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Abstract

The information banks produce drives their lending decisions and macroeconomic out-
comes, but this information is inherently difficult to analyze because it is private. We
construct a novel measure of bank information quality from confidential regulatory data
that include banks’ private risk assessments for US corporate loans. Information quality
improves as local economic conditions deteriorate, particularly for new loans, large loans,
and loans with higher expected losses. Information quality also declines during periods of
rapid local house price appreciation. Our results provide empirical support for theories of
countercyclical information production in credit markets.
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1 Introduction

A fundamental role of banks is to produce information about prospective borrowers.! Banks
use this information to determine the recipients and terms of financing; hence, their informa-
tion production decisions can affect real economic activity and financial stability through the
supply of credit to firms. If the returns to distinguishing between different types of borrowers
change with economic conditions, banks’ incentives to produce information can affect and be
affected by business cycles. Despite policymaker interest and an extensive theoretical litera-
ture emphasizing the importance of banks’ information, there is little evidence of its empirical
properties.

The key empirical challenge in testing theories of bank information production is that
banks’ information is intrinsically private and, therefore, unobservable to the econometrician.
Because of this data limitation, the existing literature typically relies on indirect evidence; how-
ever, without access to banks’ private information, researchers are severely constrained in their
ability to test these theories. In this paper, we address this challenge using confidential reg-
ulatory data that contain banks’ private risk assessments for corporate bank loans over one
million dollars in the US. We use county-level variation in unemployment rates to show that
banks’ risk assessments discriminate better across borrowers in local downturns, suggesting
that banks’ information quality is countercyclical. We then provide evidence that this counter-
cyclical information quality results from endogenous information production. Specifically, we
find that the cyclical variation in banks’ information quality is concentrated in loans that theory
predicts to be more information sensitive: new loans, larger loans, and loans with higher ex-
pected losses. Finally, consistent with higher collateral values reducing information production
incentives, we also show that information quality is lower during periods of rapid local house
price appreciation. Overall, our results provide empirical support for theories of countercyclical
information production in credit markets.

Our analysis uses the Federal Reserve’s Y-14Q Schedule H.1 data, which include all cor-
porate loans larger than one million dollars extended by large bank holding companies. In
addition to detailed loan and borrower characteristics, qualified bank holding companies must
report their internal estimate of the borrower’s probability of default (PD) for each loan. Be-
cause the data also reveal whether loans ultimately default, these PDs—which incorporate both
“hard” and “soft” information—allow us to quantify bank information quality.

We first show, using linear regressions and random forest regressions that allow for nonlin-
earities and interactions, that banks’ probabilities of default predict realized default even after
controlling for a rich set of loan- and firm-level controls. These results suggest that banks’
risk assessments contain private information that is 1) relevant for predicting default and ii) not

captured by other observables.

1E.g., Leland and Pyle (1977), Diamond (1984) and Boyd and Prescott (1986).



In many models of information production in credit markets, including the simple one de-
veloped in this paper, banks have stronger incentives to produce idiosyncratic information dur-
ing downturns, enabling them to better distinguish borrower qualifg. test this prediction,
we use the area under the receiver operating characteristic curve (AUC), which measures the
discriminatory ability of forecasts of binary outcomes, such as default, and is the most com-
monly used approach by practitioners (Engelmann and Rauhmeier (2011)), bank regulators
(Basel Committee on Banking Supervision (2005)), and academics (Puri, Rocholl, and Steffen
(2017), Berg and Koziol (2017) and Berg, Puri, and Rocholl (2020)). We describe the AUC in
much more detail below; however, the receiver operating characteristic curve uses each possi-
ble value of the probability of default as a classi cation threshold (loans with a probability of
default above the threshold are classi ed as predicted defaults, while loans below are classi ed
as predicted non-defaults) and measures how well these classi cations match actual default
outcomes. The area under this curve, i.e., the AUC, measures banks' discriminatory ability,
where an AUC of 1.0 indicates perfect discrimination between defaulting and non-defaulting
borrowers, while an AUC of 0.5 indicates completely random prediction.

We then analyze how the AUC, our measure of information quality, evolves over the busi-
ness cycle. Speci cally, we split our sample into periods of high and low unemployment based
on whether a county's unemployment rate was above or below its median across our sample
period. We nd that the AUC derived from banks' probabilities of default for newly origi-
nated loans is higher in periods of high unemployment and that this difference is statistically
signi cant based on a DelLong test (DeLong, DeLong, and Clarke-Pearson (1988)).

While our main result is consistent with banks producing more information when economic
conditions weaken, bank information quality could also vary exogenously over the business
cycle. For example, if more rms become delinquent in periods of high unemployment, banks
may be able to better distinguish between borrower types from the information they receive
exogenously from borrowers. Next, we conduct tests that provide support for the endogenous
information production channel by analyzing how banks' information quality varies across
loans based on their information sensitivity (Dang, Gorton, and Hoims{2013)), i.e., the
value of information for a given loan.

First, banks' information production incentives should be more sensitive to the business
cycle for new loans because they require risking additional capital, in contrast to existing loans,
for which banks' capital has already been sunk. To test this hypothesis, we separately compare
the AUC of high- and low-unemployment periods for new and existing loans. Consistent with
this prediction, we nd that banks' information quality increases more during periods of high
unemployment for newly originated loans. When we expand our sample to include existing
loans, we also show that economic conditions at origination have persistent effects on infor-

2See Ruckes (2004), Dell'Ariccia and Marquez (2006), Gorton and He (2008), Dang, Gorton, and Bimimstr
(2013), Gorton and Ordonez (2014), Gorton and Ordonez (2020), Fishman, Parker, and Straub (2020), Petriconi
(2015), Farboodi and Kondor (2020) and Asriyan, Laeven, and Martin (2022).



mation quality, even more so than current economic conditions. This result is consistent with
the theories that motivate our analysis, in which economic conditions drive banks' information
production decisions when deciding whether to grant a loan.

Second, we test whether banks' information quality is higher for larger loans and loans
with higher expected losses. According to several theories of information production in credit
markets, such as Dang, Gorton, and Holiist(2012) and Gorton and Ordonez (2014), banks
should produce more information about these loans, as they will have higher returns to distin-
guishing between borrowers. Consistent with these predictions, when we split loans by their
size or expected loss and re-estimate each AUC separately, we nd that information quality in-
creases with loan size and expected losses. Moreover, for both characteristics, we show that the
difference in AUCs between high- and low-unemployment periods is larger for the top quartile
than for the bottom quartile, suggesting that information quality is more cyclically sensitive for
large loans and loans with higher expected losses.

A key determinant of expected losses is collateral values, which recent theories suggest
play an important role in how banks' information production incentives evolve over the busi-
ness cycle. For example, rapid increases in collateral values can lead to reduced incentives
for banks to screen borrowers as expected losses decrease (e.g., Gorton and Ordonez (2020),
Asriyan, Laeven, and Martin (2022)). Motivated by these theories, we rst show that local
housing prices—a commonly used proxy for collateral values in the literature—are associated
with lower losses given default and expected losses. We then show that the AUC is lower in
areas with high house price growth, suggesting that increasing collateral values dampen banks'
information production incentives.

Literature review. While the theory literature has long recognized the importance of bank
information production (e.g., Leland and Pyle (1977), Diamond (1984) and Boyd and Prescott
(1986)), testing for it is notoriously dif cult given the private nature of banks' information. For
this reason, the existing empirical literature focuses on proxies or indirect evidence of infor-
mation production (e.g., James (1987), Cerqueiro, Ongena, and Roszbach (2016), Gustafson,
Ilvanov, and Meisenzahl (2021), lyer et al. (2016) and Bedayo et al. (2020)). However, there are
many different interpretations of these proxies. For example, Gustafson, lvanov, and Meisen-
zahl (2021) create a measure of monitoring based on the number of visits banks take to rms.
However, it is unclear whether banks visit rms to collect private information, in response to re-
ceiving information (public or private), or both. In contrast, our data allow us to observe banks'
private information directly and test how well this information predicts subsequent defaults.

The closest to our empirical approach is Becker, Bos, and Roszbach (2020). They also nd
that banks' internal credit ratings better predict default in bad times, but they attribute this to
exogenous variation in information over the business cycle. There are three key differences in
our analysis and the interpretation of our results. First, their data are at the rm level rather than
the loan level. This difference allows us to explore the relationship between loan characteristics
and information production and how this relationship changes over the business cycle. Second,
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we provide evidence that the countercyclicality of information quality is driven by endogenous

bank information production by showing that the effects are stronger for new loans, large loans,
and loans with higher expected losses, which is dif cult to rationalize solely through exogenous
variation in information quality over the business cycle. Third, their approach uses time-series
variation in country-wide aggregate economic conditions for a single Swedish bank, while we
exploit rich cross-sectional variation in economic conditions across US counties.

Our paper also relates to the theoretical work analyzing the cyclicality of information pro-
duction in credit markets. This includes many theories in which information production is
countercyclical (e.g., Ruckes (2004), Dell'Ariccia and Marquez (2006), Gorton and He (2008),
Dang, Gorton, and Holmsim (2013), Gorton and Ordonez (2020), Fishman, Parker, and
Straub (2020), Petriconi (2015), Farboodi and Kondor (2020) and Asriyan, Laeven, and Martin
(2022)). A common feature in these models is that lending standards tighten in downturns as
banks produce more information. While countercyclical lending standards are widely acknow!-
edged empirically (e.g., Asea and Blomberg (1998), Lown and Morgan (2006), Maddaloni
and Peydp (2011), Dell'Ariccia, lgan, and Laeven (2012), Bassett et al. (2014) and Rodano,
Serrano-Velarde, and Tarantino (2018)), the mechanism behind them remains unclear given the
unobservability of banks' information. For example, countercyclical lending standards could
arise solely from banks imposing stricter lending thresholds. Conversely, and consistent with
our evidence, banks could lend more selectively exactly because they produce more informa-
tion. Hence, our results speak to the mechanisms behind changes in lending standards over the
cycle.

