is as follows. Section 2 describes the dataset
and the definition of the main variables and provides some descriptive evidence. Section
3 discusses the econometric strategy and presents the empirical results, while Section 4

provides an interpretation of our findings. Section 5 concludes the paper.

2 Data and descriptive evidence

This section presents the data used in the empirical analysis. First, we discuss the unique
features of our dataset containing information on the revision in firms’ expectations and
plans around the COVID-19 outbreak. In Section 2.2, we provide details on the definition
of our main variables. Finally, in Section 2.3, we present descriptive evidence on how credit-

constrained and unconstrained firms revised their expectations.

2.1 Data sources

Our analysis employs firms’ expectations and plans from the MET survey on the Italian
industrial system. It is one of the most comprehensive surveys collected in a single European
country, with an original sample comprising eight waves — 2008, 2009, 2011, 2013, 2015, 2017,
2019, and 2021 — and roughly 25,000 observations in the cross-section. The survey follows
a stratified sampling scheme that yields a representative sample at the firm size, geographic
region, and industry levels. Unlike other surveys, MET provides information on every size
class, including micro-sized companies with less than ten employees. The survey focuses on
the manufacturing sectors (60% of the sample) and the production-service industry (40%).

The questionnaire contains information on firms’ sales expectations, price plans, loan
applications, and a large set of additional dimensions that we use as controls. For sales,

firms were allowed to give a categorical answer on their expected change: i) very negative

3Production services sectors are: distributive trades, transportation and storage services, information
and communication services, administrative and support service activities. In addition, the sample weights
are provided to make the data representative at the regional, sector, and size class levels (see Brancati
et al., 2018 for a summary description of the methodology. See also Table Bl for a validation of the
representativeness of the 2019 survey).
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(below -15%); ii) negative (between -15% and -5%); iii) stable (between -5% and +5%);
iv) positive (between 5% and 15%); and v) very positive (above 15%). In the main body
of the paper, we use a linearized version of this variable taking values {—2,—1,0,+1, +2},
reflecting increasing levels of optimism. As for prices, firms were directly asked for the
planned (continuous) percentage change over the next 12 months.

Consistently with the timing of the previous waves, the 2019 data collection ended in
mid-January 2020, right before the outbreak of the COVID-19 pandemic in Italy, as the first
reported case was on February 1. In order to study the immediate effects of the pandemic
on expectations and plans, this information is supplemented with a follow-up survey to
the entire sample of respondents to the 2019 questionnaire. To leave firms enough time to
update their beliefs and plans, data collection started 13 days after the initial lockdown
imposed by the Italian government on March 11. In addition, to avoid excessive variation
in the respondents’ information set, the survey timing was restricted to a two-week window
between March 24 and April 7, 2020. Although the disastrous effects of the pandemic were
extensively covered by news media, there was still a large degree of uncertainty regarding
the extent of financial support that firms could receive from the government.*

The COVID-19 survey had a response rate of 33%, which is substantial for such a small
time window, with about 7,800 completed interviews. While the distribution of respondents
across macro-sectors, geographical macro-regions, and size classes is similar to that of the
2019 MET survey (see Table B2 of the Supplementary Material), in principle endogenous
selection of the respondents is still possible. To further assuage such a concern, we explicitly
explore attrition by modeling the determinants of a firm’s probability of being in the COVID-
19 survey (see Table B3 of the Supplementary Material). Results suggest that among the
regressors, only size has a marginally significant (negative) coefficient, but — as showed in
Table B2 — this generates small changes in the percentage of firms by size classes in the
COVID-19 survey relative to the 2019 wave. In any case, we conduct our analysis using the

ex-post stratification weights for the COVID-19 survey that are calibrated to reproduce the

4The main policy measures involving the provision of public guarantees on bank loans were only intro-
duced later on April 9 (“decreto liquidita”) and converted into law, in an expanded form, on June 5. An
initial outline of measures of support for firms was also contained in the March 17 decree (“decreto cura
Italia”), which was converted into law on April 24. However, the full extent of the credit support became
clearer only with the subsequent “decreto liquidita”. Therefore, the content of the credit programs was
largely unanticipated at the time of our survey. The measures provided a public guarantee of 80% for loans
up to 5 million euro and 90% on loans up to 25,000, which increased to 30,000 in June. No formal credit
assessment was necessary, and application fees were waived. The decision on whether or not to extend a loan
was left to banks. See Core and De Marco (2023) for evidence on the Italian public guarantee scheme during
the COVID-19 pandemic. See Section 3.3 for further discussion and evidence on whether firms internalized
government support measures into their expectations and plans.
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population aggregates from the sample of respondents (see the discussion in Solon et al.,
2015).

This questionnaire contains three sets of questions. The first set replicates the questions
in the original survey on categorical expected growth in future sales and continuous changes
in price plans. The second set of questions — only available for the follow-up survey — asks
about firms’ continuous expectations and plans for the growth rate of: sales at the 3- and 12-
month horizon, the volume of new orders, the number of workers employed, expenditure in
tangible and intangible investments, all over the next 12 months. The final set of questions,
instead, is more specific to the pandemic and provides information on the strategies firms
are planning to adopt and their related concerns.

We perform some preliminary exercises to assess the properties of our survey data. In
particular, we are interested in understanding whether past expectations predict realized
outcomes. Indeed, if past beliefs turned out to be uncorrelated with realizations, the rele-
vance of these expectations would be substantially reduced. We assuage this concern with
two exercises. First, we exploit the waves of the biannual MET survey in the period 2008-
2019 and show that sales expectations have a strong predictive power for future realized sales
(see Table B4 in the Supplementary Material). Second, in Section 3.5, we present further
evidence in favor of the information content and relevance of COVID-19 expectations and
plans for their associated realized values in 2020.

In completing the dataset used in our analysis, we match the pre- and post-COVID-19
surveys with the 2019 official balance-sheet data (CRIF-Cribis D&B database) to control for
predetermined firm characteristics such as size and age, and balance-sheet conditions. As a
result of this matching, the number of firms was reduced to about 5,000.° Definitions and
summary statistics for the firm-level survey and balance-sheet data are presented in Tables
Al and A2 of the Supplementary Material.

2.2 Definition of the main variables

In constructing our measure for credit constraints, we exploit the unique information on
bank-loan applications available in the 2019 MET survey. Firms were asked if they applied for
a loan in the past year and the resulting outcome. In the case of a loan application, firms were
allowed to choose one of the following options: i) the loan was granted at favorable conditions;
ii) the loan was granted at slightly less favorable conditions; iii) the loan was granted but

for an amount substantially lower than requested, or at very unfavorable conditions; iv) the

% As usual, balance-sheet data is not available for unincorporated firms (societa di persone), which causes
most of the reduction in our sample size.



