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Abstract

We investigate how banks’ internal ratings were affected by the first lockdown shock
in Italy (March-June 2020). Using monthly proprietary data from a regional bank
between October 2019 and January 2022, and adding credit registry data and bal-
ance sheet data of client firms, we estimate the lockdown effect on the change in six
different ratings assigned by the bank to client firms in June 2020 and December
2020. We obtain three main results. First, controlling for both supply and demand
factors, the lockdown is associated with a decline in four of the six ratings. Second,
the lockdown effect also depends on specific firm characteristics, i.e. the lockdown
effect appears to be mitigated in the presence of high turnover or for firms belong-
ing to essential sectors. However, these interaction effects do not hold for all ratings,
suggesting that each type of rating is influenced by different firm characteristics.
Third, once we consider a full interaction model, the lockdown effect disappears in
the medium term.
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1 Introduction

The Covid-19 pandemic had a significant impact on both real and financial mar-
kets worldwide, both immediately and in the months that followed (Pagano &
Zechner, 2022). Governments responded asymmetrically, deciding on an ad hoc
basis whether to implement lockdowns, i.e. policies to keep people indoors (Di
Porto et al., 2022). These lockdowns had different characteristics, as they could
be local or national, of different duration, and with different categories of people
allowed to move.

Italy was the first Western country to experience a local and then a national lock-
down during the months between March 2020 and the first days of June 2020. This
was an unexpected endeavour that restricted the movements of millions of people
and forced the majority of the population to stay mostly at home. Therefore, this
situation provides an excellent opportunity to study the effects of the lockdown on
various dimensions. The shock was significant, unexpected, and exogenous, with no
information on the timing of the policy reversal. Additionally, the Covid-19 lock-
down increased uncertainty in several areas, particularly in the health and produc-
tive sectors (Altig et al., 2020).

The Covid-19 lockdown caused a reallocation shock as it affected the productive
capacity of firms in various sectors and altered the demand for products. This led to
a restriction in the consumption of certain goods and services while encouraging the
use of online services, streaming platforms, and other similar services (?).

Italian firms were significantly impacted by this crisis. According to De Socio
et al. (2020), who used a sample of one hundred thousand firms, the average profits
of Italian businesses decreased by two-thirds compared to the 2018 balance sheet
data. Additionally, the probability of default increased by 1% to reach 3—4.4% com-
pared to pre-crisis levels. Furthermore, debt to the most risky owners increased to
23% from the pre-crisis level of 13%.

According to Pagano and Zechner (2022), the banking system’s stability, along
with fiscal space and monetary policy flexibility, played a significant role in the
swift recovery. However, it is unclear how quickly the banking industry was able to
assess the changing risk profiles of client companies and which factors played a role
and to what extent.

This paper addresses the impact of the lockdown shock on banks’ internal ratings.
This research question is interesting for several reasons. First, the ability of banks to
adapt to changing economic conditions is crucial for their survival and performance
(Calcagnini et al., 2018). Second, internal ratings-based (IRB) models use ratings to
better reflect changing risks to bank assets and to adjust buffers accordingly. There
has been a significant amount of literature evaluating banks’ internal ratings, even
before they became part of the IRB system (Berg & Koziol, 2017; Jacobson et al.,
2006). Recently, Fiordelisi et al. (2022) compared banks using the standardized
approach (SA) with those using the IRB approach. In summary, banks’ internal rat-
ings are based on the information they have on their customers and form the basis
for their assessment of creditworthiness.
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We answer this question by leveraging a proprietary dataset from a regional
bank' located in the central part of Italy. The dataset contains monthly data from the
credit registry, monthly data on the bank’s internal ratings of its clients, and annual
balance sheet data. Information is available for six types of bank rating: Total (Tot),
Credit Registry (CR), Balance Sheet (BS), Credit Event (CE), Dimensional (Dim),
and Behavioral (Be). These ratings are commonly used in Italian credit risk manage-
ment and are compiled by the bank. With the exception of the CR Rating, which is
obtained from information provided by the Bank of Italy. The bank ratings use both
quantitative and qualitative information, including economic-financial, managerial,
and organizational parameters of the firm, as well as sectorial, geographical, and
macroeconomic data. The ratings range from 1 (the lowest Probability of Default -
PD) to 12 (the highest PD).?

The dependent variables in our analysis are the monthly changes in each rating.
We estimate the impact of the lockdown shock on these variables while controlling
for both demand and supply factors. To account for demand factors, we introduced
a dummy variable for firms that registered higher sales in the lockdown year than in
2019, capturing higher than usual demand in the year of the lockdown. Additionally,
a dummy variable is used to represent profits that exceed the 2019 level, accounting
for higher revenues relative to costs. To account for supply factors we used another
dummy variable that identifies firms belonging to essential sectors, which were not
affected by the lockdown. Firms operating in essential sectors experienced smaller
negative effects on their labor supply compared to other firms affected by the lock-
down. This resulted in larger labor supply issues for the latter.® Panel ordered logit
models were used to estimate the coefficients.*

The estimation of the lockdown shock is not causal due to the prompt and heavy
response of the government, the European Central Bank, and banking regulators
(Altavilla et al., 2023). Governments utilized various instruments, such as public
loan guarantees (Cascarino et al., 2022; De Socio et al., 2020). For this reason, our
estimation includes both the shock and the effects of fiscal and monetary policies.
We examine how banks’ ratings responded after the shock. It is important to note
this limitation, but our findings still offer valuable insights.

Our study enhances the existing economic literature by investigating the impact
of the initial lockdown shock across three dimensions. Firstly, we examine the vari-
ation in different internal ratings following the lockdown. Secondly, we analyse how
the lockdown effect interacts with both supply and demand-side factors, as well as
firm size and sector, using detailed information on firm characteristics. Thirdly, our

! This definition is used because the bank branches and clients are primarily located within one prov-
ince. Further details cannot be provided due to privacy reasons.

2 In the empirical analyses, we modify the dependent variables so that higher values correspond to
improved ratings (i.e. lower default probability). Section 3 provides further details on each rating.

3 Physical production has ceased and new methods of smart-working have been implemented, requiring
significant adjustments to the new normality.

4 We also tested the same approach with fewer rating classes and found that the results remained consist-
ent.
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data structure enables us to consider both short- and medium-term changes in the
bank’s internal rating in response to the lockdown.

The results show that the lockdown effect is present and diminishes over time in
four out of six ratings, with the exception of the Balance Sheet and the Credit Event
one, where there is no effect at all. It appears that the bank has taken the lockdown
into account when evaluating firms, resulting in an increase in firm riskiness after
the lockdown. However, this effect is also related to firm characteristics. Both sup-
ply and demand factors are statistically significant for three out of six ratings: Total,
Credit Registry and Behavioral. In these cases, firms with sales higher than those in
2019 had a negative impact on ratings. This suggests a mechanism whereby increas-
ing business during lockdown decreases banks’ internal ratings. On the other hand,
the impact of the Essential sector is minimal on the Total and Credit Registry rat-
ings, but more significant on the Dimensional and Behavioral ratings. Additionally,
in the first two ratings, being in the Essential sector category appears to decrease the
decline of the Total rating while increasing that of the Credit Registry rating. Lastly,
the variable High Profit is only statistically significant for the Behavioral rating. It
is probable that this balance sheet information is fully integrated into the calcula-
tion of the other rating variables. Furthermore, we present evidence of the impact of
the lockdown on company ratings for firms of varying sizes based on sales (Micro,
Small, Medium, Large) and across different sectors (Construction, Manufacturing,
Information Services and Commerce). The results demonstrate a significant hetero-
geneity in the effect of the lockdown on rating fluctuations.

Finally, the results for Total Rating without balance sheet variables are presented,
expanding the sample for June 2020 from around 5,000 to 35,000 observations. This
new dataset includes a significant number of micro, small, and medium-sized firms
that were previously omitted due to a lack of balance sheet information. The findings
largely confirm the previous results, indicating a negative and statistically significant
impact of the lockdown shock that decreases over time. Thus, although there is evi-
dence of higher default probabilities for firms following the lockdown, this effect
appears to diminish in the medium term.

All of these findings suggest that each type of rating is influenced by different
firm characteristics, complementing each other.

The remainder of the paper is organized as follows. Section 2 details the literature
review, Sect. 3 explains the data and the empirical strategy, Sect. 4 describes the
results, and Sect. 5 concludes.

2 Literature review

This paper contributes to two main strands of the economic literature: the literature
that studies banks’ internal ratings and the literature of lockdown effects on bank
ratings.

Regarding the former literature, it is crucial to explain the difference between
Internal Rating Based (IRB) and Standardized Approach (SA) frameworks, i.e. two
different frameworks for the assessment of credit risk. After the Basel II enforce-
ment in 2007, banks may opt for IRB in order to avoid placing a fixed risk weight to
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unrated borrowers, that is the rule under SA.’In this way, banks are incentivized to
assess risk in order to charge more to risky customers and less to safer ones (Gallo,
2021). Fiordelisi et al. (2022) compare the lending behavior of IRB and SA banks
after the Covid-19 shock by using a Difference-in-Difference strategy. They find that
IRB banks decreased lending more to high risk borrowers than SA banks, in line
with the incentives given by the use of IRB (see also Gallo, 2021). Furthermore,
they compare “large exposures" (more than 300 million euros in bank-firm relation-
ship or more than 10 % weights in regulatory capital) between SA and IRB banks
(by design controlling for common demand shocks), finding that IRB banks reduced
the exposure to borrowers more than SA banks. In the same vein, Gallo (2021) ana-
lyzes banks’ lending policies between IRB and SA banks during the period 2007-
2017. The author finds that in a context of declining rates and credit growth, IRB
banks decreased interest rates less to riskier rather than safer borrowers, compared to
SA banks. In addition, existing credit relationship were more likely to end between
IRB banks and riskier borrowers who could not find credit in SA banks, probably
due to costs of switching banks. All in all, this paper confirms that, as planned, IRB
models tend to penalize riskier borrowers. Berrospide et al. (2021) analyze bank
lending policies to Small and Medium Sized firms (SMEs) during the pandemic,
comparing “buffer-constrained” banks to “buffer-unconstrained” ones.® Banks with
capital ratios close to the regulatory buffers cut back on lending more, by 1.4% on a
quarterly basis, and were 4% more likely to end the lending relationship.