2 Data

Our main data source is Schedule H.1 of the Federal Reserve's Y-14Q lings. The Federal
Reserve began collecting these data to support the Dodd-Frank mandated stress tests and the
Comprehensive Capital Analysis and Review. The sample includes commercial and industrial
loans from bank holding companies with $50bn or more in total a§setsounting for 85.9%

of all assets in the banking sector (Frame, McLemore, and Mihov (2025)). Quali ed institutions

are required to report detailed quarterly loan-level data on corporate loans of at least $1mm.
The universe of loans we analyze is large: Bidder, Krainer, and Shapiro (2020) show that the
Y-14Q data cover 70% of all commercial and industrial loan volume extended by bank holding
companies that le an FR Y-9C report.

The data include detailed loan characteristics (interest rates, maturity, amount, collateral,
and purpose) and performance measures (defaults, past-due payments, non-accruals, and charge-
offs). They also include income statement, balance sheet, and geographic information about
borrowers. Crucially, banks must also report their internal estimates of the borrower's prob-

3In 2019, this threshold was increased to $100bn. The most recent list of participating institutions can be found
in Table 3 of the 2024 Federal Reserve Stress Test Results.



ability of default (PD) and loss given default (LGD) for each loan. According to the Basel
Committee on Banking Supervision, internal estimates of PD and LGD “must incorporate all
relevant, material and available data, information and methods. A bank may utilize internal
data and data from external sources (including pooled data).”

Our primary analysis focuses on newly originated loans to study banks' information pro-
duction incentives at the time nancing is committed; however, we also consider several ex-
tensions that include existing loans. We exclude demand loans, which can be recalled by the
lender at any time, as well as loans with government guaranteesexempt loans, loans to
foreign borrowers, and loans to rms in the nance, insurance, and real estate (FIRE) sectors.
We drop loans with negative interest rates and those with missing company identi ers, PD, or
loan amount at origination. We incorporate several additional Iters to minimize the impact
of reporting errors, including excluding loans with maturities of greater than 30 years, interest
rates or probabilities of default of more than 100%, or companies with under $100k in reported
assets at origination. Finally, we drop all publicly traded rms and private rms with assets
above the 99th percentile, as these rms are likely to be more geographically diverse and, thus,
less sensitive to changes in local economic conditions.

We de ne the following rm-level nancial variables: pro tability (EBITDA/assets), size
(log assets), tangibility (tangible assets/assets), and leverage (debt/assets), which we winsorize
at the 1% and 99% levels. Our primary measure of loan performance is default, a dummy
variable that equals one if the borrower defaults within two years after origination. Focusing
on a two-year default window strikes a balance between our data's limited time series and
the fact that the median loan maturity is close to ve years. Our sample starts in 2014Q4
when the probability of default variable rst becomes well populated. To allow for consistent
measurement of default rates, we include loans on banks' balance sheets until 2021Q4 and
track whether they ultimately default through 2023Q4.

Table 1 includes rm, loan, and county summary statistics. Panel A shows summary statis-
tics at the loan level for newly originated loans, where the average and median loan size are
approximately $13.3mm and $3.6mm, respectively. Over our sample period, 1.13% of loans
default within two years after origination, compared to an average ex-ante expected probability
of default of 1.63%. We average each reported measure at the rm-quarter level across all out-
standing loans to calculate the rm-level statistics in Panel B. The median rm has $21.5mm
in assets and a leverage ratio of 0.26. These loan and rm sizes are small relative to other
sources of loan data, such as DealScan, because our sample contains many small, private rms.
Panel C shows characteristics aggregated at the county level. The median number of loans
outstanding for each county-quarter is 5, while the median new loan volume is about $40mm.
Finally, Table 2 includes additional loan-level summary statistics, including splits by high and

4The most recent instructions are available at Calculation of RWA for credit risk.
SWe conduct a test in Online Appendix Section C.4 using loans with government guarantees, which provides
further additional support for the endogenous information production mechanism.



low-unemployment periods.

The rstthree panels of Figure 1 show the distributions of PD and log(PD). If PD contained
valuable information for predicting default, then there should be a positive correlation between
PD and future realized default. In the bottom-right panel, we place loans into PD quintiles
where the number below each column indicates the average PD in that quintile of loans, while
the vertical axis indicates the average realized default rate. The gure shows a clear positive
relationship between PDs and realized defaults, suggesting that PD contains valuable informa-
tion regarding the borrower's default risk. We test this relationship more formally in the next
section.

3 Banks' Reported Probabilities of Default Predict Realized
Default

In this section, we validate banks' reported probabilities of default (PD) as a measure of their
private information by showing that they are a statistically and economically signi cant predic-
tor of realized default, even after controlling for various loan and rm characteristics. We start
by estimating the following regression:

Default; = PD,;+ X;+ btt ittt bt i (1)

wherei, b t, ] andc, index loan, bank, quarter, industry, and county, respectiyault ; is
a dummy variable that equals one if loadefaults within eight quarters following origination.
P D; is the bank's estimated probability of default described in SectioiX2is a vector of
rm and loan characteristics which include rm size (log of total assets), leverage ratio (total
debt to total assets), pro tability ratio (EBITDA to total assets), tangibility ratio (tangible assets
to total assets), log loan size, the log of the original loan maturity in months, and the bank's
estimate of loss given default per dollar of exposure (LGD), as well as loan type xed effects.
We include bank-quarter xed effectsy(;) to absorb any differences in banks' risk assessment
models and cost of capital, industry-quarter xed effectg X to absorb variation in average
loan performance across industries, and bank-county xed effegty {o absorb persistent
differences in risk assessment models or credit analysts across counties. In all regressions, we
cluster standard errors by county.

The results are shown in Table 3. The primary coef cient of interest iwhich represents
the expected increase in realized default (measured in percentage points) from a one percentage
point increase in a loan's PD. In Column (1), the coef cient estimate is 0.407, which means
that an increase in PD of 1pp increases the probability of realized default by about®41bps.
In Column (2), we display the results with rm and loan characteristics and nd a similar

50nline Appendix Table OA.4 shows that these results are robust to alternative measures of loan performance.



coef cient of 0.444. Under strict rational expectations, regressing a realized outcome on its
forecast should yield a coef cient of one (Muth (1961)); however, empirically, this is often not
the case (e.g., Mincer and Zarnowitz (1969)). We discuss potential reasons why the coef cient
estimates may deviate from one in Online Appendix Section C.5.

For comparison, Columns (3) and (4) repeat the same exercise using interest rates as an
alternative measure of borrower rislds expected, loans with higher interest rates default more
frequently. However, when we include both interest rates and PD in the same speci cation in
Column (5), the coef cient for interest rate attenuates substantially, while the coef cient for
PD remains basically unchanged from Column (2).

One shortcoming of the regression approach in (1) is that it imposes a linear relationship
between default and rm/loan characteristics. If rms' actual default probabilities re ect non-
linearities or interactions between these characteristics, the linear speci cation in (1) could
understate the explanatory power of observable characteristics. This would lead us to incor-
rectly attribute the predictive power of banks' reported PDs to private information when, in
fact, they are simply capturing public information in a more sophisticatedWayaddress this
concern, we produce predicted default estimates using the random forest regression algorithm
developed in Breiman (2001). This approach, described in detail in Appendix A, generates
predictions by sequentially partitioning observations based on their observable characteristics
and calculating the average default rate within each partition. The ability to exibly accommo-
date complex nonlinearities and high-dimensional data has made random forests a popular tool
across a range of elds, including econometrics (Wager and Athey (2018)), asset pricing (Gu,
Kelly, and Xiu (2020)), and macroeconomics (Goulet Coulombe et al. (2022)).

We rst estimate predicted default using several different speci cations that combine the
same rm and loan characteristics in (1) with combinations of dummy variables for industry,
bank, and time. In each case, we rst estimate the random forest using half of our new loans.
We then estimate the following regression using the predictiob&™ generated for the re-
maining half of our sample:

Default; = PD;+ PDTF + :

The results are reported in Table 4. Across all speci cations, bahd remain statistically

and economically signi cant. In addition to providing out-of-sample validation that the ran-
dom forest algorithm produces reasonable default estimates, this result shows that banks' PDs
contain information useful for predicting default that is not fully re ected in observables and

"The number of observations drops when we include interest rates in the regression because we drop undrawn
credit lines, for which banks are instructed to record an interest rate of zero.

8In principle, collinearity between PD and other observables could also lead to potential dif culties in accu-
rately assessing the private information content of banks' PDs in this framework. However, we show in Online
Appendix Table OA.2 that PD is only weakly correlated with other rm and loan characteristics, and in Online
Appendix Table OA.3 that statistical tests soundly reject collinearity.



validates PD as a meaningful measure of banks' private information regarding rms' default
risk.?

While we refer to all loan and rm characteristics as “observables”, in reality, banks only
observe a subset of these (i.e., from the rms they speci cally lend to). Hence, these empirical
tests, which control for all these characteristics across the entire sample, likely underestimate
banks' private information. That we still nd banks' reported PDs predict future defaults, even
with these stringent controls, strengthens our conclusion that PDs capture meaningful private
information.

4 Bank Information Quality Over the Business Cycle

In the previous section, we show that banks' reported probabilities of default (PDs) contain
information regarding future default that is not re ected in observable characteristics, suggest-
ing that PDs re ect banks' private information. In this section, we analyze how the quality

of banks' information evolves over the business cycle. We present our approach to assessing
information quality in Section 4.1 and then implement this approach in Section 4.2.

4.1 Approach to Measuring Information Quality

In the theories that motivate our analysis, banks have increased incentives to pgrhosye

cratic information about borrowers during bad times (e.g., Ruckes (2004) Dang, Gorton, and
Holmstiom (2012), Gorton and Ordonez (2014), Asriyan, Laeven, and Martin (2022), Fish-
man, Parker, and Straub (2020), Farboodi and Kondor (2020)hus, we would like to have

a statistical measure of how well P@scriminate acros®orrowers. Henceforth, we refer to
information quality and discrimination power interchangeably.