182

183

184

185

186

187

188

190

191

192

193

194

196

197

198

199

201

202

203

204

205

207

208

209

210

211

212

loan was denied. Moreover, in the absence of a loan application, the questionnaire asks firms
whether they did not apply because: v) there was no need for external funds, or vi) they knew
the application would have been denied. Exploiting this information, we classify those firms
that replied either iii), iv), or vi) as credit constrained. More precisely, we define a binary
variable C'C' that indicates a company to be financially constrained if the loan application
was rejected, accepted but for a substantially lower amount (or at a higher price), or if the
firm did not apply because it expected to be rejected. Overall, almost one-fifth of the firms
in our sample (18%) are classified as constrained.®

We provide two pieces of evidence on the degree of informativeness of our credit-constrained
dummy, C'C. We first exploit the information in the COVID-19 survey on the sources of
major concerns in the aftermath of the pandemic. We define an additional binary variable
that takes the value of one if the firm mentions access to credit as one of the main factors
affecting its choices.” While this variable is not the post-COVID-19 counterpart of our CC
dummy, it signals the relevance of financing constraints in the aftermath of the outbreak.
We find that past credit constraints increase the concern of getting access to credit during
the COVID-19 crisis by around 20 percentage points (relative to an unconditional average
of 37%). Therefore, our proxy is very informative about the perceived likelihood of experi-
encing difficulties in accessing credit during the first stage of the pandemic (see Table D1 in
the Supplementary Material). In addition, in Table 8, we show that credit-constrained firms
have significantly lower bank debt (relative to total assets) during the pre-pandemic period
(column 1). This suggests that our CC' dummy captures actual difficulties in accessing bank
credit, which is likely to be the main source of external finance for most of the firms in our
sample.

In order to capture the sectoral heterogeneity of the restrictions on production imposed
by the Italian government, we identify firms as essential (non-essential) using the same 6-
digit sectoral classification (ATECO class from the ASIA registry) adopted by the Italian
government in the March 22 decree. Essential firms were allowed to continue operations,
while non-essential firms had to shut down temporarily. Moreover, main suppliers to firms
in essential sectors were also allowed to stay in business and were also classified as essential.
We can identify this additional set of companies because the post-COVID-19 survey has in-

formation on whether a firm stayed open despite belonging to a non-essential sector. Overall,

6This information is also available for the 2015 and 2017 waves. Our findings are largely robust if we
employ more restrictive definitions of credit constrained. See Section 3.3 for details.

"Firms could select up to three major concerns associated with the pandemic event. Available options
were about difficulties in: i) purchasing inputs/semi-finished products, ii) the relationship with usual sup-
pliers, iii) finding skilled workforce, iv) accessing credit, v) the availability of services (transportation and
logistics), vi) the reorganization of work tasks and production, and vii) the need of product diversification.

7
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59% of the firms in our sample are classified as essential. Moreover, in some specifications,
we use the estimated number of pandemic-related deaths (or positive cases) at the provincial
level to obtain a proxy for the local severity of the pandemic, which is likely to capture the

geographic-specific component of the shock.

2.3 Descriptive evidence

In this section, we provide a set of descriptive statistics to highlight changes in the distribu-
tion of expectations that occurred after the COVID-19 outbreak and the differences between
financially-constrained and unconstrained firms.

The top panel of Figure 1 reports their conditional distributions of categorical expected
sales growth before and after the pandemic. The data show a generalized leftward shift of
expectations, confirming the large impact of the pandemic outbreak on firms’ information
set and, hence, on their beliefs. Most importantly, Figure 1 also shows that the shift relative
to the pre-COVID-19 distribution is larger for financially-constrained firms than for uncon-
strained ones. In the bottom panel of Figure 1, we report the change in the planned price
growth between the pre- and post-COVID-19 surveys. The distribution is centered around
zero, and a larger fraction of financially-constrained firms (49%) plan to revise their prices
upwards compared to the fraction of unconstrained firms (40%). Moreover, the distribution
of the price revisions displays a thicker right tail for constrained firms. The difference in
the distribution of expected price changes between financially-constrained and unconstrained
firms is highly significant according to the Kolmogorov-Smirnov test (p-value effectively equal
to zero).

Taken together, our descriptive evidence suggests a difference in the behavior of sales
growth expectations and price plans. We will formally explore the role of credit constraints
in the transmission mechanism of the COVID-19 shocks in a multivariate framework in which

we control for a large number of firms’ characteristics in Section 3.

3 Empirical analysis

This section discusses our econometric strategy and empirical results. We first outline our
baseline model in Section 3.1 and present the core findings of the paper in 3.2. We then
show the results obtained using different estimation procedures and some robustness checks in
3.3. In Section 3.4, we present additional exercises to investigate the heterogeneous response

of credit-constrained firms depending on their characteristics. Finally, in Section 3.5, we
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provide evidence on the informativeness of post-COVID-19 expectations and plans for their

associated realized values and assess the effect of credit constraints on such realizations.

3.1 Econometric strategy

Our empirical analysis takes advantage of pre- and post-COVID-19 expectations and plans to
model their revisions around the pandemic outbreak. Importantly, the narrow time window
between surveys and the fact that no other major economic events took place support our
assumption that the pandemic is the dominant factor in determining firms’ expectation

revisions.® Our empirical specifications are based on variants of the following model:

Fii(yipr1) =+ BCC; -1+ 6F; 41 (yi41) + ’YTIL’i,tfl + A+ A, F ey, (1)

where F; ;1 (y;+1) and F; ;(y;141) represent firm-specific expectations and plans formed im-
mediately before and right after the pandemic outbreak.

Credit constrained, C'C', is an indicator variable that equals one if the firm is financially
constrained before entering the pandemic (see Section 2.2). We also control for a wide set
of firms’ characteristics and initial conditions (z;;_1) that includes: an indicator variable for
firms classified as essential (Essential); the log of total assets (Size); the log of one plus age
(Age); binary variables on whether the firm belongs to a group (Group) or is family-owned
(Family firm); the education (Manager education) and experience of managers (Manager
experience); a set of dummies indicating whether the firm is importing, exporting, and in-
vesting in R&D; a continuous variable for the share of employees with a university degree;
and the Z-score as a summary measure of firm creditworthiness (Z-score).? In all specifi-
cations, we also control for 88 two-digit sector dummies (As) and 107 province fixed effects
(A\p) to account for sources of sectoral and geographical heterogeneity. Our baseline model
is estimated using ex-post stratification weights calibrated to reproduce known population
aggregates (see Section 2.1).