There have been several papers debating the consistency of IRB models across
banks. Jacobson et al. (2006) cast doubts on the ability of internal rating systems
to be consistent across different banks. Recently, Stepankova and Teply (2023)
compare 4.9 million probability of defaults (PD) between January 2016 and June
2020, finding that there is substantial variance between PD estimates and that it is
correlated with variables of firm type, industry and location. Moreover, the Covid-
19 impact on the PD variance was important. Montes et al. (2018) use the Euro-
pean Banking Authority (EBA) data for the 2014 stress test to study the correla-
tion between IRB approach and risk weights of European banks, obtaining a clearly
negative relation between the two, even after controlling for location, portfolio vari-
ables, and bank characteristics. Berg and Koziol (2017) analyze the consistency of
banks internal ratings with German credit registry data between 2008 and 2012 for
40 banks and 17000 corporate borrowers, finding large differences across banks in

5 In 2018 the Basel Committee on Banking Supervision (BCBS) revised the credit risk framework as
part of the Basel III reform package. The calculation of risk-weighted assets (RWAs) can be done by
using two main approaches: (i) under the SA, banks use a prescribed risk weight schedule for calcu-
lating RWAs, and the risk weights depend on asset class and are generally linked to external ratings;
(ii) under the IRB approach, banks can use their internal rating systems for credit risk, subject to the
explicit approval of their respective supervisors. Similarly to Basel II, banks can use either the advanced
IRB approach (ie use their internal estimates of risk parameters such as probability of default (PD),
loss-given-default (LGD) and exposure-at-default (EAD)) or the foundation IRB approach (ie use only
their internal estimates of PD). However, enhancements to and constraints on the application of IRB
approaches for certain asset classes have been introduced under Basel III. See https://www.bis.org/fsi/
fsisummaries/rerf.pdf

% Regulatory capital buffers are equity capital prepared to absorb losses in difficult times.
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the probability of default, largely unexplained by banks’ fixed effects. Cucinelli et al.
(2018) find a brighter side of IRB models. Between 2008 and 2015, after the GFC,
in Europe IRB banks were able to curb the increase in credit risk better than SA
banks, as meant by regulators.

Regarding the literature on lockdown effects, Pagano and Zechner (2022) study
the impact of Covid-19 on firms. The authors find a variety of effects due to the
increase in uncertainty and to the reallocation shock, i.e. to the asymmetric impact
of demand and supply shocks. Stock price reacted differently across firms, depend-
ing on characteristics such as their resilience to social distancing, financial flexibil-
ity, and corporate culture. The authors find also an impact on real variables as sales,
employment and growth and medium term responses of companies to government
measures. De Socio et al. (2020) study the impact of Covid-19 pandemic on liquid-
ity, firm capital structure and profitability for 730 thousands firms in Italy, then ana-
lysing the impact of the shock on probabilities of default (PD) for a subgroup of
279 thousand firms. Profits decreased by two thirds respect to pre-crisis data, finan-
cial leverage increased between 1 and 2 %, probability of default increased by 1 %
and debt to most risky owners increased by 10 %. Altavilla et al. (2023) describe
all the measures taken by the European authorities during the pandemic, so exclud-
ing national government additional responses. There were monetary policy, micro-
prudential and macro-prudential regulation interventions. Across all EU countries
banks were hit by sharp repricing of risks and high funding costs. The price of bank
shares fell, bank CDS spreads rose and bank bond yields rose sharply, before gradu-
ally reversing as better news emerged. Findings show that without monetary policy
measures, loan to firms would have been 3 % lower, while without micro-prudential
and macro-prudential interventions, regulatory capital requirements would have
been 1.5 % point higher.

Our study builds upon these works by advancing the understanding of the the
impact of the first lockdown on a local bank’s various internal ratings of business
customers. In the next session, we will describe the dataset and the empirical strat-
egy in detail.

3 Data and empirical strategy

This section firstly describes data used, secondly defines the empirical equations and
estimation methods.

3.1 Data

Our analysis uses a proprietary dataset that provides monthly information on the
internal ratings of client companies of a local Italian bank in central Italy. The data
has been assembled by merging monthly credit registry data and annual balance
sheet data with monthly data on bank’s rating for each client firm.

We have information related to six different ratings: Total (Tot), Credit Registry
(CR), Balance Sheet (BS), Credit Event (CE), Dimensional (Dim), Behavioral (Be).
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These ratings are customary in Italian credit risk management and are assembled by
the bank, with the exception of the CR rating that is obtained starting from informa-
tion provided by the Bank of Italy. The Bank of Italy uses data from intermediaries
(mainly banks and financial companies) on loans and guarantees granted to their
customers, guarantees received from their customers and on loans or guarantees
purchased from other intermediaries. Eventually, the Bank of Italy informs partici-
pating intermediaries about the overall indebtedness of their customers, the types
of loans they have had, and whether or not they have made their payments’. The
CR rating considers two types of analyses. First the analysis of anomalies that are
defined serious, non-serious or collateral on short term risks. Second, the analysis
of trends related to the performance of medium and long term risks, the number of
reporting companies, revocable risks trend, performance on self-liquidating risks,
and the trend in short term maturity risks

Among the five bank internal ratings, both quantitative and qualitative informa-
tion are used, such as the economic-financial, managerial and organizational param-
eters of the firm analyzed, as well as sectorial data, geographical, and macroeco-
nomic. The quantitative information are extrapolated from the company’s financial
statements, and the key variables are liquidity, solvency, and profitability. As regards
the qualitative aspects, top management, the strategy and development plans, the
sector of activity, the reference markets in which the company operates, and any
negativity or protests possibly also extended to the reference persons of the company
itself are taken into account.

The BS Rating is intended to capture the company’s financial strength and per-
formance. Overall, the rating is determined by the bank and based on information
related to the company’s debt levels, profitability, and liquidity. To this aim, the bal-
ance sheet is reclassified according to financial criteria to assess the balance between
the structure of investments and the structure of financing sources. Assets and liabil-
ities are reclassified according to the criterion of increasing liquidity/disability to
facilitate the analysis of the short-term and long-term financial balance, measured
on stocks. The BS rating also incorporates an assessment of potential solvency, and
identifies the contribution of the various sources of financial resources, i.e. the total
capital available from financial sources, operational and miscellaneous.

The information analysed in the CE rating module comes from external pro-
viders and is related to firm insolvency proceedings, prejudicial acts, and pro-
cedure analyses as follows. The insolvency analysis makes a first classification
of events according to their “qualitative” severity; secondly, it is considered the
insolvency seniority so that protest with seniority less than or equal to 2 years
has more weight than another with seniority greater than 2; thirdly, there are
grading changes according to “classes” of the protested amount. The credit event
analyses consider both the qualitative severity of the event and the registration

7 There is a reporting threshold: a customer is reported if the sum to be repaid to the intermediary is
equal to or over €30,000; this threshold is lowered to €250 if the customer has a bad debt. Intermediaries
classify a customer as a bad debtor and report them as such to the CR when they believe that he or she is
in serious difficulty with loan repayments. This classification assumes that the intermediary has assessed
the customer’s overall financial situation and has not made it based on single events, such as one or more
late debt repayments. See https://www.bancaditalia.it/statistiche/raccolta-dati/centrale-rischi/
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amount of the legal mortgages, if any. Finally, the procedure analysis is based on
existing and past procedures.

The Dim rating considers the firm riskiness in relation to the size of the custom-
er’s outstanding financial debt (taken from the latest available CR data) compared to
the magnitudes expressed by the latest balance sheet for corporate businesses. For
SME:s, the DR consists of two indicators: the Asset Coverage, which expresses the
share of total credit facilities covered by the applicant’s property and stocks; and the
Repayment Capacity, which expresses the applicant’s ability to meet financial and
non-financial expenses through its income.

The Be rating system used by the bank evaluates a firm’s performance based on
specific instances of conduct and performance dimensions, which are rated numer-
ically. The assessment of the customer relationship is based on monthly analyses
conducted by the bank, taking into account the firm’s status (internal classification
of the counterparty). The provided information includes data on signature, guaran-
tees received, loans, current and derivative accounts, trade receivables, restructured
receivables, and impaired receivables. A score ranging from O to 100 is assigned to
the information, where O indicates the absence of anomalies.

Finally, the Tot rating is obtained from a weighted average of all the other ratings,
and considering additional information regarding the the bank-firm relationship, the
firm performances, and the CR information.