The main way that banks, practitioners, and regulators measure the discriminatory power of
PDs is by estimating the area under the receiver operating characteristic (ROC) curve'{AUC).
At a high level, the AUC measures how well banks' internal risk assessments rank borrowers
based on their relative default risk. Estimating the AUC rst requires constructing the ROC

°In Online Appendix Tables OA.5 and OA.6, we perform similar exercises using interest rates to show that
PDs contain valuable information for pricing loans, which is consistent with Beyhaghi, Fracassi, and Weitzner
(2025). In Appendix A, we show that PDs provide incremedtatriminatory powemover observables using the
area under the receiver operating characteristic curve approach, which we describe in the next section.

10This can be due to several reasons. For example, in recessions, the difference in payoff between lending to
a “good” and “bad” borrower may increase (e.g., Dang, Gorton, and Haims{2012)), or there may be more
“bad” borrowers (e.g., Farboodi and Kondor (2020)).

LFor example, in referring to the receiver operating characteristics curve and the cumulative accuracy curve
(whose test statistic is a simple transformation of the AUC), Engelmann and Rauhmeier (2011) say they are “...the
most important and the most widely applied in practice.” The Basel Committee on Banking Supervision stated,
“The Group has found that the Accuracy Ratio (AR) and the ROC measure appear to be more meaningful than the
other above-mentioned indices because of their statistical properties” (Basel Committee on Banking Supervision
(2005)). The AUC is also highly prevalent in other contexts measuring the performance of binary classi er models,
particularly in medicine (e.g., Pepe (2003)) and machine learning (e.g., Bradley (1997)).



curve. The ROC curve considers every possible value of PD in the data as a threshold for
classifying loans: any loan with a PD above this threshold is classi ed as a predicted default,
while any loan with a PD below this threshold is classi ed as a predicted non-default. For
each threshold PD, the true positive rate is de ned as the ratio of correctly predicted defaults
over the total number of defaults, whereas the false positive rate is the ratio of incorrectly
predicted defaults over the total number of non-defaults. Using each observed value of PD as
a classi cation threshold, the ROC curve plots the false positive rate on the x-axis and the true
positive rate on the y-axis. The AUC is the area under the ROC curve.

The AUC also has a simple probabilistic interpretation: given a randomly chosen defaulting
loan and a solvent loan, the AUC is the probability that the defaulting loan's probability of
default is higher than the solvent one's. Hence, a higher AUC indicates that banks' PDs have
higher discriminatory power. A completely random prediction model would have an AUC
of 0.5, while a perfect prediction model would have an AUC of 1. As a rule of thumb, an
AUC of 0.6 is generally considered desirable in environments with less information, whereas
AUCs of 0.7 or greater are desirable in information-rich environments (lyer et al. (2016) and
Berg, Puri, and Rocholl (2020)). We use the Stata funatbtmeomp to construct ROC curves
and numerically integrate them to estimate the AUC. We test for statistical signi cance of
differences in AUCs using the DelLong test (DeLong, DeLong, and Clarke-Pearson (1988)),
which is the standard approach for testing differences in AUCs.

The AUC is particularly well-suited for measuring bank information quality for several rea-
sons. First, because it depends only on the relative ordering of PDs, it is unaffected by any
transformation of PDs that preserves the relative ordering of [6aBscond, the AUC primar-
ily measures the type of information quality we are focused on, i.e., PDs' discrimination ability.
This contrasts with other measures of forecast accuracy. For example, the mean-squared fore-
cast error, also known as the Brier Score (Brier (1950)) when applied to binary outcomes, also
re ects other factors unrelated to discrimination (Murphy (1973)). In Online Appendix Section
C.8, we show that there is a strong mechanical relationship between the Brier Score and the
underlying default risk of borrowers, particularly when PDs are close to zero. Moreover, a
well-known problem with forecast errors is that they do not distinguish forecast accuracy well
for rare events. We discuss these issues and provide numerical examples in Online Appendix
Section C.8; however, based on our understanding, these are the main reasons forecast errors
are not as commonly used in practice for credit scoring, particularly when measuring the dis-
crimination ability of PD models. In contrast, the AUC is far less affected by the underlying
level of borrowers and is better able to distinguish rare evénts.

2For example, banks may have incorrect priors, incentives to misreport PDs (e.g., Behn, Haselmann, and Vig
(2016) and Plosser and Santos (2018)), or behavioral biases that cause them to underreact to information. See
Online Appendix Section C.5 for a further discussion of these issues.

135ee Appendix Section B.4 and Online Appendix Section C.8 for a formal analysis of these issues. Another
common approach is the accuracy ratio (AR) obtained from the cumulative accuracy pro le curve (Engelmann and
Rauhmeier (2011)). However, the accuracy ratio is a simple linear transformation of theARIE2 AUC 1.
We use the AUC because it has a simpler probabilistic interpretation.
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Figure 2 displays the estimated AUC of 0.703 over our sample of new loans. While the
thresholds for interpreting AUCs will vary depending on the context, the average AUC in
our sample is slightly larger than recent studies analyzing consumer loans in a large German
bank (Puri, Rocholl, and Steffen (2017), Berg and Koziol (2017), and Berg, Puri, and Rocholl
(2020))1* As further validation of the AUC as a measure of information quality, in Appendix
B we develop a simple model in which banks produce more information in bad times, resulting
in a higher AUC.

4.2 Testing the Cyclicality of Bank Information Quality

In this section, we test the cyclicality of bank information quality by analyzing how the area
under the receiver operating characteristic curve (AUC) varies over local economic condi-
tions. Our measure of county-level economic conditions is the unemployment rate from the
BLS." Figure 3 highlights the substantial cross-sectional variation in the changes in county-
level unemployment rates over this period, with roughly one-quarter of counties experiencing
an increase. The top-right panel displays a histogram of defaults across county unemploy-
ment rates, suggesting that the variation in defaults for new loans is not coming solely from
high-unemployment areas.

In the top-left panel of Figure 4, we split our primary sample of new loans based on whether
the county's unemployment rate is above or below its county-speci ¢ median over the sample.
The AUC in periods of high unemployment is 0.724 versus 0.681 in periods of low unem-
ployment. This difference in AUCs implies that, given a randomly chosen defaulting loan and
non-defaulting loan, the probability that the defaulting loan's PD is higher than the solvent
loan's is 4.3pp higher in periods of high unemployment. Hence, this result suggests that PDs
better discriminate across borrowers in bad times. In the other three panels, we nd gqualita-
tively similar results if we instead de ne a high-unemployment period as one in which 1) the
county's unemployment rate is higher than the median county-level unemployment rate across
counties with at least ve new loans in a given quarter (top right), 2) the county's unemployment
rate increased from the previous quarter (bottom left), or 3) the quarterly change in a county's
unemployment rate was greater than the quarterly change in the aggregate US unemployment
rate (bottom right)®

Local economic conditions should be more relevant for loans whose cash ows are more
sensitive to local economic conditions. We test this hypothesis by comparing rms in tradeable

14See also Lessmanna et al. (2013) and Hayashi (2022) for surveys of AUCs in different credit scoring contexts.

5The Y-14Q data use ZIP codes as geographical identi ers, so we rst use the ZIP-to-county crosswalk from
the Department of Housing and Urban Development to assign a county to each ZIP code before merging it with
the unemployment rate data.

180nline Appendix Figure OA.3 also shows that our main results hold when we exclude counties with few
loans, and Online Appendix Table OA.8 shows that they hold when we estimate AUCs separately by bank.
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and nontradeable industri€sBecause rms in nontradeable industries will be more dependent
on local markets, the same change in local economic conditions should have a more signi cant
effect on their underlying businesses. As a result, to the extent that the business cycle drives
banks' information quality, we would expect this effect to be larger for rms in nontradeable
industries. In Figure 5, we test this prediction by comparing the AUC across high and low
unemployment periods separately for each group of industries. Consistent with our hypothesis,
the difference in AUCs across high- and low-unemployment periods is larger and only statisti-
cally signi cant for nontradeable rms. This result suggests that local economic conditions are
an important driver of the cyclicality of banks' information quality.

One concern could be that differences in the distribution of underlying borrowers evolve
over the business cycle, which could mechanically explain these results. First, as shown below
in Section 5.3, loan and rm characteristics do not vary signi cantly over the business cycle.
Second, the bottom-left panel of Figure 1 shows that the distribution of PDs appears fairly
similar across high and low unemployment periods, while Table 2 shows only small differences
in the mean and standard deviation of PD for newly originated loans (1.66pp versus 1.61pp and
2.88pp versus 2.58pp, respectively). In Appendix Section B.4, we show that, in the absence of
differences in banks' information over the cycle, the observed difference in the distribution in
PDs across high and low unemployment regimes has a quantitatively small effect on the AUC
and is hence unlikely to explain our resulfs.

Another concern is that banks may have incentives to adjust their reported PDs because
they are used as inputs to calculate capital requirements. Because the ROC curve is purely
ordinal, any adjustments to PDs would not affect the AUC so long as they do not change their
relative ordering. For example, if a bank reduced all of its PDs by 0.1pp, the AUC would be
completely unaffected. Nonetheless, in Online Appendix Figure OA.9, we split our sample into
loans granted by banks with high amounts of capital (as de ned by having a total risk-based
capital ratio above the median of all banks in our data in each quarter) versus those with low
amounts of capital. We nd that the AUC is actuatygher for the low-capital banks despite
the potentially stronger incentives to manipulate PDs.

Overall, the results in this section suggest that periods of elevated unemployment are associ-
ated with improvements in bank information quality. Hence, we conclude that bank information
quality is countercyclical.

"The list of nontradeable industries includes utilities, construction, wholesale trade, retail trade, transportation,
accommodation, food services, information and communication, and professional and administrative services.