The key variable in our specification is the survey-based measure for financing con-

straints, C'C. In order to study the effect of credit constraints on the response to the

8Recall that the two surveys were taken only two months apart and, therefore, we assume that they
reflect expectations of the yearly growth rate over approximately the same time horizon.

97-score is the first principal component of the factors specifically chosen to capture financial fragility
among Italian firms by Altman et al. (2013): working-capital-to-total-assets, retained-earnings-to-total-
assets, EBIT-to-total-assets, and book-value-of-equity-to-total-liabilities ratios. It loads positively on each
factor and explains 56% of the variance. We chose to employ the first principal component of balance-sheet
variables rather than the linear combination with weights estimated in Altman et al. (2013) because it better
captures firms’ creditworthiness in our sample. In any case, the choice of weights does not affect our results
on credit constraints.
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COVID-19 shock, one has to address two important issues. First, there may be other con-
founding factors that are correlated with the credit-constrained status. Including a rich set
of firms’ characteristics and the 2019 Z-score allows us to focus on the determinants of access
to credit that go beyond preexisting firms’ riskiness or other factors.!® Thus, we compare
expectations and plans of firms with similar characteristics but that differ depending on
whether or not they have been credit constrained. The remaining variation in the credit-
constrained status is likely to reflect either the willingness/ability of banks to supply enough
funds to satisfy the demand for credit by apparently-equivalent firms or the quality of the
bank-firm relationship that may affect the access/cost of credit.!!

Second, the inclusion of the pre-COVID-19 expectations allows us to control for the fact
that the expectations of credit-constrained firms could differ even before the pandemic. In
other words, the coefficient of C'C' captures the difference in expectations between constrained
and unconstrained firms relative to their pre-pandemic difference. Note that the short time
interval between the 2019-MET survey and the COVID-19 survey (and the fact that variables
are in growth rate) makes it unlikely that our results are driven by divergent pre-trends.
Nevertheless, in the same spirit of the parallel-trend assumption of a Difference-In-Difference
estimator, we exclude such a possibility by plotting the mean expected growth of sales
and prices in 2015, 2017, 2019, and 2020, for the two types of firms (Figure D1 of the
Supplementary Material). While there are level differences for sales growth expectations, we
detect diverging trends for neither variables, and we observe an increasing difference between

constrained and unconstrained firms only after the pandemic.

3.2 Main results

Table 1 presents the results using the Weighted Least Squares (WLS) model with standard
errors clustered at the two-digit sector level. In the first column, the dependent variable is the
one-year ahead categorical expected sales (Sales?1Y) from the COVID-19 survey, taking the
values of {—2, —1,0,+1, 42}, which reflect increasing levels of optimism. The pre-pandemic
counterpart of this measure is used as a control in all equations (except those for price plans)
since we do not have the corresponding expectations formed before the crisis for the other

variables. In columns 2-7, we present estimates obtained using a wide set of continuous

0As we will discuss in Section 3.3, our results are robust to the inclusion of the following financial
variables: Liquidity, Leverage, Cash Flow, Tangible Assets, and Trade Credit, all relative to total assets.

HF¥or instance, in Stiglitz and Weiss (1981), banks’ profit maximization under asymmetric information
about clients’ riskiness may result in rationing of some applicants that appear to be identical to others that,
instead, receive credit. As for relationship lending, see Section 3.3 for an empirical exercise in which we
control for proxies of the nature of the firm-bank relationship.

10
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dependent variables: expected sales at three (Sal?3M) and 12 months (Sal?1Y), expected
volume of new orders (Ord?1Y), as well as plans for employment (Emp91Y), and investment
in both tangibles (ITan?1Y) and intangibles (IInt?1Y), all at a 12-month horizon. These
variables allow us to shed light on additional aspects of firms’ planned response, and to
make more precise statements regarding the quantitative effect of the downturn, as they are
continuous and expressed in percentage point changes relative to the pre-pandemic level.

Our results show that credit-constrained firms are significantly more pessimistic about
their future sales growth, regardless of whether we use the categorical or continuous measure.
Focusing on the latter, the quantitative effect of financial frictions is substantial both over
the three- and 12-month horizons. In the short run, credit-constrained firms expect a fall
in sales of 15 percentage points (hereafter, pp) greater than unconstrained firms. Although
this difference is somewhat reduced over the 12-month horizon, it remains sizable (10.6 pp).
As for the effects of pre-pandemic expectations, we find that firms with more pessimistic
(optimistic) beliefs are more (less) likely to be pessimistic about post-COVID-19 expected
sales.

The additional variables confirm our conclusions. Financially-constrained firms expect a
greater decrease in the volume of orders (12.4 pp) and plan to reduce employment, intangible
investment, and tangible investment substantially more than unconstrained firms (by 10.2,
8.6, and 8.8 pp, respectively). Note that including past sales expectations as a regressor
is perfectly appropriate for sales expectations at 12 months and only approximately so for
the other dependent variables. In any case, its coefficient is always positive and significant,
suggesting that it is important to control for pre-COVID-19 sales expectations also when
modeling other variables. In addition, the essential designation is always associated with
more optimistic expectations and plans.!?

In column 8, we analyze the effect of credit constraints on domestic price plans. Since
price plans is the only continuous variable available in both the pre- and post-COVID-19
surveys, we include lagged expected price changes instead of lagged sales growth as a control.
Regarding the role of credit constraints, we find that everything else equal, price growth tends
to be higher for financially-constrained firms. Quantitatively speaking, a credit-rationed
firm plans a price growth 3.7 percentage points higher than its non-rationed counterpart. In
addition, essential firms appear to charge significantly lower prices, while past price plans

do not have a significant effect, which is somewhat surprising. In column 9, we present

12 Among other characteristics — whose estimates are presented in Table D2 of the Supplementary Ma-
terial — firms’ size, being family-owned, the percentage of university graduate employees, and international
orientation play the most important role: larger firms with a larger share of graduate workers tend to hold
more optimistic expectations, while family-owned and internationally-oriented firms are more pessimistic.
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estimates when we use the revision in planned price growth as an alternative dependent
variable (which implies imposing a unitary coefficient on the lagged dependent variable in
our baseline model). Results are quantitatively very similar to those obtained in column 8

with an effect of credit constrained of 3.5 pp.!3

3.3 Different estimators and robustness

In this section, we discuss a series of alternative tests and robustness checks to validate the
conclusions presented in Section 3.2. All the results are presented in Sections C and D of
the Supplementary Material.