On qualitative scales, the ratings and can be either excellent, good, fair, or poor.
As previously stated, in our sample, the original ratings are in classes from value 1
(the lowest PD) to value 12 (the highest PD). However, to consistently estimate our
models, we flipped the sign to have higher values being the best ones, and define
the six dependent variables as A Rating,, ; = Rating,, -Rating,. Each A Rating cap-
tures, therefore, the monthly variation of rating that ranges from -12 (the maximum
possible negative variation) to +12 (the maximum possible improvement). Table 1
tabulates the distribution of A Rating variables, showing some common figures and
some peculiarities. Firstly, the majority of values taken by all A Rating variables is
zero, ranging from the 77% percentage of the A Tot Rating to the 99% of the A Pre
Rating, suggesting that the bank assessment of the firm riskiness implies rarely a
variation of the internal ratings, regardless of the specific rating considered. How-
ever, the different internal ratings, capturing risk profiles related to heterogeneous
firm characteristics, consistently show diverse variability.

The six dependent variables are computed as A Rating,; = Rating,, -Rating,.
Each A Rating captures the monthly variation of the respective rating that ranges
from -12 (the maximum possible negative variation) to +12 (the maximum possible
improvement).

Table 2 shows the Correlation Matrix for the 6 Ratings. As expected, the A Tot
Rating is positively correlated with all the other ratings. The highest correlating
being with the A BS Rating, and the lowest with the A Pre Rating. On the contrary,
A Dim Rating does not appear to be related to the A CR Rating, while showing a
negative correlation with A Be Rating.

The aim of the paper is to assess the impact of the lockdown on rating variation.
Thus, the first independent variable is “Lockdown” that is a dummy variable that
takes a value equal to 1 for the months from March to June 2020, and O otherwise.
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Table 1 Tabulation of the dependent variables

ATot rating ACR rating ABS rating ACE rating ADim rating ABe rating

pet pet pet pet pet pet
-11 0.034
-10 0.025
-9 0.052 0.002 0.005 0.197
-8 0.072 0.023 0.017 0.015 0.083
-7 0.093 0.080 0.057 0.076 0.064
-6 0.130 0.026 0.087 0.108 0.127
-5 0.210 0.100 0.144 0.091 0.306 0.146
-4 0.361 0.096 0.401 0.050 0.629 0.894
-3 0.754 0.508 0.789 0.130 1.452 1.521
-2 1.773 1.493 1.103 0.014 1.695 0.624
-1 7.110 2.730 7.623 0.097 3.477 2.665
0 76.895 87.749 80.032 99.250 84.355 78.623
1 9.485 5.438 7.487 0.085 3.605 13.845
2 1.696 1.241 1.108 0.027 1.824 0.545
3 0.600 0.266 0.606 0.097 1.229 0.160
4 0.302 0.045 0.318 0.057 0.724 0.191
5 0.145 0.164 0.109 0.103 0.242 0.100
6 0.059 0.013 0.052 0.114 0.191
7 0.046 0.021 0.031 0.095 0.002
8 0.040 0.005 0.031 0.024 0.008
9 0.031 0.001 0.004 0.024 0.014
10 0.031
11 0.053
Total 100.000 100.000 100.000 100.000 100.000 100.000
Table 2 Correlation matrix of the A ratings

A Tot Rating A CR Rating A Be Rating A Dim Rating A CE Rating A BS Rating

A Totrating 1
A CRrating  (0.250"** 1
A Berating  (0.0887°** 0.149"** 1
A Dim rating  (.260"* —0.00133 —0.0277° 1
A CErating  (0.0834*** 0.0636"* 0.0452"** 0.00168 1
ABSrating  0.356"™" 0.0413"*  0.0355"* 0396 0.00738 1

* p < 0.05,* p < 0.01,*** p < 0.001

Moreover, following Di Porto et al. (2022) we added the dummy “Essential Sector”
that takes a value equal to 1 if firms belong to the sectors that were not affected by
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the lockdown, i.e. those sectors that the Italian government defined as the ones that
did not have to stop production.®

We control for demand shocks by means of two variables. The first one aims at
capturing firms with positive demand during the lockdown year and it is a dummy
variable named “High Sales” that takes the value of 1 for firms whose 2020 sales
were higher than the 2019 ones, and 0 otherwise. The second one is a dummy vari-
able named “High Profit” that takes the value of 1 for firms with 2020 profits higher
than the 2019 ones, capturing firms that had overall better profitability during the
lockdown year.

We added a full set of controls to account for both bank-firm interactions and for
balance sheet variables. Among the former, we add a variable named “First Infor-
mation” that measures the amount of information that banks require from clients.
We also use the current and lagged percentage of credit not paid back to the bank,
labelled “Index not paid”. These variables are intended to capture additional meas-
ured of firm riskiness for the bank, and contribute to measure the solvency of the
firm. About the latter, we use information related to current and lagged standard-
ized values of “Perman capital”, “Sales”, and measures of profitability that capture
the firm’s ability to create value and make a profit by adequately remunerating the
capital invested in the firm such as “EBIT”, and “EBITDA”. These variables provide
additional information on firm performances. Moreover, to control for firm overall
indebtedness, and the consistency of assets and activities and the debt ratio with
respect to equity, we control for current and lagged values of “Short term debt” and
“Medium long debt” , and also for the firm “Liquidity ratio”, that captures the abil-
ity to achieve financial equilibrium conditions both in the short and in the medium
term. All the balance sheet variables have been standardized by subtracting their
sample means and divided by their sample standard errors.

Summary statistics of the variables are shown in Table 3.

The following variables have monthly variation: A Tot Rating, A CR Rating, A
BS Rating, A CE Rating, A Dim Rating, A Be Rating, Lockdown, First Information,
Index Not Paid. The variables that vary annually are: Perman Capital, Short Debt,
Medium Debt, Sales, Liquidity Ratio, EBIT EBITDA.

Moreover, Figs. 1 and 2 show the firm distribution according to size and sectors,
respectively. The definition of firm size follows the European Commission recom-
mendation of May 6, 2003 (GUCE L 124/36 del 20/05/2003). According to firm
sales, the category of Micro-sized enterprises consists of enterprises which annual
revenues do not exceed 2 million euros, Small-sized firm sales are between 2 mil-
lion and 10 million, Medium-sized firm sales range between 10 and 50 million,
and Large-sized firms have sales above 50 million euro.” The majority of firms are
micro- and small-sized firms, in line with national distribution. As for sector defi-
nition, we use ATECO codes and focus on four main sectors: Construction, Man-
ufacturing, Information Services and Commerce that cover about the 70% of firm
sectors.

8 See Di Porto et al. (2022) for the full list of sectors.
 We do not have data on employees for all firms in the sample.
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Table 3 Summary statistics

Dependent variables

mean sd count min max
A Tot rating 0.083 0.819 8773 -11 10
A CR rating 0.029 0.534 8699 -5 3
A BS rating -0.006 0.763 7186 -8 8
A CE rating -0.0004 0.118 8755 -3 3
A Dim rating -0.048 0.793 7185 -9 7
A Be rating 0.201 0.603 8206 -9 5
Main independent variables

mean sd count min max
Lockdown 0.174 0.380 9033 0 1
Essential sectors 0.306 0.461 9033 0 1
High sales 0.160 0.366 9033 0 1
High profit 0.270 0.444 9033 0 1
Full set of controls

mean sd count min max
First information 0.294 0.629 8925 0 6
Index not paid 5.2492 12.560 8774 0 100
Standard. perman capital 0.081 1.138 9033 -0.273 27.875
Standard. short debt 0.067 1.141 9033 -0.255 16.479
Standard. medium debt 0.056 1.126 9033 -0.232 23.136
Standard. sales -0.054 0.337 9033 -0.147 12.231
Standard. liquidity ratio 0.382 0.083 9033 —2.601 0.385
Standard. EBIT -0.067 0.149 9033 —-1.135 2.251
Standard. EBITDA -0.064 0.164 9033 —1.038 2.808

3.2 Empirical strategy

The aim of this research paper is to investigate the impact of the lockdown shock on
the six bank internal ratings, and to disentangle how such a impact depends on both
supply- and demand-side factors, as well as firm size and sector. Consistent with these
purposes, the empirical strategy makes use of step-by-step analyses. That is, a base-
line model was gradually enriched with variables and interactions in order to make
the impact of each independent variable on changes in the various ratings as clear as
possible.
The following Model 1 represents the baseline empirical strategy:

ARatings; .| =ay + ajLockdown, + a,Essential;, + azHighSales;,

+ ayHighProfits; , + full set of controls;,, , M
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Fig. 1 Firm size according to Sales

I Construction I Manufacturing
P Information Services [ Commerce
[ Other sectors
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where the dependent variable A Ratings refers to the change of the six different bank
internal ratings, the full set of controls refers to variables defined in Table 3, i and ¢
refers to the firm and the month, respectively.

While we expect a negative sign for the estimated coefficient &, we do not have
a strong prior on the sign of d,, d; and d,. Indeed, the change in rating may vary
positively or negatively with the regressors, depending on hidden changes in credit
demand and supply by the individual firm.

For each rating variation, we also estimate three additional empirical models that
augment Model 1 with interactions as follows. Model 2 contains the interactions
between the Lockdown dummy and the High Sales dummy to investigate whether
the lockdown effect is moderated by firm size. Thus, Model 2 is defined by the fol-
lowing empirical equation:

ARatings; .| =Py + piLockdown, + B,HighSales;,

+ ByHighSales;, * Lockdown, + full set of controls @

In Model 2 a positive (negative) and statistically significant estimated coefficient f,
would suggest a lower (greater) negative impact of the lockdown on rating variation
for larger (smaller) firms according to their sales.