B\\e also show, that for similar reasons, differences in the distribution of aggregate shocks over the business
cycle are unlikely to explain our results.
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5 Mechanisms

In Section 4, we show that banks have better information about borrowers during downturns;
however, these results are entirely agnostic to the underlying mechanism. In this section, we
provide evidence that banks' improved information during downturns results from endogenous
information production.

As previously discussed, many models of endogenous information production, including
the one developed in Appendix B, predict that banks will produce more information dur-
ing downturns. However, because we cannot directly observe banks' information production
decisions—only the ability of their reported probability of default (PD) to predict default—it
is possible that our empirical results could instead arise purely through exogenous variation
in information quality over the business cycle. For example, if more rms become delinquent
during periods of high unemployment, this may exogenously provide banks with more private
information, enabling them to better distinguish across borrower types. Alternatively, down-
turns carpubliclyreveal information relevant to default. For example, Warren Buffett famously
said, “Only when the tide goes out do you learn who has been swimming naked,” suggesting
that downturns can publicly reveal which rms are performing well and which are performing
poorly!® Finally, if the set of borrowers who approach banks for loans changes, banks may
exogenously have better information regarding these speci c borrowers. While exogenous
variation in information quality is not necessarily mutually exclusive with banks endogenously
producing more information as economic conditions deteriorate, this section develops several
additional tests to rule out the possibility that it is the primary driver of our results.

In Section 5.1, we rst show that the cyclicality of information quality is higher for new
loans and that, when we expand the sample to include existing loans, the unemployment rate at
origination has persistent effects on information quality. In Section 5.2, we show that the effects
are concentrated in larger loans and loans with higher expected losses. Finally, in Section 5.3,
we analyze how lending volume and borrower risk evolve over the business cycle and argue
that both are consistent with models of endogenous information production.

5.1 Information Sensitivity of New Loans

We rst compare the cyclicality of bank information quality for newly issued loans to those that
were issued in prior quarters. Intuitively, the marginal value of information about a borrower's
creditworthiness should be highest prior to the capital being sunk, and thus, new loans should be
more information sensitive. If banks' incentives are driving them to produce more information
in bad times, we would thus expect these effects to be stronger for new loans than for loans
made in the past.

To test this hypothesis, we extend our sample to include observations for every quarter in

19See Berkshire Hathaway 2001 Annual Report.
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which each loan was on banks' balance sheets rather than focusing exclusively on the quarter of
origination? In the left panel of Figure 6, we reestimate the receiver operating characteristic
(ROC) curves in high- and low-unemployment periods based on this larger sample. The area
under the ROC curve (AUC) is larger during periods of high unemployment, con rming our
earlier ndings that banks' reported probabilities of default discriminate better in bad times,
even for previously issued loans. However, while this difference in AUC is statistically sig-

ni cant, the magnitude of the difference (0.830 versus 0.806) is smaller in both absolute and
relative terms than our baseline sample of newly issued loans shown in Figure 4 (0.724 versus
0.681).

The previous test suggests that banks' information quality is most sensitive to the business
cycle when loans are originated. If banks are indeed producing more information at origina-
tion, we would expect the economic conditions at origination to have a persistent effect on
information quality. To test this hypothesis, we estimate AUCs using current PDs for sepa-
rate groups based on each loan's unemployment rabeigination. We report the results of
this test in the right panel of Figure 6, which shows the estimated ROC curves for high and
low unemployment periods based on the origination date of the loan. The difference in AUC
across periods of high and low unemployment at origination (0.806 versus 0.768) is larger than
the differences based on the current unemployment rate shown in the left panel (0.830 versus
0.806)?! This result suggests that economic conditions at origination have large and persistent
effects on information quality and provides support for endogenous information production as
a driving force behind the cyclicality of information quality that we observe in the data.

5.2 Information Sensitivity, Loan Size, and Expected Losses

In the previous section, we document that information quality is more cyclical for new loans
than existing loans. In this section, we analyze how information quality varies across different
types of new loans, which theory predicts to be more information sensitive. Speci cally, several
theories of endogenous information production, such as Manove, Padilla, and Pagano (2001),
Dang, Gorton, and Holmgim (2012) and Asriyan, Laeven, and Martin (2022) predict that
lenders have stronger incentives to produce information about loans that are larger and have
higher expected losses. Intuitively, because these are loans for which banks face more severe
consequences for lending to low quality borrowers, they should produce more information, and
hence, their information quality should be both better and more cyclically sensitive.

We rst analyze the effects of loan size on information quality by grouping loans based on

20The summary statistics for this extended sample, which includes recent observations of loans originated prior
to the start of our sample in 2014Q4, are shown in Online Appendix Table OA.1.

2The loan-level correlations between the current and origination unemployment indicators are 0.19 for the
entire sample and 0.14 after excluding new loans (where the two will be the same).
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their exposure at default, which is a measure of expected loan size at the time of teTaalt.

top panel of Figure 7 shows receiver operating characteristic curves for loans split into quartiles
of exposure at default within each bank/quarter. As the Figure shows, the AUC increases from
0.666 in the smallest quartile to 0.716 in the largest, suggesting that the discriminatory power
of PDs increases with loan size.

We next examine how the sensitivity of information quality to exposure at default evolves
over the business cycle. In addition to suggesting that information quality should improve with
loan size, theories such as Dang, Gorton, and Hoims{2012) and Biswas (2022) also predict
that information quality should be more cyclically sensitive for these loans. We test this predic-
tion in the bottom panels of Figure 7 by comparing differences in information quality for new
loans made during periods of high and low unemployment for the largest and smallest exposure
at default quartiles. During periods of low unemployment (lower-left panel), the difference in
AUCs between the largest and smallest loans is small (0.010) and statistically insigni cant.
However, when the unemployment rate is high (lower-right panel), the difference in AUCs is
much larger (0.109) and statistically signi cant. These results suggest that information quality
is both higher and more cyclically sensitive for larger loans, which provides additional support
for the endogenous information production channel. They are also, to our knowledge, the rst
direct empirical evidence that a loan's size affects its information sensitivity and the cyclicality
of that information sensitivity.

All else equal, larger loans expose banks to higher losses. However, expected losses are
also affected by the loss given default and the likelihood of default. Thus, we next analyze how
information quality varies across a bankspected lossdsr each loan, which are de ned as
the product of exposure at default, loss given default, and PD. Beyond providing a more direct
measure of banks' exposure to loans, expected losses are a key measure of credit risk used to
calculate regulatory capital under Basel (Basel Committee on Banking Supervision (2015)). If
banks endogenously produce information in response to their incentives, we expect information
guality to be both higher and more cyclically sensitive for loans with higher expected losses.

To test this hypothesis, we repeat our previous analysis but instead use quartiles of expected
losses in Figure 8. As with exposure at default, the top panel shows that information quality
is lower for loans with the smallest expected losses and monotonically improves as expected
losses become larger. The bottom panels compare the cyclical sensitivity of information quality
for the top and bottom quartiles across periods of low and high local unemployment. The
bottom-left panel shows that differences in information quality across loans with the largest
and smallest EL remain signi cant even during periods of low unemployment (0.655 vs 0.552).
However, similar to the results regarding exposure at default in Figure 7, the bottom-right panel
shows that this difference is larger during periods of high local unemployment (0.761 vs 0.592).

22gpeci cally, the exposure at default incorporates the expected utilization and prepayment of principal by the
borrower. Using this as a measure of loan size is particularly advantageous for credit lines in which the utilization
rate changes over time. For this reason, exposure at default is a key parameter for calculating regulatory capital
under Basel (e.g., Calculation of RWA for credit risk).
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One potential concern is that the difference in the underlying distribution of banks' reported
probabilities of default in high- and low-unemployment periods may differ across the various
loan characteristics we analyze in Sections 5.1 and 5.2. As discussed in Section 4.2, differ-
ences in the underlying distribution of PDs can mechanically affect the area under the reciver
operating characteristic curve. However, in Online Appendix Section C.4, we show that, in the
absence of differences in information production, mechanical differences in the distribution of
underlying PDs are unlikely to explain our cross-sectional results.

The results in Sections 5.1 and 5.2 help rule out the possibility that our results in Section
4.2 are driven purely by exogenous variation in information over the cycle. Speci cally, if
downturns exogenously reveal which rms are “naked,” we would expect this to hold for all
loans rather than just new loans, large loans, or loans with higher expected losses. Similarly, if
banks choose to lend only to the borrowers they happen to have more information about in bad
times, we do not see how this alternative mechanism can explain why banks have exogenously
better information for large loans and those with higher expected I6%ses.

5.3 Lending Outcomes Over the Business Cycle

The evidence in the previous two sections is consistent with banks endogenously producing
more information in downturns because they have stronger incentives to do so. In this section,
we show that while the characteristics of new loans in a county do not meaningfully change
as the local unemployment rate rises, the number and volume of new loans decline sharply.
We argue that this is consistent with banks lending more selectively in downturns because of
increased information production.

We rst estimate the following regression across different outcome varighles

Yi= URcgi+ Xi+ prt i+ pet i

This regression includes the same rm-level characteristics and xed effects that we use in (1);
however, we exclude loan characteristics as controls and instead include them as dependent
variables. The coef cient re ects how each of these characteristics changes when the dummy
variableU R, takes on a value of one, indicating that the local unemployment rate is above its
median. We cluster standard errors by county. Table 5 displays the results.

Loan amounts and loan maturities do not vary over the business cycle in a statistically
signi cant way. Interest rates and banks' estimated probabilities of default (PDs) are only
marginally higher in bad times—about 3bps and 6bps higher when the local unemployment rate
is above its median, respectively—and neither difference is statistically signi cant. Similarly,
Table 6, which reports the results of a similar regression using rm outcomes as the dependent

23As we discuss below in Section 5.3, we do believe that riskier borrowers are approaching banks for loans;
however, this should not explain our main result so long as banks do not have exogenously better information
about these rms, which our results in this and the previous section help rule out.
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variable while controlling for loan characteristics, shows that rm characteristics do not appear
to move meaningfully over the cycle. Hence, while the pool of potential borrowers is likely to
be riskier in downturns, the pool of loans actually granted does not seem substantially riskier.