We first address the issue of confounding factors by using a propensity score matching
approach. Panels A and B of Table C2 present the average treatment effect based on nearest
neighbor matching without and with bias correction (Abadie et al., 2004; Abadie and Imbens,
2006; Abadie and Imbens, 2011). Results imply a negative effect on quantities and a positive
effect on prices, which is largely consistent with our baseline. The coefficients of the matching
estimator are always greater in absolute value than those in our original estimate, suggesting
that the WLS model captures a lower bound of the estimates. In addition, we follow Altonji
et al. (2005, 2008) and Oster (2019) to evaluate the importance of unobservable factors in
affecting the inference on the treatment effect. Also in this case, results suggest that our
conclusions on the significance and size of the credit-constrained status hold and are unlikely
to be driven by unobservable omitted variables.

Moreover, we further tested the robustness of our results by adopting variations on
the baseline model used in the previous section. First, we experimented with alternative
definitions of credit-constrained firms. Our findings are robust if we construct the credit-
constrained dummy: i) excluding firms that did not apply because they knew the application
would have been denied; and ii) including only cases in which the loan was fully denied
(Table D3).

Our conclusions are also robust to: i) estimating the model for categorical sales as
an Ordered Logit or using different dummies for each category of expected sales growth
as controls in the WLS regression (Table D4); ii) including liquidity, leverage, cash flow,
tangibility, and trade credit as additional controls (Table D5); iii) controlling for proxies
for relationship lending, such as the length of the firm-bank relationship (in log years) and
the number of lender banks (Table D6); iv) using unweighted data in the estimation (Table

D7); v) clustering at the provincial level or six-digit sectors as opposed to the two-digit

13 As for the remaining controls — presented in Table D2 of the Supplementary Material — we document
lower price growth for firms that are larger, export-oriented, and in better financial shape.
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sector (Tables D8); vi) using six-digit sectoral dummies as a control, instead of the indicator
variable identifying the firm as essential (Table D9); and vii) including in our sample sole
proprietorships for which the balance sheet ratios are typically unavailable (Table D10). In

all cases, results are essentially unchanged.

3.4 Models with interactions

It is possible that the role of financing constraints is shaped by other firms’ characteristics,
including the sector a firm operates in, its location, or other proxies for the perceived severity
of the crisis. This may be the case because the size of the shocks or the firm’s ability to
respond depends upon these characteristics. For instance, non-essential firms — prevented
from operating at all during the initial phase of the pandemic — suffered a larger shock to
their cash flow and, therefore, might be even more in need of external finance. In addition,
firms that are constrained in their access to bank finance may also be less capable of resorting
to other sources of finance, such as market finance or trade credit, if they are also small.

In Table 2, we explore these heterogeneities by interacting our credit-constrained status
with a series of dummies that capture whether the firm is essential, is located in a province
with a high level of COVID-19 deaths (above the 75th percentile), is small (has less than 50
employees), or operates in the manufacturing sector.!® The interaction terms with essential
are mostly insignificant, but there is an interesting exception for orders. In this case, being
essential attenuates the negative effect of credit constraints. For the geographical severity of
the pandemic (High Deaths), the interaction effect is negative and significant in most cases,
except for investment and price plans. This is consistent with the shock having more adverse
effects on credit-constrained firms located in areas where the pandemic was more severe.
Analogously, the interaction with a size and sector dummy suggests that credit constraints
have a more negative effect on firms with less than 50 employees or firms operating in the
manufacturing sector. Also in these cases, we do not find a heterogeneous effect on price
plans.

In conclusion, we find that credit-constrained firms that are more exposed to the shocks
or less able to cushion them have been impacted more by the crisis. In any case, the C'C'

dummy coefficient is significant across all groups of firms.

14See Table D14 of the Supplementary Material for additional sub-sample analyses based on age (below
vs. above the median) or macro-regions (South vs. North+Center) in which, for most of the cases, we do not
find significant interactions.
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3.5 Information content of expectations and plans for actual outcomes

The advantage of using revisions in expectations and plans is that they can immediately
react to a shock and are much less likely to be contaminated by subsequent events, including
the effects associated with the policy responses. The evidence we presented about the role
of credit constraints for firms’ plans is relevant for the real economy if such plans are then
translated into actual realizations. To investigate whether this is the case, we first analyze the
correlation between realizations and plans in the aftermath of the crisis. We then replicate
our baseline results, presented in Section 3.2, using realized values as dependent variables.!®

In Table 3, we present the correlation (and its p-value) between the expected values and
the actual outcomes of sales, employment, investment, and prices in the aftermath of the
crisis.'® In the first row, we report the raw correlation, while in the bottom rows, we condition
it on the credit-constrained status. Our data imply a very high unconditional correlation for
sales (0.23). It is also sizable for employment and price growth (0.19 and 0.11, respectively),
while it is somewhat smaller for investment in tangible and intangible assets (around 0.08 and
0.02, respectively).!” In all cases, the associated p-values are essentially zero. Consistent with
our results for the pre-pandemic period (see Section 2.1 and Table B4), firms’ expectations
remain informative about actual outcomes also during the crisis. In addition, if we condition
on the credit-constrained status, we find that — except for investment in tangibles — all the
correlations are lower for credit-constrained firms. We investigate potential reasons for this
result in Section 4.3.

As a second exercise, we re-estimate our baseline specifications in Table 1 but replace
post-pandemic expectations with their realized counterparts. The results, reported in Table
4, clearly show that credit constraints also matter for actual outcomes. The coefficients
associated with the credit-constrained dummy maintain the same sign and remain highly
significant for all the realized counterparts of the expectational variables, with the only
exception of the investment in intangibles. Quantitatively speaking, the size of the coeffi-
cients is in general smaller in absolute value. For instance, the coefficient of the C'C dummy
is roughly —6 for the realized growth rate in sales and about —10 for their expectations.

This implies that credit-constrained firms were expecting a fall in sales, relative to uncon-

15We only use sales, employment, investment, and prices because we do not have information on realized
orders.

16Realized outcomes are calculated using December 2020 balance sheet data for sales, employment, and
investment. For prices, instead, we employ information on the actual growth in firm-level prices from the
2021 MET survey, in which we added a specific question on realized prices charged in 2020.