Model 3 enriches Model 1 by adding the interactions between the Lockdown
shock and Essential sectors:

ARatings; ., =6, + 6,Lockdown, + 6,Essential;
+ 83 Essential;, * Lockdown, + full set of controls;,,_, 3)
In Model 3 we expect a positive estimate coefficient 33, so that the overall impact of
the lockdown on rating variation of firms operating in essential sectors is lower than
for other firms.

Finally, Model 4 refers to the full specification containing the interaction between
the three variables Lockdown, Essential sectors and High Sales and is represented
by the following empirical specification:

ARatings; . =y, + y|Lockdown, + y,Essential;, + y;HighSales;,
+ y4Essential;, * HighSales;, + ysEssential;, * Lockdown,
+ yeHighSales;, * Lockdown, 4)
+ y;Essential;, x HighSales;, * Lockdown,
+ full set of controls;,,

We use panel random-effects ordered logit estimation to take care of the ordered
data.!® The specific modeling task of ordinal logit regression is to predict the
expected relative frequency distribution of cases across the ranked categories of
the dependent variable under any combination of values on relevant independent

10 We make use of the Stata command xtologit. According to this method, the actual values taken on by
the dependent variable are irrelevant, although larger values are assumed to correspond to “higher” out-
comes. The conditional distribution of the dependent variable given the random effects is assumed to be
multinomial with success probability determined by the logistic cumulative distribution function.
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Fig. 3 Lockdown effects on A Tot Rating. 95 % confidence intervals

variables. Moreover, this non-linear and ordinal approach may avoid problems with
linear approaches such as inaccurate predictions, unsound statistical hypothesis test-
ing and measurement error, especially in the tails of the distribution.

In the next Section 4, we discuss results for the full specification Model 4, while
the findings of Models 1-3 for all the six rating types are reported in the Appendix.
In addition, in the subsection 4.2 we show regression results for the impact of the
lockdown shock on the change in total rating (i.e. A Tot Rating) in the medium run.
In doing so, we consider a dataset without balance sheet variables hence containing
up to 35 thousand firms until January 2022.

4 Results

We present the main results for the panel ordered logit estimation: the dependent
variables are the change in the 6 bank ratings: Total (Tot), Credit Registry (CR),
Balance Sheet (BS), Credit Event (CE), Dimensional (Dim), Behavioral (Be). The
comparison between all the four Models are left in the Appendix, while we show
here graphs that compare estimated coefficients for the main variables for Model 4:
Lockdown, Essential Sectors, High Sales and their interactions. We show both the
very-short run effects that refer to the period October 2019-June 2020 and the short
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Fig.4 Lockdown effects on A CR Rating. 95 % confidence intervals

run effects for October 2019-December 2020 under the full set of controls.!! We
included sectoral and size dummies, but they were not statistically significant.

First, we show the Figures for the main coefficients for each change in rating
(Figs. 3,4,5,6,7,8).

The Lockdown variable is negative and statistically significant. However, the
lockdown effect, although negative, is decreasing at the timing of December 2020,
suggesting that the worsening of the rating as a consequence of the lockdown was
larger just after the lockdown than at a longer time horizon. High profit is never
statistically significant (see also findings in the Appendix). Likely, the bank internal
rating fully controls for firm profitability. Interestingly, we obtain that the deteriora-
tion of the rating at the end of the year due to the Lockdown shock is larger for no
High Sales no Essential sectors firms than for the other (the estimated coefficient is
equal to —0.444 compared to —0.388 of High Sales and Essential sectors firms. See
Table 6.).

Figure 4 shows results of Model 4 when the dependent variable is A CR Rat-
ing. Differently from the previous estimates related to the A Tot Rating, we obtain
that High Profit and High Sales firms are positively associated to improvements
in the firm rating, at least in the shortest time. The estimated coefficients of the
lockdown effect are always negative and statistically significant, and increas-
ing in absolute value over time. This latter finding suggests that the overall firm

' See Table 3 for the full list of control variables.

@ Springer



Journal of Industrial and Business Economics

Lock.=1

Ess.=1-

Lock.=1 # Ess.=1+

H.Sales=1 -

Lock.=1 # H.Sales=1

Ess.=1 # H.Sales=1

-
—
—_——
—
—_———————
—
S —

H—
Lock.=1 # Ess.=1 # H.Sales=1 g
T T T T T
-2 -1 0 1 2 a3

Lockdown effects on internal ratings

® 10/19-06/20 & 10/19-12/20

Fig.5 Lockdown effects on A BS Rating. 95 % confidence intervals

riskiness, that takes into account information gathered from all the intermediaries
with whom the company interacts, as captured by Bank of Italy, increases over
time. However, the increase seems to be smaller for firms with high sales. Operat-
ing in an essential sector does not seem to have an effect.

Figure 5 shows results of Model 4 when the dependent variable is A BS Rat-
ing that is mainly based on balance sheet variables. We obtain that the Lockdown
coefficient is slightly positive at both time horizons. Similarly, we do not find any
clear statistically significant correlation between the dependent variable and other
possible explanatory variables. The intuition behind these findings is that this rat-
ing type does not appear to be useful in capturing short term shocks that might
affect firm default probabilities, as it is mainly based on variables that change on
yearly base.

Similar empirical estimates are obtained when we estimate the impact of the
Lockdown shock on firm A CE Rating as shown in Fig. 6. Again, this rating type is
mainly related to information on credit events such as insolvency proceedings and
insolvencies, that usually do not change over the short run.

The variable A Dim Rating depends on the size of the customer’s outstanding
financial debt. Figure 7 shows that the lockdown shock has a negative and statis-
tically significant estimated coefficient and the impact does not decline overtime.
Firms that are High Sales and (or) and High Profits do not appear to experiment a
change in Dimensional Rating different from that of other firms, as well as those that
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Fig.7 Lockdown effects on A Dim Rating. 95 % confidence intervals
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Fig.8 Lockdown effects on A Be Rating. 95 % confidence intervals

operate in Essential sectors. There is a larger impact of the Lockdown variable for
firms that are both in Essential sectors and High Sales, especially in the short term.

Considering A Be Rating as dependent variable, the estimated coefficients of
the Lockdown variable are always negative and statistically significant and are the
largest in size compared to the ones of the previous dependent variables, as shown
in Fig. 8. Thus, this finding suggests that the firm riskiness measured by means of
behaviours and conduct in response to the Lockdown shock has increased. Interest-
ingly, firms operating in Essential sectors are positively related to improvements in
the Behavioral Rating. Indeed, these firms did not have to change their production
plan as they were not affected by the Lockdown, and likely reacted strategically to
the changing environment. The lockdown effect was lower for High Sales firms than
for the other, suggesting a positive effect of the demand shock on these firms.

The next Figs. 9 and 10 show the short- and medium-term effects for the main
coefficients by comparing all the rating variations, respectively.

4.1 Firm heterogeneity and lockdown effects
To further investigate the possible role of firm heterogeneity on the lockdown
impact on rating deterioration, we break down the above analyses for firms in dif-

ferent size class and firms beloning to different business sectors for the short term
i.e. October 2019 - June 2020. Figures 11, 12, 13 and 14 graphically show the

@ Springer



Journal of Industrial and Business Economics

.
e
Lock.=1+
- -
Ess. =1
Lock.=1 # Ess.=1 —Fc
-
——
H.Sales=1- = °
=T
—a %
Lock.=1 # H.Sales=1 P —
T %—
_.__
—og
Ess.=1 # H.Sales=1- — T
—
_‘__
Lock.=1 # Ess.=1 # H.Sales=1- T & ——
T T — T T
-4 -2 0 2 4
e Tot e CR
e BS e CE

® Dim ® Be

Fig.9 Very-Short-term lockdown effects on internal ratings. 95 % confidence intervals. Data are from
10/2019 to 06/2020
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Fig. 10 Short-term lockdown effects on internal ratings. 95 % confidence intervals. Data are from
10/2019 to 12/2020
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Fig. 11 Very-Short-term lockdown effects on internal ratings of Micro-sized firms. 95 % confidence
intervals. Data are from 10/2019 to 06/2020

estimated coefficients of Model 4 for the sub-samples of Micro, Small, Medium
and Large firms, respectively.

Micro-sized and small-sized firms exhibit similar estimated coefficients and
statistical significance. The estimated coefficient of the Lockdown shock is nega-
tive and statistically significant. Medium-sized firms also show the statistically
significance of the essential sector in two out of six ratings. Differently, Large-
sized firms see the additional importance of the “High Sales” variable both indi-
vidually and in its interaction with the “Lockdown” variable. Overall, firm het-
erogeneity respect to firm size is important in understanding the lockdown impact
on rating deterioration.

Figures 15, 16, 17 and 18 graphically show the estimated coefficients of Model
4 for the sub-samples of firms belonging to the Construction, Manufacturing, Infor-
mation service, and Commence sectors, respectively for the very short term i.e.
October 2019- June 2020.