Despite minimal changes in loan and rm characteristics over the business cycle, we do
observe large changes in lending volume over the business cycle. We aggregate the number
and total volume of loans to the county level, take logs, and then regress these measures on
the high-unemployment indicator and county xed effects. The results are reported in Table 7,
which shows a decline in both the number and total volume of loans in a county as its economic
conditions worsen. Speci cally, periods of above-median local unemployment are associated
with a 6.7% decrease in the number of loans and an 8.9% decrease in total loan volume. To-
gether, these results suggest that local downturns primarily affect the number and volume of
loans issued by banks rather than the composition of loan types or borrowers.

Our model in Appendix B shows that these results, combined with our earlier results on
the higher areas under the receiver operating characteristic curves (AUCs) in bad times, can be
rationalized if the average default risk pbtentialborrowers is higher in downturrié.In our
model, the value of producing information is to screen out lower-quality borrowers. Hence,
increased information production in downturns results in lower aggregate lending volume, a
higher AUC due to more informative PDs, and the possibility that the average risk of borrowers
receiving credit remains the sarfre.

6 Information Quality and House Price Growth

The previous sections establish that bank information quality is countercyclical and that this ef-
fect is concentrated among loans that are more information sensitive, such as loans with higher
expected losses. A key determinant of expected losses is collateral values, which recent the-
ories suggest play an important role in how banks' information production incentives evolve
over the business cycle. For example, Asriyan, Laeven, and Martin (2022) show that booms
driven by high collateral values result in reduced information production as lenders face lower
expected losse$. This section tests the implications of these theories by analyzing how in-
formation quality varies with changes in local house prices, which are commonly used in the

24See Proposition 3 for more details. At rst glance, it may seem puzzling that more information is produced in
downturns even though the pool of borrowers receiving credit is not riskier. What matters in both our model and
other models in the literature is not the average risk of borrowers, but the difference in expected payoffs across
unobservable borrower types, which is higher in downturns.

250f course, there is no requirement that the average risk of borrowers remains the same; the net effect could be
positive or negative. We only argue that it is theoretically possible for this mechanism to explain what we observe
in the data. The mechanism in our model in which lending volume and information production are inextricably
linked is very similar to those in the literature, such as Dang, Gorton, and H6im$2013), Gorton and Ordonez
(2014), and Asriyan, Laeven, and Martin (2022), but increased information production need not result in lower
lending volume. For instance, banks may produce more information but maintain the same lending standards.

26See also Gorton and Ordonez (2020) for a theory in which “good booms” are driven by increases in produc-
tivity, while “bad booms” are driven by increases in collateral values.
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literature as a proxy for collateral values.
We rst provide evidence of the link between local house prices and loan-level measures of
expected losses. Speci cally, we estimate the following regression:

Vii = R+ i,

where the dependent variable)., is either the quarterly change in a loan's loss given default

or change in log expected loss. To the extent that local house price increases are associated
with rising collateral values, higher house prices should lead to higher recovery values and
lower expected losse&s$. The independent variable of interestRs, which is the county-level
guarterly house price return (from 1tot) obtained from Zillow. In some speci cations, we

also include county and/or loan xed effects. We cluster our standard errors by county.

Table 8 displays the results. The heading at the top row reports the dependent variable in
each regression. The rstthree columns under each heading report results with and without loan
or county xed effects. The second three columns in each heading repeat the same exercises
while also controlling for whether the county-level unemployment rate was above or below its
median. Across all speci cations, stronger appreciation in house prices leads to a statistically
signi cant decrease in loss given default and expected losses, which is consistent with the
positive relationship between collateral values and real estate prices documented in Chaney,
Sraer, and Thesmar (2012). Speci cally, a 1% increase in housing prices leads to just over a
1% decrease in expected losses. The fact that this relationship holds even after controlling for
local economic conditions suggests that collateral values—and, in turn, expected losses—do
not simply move uniformly with the business cycle.

Having veri ed the empirical link between local house prices and measures of expected
losses, we next test whether changes in house prices drive differences in information quality.
The left panel of Figure 9 shows ROC curves estimated from our baseline sample of new loans
split by whether county-level house price growth at origination was above or below its median
for that county across our sample period. The AUC is much higher in periods of low house
price growth (0.744) than in periods of high house price growth (0.655), and this difference is
statistically signi cant and is consistent with banks having weaker incentives to produce infor-
mation when house prices increase. The correlation between the loan-level indicator for “high
unemployment” and “low house price growth” is 0.08 in our baseline sample of new loans,
suggesting that these two measures re ect independent sources of variation in local conditions.

We next show that house price growth affects banks' information quality even when we re-

2"While the Y-14Q data do include a eld for the market value of collateral, this variable is either missing
or zero for the vast majority of our sample. However, the value of collateral should be re ected in losses given
default, and, in turn, expected losses (see Frye et al. (2000)). While we could compare collateralized and non-
collateralized loans, roughly 90% of all new loans in our sample report having some collateral. Moreover, in most
models, collateral typically matters because it affects expected losses, and we analyze expected losses directly in
Figure 8.
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strict the sample to periods of low unemployment in the right panel of Figure 9. This exercise is
motivated by Asriyan, Laeven, and Martin (2022), who show that booms driven by high collat-
eral values result in information depletion due to diminished information production incentives.
For this analysis, we restrict the sample to periods of low unemployment (i.e., booms) and test
for differences in information quality based on house price returns. The difference in informa-
tion quality remains statistically and economically signi cant in this sample, which provides
direct empirical support for theories of endogenous information production, such as Asriyan,
Laeven, and Martin (2022), by showing that variation in collateral values affects information
quality.

Taken together, these exercises provide additional support for the countercyclical informa-
tion quality we document being driven by banks' endogenous information production deci-
sions. However, they also highlight that not all economic expansions and downturns are alike
in terms of their effect on information quality. Booms (or busts) accompanied by rapid growth
in collateral values are more prone to reduced information production.

7 Conclusion

Information plays a crucial role in banks' lending decisions and, in turn, macroeconomic out-
comes, but it is dif cult to analyze empirically. In this paper, we analyze bank information
guality from con dential regulatory data containing banks' private risk assessments of their
borrowers. Using county-level variation in unemployment rates, we nd that information qual-
ity improves as local economic conditions worsen. We provide evidence that these results
are consistent with theories of endogenous information production by showing that informa-
tion quality is particularly higher during downturns for newly originated loans and loans with
higher expected losses, and that information quality is lower during booms accompanied by
high house price growth. To our knowledge, our ndings are the rstin the empirical banking
literature providing evidence of countercyclical informatmoduction

While the focus of our analysis is on how banks' information production evolves over the
business cycle, our paper demonstrates how banks' private risk assessments in Y-14Q data
can be used to analyze how banks' information production decisions vary across other dimen-
sions. This opens up promising avenues for future research examining how various factors—
such as market structure, competition, technological change, organizational design, and capital
requirements—shape banks' information production decisions.
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Data Availability Statement: The primary data source is Schedule H.1 of the Federal
Reserve's Y-14Q regulatory lings. Researchers employed by the Federal Reserve System may
obtain access to this data for research purposes. The code and other data underlying this article
are available at https://doi.org/10.5281/zen0do.17465449.
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Figure 1: Distributions of banks' reported probabilities of default

The top-left panel plots the distribution of banks' reported probabilities of default (PD). The top-right panel plots
the distribution of log(PD) with an overlaid normal distribution. The bottom-left panel plots overlaid distributions

of PDs originated when a county's unemployment rate is above (solid bars) or below (hollow bars) its median
from 2014Q4-2021Q4. reports the difference between the average PD at origination in high-UR areas minus
the average PD in low-UR areas, with the corresponding t-statistic shown below in parentheses. The bottom-right
panel reports average default rates within two years of origination on the y-axis by quintiles of PD at origination.
The numbers beneath each bar correspond to the average PD in each quintile (rounded to the nearest 0.1pp).
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Figure 2: Receiver operating characteristic (ROC) curve for new loans

This gure displays the receiver operating characteristic (ROC) curve for all new loans in our sample, along with
the area under the ROC curve (AUC).
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Figure 3: Variation in unemployment rates

The top-left panel shows the range of county-level unemployment rates for all county-quarter observations with
at least one new loan in our sample. The top-right panel plots the distribution of the unemployment rate at
origination for the 1,176 new loans in our sample that default within two years of origination. The bottom-left
panel shows the distribution of county-level changes from the earliest observation of the unemployment rate to
the latest for each county with at least two new loans in our sample. The bottom-right panel shows the
distribution of county-level changes in the unemployment rate for all US counties from 2014Q4 through 2021Q4.
The vertical black lines at -1.5pp show the change in the total US unemployment rate during this period. The
bottom panels are truncated between -10pp and +5pp for readability. The number of counties used in our sample
is shown in panel C of Table 1.
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Figure 4: Receiver operating characteristic (ROC) curve for new loans over the business cycle

The top-left panel shows the receiver operating characteristic (ROC) curve for all new loans in our sample split
by whether the unemployment rate in each period was above or below its county-level median from
2014Q4-2021Q4. The top-right panel shows ROC curves split by whether the unemployment rate at origination
was above or below the median unemployment rate of all counties with at least 5 new loans in that quarter. The
bottom-left panel shows ROC curves split by whether the county unemployment rate increased from the prior
quarter. The bottom-right panel shows ROC curves split by whether the change in the county unemployment rate
was greater than the change in the total US unemployment rate. The area under each ROC curve (AUC) is
reported along with the number of observations in the legen8lUCj reports the difference between the two

AUCs. Belowj AUC], the DelLong, Delong, and Clarke-Pearson (1988) statistics are reported it

statistic and its corresponding p-value, which tests the null hypothesis that the difference between the two AUCs

equals zero.
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Figure 5: Receiver operating characteristic (ROC) curve for new loans to tradeable (left) vs
nontradeable (right) industries

This gure shows receiver operating characteristic (ROC) curves for new loans split by the local unemployment
rate at origination for tradeable (left) and nontradeable (right) industries. Nontradeable industries include
utilities, construction, wholesale trade, retail trade, transportation, accommodation, food services, information
and communication, and professional and administrative services; all other loans in our sample with non-missing
industry codes are considered tradeable. The area under each ROC curve (AUC) is reported along with the
number of observations in the legejd.AUCj reports the difference between the two AUCs. BeJovAUC],

the DeLong, DeLong, and Clarke-Pearson (1988) statistics are reported: tbgt statistic and its

corresponding p-value, which tests the null hypothesis that the difference between the two AUCs equals zero.