"The lower correlation for investment should not be surprising as the investment process consists of
several stages (going from initial plans to orders and expenditures) distributed over a considerable time
span.
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strained firms, that was larger than what actually occurred. Meanwhile, constrained firms
were planning a rise in prices that was 3.8 percentage points larger than the one planned
by unconstrained firms, while this difference is only 1.5 when looking at realized prices. We

discuss the interpretation and implications of these results in Section 4.3.

4 Making sense of the results

How can one make sense of the key results we obtained so far? To summarize, we showed that
there is robust evidence that, following the contractionary shocks generated by the COVID-
19 outbreak, credit-constrained firms expected a greater reduction in their own sales, orders,
employment, and investment compared to unconstrained firms while planning to charge
relatively higher prices. We also find that the credit-constrained status affects the realized
values of these variables, but the effect is lower than the one of expectations and plans.
Models of customer markets in presence of financial frictions can rationalize why, follow-
ing an aggregate demand (or supply) shock, there is a differential response of quantities and
prices (both planned and realized) between credit-constrained and unconstrained firms. In
Sections 4.1 and 4.2, we describe the key mechanism of these models and provide additional
empirical evidence supporting it. In Section 4.3, instead, we provide an analysis to show
that constrained firms had significantly different forecast errors than their unconstrained

counterpart and discuss possible reasons and implications.

4.1 Customer markets with financial frictions

Models based on the assumption that market shares evolve sluggishly in response to price
changes can qualitatively rationalize our results. This assumption is motivated by the ex-
istence of information costs that lead customers to sample prices infrequently (Gottfries,
1991), the presence of switching costs (Chevalier and Scharfstein, 1996), or the existence of
good-specific consumption habits (Gilchrist et al., 2017). In all cases, cutting current prices
represents an investment in the customer base leading to higher net revenue in the future.
A key ingredient of these models is the presence of financial frictions limiting access to
external finance or increasing its cost.!® In this setting, firms that are in need of liquidity

and cannot access cheap external funds have the incentive to increase prices to generate

18The papers model financial constraints differently. Gottfries (1991) assumes, for instance, an exogenous
ceiling on debt, while Chevalier and Scharfstein (1996) rely on an optimal contract that, in the absence of
verifiability of firms’ revenue, requires a repayment in the initial period in order to avoid liquidation. Finally,
in Gilchrist et al. (2017), the financial frictions consist in a dilution cost that has to be paid when issuing
new equity, the form that external finance takes in their model. Notwithstanding this and other differences,
they share the general implications for prices and quantities.
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additional cash flow, even at the cost of losing more customers in the future. Under these
assumptions, a fall in demand generates different dynamics in prices and quantities for
financially constrained and unconstrained firms that are consistent with our empirical results.
This can be easily shown in the heterogeneous-firm New Keynesian model by Gilchrist et al.
(2017). In Section E of the Supplementary Material, we describe the model in detail and
present the impulse responses that underlie the following discussion.!®

Consider an adverse shock, for instance to demand, that negatively affects the net rev-
enue of the firms. When such a shock hits, credit-constrained firms will come to value more
internal liquidity because — unlike the unconstrained ones — they do not have access to cheap
external sources of finance. To avoid resorting to costly external finance, constrained firms
have an incentive to raise prices because the benefit of increasing current cash flow com-
pensates for the cost of losing more customers in the future. In other words, it is optimal
for constrained firms to adopt a markup strategy to squeeze liquidity out of their customer
base, which is possible because of its stickiness. The same incentive, instead, is not in place
for unconstrained firms that can resort to cheaper external funds and respond to a negative
demand shock by decreasing prices. On top of that, in a model that allows for the contempo-
raneous existence of both types of firms, unconstrained companies internalize the behavior
of their constrained counterparts and have an additional incentive to cut prices to increase
their market share.

Importantly, this markup strategy also implies that the output will decrease more for
constrained firms than unconstrained ones. This is because the increase in prices by con-
strained firms is associated with a larger fall in both the extensive and intensive margins
of demand: a gradual reduction in the market share (customers switching to the cheaper
products of unconstrained firms) paired with a decrease in the consumption of the existing
customers. If there are no changes in inventories or in the backlog of orders, a relatively
larger fall in demand eventually translates into a deeper output contraction. This is empiri-
cally consistent with the CC' dummy entering with a negative and significant coefficient for
the volume of orders that should be regarded as a proxy for output (column 4 of Table 1).

In addition, the conventional calibration proposed by Gilchrist et al. (2017) implies that
the total revenue of constrained firms is also falling relatively more. However, this difference
is in absolute value smaller than the one in real output because credit-constrained firms

are charging higher prices. Also in this case, the model’s prediction is consistent with our

19The model assumes full information and rational expectations (FIRE) and is based on the presence of
good-specific consumption habits and quadratic adjustment costs in changing prices. Our minor extension
of the model allows for heterogeneity in the external finance premium (and not in the fixed cost) and, as a
result, for the contemporaneous existence of constrained and unconstrained firms.
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empirical results. First, credit constraints have a negative and significant effect on sales.
Moreover, the coefficient is in absolute value smaller than that estimated for the volume of
orders (—10.6 versus —12.4 in columns 3 and 4 of Table 1).

A few remarks are in order. First, although we focused on the effect of a demand shock,
the relative dynamics of constrained vs. unconstrained firms are qualitatively preserved also
in response to a supply shock, even if the differences are somewhat smaller. In addition,
to the extent that the shock has a persistent effect on fundamentals, the same mechanism
described on impact is also at work in future periods. Finally, since the model assumes full
information and rational expectations, the responses of expectations and realizations to a

shock are the same.

4.2 Additional evidence on the mechanism

In the previous section, we discussed how our results for prices and quantities can be ra-
tionalized using a model with customer markets and credit constraints. In this section,
we provide additional empirical evidence to support the proposed mechanism. Specifically,
in Table 5, we investigate whether the difference in pricing and output strategies between
financially-constrained and unconstrained firms is magnified when customer capital is more
important.