The firms in the construction sector do not appear to have been negatively
impacted by the lockdown variable in terms of their rating. However, the firms in
the manufacturing and commerce sectors show negative coefficients for the ’Lock-
down’ variable. The firms in the information services sector do not show any nega-
tive impact of the ’Lockdown’ variable, but the "High Sales’ variable plays a role,
which can be positive or negative depending on the rating considered. Overall, it
is important to consider firm heterogeneity with respect to firm sectors in order to
understand the impact of the lockdown on rating deterioration.
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Fig. 12 Very-Short-term lockdown effects on internal ratings of Small-sized firms. 95 % confidence
intervals. Data are from 10/2019 to 06/2020
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Fig. 13 Very-Short-term lockdown effects on internal ratings of Medium-sized firms. 95 % confidence
intervals. Data are from 10/2019 to 06/2020
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Fig. 14 Very-Short-term lockdown effects on internal ratings of Large-sized firms. 95 % confidence
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Fig. 15 Very-Short-term lockdown effects on internal ratings of Construction sector firms. 95 % confi-

dence intervals. Data are from 10/2019 to 06/2020
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Fig. 16 Very-Short-term lockdown effects on internal ratings of Manufacturing sector firms. 95 % confi-
dence intervals. Data are from 10/2019 to 06/2020
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Fig. 17 Very-Short-term lockdown effects on internal ratings of Information service sector firms. 95 %
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Fig. 18 Very-Short-term lockdown effects on internal ratings of Commerce sector firms. 95 % confi-
dence intervals. Data are from 10/2019 to 06/2020

4.2 The lockdown effect in the Medium Run

Our empirical findings seem to suggest a negative impact of the lockdown shock on
firm overall riskiness, and that such effect changes over time becoming less relevant
at the end of the 2020 year. Thus, in this Section we focus on the effect of the lock-
down shock on the dependent variable A Tot Rating over a longer period of time,
i.e., until January 2022.

This dataset is built without balance sheet variables, thus expanding the sample
for June 2020 from around 5 thousand to 35 thousand observations. This new data-
set, then, comprises a lot more micro-, small- and medium-sized firms that were
omitted from the previous results due to lack of balance sheet information. We opted
to focus on Total Rating for some reasons. Firstly, Total Rating is the main rating
used by the bank to assess the quality of its borrowers. Secondly, the results from
the previous section show that the Lockdown is negatively correlated to some, but
not all, ratings.'” To implement this analysis we focus on the baseline specification
defined in Model 1 and on the full-interaction Model 4. However, we cannot use

12 Similar exercises might have been done for all ratings, but have been omitted for reasons of space.
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balance sheet variables for which we do not have updated information, that is, with
respect to the estimates of the previous Models some controls are missing.'?

Estimates are shown in Table 4, in which the first three columns refer to Model
1, while the last three columns to Model 4, and to the periods October 2019 - June
2020, -December 2020 and - January 2022, respectively. Results largely confirms
previous findings: the estimated coefficient of the lockdown shock is negative and
statistically significant with a decreasing impact over time. Results from the full-
interaction Model 4 suggest that the impact disappears in January 2022. Firms oper-
ating in Essential sectors are positively associated to improvements in firm quality,
as well as High Profit firms.

Estimation done by using the xtologit command for panel ordered logit in Stata.
Columns (1)-(2) refer to Model 1, while columns (4)-(6) to Model 4. Timing of esti-
mation is June 2020 for columns (1 ) and (4), December 2020 for columns (2) and
(5), January 2022 for columns (3) and (6). o-f is estimated panel level variance. Cut
off points from ordered logit are omitted.

5 Conclusion

This paper details the impact of a large, unexpected shock such as the 2020 Italian
Covid lockdown on the change in six firm ratings by using the data from one Ital-
ian local bank between October 2019 and January 2022. Five out of six ratings are
customary in Italian credit risk management and are assembled by the bank accord-
ing to different quantitative and qualitative firm information. Thus, some ratings are
related to economic-financial, managerial and organizational firm characteristics,
while others refer to the firm strategy and development plans, the sector of activity,
the reference markets, or any negativity or protests. The sixth rating, instead, is gath-
ered by the Bank of Italy Credit Registry that uses data from intermediaries on loans
and guarantees granted to their customers, guarantees received from their customers
and on loans or guarantees purchased from other intermediaries.

To take care of the ordered data, we use panel random-effects ordered logit esti-
mation whose specific modeling task is to predict the expected relative frequency
distribution of cases across the ranked categories of the rating variable under any
combination of values on relevant independent variables, among which we control
for both supply-side and demand-side factors. We obtain three main findings.

First, controlling for both supply and demand factors, the lockdown is associated
to a decrease of the firm quality, i.e. a decrease in four out of six ratings.

Second, the lockdown effect depends also on specific firm characteristics, that is
the lockdown effect appears to be mitigated in the presence of high sales (demand-
side factor) or for firms that belong to essential sectors (supply-side factors). How-
ever, these interaction effects do not hold for all ratings suggesting that each type of

13 The missing controls are: “Perman capital std”, “Sales std”, “EBIT std”, and “EBITDA std”, “Short
term debt” and “Medium long debt” , “Liquidity ratio std”, current and lagged.
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Table 5 Changes in total rating: results from Models 1 and 2

Dependent variable: A total rating

(Model 1) (Model 1) (Model 2) (Model 2)
10/2019-06/2020  10/2019-12/2020  10/2019-06/2020  10/2019-12/2020

Lock —0.507""* —0.339""
(=8.29) (—6.57)
Ess —0.0111 —0.00268 —0.0112 —0.00338
(—0.25) (—0.07) (—0.25) (—0.09)
H.Sales —0.0402 —0.122*
(—0.48) (-2.22)
High Profit 0.0819 —0.0933 0.0868 —0.0827
(1.05) (—1.82) (1.11) (-1.62)
0.Lock.#1.H.Sales —0.0844 —0.196**
(=0.50) (—2.80)
1.Lock.#0.H.Sales —0.519""* —0.401"**
(—8.10) (—6.54)
1.Lock.#1.H.Sales —0.535""* =0.359™*
(—6.06) (—4.77)
Full set of Controls Yes Yes Yes Yes
63 1.49¢—33 3.95¢—35 9.66e—35 6.43e—34
(1.10) 0.41) (0.38) (1.46)
N 7528 10529 7528 10529

t statistics in parentheses
*p<0.05 " p<0.01," p<0.001

rating is influenced by different firm characteristics, so that they complement each
other.

Third, we also focus on the effect of the lockdown shock on the change in Total
Rating over a longer period of time, i.e., until January 2022. Estimates suggest that
once we account for the full-interaction model, the lockdown negative effect disap-
pears in the medium run.

The study indicates that banks should evaluate the creditworthiness of their cus-
tomers using diverse ratings that can capture various firm issues. Additionally, the
study found that although bank internal ratings did not fully incorporate the negative
shock in the very-short and short term, they did so in the medium run.

Appendix: estimation results
We present main results for the panel ordered logit estimation of change in rat-

ings onto our regressors. Results are organized with two tables per rating: the first
table shows the estimated coefficients of Model 1 in the first two columns, and the
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Table 6 Changes in total rating: results from Models 3 and 4

Dependent variable: A total rating

(Model 3) (Model 3) (Model 4) (Model 4)
10/2019-06/2020  10/2019-12/2020  10/2019-06/2020  10/2019-12/2020

0.Lock.#1.Ess —0.0356 —0.0222
(—0.65) (—0.51)
1.Lock.#0.Ess —0.538""* —0.373""
(—8.06) (—6.26)
1.Lock.#1.Ess —0.475""* —0.285""*
(=5.12) (=3.32)
H.Sales —0.0411 —0.122%
(—0.49) (—2.22)
High Profit 0.0796 —0.0944 0.0860 —0.0836
(1.02) (—1.84) (1.11) (-1.63)
0.Lock.#0.Ess.#1.H.Sales 0.0805 —0.158
(0.38) —L.77)
0.Lock.#1.Ess.#0.H.Sales —0.0133 —0.00648
(—0.24) (=0.13)
0.Lock.#1.Ess.#1.H.Sales —0.380 —0.270"*
(—1.48) (—2.95)
1.Lock.#0.Ess.#0.H.Sales —0.557+** —0.444***
(=7.80) (—6.34)
1.Lock.#0.Ess.#1.H.Sales —0.522%"* —0.345"
(—5.33) (—3.93)
1.Lock.#1.Ess.#0.H.Sales —0.443* —0.308™"
(—4.07) (—2.81)
1.Lock.#1.Ess.#1.H.Sales —0.572""* —0.388™
(—4.43) (—3.18)
Full set of Controls Yes Yes Yes Yes
o2 1.07e—33 4.54e=36 3.46e—35 2.39¢—34
(0.85) (0.49) (0.34) (1.61)
N 7528 10529 7528 10529

t statistics in parentheses
*p <0.05," p <0.01," p <0.001

estimated coefficients of Model 2 in the following two columns, i.e. considers the
interaction between the Lockdown dummy and the High Sales dummy. The second
table shows in the first two columns results from Model 3, i.e. it takes into account
of the interaction between the Lockdown shock and Essential Sectors, and in the last
two columns reports estimated coefficients of Model 4 that is, it considers the inter-
action between the three variables, namely the Lockdown , the Essential sectors and
the High sales dummy. Finally, in each table, timing of estimation is June 2020 for
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columns (1) and (3), December 2020 for columns (2) and (4), so that we can analize
the impact of our main explanatory variables on changes in Rating at different time
horizons.'*

Tables 5 and 6 show estimated coefficients for the dependent variable A Total
Rating. As expected, in all models the estimated coefficient of the Lockdown Shock
variable is negative and statistically significant. However, the lockdown effect,
although negative, is decreasing at the timing of December 2020, suggesting that the
worsening of the rating as a consequence of the lockdown was larger just after the
lockdown than at a longer time horizon. High profit is never statistically significant.
Likely, the bank internal rating fully controls for firm profitability. On the other side,
Table 5 shows that the estimated coefficient of the H.Sales dummy is negative and
statistically significant at the end of the year (columns (2) and (4)), suggesting that
there was a deterioration of the firm riskiness for the best performing firms, control-
ling fro a full set of firm characteristics. Moreover, when we allow for the interac-
tion between Lock.#H .Sales we obtain that the best performing firms experimented
a decrease of the Rating larger than other firms at June 2020 as a consequence of
the lockdown, while reacting better than others at the longer period. According to
Table 5 the change in Total Rating does not depend on whether the firm is oper-
ating in essential sectors. However, columns (1) and (2) of Table 6 show that the
Lockdown negative impact on the change in rating is smaller for firms that belong
to essential sectors. Finally, columns (3) and (4) of Table 6 show the estimated coef-
ficients of Model 4, that takes into account for possible triple interactions. Interest-
ingly, we obtain that the deterioration of the rating at the end of the year due to the
Lockdown shock is larger for no High Sales no Essential sectors firms than for the
other firms (the estimated coefficient is equal to —0.444 compared to —0.388 of High
Sales and Ess. firms) .