Figure 6: Receiver operating characteristic (ROC) curve for current (left) versus origination
(right) unemployment rate among all loans

The left panel shows receiver operating characteristic (ROC) curves for both new and existing loans split by
whether the contemporaneous unemployment rate in each period was above or below its county-level median
from 2014Q4-2021Q4. The right panel shows ROC curves split by whether the unemployment rate at origination
was above or below its county-level median from 2014Q4-2021Q4. The area under each ROC curve (AUC) is
reported along with the number of observations in the legendlUCj reports the difference between the two

AUCs. Belowj AUC], the DeLong, Delong, and Clarke-Pearson (1988) statistics are reported tibgt

statistic and its corresponding p-value, which tests the null hypothesis that the difference between the two AUCs
equals zero.
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Figure 7: Receiver operating characteristic (ROC) curve by quartiles of exposure at default

The top panel shows ROC curves for new loans based on their quartile of exposure at default calculated within
each bank-quarter. The bottom-left panel compares the ROC curves for the highest and lowest quartiles in
low-UR areas. The bottom-right panel compares the ROC curves for the highest and lowest quartiles in high-UR
areas. The area under each ROC curve (AUC) is reported along with the number of observations in the legend.
j AUC] reports the difference between the two AUCs. BejowAUC], the DelLong, DeLong, and

Clarke-Pearson (1988) statistics are reported: thiest statistic and its corresponding p-value, which tests the

null hypothesis that the difference between the two AUCs equals zero.
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Figure 8: Receiver operating characteristic (ROC) curve by quartiles of expected loss

This gure shows receiver operating characteristic (ROC) curves for new loans based on their quartile of
expected loss, the product of exposure at default, loss given default, and probability of default, calculated within
each bank-quarter. The bottom-left panel compares the ROC curves for the highest and lowest quartiles in
low-UR areas. The bottom-right panel compares the ROC curves for the highest and lowest quartiles in high-UR
areas. The area under each ROC curve (AUC) is reported along with the number of observations in the legend.
j AUC]j reports the difference between the two AUCs. BeJowAUC], the DelLong, DelLong, and

Clarke-Pearson (1988) statistics are reported: theest statistic and its corresponding p-value, which tests the

null hypothesis that the difference between the two AUCs equals zero.
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Figure 9: Receiver operating characteristic (ROC) curve and local house prices

This gure shows receiver operating characteristic (ROC) curves for new loans split by county-level house price
growth. The left panel includes our entire sample of new loans. The right panel includes only new loans in
counties where the local unemployment rate was below its county-level median during our sample period. High
(low) house price growth is determined by whether the quarterly change in house prices was above (below) that
county's median during our sample period. The area under each ROC curve (AUC) is reported along with the
number of observations in the legend.AUCj reports the difference between the two AUCs. BeJovAUC],

the DeLong, DelLong, and Clarke-Pearson (1988) statistics are reported: tbgt statistic and its

corresponding p-value, which tests the null hypothesis that the difference between the two AUCs equals zero.
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Table 1: Summary statistics

Panel A reports loan characteristics calculated as simple averages across all new loans. Panel B reports rm
characteristics, which are calculated after collapsing all loan observations (including both new and existing

loans) to the rm-quarter level using simple averages. Panel C reports county characteristics, which are
calculated after collapsing all loan observations (including both new and existing loans) to the county-quarter
level. Section 2 describes our sample.

Mean Median 5% 95% SD N
Panel A: Loan characteristics
Interest rate (pp) 3.70 3.56 1.64 6.16 1.46 87,193
Probability of default (pp) 1.63 091 0.14 5.07 273 104,111
Loss given default (ratio) 0.35 0.35 0.08 0.61 0.16 101,884
Realized default (pp) 1.13 0.00 0.00 0.00 10.57 104,111
Maturity (months) 47.49 58.00 7.00 96.00 31.39 104,111
Loan size ($ mil) 13.32 3.58 1.00 50.00 4154 104,111
Revolver (indicator) 0.38 0.00 0.00 1.00 0.49 104,111
Term loan (indicator) 0.41 0.00 0.00 1.00 0.49 104,111
Floating rate (indicator) 0.56 1.00 0.00 1.00 0.50 104,111
Panel B: Firm characteristics
Sales 783.80 44.07 3.34 1,412.12 36,404.71 948,138
Assets 1,328.81 2152 1.63 1,484.10 253,734.53 947,916
Leverage 0.31 0.26 0.00 0.81 0.27 919,616
Pro tability 0.18 0.13 -0.04 0.56 0.24 937,776
Tangibility 0.89 0.99 0.39 1.00 0.20 936,201
Nontradeable 0.65 1.00 0.00 1.00 0.48 1,069,329
Probability of default (PD) 2.49 0.91 0.13 9.82 6.87 1,070,295
Total number of loans 1.56 1.00 1.00 4.00 4.11 1,070,295
Number of new loans 0.10 0.00 0.00 1.00 0.47 1,070,295
Number of banks 1.15 1.00 1.00 2.00 0.65 1,070,295
Total loan volume ($ mil) 20.77 4.16 1.00 85.00 119.29 1,070,295
Panel C: County characteristics
Unemployment rate 5.01 453 2.53 9.03 2.26 52,832
Number of new loans 1.97 0.00 0.00 9.00 7.14 52,910
Number of total loans 31.58 500 1.00 138.00 102.11 52,910
Total new loan volume ($ mil) 420.14 39.87 1.41 1,892.21 1,788.92 52,910
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Table 2: Additional loan-level summary statistics

This table contains additional loan-level summary statistics (observations are at the same level as in panel A of
Table 1). Panel A includes our entire sample, Panel B includes new loans in low-UR areas, and Panel C includes
new loans in high-UR areas. Because a small number of loans are made in counties with missing unemployment
rates, the sample sizes in panel A are greater than the sum of panels B and C. Section 2 describes our sample.

Mean Median 5% 95% SD N
Panel A: All loans
Sales 2,584.48 8150 3.63 4,252.16 47,106.60 84,208
Assets 3,816.42 50.51 2.04 4,872.10 87,873.09 84,240
Leverage 0.34 0.31 0.00 0.81 0.26 82,291
Pro tability 0.20 0.15 -0.00 0.61 0.24 84,240
Tangibility 0.85 0.97 031 1.00 0.23 84,040
Nontradeable 0.63 1.00 0.00 1.00 0.48 103,914
Probability of default (PD) 1.63 091 0.14 5.07 2.73 104,111
Total loan volume ($ mil) 13.32 3.58 1.00 50.00 41.54 104,111
Panel B: Loans in low-UR areas
Sales 2,410.35 85.49 5.30 4,252.16 28,254.39 42,667
Assets 3,245.06 53.20 2.42 4,829.70 35,858.18 42,721
Leverage 0.34 0.31 0.00 0.80 0.26 41,761
Pro tability 0.20 0.15 0.00 0.60 0.23 42,721
Tangibility 0.85 0.97 031 1.00 0.23 42,618
Nontradeable 0.63 1.00 0.00 1.00 0.48 52,571
Probability of default (PD) 1.61 0.93 0.14 4.66 258 52,679
Total loan volume ($ mil) 13.11 3.50 1.00 50.00 35.90 52,679
Panel C: Loans in high-UR areas
Sales 2,740.06 78.04 2.15 4,175.67 60,795.20 41,306
Assets 4,371.10 4759 1.65 4,739.00 120,080.33 41,284
Leverage 0.35 0.31 0.00 0.81 0.26 40,299
Pro tability 0.20 0.15 -0.01 0.62 0.24 41,284
Tangibility 0.85 0.97 031 1.00 0.23 41,187
Nontradeable 0.63 1.00 0.00 1.00 0.48 51,052
Probability of default (PD) 1.66 0.90 0.14 5.37 2.88 51,141
Total loan volume ($ mil) 13.49 3.70 1.00 50.00 46.59 51,141
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Table 3: Banks' probabilities of default predict default

This table shows the results of estimating (1), which tests whether banks' reported probabilities of default (PDs)
predict default after controlling for observables. The dependent variable in each regression is a dummy variable
indicating whether each loan defaults within eight quarters after origination, multiplied by 100. Interest rates and
PDs are measured in percentage points. Standard errors are clustered at the county level and are shown below the
parameter estimates in parentheses. *, **, and *** indicate statistical signi cance ab#te5%, and1%levels,
respectively.