We experiment with different approaches to identify such sectors/firms. First, we rely on
the idea that product differentiation is key for the existence of a customer base. In markets
where goods are homogeneous and standardized, customers can more easily switch between
suppliers and the concept of a customer base is a less pertinent. Following Rauch (1999)
and Rauch and Trindade (2002), we classify as differentiated-good sectors those in which
trades do not occur using a reference price quoted either in an organized exchange or in a
trade publication. We then define a binary variable (Differentiated) that takes the value of
one if the firm operates in one of these markets and is zero otherwise.?’ Columns 1 and 2
present the first set of results in which we estimate how the interaction term between the
CC dummy and Differentiated affects price plans and expected orders (used as a proxy for
output). Consistently with the proposed mechanism, the estimates confirm that the effect of
credit constraints is magnified for firms operating in differentiated goods markets, and that

these differences are statistically and economically significant. For instance, the difference in

20We use the sector level classification scheme described in detail by Rauch (1999) at https://econweb.
ucsd.edu/~jrauch/rauch_classification.html, adapted to the Italian ATECO classification system.
Note that, as highlighted by Rauch and Trindade (2002), the use of a reference price implies that goods
are sufficiently homogeneous.
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price increases between constrained and unconstrained firms in differentiated-good sectors is
5.3% (1.8% + 3.5%), versus 1.8% in the non differentiated sectors.

Following Gourio and Rudanko (2014), another way to identify whether customer capital
plays a relevant role is to use a proxy for selling expenses (marketing and advertisement,
sales people’s salaries, etc.) to capture the resources devoted to matching sellers and buyers
and, therefore, to maintaining and expanding the customer base. We use as a proxy for
selling expenditures by Italian firms the item “Spese generali per prestazione servizi” from
the 2019 balance-sheet data contained in the CRIF-Cribis D&B database. This variable is
similar to “selling, general, and administrative expenses” in Compustat, which is used by
Gourio and Rudanko (2014).2! We use a firm-level continuous variable (Sell-Exp) defined
as “Spese generali per prestazione servizi” relative to sales (in deviation from the mean
and standardized) to identify firms more affected by customer market considerations. In
columns 3 and 4, we present the estimates of the interaction between this variable and the
credit constraints dummy. Also in this case, the sign of the interaction term is positive and
significant for prices and negative and significant for orders, confirming the message of the
previous findings.??

In discussing our results we have interpreted our credit constraints dummy as a proxy
for differences in the access to and cost of bank finance. Although this is a very plausible
interpretation, we want to make certain that it does not capture differences in the cost
of other inputs instead. While such potential heterogeneity is controlled for by our rich
menu of fixed effects and firm-level variables, we now check that our results are robust to
the inclusion of a direct proxy for expected input costs. The COVID-19 survey provides
information on firms’ expectations about the percentage change in total costs related to
materials, semi-finished goods, and intermediate products over the following 12 months. We
take the difference between this variable and the expected growth rate of orders (also from the
COVID-19 survey) to retrieve a proxy for the expected change in material and intermediate
input costs per unit of product. The effect of credit constraints remains strongly significant
for all the variables and quantitatively similar for most of them (see Table D13 of the

Supplementary Material).?3

21Both “Spese generali per prestazione servizi” and “Selling, general, and administrative expenses” share
the problem that they contain non production costs unrelated to selling and may be a proxy for the overall
size of fixed costs (Gilchrist et al., 2017).

22In Table D12 of the Supplementary Material, we present the interactions presented in Table 5 for a
wider set of variables, such as expected sales, employment, and investment. Results are confirmed for 12-
month sales, and, in the case of Sell-Exp, also for employment; while the interaction coefficient is imprecisely
estimated for investment.

23The main exception is when orders are used as the dependent variable. This is not surprising as our
proxy for material and intermediate costs per unit of output is likely to be too strong of a control: expected
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4.3 Forecast error analysis and its implications

In Section 3.5, we showed that the effect of credit constraints on expectations and plans
was greater, in absolute value, than that on realized variables. This is equivalent to saying
that the forecast errors for sales and factor demand were greater for credit-constrained firms,
while the opposite is true for prices.?* In Tables 6 and 7, we present an analysis of the firms’
forecast errors to test whether they are significantly affected by the credit-constrained status;
significance that cannot be assessed from the separate estimations of expected and realized
outcomes (Tables 1 and 4).

In column 1 of Table 6, we focus on expected sales and regress the post-pandemic forecast
error (defined as the difference between realizations and expectations) on the CC dummy
together with the same set of controls of Table 1 (see also Table D15 for estimates of the
coefficients for all the controls). The results confirm that credit-constrained firms tend to
under-predict their sales more in the aftermath of the crisis, as their forecast errors are 7.2

5 (Constrained firms are also

percentage points larger than those of unconstrained firms.?
significantly less accurate than their unconstrained counterpart, as shown in the equation
for the squared value of the forecast error (column 2). This is consistent with the lower
correlation between expected and realized sales documented for constrained firms (Table 3).
If there is a cost in acquiring information (Sims, 2010), less precise forecasts may result from
credit-constrained firms investing less in expectation formation because they lack resources.

In columns 3 and 4, we use a discrete version of the forecast error by employing the
categorical expectations for sales. Our strategy is to discretize realized sales into the same
five categories used for their expectations and take the difference between the two (i.e.,
discrete forecast errors are in the interval between —4 and +4). This approximation allows
us to simultaneously analyze the pre- and post-pandemic effects of the C'C' dummy, as

6

continuous sales expectations are not available for previous years.?® Our results confirm

order growth is used in its construction and it absorbs some of the effects of the credit constrained dummy,
making the absolute value of its coeflicient smaller.

24Consider the two regressions presented in Tables 1 and 4: Fy(y;) = BFCC; + 6Fx; + 4F and y; =
ByC’Ci + 6V + @?. It follows that — as long as one keeps the same regressors and observations — we have
yi — Fi(y;) = BAFECCZ'—&—SFExi—i—ﬁZFE where ,@FE = By—BF, OFE = Sy—gF, and oFF = v —oFf. If
BE < B¥ <0, then BEE > 0; if BF > B¥ > 0, then BEE < 0.

25Note that the estimate is not equal to the difference between the estimates in Tables 1 and 4 because
the observations used in the three regressions are not exactly the same as we always aim to maximize the
number of observations used in the estimation. In Table D16 of the Supplementary Material, we show that
results remain significant when focusing on the common number of observations. In this case, the identity
between the three coefficients holds by construction.