Estimation done by using the xtologit command for panel ordered logit in Stata.
Columns (1) and (2) refer to Model 1, while columns (3) and (4) to Model 2. Timing
of estimation is June 2020 for columns (1 ) and (3), December 2020 for columns (2)
and (4). 0'5 is estimated panel level variance. Cut off points from ordered logit are
omitted. The full list of control variables is: First info lag, Index not paid, Index not
paid lag, Perman capital std, Perman capital stdlag, Short debt std, Short debt stdlag,
Medium long debt std, Medium long debt stdlag, Sales std Sales stdlag, Liquidity
ratio std, Liquidity ratio stdlag, EBIT std, EBIT stdlag, EBITDA std and EBIDA
stdlag. The definition “std” implies a mean-variance standardization.

Estimation done by using the xtologit command for panel ordered logit in
Stata. Columns (1) and (2) refer to Model 3, while columns (3) and (4) to Model
4. Timing of estimation is June 2020 for columns (1 ) and (3), December 2020
for columns (2) and (4). o-f is estimated panel level variance. Cut off points from
ordered logit are omitted. The full list of control variables is: First info lag, Index
not paid, Index not paid lag, Perman capital std, Perman capital stdlag, Short debt
std, Short debt stdlag, Medium long debt std, Medium long debt stdlag, Sales std
Sales stdlag, Liquidity ratio std, Liquidity ratio stdlag, EBIT std, EBIT stdlag,

14 In the next Tables 5 - 4 we report the estimated coefficients of the main explanatory variables. Tables
containing the full set of estimated coefficients are available upon request from the authors.
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Table 7 Changes in CR rating: results from Models 1 and 2

Dependent variable: A CR rating

(Model 1) (Model 1) (Model 2) (Model 2)
10/2019-06/2020  10/2019-12/2020  10/2019-06/2020  10/2019-12/2020

Lock —0.423"* —0.458""
(—5.45) (=7.16)
Ess 0.0323 —0.00745 0.0330 —0.00727
(0.66) (—0.18) (0.68) (—0.18)
H.Sales 0.229* 0.101
(2.34) (1.68)
High Profit 0.204* 0.210™* 0.170 0.208"*
(2.18) (4.02) (1.79) (3.91)
0.Lock.#1.H.Sales 0.496** 0.117
(2.68) (1.54)
1.Lock.#0.H.Sales —0.349""* —0.443"
(—4.21) (=5.73)
1.Lock.#1.H.Sales —0.272* —0.379**
(—2.55) (—4.17)
Full set of Controls Yes Yes Yes Yes
03 2.35e—34 8.17e—36 1.48e—35 5.11e—35
(1.29) (0.56) (1.25) 0.91)
N 7468 10446 7468 10446

t statistics in parentheses
*p<0.05 " p<0.01," p<0.001

EBITDA std and EBIDA stdlag. The definition “std” implies a mean-variance
standardization.

Tables 7 and 8 show the estimated coefficients of Models (1)-(2) and (3)-(4),
whose dependent variable is A CR Rating, respectively. Differently from the pre-
vious estimates related to the A Total Rating, we obtain that High Profit and High
Sales firms are positively associated to improvements in the firm rating, at least in
the shortest time, as shown in Table 7. The estimated coefficients of the lockdown
effect are always negative and statistically significant, and increasing overtime.
This latter finding suggests that the overall firm riskiness, that takes into account
information gathered from all the intermediaries with whom the company inter-
acts, as captured by Bank of Italy, increases over time. However, the increase
appears smaller for High Sales firms. Operating in an essential sector does not
seem to have an effect, as shown both from Table 7 and from Table 8 that models
all possible interactions.

Estimation done by using the xtologit command for panel ordered logit in Stata.
Columns (1) and (2) refer to Model 1, while columns (3) and (4) to Model 2. Timing
of estimation is June 2020 for columns (1 ) and (3), December 2020 for columns (2)
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Table 8 Changes in CR rating: results from Models 3 and 4

Dependent variable: A CR rating

(Model 3)
10/2019-06/2020

(Model 3)
10/2019-12/2020

(Model 4)
10/2019-06/2020

(Model 4)
10/2019-12/2020

0.Lock.#1.Ess

1.Lock #0.Ess

1.Lock.#1.Ess

H.Sales

High Profit

0.Lock.#0.Ess.#1.H.Sales

0.Lock.#1.Ess.#0.H.Sales

0.Lock.#1.Ess.#1.H.Sales

1.Lock.#0.Ess.#0.H.Sales

1.Lock.#0.Ess.#1.H.Sales

1.Lock.#1.Ess.#0.H.Sales

1.Lock.#1.Ess.#1.H.Sales

Full set of Controls

o 2
u

N

0.0629
(1.12)
—0.385"**
(—4.57)
—0.445"*
(-3.95)
0.230*
(2.35)
0.206*
(221

Yes
1.21e-35
(1.28)
7468

0.00243
(0.05)
—0.440"
(-6.07)
—0.494**
(—4.73)
0.101
(1.68)
0.211%*
(4.03)

Yes
1.08e—36
(0.63)
10446

0.174
(1.83)
0.563"
(2.52)
0.0712
(1.28)
0.438
(1.53)
—0.334""
(—3.57)
—0.181
(—1.58)
—0.315"
(—2.42)
—0.380"
(—2.27)
Yes
1.25e-35
(0.66)
7468

0.209*
(3.95)
0.172*
(2.02)
0.0262
(0.54)
0.0329
(0.26)
—0.443"*
(—4.96)
—0.296™"
(—2.90)
—0.417"
(—3.22)
—0.514**
(—3.25)
Yes
2.53e-35
(1.16)
10446

t statistics in parentheses

* p < 0.05,* p < 0.01,** p < 0.001

and (4). 0'3 is estimated panel level variance. Cut off points from ordered logit are
omitted. The full list of control variables is: First info lag, Index not paid, Index not
paid lag, Perman capital std, Perman capital stdlag, Short debt std, Short debt stdlag,
Medium long debt std, Medium long debt stdlag, Sales std Sales stdlag, Liquidity
ratio std, Liquidity ratio stdlag, EBIT std, EBIT stdlag, EBITDA std and EBIDA
stdlag. The definition “std” implies a mean-variance standardization.
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Table9 Changes in BS rating: results from Models 1 and 2

Dependent variable: A BS rating

(Model 1) (Model 1) (Model 2) (Model 2)
10/2019-06/2020  10/2019-12/2020  10/2019-06/2020  10/2019-12/2020

Lock 0.235 0.0980
(1.59) (0.93)
Ess —0.124 —0.0346 —0.124 —0.0316
(—1.73) (—0.53) (—1.73) (—0.49)
H.Sales —0.470* —0.0672
(—2.52) (—0.61)
High Profit 0.0180 —0.0631 0.0109 —0.0895
0.13) (—0.69) (0.08) (—0.97)
0.Lock.#1.H.Sales —0.406 0.0886
(—1.26) (0.74)
1.Lock.#0.H.Sales 0.250 0.224
(1.56) (1.86)
1.Lock.#1.H.Sales —0.253 —0.215
(-1.10) (—1.10)
Full set of Controls Yes Yes Yes Yes
0'5 2.21e—34 5.21e-32 3.54e-36 6.76e—33
(0.81) (0.49) (0.36) ()
N 5135 7396 5135 7396

t statistics in parentheses
*p <0.05," p <0.01,” p <0.001

Estimation done by using the xtologit command for panel ordered logit in
Stata. Columns (1) and (2) refer to Model 3, while columns (3) and (4) to Model
4. Timing of estimation is June 2020 for columns (1 ) and (3), December 2020
for columns (2) and (4). 0'5 is estimated panel level variance. Cut off points from
ordered logit are omitted. The full list of control variables is: First info lag, Index
not paid, Index not paid lag, Perman capital std, Perman capital stdlag, Short debt
std, Short debt stdlag, Medium long debt std, Medium long debt stdlag, Sales
std Sales stdlag, Liquidity ratio std, Liquidity ratio stdlag, EBIT std, EBIT std-
lag, EBITDA std and EBIDA stdlag. The definition “std” implies a mean-variance
standardization.