Default
@) 2 3 4 (5)
PD 0.407**  0.444*** 0.445%**
(0.049) (0.064) (0.073)
Interest rate 0.508***  0.452*** (0.227***
(0.068) (0.078) (0.073)
Leverage 1.027*** 1.458***  (0.981***
(0.310) (0.355) (0.360)
Pro tability 0.009 -0.698***  0.029
(0.248) (0.233) (0.249)
Tangibility -0.359 -0.274 -0.289
(0.345) (0.417) (0.410)
Log rm size -0.139*** -0.151** -0.118**
(0.041) (0.049) (0.047)
Log loan amount 0.251*** 0.267**  (0.252***
(0.063) (0.071) (0.070)
Loss given default 0.709* 0.130 0.673
(0.396) (0.492) (0.487)
Log maturity -0.058 -0.203** -0.100
(0.064) (0.080) (0.074)
Controls N Y N Y Y
Bank-quarter FE Y Y Y Y Y
Industry-quarter FE Y Y Y Y Y
Bank-county FE Y Y Y Y Y
Observations 100,368 77,226 83,602 64,566 64,566
R? 0.174 0.196 0.185 0.206 0.214
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Table 4: Banks' probabilities of default predict default (random forest)

This table tests whether banks' reported probabilities of default (PDs) contain additional information regarding
future realized default beyond a predicted default variable estimated using a random forest regression. The
dependent variable in each regression is a dummy variable indicating whether each loan defaults within eight
quarters after origination, multiplied by 100. “RF predicted PD" is the random forest estimate of the loan's
default probability measured in percentage points. The details of these estimates are described in Appendix A.
Each column corresponds to a different set of controls used to estimate “RF predicted PD” in the random forest.
All speci cations include our default set of rm and loan controls; other speci cations include indicator variables
for industry, bank, and time and are indicated in the rows below the table. “PD” is the probability of default
reported by the bank and is measured in percentage points. All regressions exclude the half of the baseline
sample used to train the random forest. Standard errors are clustered at the county level and are shown below the
parameter estimates in parentheses. *, **, and *** indicate statistical signi cance ab#te5%, and1%levels,
respectively.

Default

(1) (2 (3) 4) (5)
RF predicted PD  1.087%* 1.279%* 1.038"* 1.153"* 1207
(0.075)  (0.078)  (0.058)  (0.070)  (0.067)

PD 0.344** (0.295** (0.315*** 0.330** (.270***
(0.045) (0.041) (0.040) (0.042) (0.039)

Industry controls N Y N N Y

Bank controls N N Y N Y

Time controls N N N Y Y

Observations 51,913 51,913 51,913 51,913 51,913

R? 0.071 0.104 0.093 0.096 0.150

Table 5: Loan characteristics over the business cycle

This table analyzes the relationship between the local unemployment rate and loan characteristics. “High UR” is
a dummy variable equal to one if that county's unemployment rate was above its median during our sample
period. The dependent variable in each regression is shown at the top of each column. All regressions include our
default rm controls. The unemployment rate (UR), probability of default (PD), default, and interest rate are
measured in percentage points. Maturity is measured in log months, and loan size is measured in log dollars.
Standard errors are clustered at the county level and are shown below the parameter estimates in parentheses. *,
** and *** indicate statistical signi cance at th&0% 5%, and1% levels, respectively.

Loan size Interestrate Maturity Default PD

High UR 1.437 0.027 1.911 -0.076  0.060
(1.369) (0.017) (1.351) (0.143) (0.046)
Firm controls Y Y Y Y Y
Bank-quarter FE Y Y Y Y Y
Industry-quarter FE Y Y Y Y Y
Bank-county FE Y Y Y Y Y
Observations 79,078 66,149 79,050 79,078 79,078
R? 0.541 0.552 0.419 0.187  0.293
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Table 6: Firm characteristics over the business cycle

This table analyzes the relationship between the local unemployment rate and rm characteristics. “High UR” is
a dummy variable equal to one if that county’'s unemployment rate was above its median during our sample
period. The dependent variable in these regressions is shown at the top of each column. Firm size is the log of
total assets, while pro tability, leverage, and tangibility are ratios. All regressions include our default loan
controls. Standard errors are clustered at the county level and are shown below the parameter estimates in
parentheses. *, ** and *** indicate statistical signi cance at tt2% 5%, and1% levels, respectively.

Firm size Pro tability Leverage Tangibility

High UR -1.780 -0.004 -0.003 -0.004
(2.913) (0.003) (0.004) (0.004)
Loan controls Y Y Y Y
Bank-quarter FE Y Y Y Y
Industry-quarter FE Y Y Y Y
Bank-county FE Y Y Y Y
Observations 79,128 79,128 77,268 78,937
R? 0.646 0.295 0.354 0.455

Table 7: County-level lending over the business cycle

This table analyzes the relationship between the unemployment rate and county-level loan volume. “High UR” is

a dummy variable equal to 1 if that county's unemployment rate was above its median during our sample period.
Data are aggregated at the county level. The dependent variable in each regression is shown at the top of each
column, and both are in logs. Standard errors are clustered at the county level and are shown below the parameter
estimates in parentheses. *, **, and *** indicate statistical signi cance atld##, 5%, and1% levels,

respectively.

(1) (2)
Loan count Loan volume
High UR -0.067*** -0.089***
(0.009) (0.018)
County FE Y Y
Observations 18,396 18,396
R? 0.749 0.587
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Table 8: Collateral values and house prices

This table shows the effects of changes in county-level house prices on loans' loss given default (Columns (1)-(6)) and log expected losses (Columns (7)-(12)). “House price
growth” is the quarterly change in house prices from Zillow. “High UR” is a dummy variable equal to 1 if that county's unemployment rate was above its median during our
sample period. Standard errors are clustered at the county level and are shown below the parameter estimates in parentheses. *, **, and *** indicate statistical signi cance at

the 10% 5%, and1% levels, respectively.

Loss given default log(Expected loss)

(2) (2) (3) (4) (5) (6) () (8) 9) (10) (11) (12)
House price growth -0.021%* -0.027* -0.020%* -0.027** -0.034"* -0.026" -1.143"* -1.257%* -1.196* -1.102"* -1.207* -1.130"
(0.006)  (0.006)  (0.006)  (0.006)  (0.007)  (0.007)  (0.099)  (0.117)  (0.131)  (0.096)  (0.115)  (0.126)

High UR 0.001**  0.001**  0.001*** -0.008***  -0.008***  -0.011%**
(0.000)  (0.000)  (0.000) (0.002)  (0.002)  (0.002)

County FE N Y N N Y N N Y N N Y N

Loan FE N N Y N N Y N N Y N N Y

Observations 1,386,280 1,386,247 1,359,216 1,386,280 1,386,247 1,359,216 1,355,384 1,355,350 1,328,971 1,355,384 1,355,350 1,328,97

R? 0.000 0.002 0.087 0.000 0.002 0.087 0.001 0.003 0.094 0.001 0.003 0.094




Appendix A. Random Forest Regression Methodology and Additional Analysis

This section describes the details behind the random forest regression estimates we use as a
nonlinear benchmark for predicting default from observables in Sections 3 and 4. The fun-
damental building block of a random forest isegression tree A regression tree generates
predictions for an outcome variable by sequentially partitioning observation¥Kinggions

(also called “leaves” or terminal nodes) based on similarly valued explanatory variables and
then calculating average outcomes within each region. The number of partitisrtalled the

“depth” of the tree. A simple illustrative example based on a similar gure shown in Gu, Kelly,

and Xiu (2020) withK = 3 andL = 2 is shown below in the left panel of Figure A.1.

Figure A.1: Example Regression Tree

There are two predictor andY, each of which takes on values between 0 and 1. To
obtain a prediction for a given observatigrthe node at the top of the tree rst partitions the
data based oiX;. If X; > 0:5, the observation is assigned to Group AXIf 0:5, the
remaining observations are further partitionedvbyobservations witty; > 0:25are assigned
to Group B, while observations with; 0:25 are assigned to Group €.An equivalent
graphical representation of this partition is shown in the right panel. A prediction is obtained
by taking the sample average of the outcome variable for all observations in a group.

Because regression trees can easily accommodate outliers and idiosyncrasies in the training
data, they tend to perform very well in sample, but are prone to over- tting. Breiman (2001)
showed that the random forest model, which averages predictions across a large number of re-
gression trees estimated from bootstrapped data, substantially improves out-of-sample forecast
accuracy. We generate random forest predictions of loan defaults usimfptest  Stata
command developed in Schonlau and Zou (2020). We use the default settings for the number
of trees (100) and the number of explanatory variables used in each tree (3), and we do not
specify a maximum depth or minimum number of observations per node.

28The threshold values shown here at each node are chosen arbitrarily, but in practice, they are usually deter-
mined as the solution to an optimization problem such as minimizing the mean squared forecast error.
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Following their recommendation, 50% of the data are used for training, while the other
50% are used for validation. We assign observations to each set by rst sorting our baseline
sample of newly originated loans by loan ID number, and then alternatively placing each loan
in the training set or the validation set. The training set is used to estimate the parameters of the
random forest, and with these parameters, we generate predictions for the validation set. For
consistency, we maintain the same training and validation sets across the range of speci cations
we estimate. All speci cations shown throughout the paper include the observable characteris-
tics described in Section 3: for loans, these are log size, LGD, and log maturity, and for rms,
these are leverage, pro tability, tangibility, and log assets. Several of the speci cations shown
in Table 4 also include separate dummy variables for each industry, bank, or time period.

Figure A.2 uses this random forest approach to evaluate the marginal discriminatory power
of PD using ROC curves. The blue curve uses default estimates from a random forest regression
that uses only the baseline set rm and loan controls, while the red curve includes these same
controls plus PD. Neither speci cation includes any rm, bank, or time dummies. As before,
we train each random forest on 50% of the sample and compare the out-of-sample predictive
power using the remaining 50%. The difference between the two is statistically signi cant
and larger than the difference between periods of high and low unemployment reported in our
baseline results in Figure 4. This provides further evidence that PD contains information useful
for predicting default that is not fully captured by nonlinear combinations of other observable
characteristics.
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Figure A.2: Comparing random forest predictions with and without banks' probabilities of
default

This gure compares default predictions from two random forest regressions. The blue curve shows estimates
using the following controls: log loan size, LGD, log maturity, rm leverage, rm pro tability, rm tangibility,

and rm size. The red curve uses the same controls plus banks' reported probability of default (PD). The area
under each ROC curve (AUC) is reported along with the number of observations in the lpg&tCj reports

the difference between the two AUCs. BelpwAUC], the DeLong, DelLong, and Clarke-Pearson (1988)
statistics are reported: the test statistic and its corresponding p-value, which tests the null hypothesis that the
difference between the two AUCs equals zero.
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Appendix B. Simple Theoretical Framework

In this section, we develop a simple model, from rst principles, which shows that increased
information production by banks in bad times leads to a higher area under the receiver operating
characteristic curve (AUC) in bad times, consistent with our empirical results.