26In the pre-pandemic period, we use only information from the 2015 and 2017 MET surveys because
the CC dummy is available only from 2015.
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that constrained firms tend to be overly pessimistic in the aftermath of the crisis relative
to unconstrained firms. However, this is not the case in the pre-pandemic period (column
4). Although this last result is interesting and suggestive, it does not allow one to exclude
the possibility of a systematic differential “expectational bias” affecting credit-constrained
firms. This is due to the presence of measurement error in the non-continuous version of
the forecast error and, most importantly, to the short time dimension available before the
pandemic (2015 and 2017).27

In Table 7, we broaden the analysis of the forecast error to the other variables available
in our dataset: employment, investment in tangibles, investment in intangibles, and prices,
which are only available for the post-pandemic period. In panel A, the sign of all the
coefficients is consistent with those obtained for plans and realizations: positive for factor
demand and negative for prices. Credit constraints have a significant effect on all forecast
errors except for the one of tangible investment. In addition, in panel B, we find that the
credit-constrained dummy always enters with a positive coefficient in the equation for the
squared forecast error, although the estimates are significant only for employment and prices.
These findings essentially confirm those described in Table 6 and support the conclusion
that credit-constrained firms have more pessimistic and imprecise expectations relative to
realizations when compared to unconstrained firms.?

A plausible explanation for this result is that the contents of the credit programs im-
plemented in the aftermath of the outbreak were mostly unanticipated at the time of the
survey.?? These policies aimed to provide support mainly to SMEs — which have greater
difficulties in accessing external finance — through a program of public guarantees for bank
loans. Therefore, credit-constrained firms were more likely to both apply to these programs
because of their dire need for liquidity and to receive funding. The fact that they benefited

more from these unanticipated policies explains their better outcomes than expectations.

2"For example, a systematic excess of pessimism may be driven by the past negative experience of having
their loan application rejected. See Malmendier and Wachter (2021) for a survey on the long-term effect of
past experience on expectation formation.

28See also Born et al. (2023) for a survey on the nature of firms’ forecast errors for their own production
and prices. See also Bachmann and Elstner (2015) who study their relationship with firms’ characteristics.

29Gee Footnote 4 for a detailed description regarding the timing of the communication of the policies.
Furthermore, to make sure that our estimates are not contaminated by firms’ expectations about access to
financial aid through government programs, we allow the coefficient of C'C' to vary depending on the response
date. The estimates for constrained firms that answered in the second half of the interview period (when
information about policy measures may have become somewhat clearer) are not significantly different from
those of firms interviewed in the first half (Table D11). The most likely explanation for this result is that,
throughout our data collection period, there was still large uncertainty regarding policy measures which
made it difficult for firms to evaluate the extent of and access to government financial support, as we argued
in Section 2.1.
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Indeed, Table 8 empirically confirms that being credit constrained is associated with
greater access to credit guarantees both at the extensive and intensive margins (columns 4
and 6). For instance, being credit constrained is associated with a probability of accessing
credit guarantee programs that is 23 percentage points higher than that of unconstrained
firms, which is substantial considering that 46% of the sample benefited from the policy. This
effect was much smaller and marginally significant at best in the pre-COVID-19 period.*°
The introduction and design of these enhanced programs explain why credit-constrained firms
display a significantly higher level of bank loans (relative to total assets) in the aftermath of
the crisis (column 2).

As a result of the policies, expectations of credit-constrained firms about their financial
conditions were significantly worse than those that actually occurred. This may also be
due to credit-constrained firms expecting a tightening of access to credit that did not occur
because of the policies. In this final section, we discuss whether such unrealized expectations
can generate, on their own, real effects. In particular, using the same model employed in
Section 4.1, we study a scenario in which agents expect an adverse shock to the future cost
of external finance only for credit-constrained firms but when the shock is supposed to hit
the economy it does not materialize (Figure E3 in the Supplementary Material).3!

If credit-constrained firms expect tighter financial conditions, they have the incentive to
increase prices in order to generate additional internal liquidity and avoid paying the cost
of external finance in the future. As long as there are convex adjustment costs in changing
prices, they start increasing prices today to smooth out such costs and to prepare the right
amount of liquidity needed in the future. Once again, unconstrained firms are less in need
of generating additional liquidity and find it optimal, instead, to cut prices to increase
their market share. Importantly, when both types of firms realize that such a shock does
not materialize, the diverging price path cannot be abruptly changed because of adjustment
costs. Thus, the excess pessimism of credit-constrained firms about their financial conditions

generates a persistent difference in the inflation dynamics between the two types of firms.

30Credit guarantee programs have been in place since 2000 but were substantially broadened after the
pandemic. For instance, between 2019 and 2020, the number of firms benefiting from such programs increased
more than 14 times.

31Tt is important to emphasize that our results are based on a model with full information and rational
expectations (FIRE). This implies that all the agents in the model — constrained and unconstrained firms
— have the same expectations on any given variable. Although existing literature suggests that the FIRE
assumption is too restrictive (Coibion and Gorodnichenko, 2012; 2015), our exercise represents a first step to
understanding how an excess of pessimism specific to a sub-sample of firms may affect the entire economy.
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As discussed in Section 4.1, this price difference also generates a divergence in their output
and revenue.??

In the previous section, we discussed how financial frictions lead to worse outcomes for
credit-constrained firms in response to a demand shock. In this section, instead, we showed
that the performance of these companies might be further weakened if they become worried
about credit access at the onset of the crisis, even though their concerns are not realized.
These two forces may have worked in tandem to generate larger differences in the realizations

for sales, employment, investment, and prices between constrained and unconstrained firms.

5 Conclusions

The literature provided extensive evidence on how financial frictions restrict firms’ ability to
deal with an adverse shock. In this paper, we take advantage of a unique dataset to show how
firms’ expectations and plans are revised following the COVID-19 outbreak. Our findings
are consistent with credit-constrained firms being more exposed to the adverse effects of the
crisis. In particular, these firms react by planning to reduce employment and investment
and setting higher prices relative to unconstrained firms. This is paired with a greater fall
in sales and orders for constrained firms. We rationalize our core results using a customer
market model with financial frictions.

We also find that financial frictions affect firms’ realized outcomes. However, credit
constraints are associated with an under-prediction for quantities and an over-prediction for
prices in the aftermath of the outbreak. A possible explanation for this result is that firms
had not yet internalized the credit support programs implemented during the pandemic, as
their precise contours and extent were largely uncertain at the time of the survey. Since the
objective of these policies was to facilitate access to cheaper external finance for firms in need
of liquidity and facing financial frictions, credit-constrained firms benefited more from these
programs and were more positively surprised by their introduction. We also argue that the
difference in performance between constrained and unconstrained firms may be magnified if

firms expected tighter access to credit, even if the latter did not materialize.