Tables 9 and 10 show results for the A BS Rating. As stated above, this rating
is mainly based on balance sheet variables, thus as expected, we obtain that the
estimated coefficient of the lockdown shock dummy variable is not statistically
significant except that in Model 4 at December 2020 with a positive sign (column
(4) Table 10). Similarly, we do not find any clear statistically significant corre-
lation between the dependent variable and other possible explanatory variables.
The intuition behind these findings is that this rating type does not appear to be
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Table 10 Changes in BS rating: results from Models 3 and 4

Dependent variable: A BS rating

(Model 3) (Model 3) (Model 4) (Model 4)
10/2019-06/2020  10/2019-12/2020  10/2019-06/2020  10/2019-12/2020

0.Lock.#1.Ess —0.0850 0.00884
(—1.06) (0.13)
1.Lock.#0.Ess 0.281 0.171
(1.67) (1.37)
1.Lock.#1.Ess 0.0372 —0.0680
0.17) (=0.37)
H.Sales —0.466* —0.0650
(—2.50) (—0.59)
High Profit 0.0198 —0.0621 0.0167 —0.0841
0.14) (—0.68) (0.12) (—0.91)
0.Lock.#0.Ess.#1.H.Sales -0.0110 0.0361
(—0.03) (0.26)
0.Lock.#1.Ess.#0.H.Sales —0.0387 —0.0129
(—0.47) (—0.19)
0.Lock.#1.Ess.#1.H.Sales —1.043** 0.167
(—2.73) (0.87)
1.Lock .#0.Ess.#0.H.Sales 0.341 0.307*
(1.89) (2.23)
1.Lock.#0.Ess.#1.H.Sales —0.297 —0.245
(-1.05) (—1.01)
1.Lock.#1.Ess.#0.H.Sales —0.0287 —0.0163
(=0.11) (—0.07)
1.Lock.#1.Ess.#1.H.Sales —0.232 —0.183
(—0.66) (—0.59)
Full set of Controls Yes Yes Yes Yes
o-i 3.50e—32 8.42e-32 9.42e¢-34 1.96e—30
(0.28) (0.65) (1.21) (0.19)
N 5135 7396 5135 7396

t statistics in parentheses
*p<0.05 " p<0.0L" p<0.001

useful in capturing short term shocks that might affect firm default probabilities,
as it is mainly based on variables that change on yearly base.

Estimation done by using the xtologit command for panel ordered logit in Stata.
Columns (1) and (2) refer to Model 1, while columns (3) and (4) to Model 2. Timing
of estimation is June 2020 for columns (1 ) and (3), December 2020 for columns (2)
and (4). 0'5 is estimated panel level variance. Cut off points from ordered logit are
omitted. The full list of control variables is: First info lag, Index not paid, Index not
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Table 11 Changes in credit event rating: results from Models 1 and 2

Dependent variable: A credit event rating

(Model 1) (Model 1) (Model 2) (Model 2)
10/2019-06/2020  10/2019-12/2020  10/2019-06/2020  10/2019-12/2020

Lock —0.534 —0.202
(—1.62) (—0.80)
Ess 0.187 0.182 0.202 0.190
(0.80) (0.79) (0.87) (0.83)
H.Sales 0.873 0.725
(1.03) (1.10)
High Profit 1.445 1.112 1.141 1.035
(1.70) (1.81) (1.28) (1.66)
0.Lock.#1.H.Sales 1.957 1.113
(1.68) (1.37)
1.Lock.#0.H.Sales 0.0983 0.204
0.22) (0.63)
1.Lock.#1.H.Sales —0.234 —0.0983
(—0.36) (—0.22)
Full set of Controls Yes Yes Yes Yes
0'3 2.27e—34 1.26e—33 3.64e—33 6.44e—34
(0.69) (0.50) 0.37) (0.81)
N 7513 10495 7513 10495

t statistics in parentheses
*p<0.05 " p<0.01"** p<0.001

paid lag, Perman capital std, Perman capital stdlag, Short debt std, Short debt stdlag,
Medium long debt std, Medium long debt stdlag, Sales std Sales stdlag, Liquidity
ratio std, Liquidity ratio stdlag, EBIT std, EBIT stdlag, EBITDA std and EBIDA
stdlag. The definition “std” implies a mean-variance standardization.

Estimation done by using the xtologit command for panel ordered logit in Stata.
Columns (1) and (2) refer to Model 3, while columns (3) and (4) to Model 4. Timing
of estimation is June 2020 for columns (1 ) and (3), December 2020 for columns (2)
and (4). 0'3 is estimated panel level variance. Cut off points from ordered logit are
omitted. The full list of control variables is: First info lag, Index not paid, Index not
paid lag, Perman capital std, Perman capital stdlag, Short debt std, Short debt stdlag,
Medium long debt std, Medium long debt stdlag, Sales std Sales stdlag, Liquidity
ratio std, Liquidity ratio stdlag, EBIT std, EBIT stdlag, EBITDA std and EBIDA
stdlag. The definition “std” implies a mean-variance standardization.

Similar empirical estimates are obtained when we estimate the impact of the
Lock. on firm A Credit Event Rating, as shown in Tables 11 and 12. Again, this
rating type is mainly related to information related to prejudicial acts, insolvency
proceedings and insolvencies, that usually do not change over the short run.
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Table 12 Changes in credit event rating: results from Models 3 and 4

Dependent variable: A credit event rating

(Model 3)
10/2019-06/2020

(Model 3) (Model 4) (Model 4)

10/2019-12/2020 10/2019-06/2020 10/2019-12/2020

0.Lock.#1.Ess

1..Lock.#0.Ess

1..Lock.#1.Ess

H.Sales

High Profit

0.0.Lock.#0.Ess.#1.H.Sales

0.Lock.#1.Ess.#0.H.Sales

0.Lock.#1.Ess.#1.H.Sales

1.Lock.#0.Ess.#0.H.Sales

1.Lock.#0.Ess.#1.H.Sales

1.Lock.#1.Ess.#0.H.Sales

1.Lock.#1.Ess.#1.H.Sales

Full set of Controls

0.2
u

N

0.318
(1.02)
-0.394
(-0.99)
—0.544
-1.27)
0.879
(1.04)
1.456
(1.72)

Yes
1.28e—33
(0.96)
7513

0.249

(0.90)

—0.0884

(—0.27)

—0.213

(—0.62)

0.728

(1.11)

1.114 1.157 1.040

(1.81) (1.28) (1.66)
2.118 1.248
(1.84) (1.46)
0.368 0.322
(0.85) (0.79)
2.008 1.174
(1.28) (1.02)
0.215 0.308
(0.45) (0.81)
—0.0954 0.0296
(—0.14) (0.06)
0.168 0.265
0.32) (0.65)
—0.170 —0.0391
(—0.24) (—0.08)

Yes Yes Yes

4.02e—35 1.35e—36 7.00e—36

(0.50) 0.07) (0.28)

10495 7513 10495

t statistics in parentheses

* p < 0.05,* p < 0.01,*** p < 0.001

Estimation done by using the xtologit command for panel ordered logit in
Stata. Columns (1) and (2) refer to Model 1, while columns (3) and (4) to Model
2. Timing of estimation is June 2020 for columns (1 ) and (3), December 2020
for columns (2) and (4). 55 is estimated panel level variance. Cut off points from
ordered logit are omitted. The full list of control variables is: First info lag, Index
not paid, Index not paid lag, Perman capital std, Perman capital stdlag, Short debt
std, Short debt stdlag, Medium long debt std, Medium long debt stdlag, Sales std
Sales stdlag, Liquidity ratio std, Liquidity ratio stdlag, EBIT std, EBIT stdlag,
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Table 13 Changes in dimensional rating: results from Models 1 and 2

Dependent variable: A dimensional rating

(Model 1) (Model 1) (Model 2) (Model 2)
10/2019-06/2020  10/2019-12/2020  10/2019-06/2020  10/2019-12/2020

Lock —0.424" —0.433"
(—4.59) (—5.90)
Ess 0.0630 0.0276 0.0630 0.0273
(0.95) (0.53) (0.95) (0.52)
H.sales 0.00364 —0.0518
(0.03) (=0.66)
High profit —0.0294 —0.00345 —0.0291 —0.000456
(—0.27) (—0.05) (—0.27) (—0.01)
0.Lock.#1.H.Sales —0.000003 —0.0716
(—0.00) (—0.67)
1.Lock.#0.H.Sales —0.425"* —0.448***
(—4.62) (—5.60)
1.Lock.#1.H.Sales —0.420™" —0.455"*
(—2.94) (—3.58)
Full set of Controls Yes Yes Yes Yes
03 1.22e-33 1.33e—33 2.0le—36 1.36e—33
(1.40) (0.74) (0.25) 0.47)
N 5158 7479 5158 7479

t statistics in parentheses
*p <0.05," p <0.01," p <0.001

EBITDA std and EBIDA stdlag. The definition “std” implies a mean-variance
standardization.

Estimation done by using the xtologit command for panel ordered logit in
Stata. Columns (1) and (2) refer to Model 3, while columns (3) and (4) to Model
4. Timing of estimation is June 2020 for columns (1 ) and (3), December 2020
for columns (2) and (4). 0'5 is estimated panel level variance. Cut off points from
ordered logit are omitted. The full list of control variables is: First info lag, Index
not paid, Index not paid lag, Perman capital std, Perman capital stdlag, Short debt
std, Short debt stdlag, Medium long debt std, Medium long debt stdlag, Sales
std Sales stdlag, Liquidity ratio std, Liquidity ratio stdlag, EBIT std, EBIT std-
lag, EBITDA std and EBIDA stdlag. The definition “std” implies a mean-variance
standardization.

Tables 13 and 14 show results related to estimates of Models 1-2 and Models 3-4,
respectively, when the dependent variable is A Dimensional Rating. The lockdown
shock has negative estimated coefficients throughout the models and the impact does
not decline overtime. Firms that belong to the High Sales and (or) and High Profits
do not appear to experiment a change in Dimensional Rating different from others,
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Table 14 Changes in dimensional rating: results from Models 3 and 4

Dependent variable: A dimensional rating

(Model 3)
10/2019-06/2020

(Model 3)
10/2019-12/2020

(Model 4)
10/2019-06/2020

(Model 4)
10/2019-12/2020

0.Lock.#1.Ess

1.Lock #0.Ess

1.Lock.#1.Ess

H.Sales

High Profit

0.Lock.#0.Ess.#1.H.Sales

0.Lock.#1.Ess.#0.H.Sales

0.Lock.#1.Ess.#1.H.Sales

1.Lock.#0.Ess.#0.H.Sales

1.Lock.#0.Ess.#1.H.Sales

1.Lock.#1.Ess.#0.H.Sales

1.Lock.#1.Ess.#1.H.Sales

Full set of Controls

0.2
u

N

0.0895
(1.06)
—0.396"*
(-3.96)
—0.404"
(-3.04)
0.00556
(0.04)
—0.0279
(-0.26)

Yes
1.11e-33
(0.57)
5158

0.0394
(0.63)
~0.415"
(-4.85)
~0.436"
(-3.79)
~0.0514
(-0.65)
~0.00318
(-0.05)

Yes
1.37e-36
(0.19)
7479

—0.0249
(—0.23)
—0.487
(—1.37)
0.0320
(0.38)
0.828"
(2.13)
—0.433"
(—4.18)
—0.359*
(—2.17)
—0.387""
(—2.80)
—0.508"
(—2.25)
Yes
1.47e-33
(1.28)
5158

0.00114
(0.02)
—0.196
(—1.58)
—0.0120
(—0.18)
0.162
(0.99)
—0.460"*
(—4.92)
—0.401"*
(—2.69)
—0.432%
(—3.35)
—0.566"
(—2.56)
Yes
1.40e—34
(1.10)
7479

t statistics in parentheses

* p < 0.05,* p < 0.01,*** p < 0.001

as well as those that operate in Essential sectors. However, the estimates of the full-
interaction Model 4 suggest a larger impact of the Lock. variable for Ess. - H.Sales
firms, in both periods (see columns (3) and (4) of Table 14).

Estimation done by using the xtologit command for panel ordered logit in
Stata. Columns (1) and (2) refer to Model 1, while columns (3) and (4) to Model
2. Timing of estimation is June 2020 for columns (1 ) and (3), December 2020

@ Springer



Journal of Industrial and Business Economics

Table 15 Changes in behavioral rating: results from Models 1 and 2

Dependent variable: A behavioral rating

(Model 1) (Model 1) (Model 2) (Model 2)
10/2019-06/2020  10/2019-12/2020  10/2019-06/2020  10/2019-12/2020

Lock —0.928"* —0.684""*
(—12.38) (—10.29)
Ess 0.152** 0.152"* 0.151** 0.150"**
(3.19) (3.35) (3.18) (3.33)
H.Sales —0.113 -0.350"**
(—1.10) (—4.49)
High Profit —0.587* —0.651"** —0.526""* —0.619"*
(—6.78) (—8.87) (—6.05) (—8.45)
) O
0.Lock.#1.H.Sales —0.661*"* —0.604***
(—4.59) (—6.70)
1.Lock.#0.H.Sales -1.077"** —0.904"**
(—12.69) (—11.33)
1.Lock.#1.H.Sales —0.857""* —0.641%**
(—6.95) (—5.33)
Full set of Controls Yes Yes Yes Yes
o2 6.67e—34 2.42¢-32 7.55e=34 6.81e=33
(0.86) (0.70) (0.83) (1.11)
N 7082 9972 7082 9972

t statistics in parentheses
*p<0.05"p<0.01"* p<0.001

for columns (2) and (4). 65 is estimated panel level variance. Cut off points from
ordered logit are omitted. The full list of control variables is: First info lag, Index
not paid, Index not paid lag, Perman capital std, Perman capital stdlag, Short debt
std, Short debt stdlag, Medium long debt std, Medium long debt stdlag, Sales
std Sales stdlag, Liquidity ratio std, Liquidity ratio stdlag, EBIT std, EBIT std-
lag, EBITDA std and EBIDA stdlag. The definition “std” implies a mean-variance
standardization.

Estimation done by using the xtologit command for panel ordered logit in Stata.
Columns (1) and (2) refer to Model 3, while columns (3) and (4) to Model 4. Timing
of estimation is June 2020 for columns (1 ) and (3), December 2020 for columns (2)
and (4). af is estimated panel level variance. Cut off points from ordered logit are
omitted. The full list of control variables is: First info lag, Index not paid, Index not
paid lag, Perman capital std, Perman capital stdlag, Short debt std, Short debt stdlag,
Medium long debt std, Medium long debt stdlag, Sales std Sales stdlag, Liquidity

@ Springer



Journal of Industrial and Business Economics

Table 16 Changes in behavioral rating: results from Models 3 and 4

Dependent variable: A behavioral rating

(Model 3) (Model 3) (Model 4) (Model 4)
10/2019-06/2020  10/2019-12/2020  10/2019-06/2020  10/2019-12/2020

0.Lock.#1.Ess 0.0794 0.0938"
(1.59) (2.03)
1.Lock.#0.Ess —1.030"** —0.801"**
(—12.58) (—10.59)
1.Lock.#1.Ess —0.617"* —0.332"
(—5.16) (—2.74)
H.Sales —0.117 —0.351"
(—1.14) (—4.50)
High Profit —0.595"** —0.655*** —0.533*** —0.622**
(—6.83) (—8.90) (—6.09) (—8.47)
0.Lock.#0.Ess.#1.H.Sales —0.536™" —0.525"*
(—2.78) (—4.73)
0.Lock.#1.Ess.#0.H.Sales 0.0996 0.125*
(1.90) (2.46)
0.Lock.#1.Ess.#1.H.Sales —0.749%"* —0.616"*
(—4.85) (—5.25)
1.Lock.#0.Ess.#0.H.Sales —1.161% —0.994***
(—12.78) (-11.22)
1.Lock.#0.Ess.#1.H.Sales —0.956""* —0.753**
(=7.06) (—5.48)
1.Lock.#1.Ess.#0.H.Sales —0.775*"* —0.563""*
(=5.39) (—3.76)
1.Lock.#1.Ess.#1.H.Sales —0.566™" —0.313
(—2.86) (-1.53)
Full set of Controls Yes Yes Yes Yes
alf 2.39¢—34 5.21e-31 6.77e=35 1.00e—32
(0.55) 0.12) 0.77) (0.59)
N 7082 9972 7082 9972

t statistics in parentheses
*p<0.05 " p<0.01"* p<0.001

ratio std, Liquidity ratio stdlag, EBIT std, EBIT stdlag, EBITDA std and EBIDA
stdlag. The definition “std” implies a mean-variance standardization.

Finally, Tables 15 and 16 show estimated coefficients of Models 1-4 when we
consider A Behavioral Rating as dependent variable. The estimated coefficients of
the Lock_Shock variable are always negative and statistically significant and are
the largest in size compared to the ones of the previous dependent variables. Thus,
this finding suggests that the firm riskiness measured by means of behaviours and
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conduct in response to the Lockdown shock has increased. Interestingly, firms oper-
ating in Essential sectors are positively related to improvements in the Behavioral
Rating, and this estimate is robust to all the alternative specifications shown. Indeed,
these firms did not have to change their production plan as they were not affected by
the Lockdown, and likely reacted strategically to the changing environment. There is
some evidence that High Profit and High Sales firms are associated to an increase in
riskiness in Table 15, while results from Models 3 and 4 suggest that the lockdown
effect was lower for High_Sales firms.

Estimation done by using the xtologit command for panel ordered logit in Stata.
Columns (1) and (2) refer to Model 1, while columns (3) and (4) to Model 2. Timing
of estimation is June 2020 for columns (1 ) and (3), December 2020 for columns (2)
and (4). 0'5 is estimated panel level variance. Cut off points from ordered logit are
omitted. The full list of control variables is: First info lag, Index not paid, Index not
paid lag, Perman capital std, Perman capital stdlag, Short debt std, Short debt stdlag,
Medium long debt std, Medium long debt stdlag, Sales std Sales stdlag, Liquidity
ratio std, Liquidity ratio stdlag, EBIT std, EBIT stdlag, EBITDA std and EBIDA
stdlag. The definition “std” implies a mean-variance standardization.

Estimation done by using the xtologit command for panel ordered logit in Stata.
Columns (1) and (2) refer to Model 3, while columns (3) and (4) to Model 4. Timing
of estimation is June 2020 for columns (1 ) and (3), December 2020 for columns (2)
and (4). 0'5 is estimated panel level variance. Cut off points from ordered logit are
omitted. The full list of control variables is: First info lag, Index not paid, Index not
paid lag, Perman capital std, Perman capital stdlag, Short debt std, Short debt stdlag,
Medium long debt std, Medium long debt stdlag, Sales std Sales stdlag, Liquidity
ratio std, Liquidity ratio stdlag, EBIT std, EBIT stdlag, EBITDA std and EBIDA
stdlag. The definition “std” implies a mean-variance standardization.
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