Supplementary Material

Supplementary material associated with this article can be found, in the online version, at

“‘link to be inserted’’

32The results of our numerical simulation bear a resemblance to the empirical evidence in Enders et al.
(2022) in which they show that expectations about production affect current production even though they
turn out to be incorrect.
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Figure 1: Revisions in expected sales and planned price growth by credit-constrained status
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Notes: Revisions in expected sales growth and planned price growth by credit-constrained status around
the pandemic outbreak. Pre-pandemic expectations and plans are from the 2019 MET survey, while post-
pandemic expectations and plans are from the COVID-19 MET survey (see Section 2.1). Credit-constrained
status is defined using information on loadn applications from the 2019 MET survey (see Section 2.2).
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Table 3: Correlation between expectations and realized outcomes after the pandemic

Sal9lY  Emp?Y ITan9 IInt9 P9

Hmn e e @ o
Overall  0.2296  0.1949  0.0837  0.0166  0.1125
(0.000)  (0.000) (0.000) (0.286)  (0.000)
CC=0 0.2389 0.2058 0.0592 0.0258 0.1278
(0.000)  (0.000)  (0.000) (0.122)  (0.000)
CcC=1 0.1811 0.1794  0.1635  0.0016  0.0865
(0.000)  (0.000)  (0.000)  (0.969)  (0.031)

Notes: Cross-sectional correlation between firms’ expectations and realized outcomes in the aftermath of the
pandemic. Expectations and plans are the same as described in Table 1. Realized outcomes are calculated
using December 2020 balance sheet data for sales, employment, and investment. For prices, instead, we
employ information on the actual growth in firm-level prices from the 2021 MET survey, in which we added
a specific question on realized prices charged in 2020.
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Table 4: Model with realized outcomes

(1) (2) ®3) (4) ()

Variable: Sal9ly Emp?Y ITand IInt9 P9
Credit constrained -6.281%F*  _1.604%*  -6.842%¥**  -1.005  1.481%**

[2.163] [0.629] [2.388]  [1.168]  [0.396]
E; +—1(Sales91Y) 6.554%** 3.804%** 1.886%*** 0.835

[0.450] [0.435] (0.436]  [0.588]
Eit_1(P9) 0.220%*

[0.0903)]

Province (NUTS3) FE v v v v v
Industry (2 Digit) FE v v v v v
R-squared 0.322 0.368 0.234 0.234 0.302
N obs. 4916 3360 4575 4090 2689

Notes: Dependent variables are the realized value as described in Table 3 while regressors are the same as
described in Table 1. The model is estimated by Weighted Least Squares (WLS) and all the regressions
contain the same set of controls described in Table 1. Standard errors (in square brackets) are clustered
at the two-digits industry level. *, ** *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.
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Table 5: Customer markets

(1) (2) (3) (4)
Fi+(P9) TF;(Ord?) F;(P9) TF;4(Ord9)

Credit constrained 1.814** -8.592%** 2.760%* -8.733%**
[0.716] 1.827] [1.039] [2.139]
CC x Differentiated 3.517%* -8.443**
[1.698] [3.678]
CC x Sell-Exp 2.866**F*  _7.391%**
[0.938] [1.042]
Sell-Exp 0.124 0.0547
[0.956] [0.418]
Province (NUTS3) FE v v v v
Industry (2 Digit) FE v v v v
R-squared 0.239 0.369 0.237 0.372
N obs. 4993 5136 4849 4954

Notes: Dependent variables are the same as in Table 1. Differentiated is a dummy taking the value of one
for differentiated goods, and zero otherwise. Using the classification in Rauch (1999), we define a product
as differentiated if its trade is not based on a reference price quoted on an organized exchange or in a trade
publication. The original classification can be downloaded at the following link: https://econweb.ucsd.
edu/~jrauch/rauch_classification.html. Sell-Exp is the firm-level continuous expenditure in “Spese
generali per prestazione servizi” from the 2019 balance sheet data (CRIF-Cribis D&B database) over total
sales, re-scaled by its cross-sectional average and divided by its standard deviation.
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Table 6: Model with forecast errors for expected sales growth

Dependent variable: FE FE? FE(discr) FE(discr)
() 2) 3) (4)
Credit constrained 7.233%%* 176.3%** 0.222%** -0.0416
[1.078] [49.71] 0.0802] 0.0671]
Credit constrained x COVID 0.207**
[0.0856]
Province (NUTS3) FE v v v v
Industry (2 Digit) FE v v v v
Period Post-COVID  Post-COVID  Post-COVID  Pre-Post
R-squared 0.235 0.235 0.188 0.168
N obs. 4757 4757 4757 17288

Notes: In columns 1 and 2, we use a continuous version of the forecast errors by using realized sales minus
Sal91Y as described in Tables 1 and 3. In columns 3 and 4, we use a discrete version of the forecast errors
by discretizing realized sales into the same five categories used for their expectations (Sales?1Y) and take
the difference between the two (i.e., discrete forecast errors are in the interval between —4 and +4). When
using this variable, we study the effect of the credit-constrained status during the pre- and post-pandemic
period (2015 and 2017 versus 2020). The model is estimated by Weighted Least Squares (WLS) and all the
regressions contain the same set of controls described in Table 1. Standard errors (in square brackets) are
clustered at the two-digits industry level. *  ** *** indicate statistical significance at the 10%, 5%, and 1%
levels, respectively.
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Table 7: Model with forecast errors for other variables

Panel A: Forecast errors
Dependent variable: ~ FE(EmpY) FE(ITan9) FE(IInt9) FE(PY)
(1) @) 3) @)
Credit constrained 3.645%* 0.643 8.467F** -1.566**
[1.375] [2.356] [2.376] [0.739]
R-squared 0.325 0.284 0.287 0.318
N obs. 3363 4572 4087 2689
Panel B: Squared forecast errors
Dependent variable: FE(Emp9)2 FE(ITan9)2 FE(IInt9)2 FE(PY)?
(1) @) 3) )
Credit constrained 474.9%%* 72.30 103.4 187.6%**
[126.7] [199.7] [231.7] (20.47]
R-squared 0.438 0.234 0.245 0.261
N obs. 3359 4572 4087 2689

Notes: Forecast errors are defined as expectation minus realization. Realized outcomes are consistent with
Table 3, while expectations and plans are described in Table 1. For these variables, expectations are available
only for the COVID-19 survey. The model is estimated by Weighted Least Squares (WLS) and all the
regressions contain the same set of controls in Table 1. Standard errors (in square brackets) are clustered
at the two-digits industry level. *, ** *** indicate statistical significance at the 10%, 5%, and 1% levels,

respectively.
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