Before proceeding, we emphasize two important points. First, we keep the model as simple
as possible to make our main argument—information production in bad times leads to increased
forecast accuracy of PDs—as clearly as possible. Hence, the model will have little to say about
ancillary issues we analyze in the paper, such as collateral and real estate prices, though the
model can easily be adapted to incorporate these features. The main goal of the model is not
to offer a new explanation for why banks produce more information in bad times but rather to
show how information production affects the discrimination ability of PDs. Nonetheless, the
way in which we generate higher information production incentives in bad times—Ilower ex-
pected cash ows for low-quality borrowers—seems fairly reasonable. Second, there are some
ingredients in the model that we include to t it into our empirical framework that would not
be necessary in a model purely meant to generate intuitions (e.g., different classes of borrowers
and three types of borrowers rather than two).

B.1. Setup

There is a single borrower seeking funds from a bank at O for a project that yields a
random payoff at = 1. The borrower and bank are risk-neutral, and there is no discounting.
At t = 0, there is a publicly observable aggregate stat2 f H; L g (High or Low) which
represents current economic conditions. The borrower belongs to a publicly observable class

2 [ 1; ]where ; > 0and , < 1, which is distributed according to the density function
f, ( ), where the distribution potentially depends on the aggregate state. The borrower's class
can be thought of as the borrower's public credit score based on observable characteristics.
Within each class of borrowers, there are three types of borrow&sf G; M; B g (Good,
Medium or Bad) where is initially unknown to all, and each type is equally likeRy.

The borrower has an investment opportunity that requires an initial investmenwbiich

we normalize tdl, att = O and yields a cash ow at = 1 of R, ( ) > Oif it succeeds and
0 if it fails, where the cash ow in the case of success can depend on the state, class of the
borrower, and its unobservable type. We assume that the cash ows in the case of success are
increasing in the quality of the borrower, i.2S( ) RM( ) RE( ),for! 2fH;Lgand

2 [; ]- The average probability of success within classf borrowers is . If the borrower

29as will become clear below, the purpose of having a borrower class is such that we obtain multiple proba-
bilities of default to derive a receiver operating characteristics curve based on the model. We assume the class
is continuously distributed for analytic tractability; however, we have also analyzed a discrete version which is
available upon request.

30As shown below, by having three borrower types, the bank produces information and screens out the bad
borrower, but still has improved information among those that it ultimately lends to.
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is good ( = G), the probability of success is+ ; if the borrower is medium (= M), the
probability of success is, and if the borrower is bad (= B), the probability of success is

The borrower offers the bank a loan contract that ralsstst = 0 to nance the investment
and promises to repdy, which is endogenously determined,tat 1. The rm has limited
liability, so if the project's realized cash ow is lower thdn, the rm defaults, and the bank
collects the realized cash ow. Although the borrower's types initially unknown, the bank
can pay a cost > 0to learn . The potential value of information for the bank is to screen out
lower-quality borrowers!

B.2. Information Production

There are several ways we could model higher information production incentives in the low
state. However, one that is natural and convenient for modeling purposes is simply to assume
that the project is always ex-ante NPV positive in the high state and information production
is unpro table for the bank, while the project is ex-ante NPV negative in the low state absent
information production. Formally,

Assumption 1. The project is ex-ante NPV positive in the high state and NPV negative in the
low state regardless of its class. It is unpro table for the bank to produce information in the
high state.

( +)IRG()+ RY()+( JRE() 18 2[5 1],
( +IRE(C)+ RM()+( JRE() <1 8 2[; 1,

3.57<c 8 2[ 1

1.

Wl

2.
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We also make the following assumptions:
Assumption 2.
L3 (+)RE()+RM() 5 ¢ 8 2[;]

- RY() 8 2[;]

3.RM() * 8 2[; 1]

2.¢C

[

4. RE() 1 8 21

The purpose of this second set of assumptions will become clearer in the proof below.
However, Assumption 2.1 ensures that producing information and lending to the good and
medium borrower is NPV positive in the low state, Assumption 2.2 ensures that if the bank

31ln a more complicated bargaining game, there could be value from being able to adjust interest rates. This
force is not present here because the rm simply makes a take-it-or-leave-it offer.

41



produces information in the low state, it lends to both the good type and the medium type,
not just the good type, and Assumption 2.3 ensures that this is fe&sibieally, Assumption
2.4 is not strictly necessary but simpli es the expressions by guaranteeing the borrower never
defaults in the high state when the project succééds.

We next characterize the equilibrium.

Proposition 1. The bank does not produce information in the high state and lends to the bor-
rower regardless of the type and class of the borrower. The bank always produces information
in the low state and lends to the good and medium borrowers regardless of their class. Expected
lending volume is lower in the low state than in the high state.

Proof. Throughout the proof, we can consider a xed however, the proof applies to all
2 [; ]. First, consider the case in which the state is high. Assuming the bank does not
produce information, the participation constraflat 1 must hold. Because the rm has all
of the bargaining power, it can offer the bank a zero pro ts contract with face-Vglue 1.
We can then check whether the bank would have incentives to produce information and only

lend to the medium and good borrower if offered this contract:

= + - Fy c>0, =) 3—>c: (2)

However, Assumption 1.3 implies that (2) is violated. Hence, the bank would not produce
information and only lend to the medium and good borrower if offered the zero pro ts contract.
We can also rule out the possibility that the bank produces information and only lends to the
good borrower:

LR Dra ) g

Hence, the rm offers the bank a contract with face valkye and the bank does not produce
information and lends to the rm regardless of its type. Notice also that Assumption 2.4 implies
that this contract is always feasible because the rm will never default if the project succeeds.

Now consider the low state. Because of Assumption 1.2, the bank will not lend without
producing information. There are two potential alternatives. First, the bank could produce
information and only lend to the good type. If this were the case, the rm would offer the
following zero-pro ts face-value of del? = 1*3¢ and the rm's pro ts would be:

+

1+3c

—— RS()

3

®3)

$2While this assumption is not strictly necessary from an economic intuition perspective, we need the bank
to lend to at least two types of borrowers within each class to generate an improvement in discrimination from
information production.

33Note that this assumption directly implies the project is NPV positive in the high state (i.e., Assumption 1.1).
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Notice that from Assumption 2.3 this contract is feasible sRg¢ ) >RM( ) 8 2[; ]
Alternatively, the rm could offer a contract that induces the bank to lend to both the
medium and good borrower. This contract cannot have zero pro ts, as this would mean the
bank earns negative pro ts from the medium type and would not be willing to lend. Here, it

must be incentive-compatible for the bank to lend to the medium typeFi.e, 1: Again,

since the rm has all of the bargaining power, we can consider a face-value of debt such that
this constraint binds, i. eF = 1  Notice again that Assumption 2.3 ensures that this loan
contract is feasible. Under this contract, the rm's pro ts would be:

( + )XRE() FOHY+ RM() F) - (4)

Wl

To check which contract the rm offers the bank, we need to compare (4) to (3). Subtracting
(3) from (4) we have:

c 1
3

which is positive from Assumption 2.2. Hence, the rm earns higher pro ts from offering a
loan with face valud=" thanF_, and so the bank produces information and lends to both the
good and medium borrowers. Finally, based on these lending decisions, the expected lending
volume islin the high state ané in the low state.

O

B.3. Area Under the Curve (AUC) Derivation

In this section, we derive the AUC from the model and analyze its properties. First, it will
also be useful to convert the class of borroweinto a corresponding probability of default:
p 1 . Thecorresponding density functionis ttggrfp) f, (1 ) with supportp ;p: ]
wherep_! 1 - andp 1 .

The bank's perceived probability of default is:

%

p if ! = H;
b = p

p

p

H
ifl =L, =G;
ifl =L

L

_%

Notice that because the bank produces information in the low state, its perceived probability of
default is more precise than in the high state.

Henceforth, we will assume that the bank interacts with an in nite number of borrowers
independently drawn from both the class distribution and the ex-ante unobservable type distri-
bution within each class. The receiver operating characteristic curve (ROC) plots the true pos-

+ if! =L, =B:
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itive rate against the false positive rate. Speci cally, for a given threstdlte ROC considers

any probability of default larger than i.e.,PD >t a predicted positive and any probability

of default less than, i.e.,PD t, a predicted negative. A predicted positive is a true positive

if the borrower actually defaults and a false positive if it does not. A predicted negative is a
true negative if the borrower does not default and a false negative if it does default. The true
positive rate is equal to the ratio of true positives to total positives and in the high state is:

RPH

5" 3 )+ 3p+ 5P+ ) fu(p)dp
o3p )+ gp+ 3(p+ ) fa(p)dp
" pfu (p)dp.
o Pfu(P)dp

TPRy (1)

The false positive rate is equal to the ratio of false positives over actual negatives, which in the
high state is:

RDH
"ML p)fu(p)dp.

R R D (i

Because the probability of a true positive or false positive only depends on the average realized
default rate for a given PD, theterm drops out in both expressions, given that it has a mean of
zero.

The receiver operating characteristic curve plots the true positive rate against the false pos-
itive rate, and the AUC is the area under this curve. Given the continuous distribution, we can
write the AUC in the high state as:

Zp

H
AUCy = TPRy (t)jF PR}, (1)jdt; (5)
PH

wherejF PR, (t)j denotes the absolute value of the derivativE 8fRy, with respect td.
In the low state, the true positive rate is as follows:

R R
3 05 Ofu(pdpr 3 0t pfL(p)dp
R
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and the false positive rate is as follows:

R R
3 OR@ po)fLder 5 L@ pfc(dp
Rp = ift<py;
o o (1 P¥2)fL(p)dp —=
1P Y 1 7L
5 o-@ pe)tider 5 P pfc@de
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L(t) % . o (1 p+3)fL(p)dp [p_|_ P ]
17PL \VF o .
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"l (1 prg)f(pdp

In contrast to the high state, theterm is present in the expressions for the TPR and FPR
because the bank is only lending to good and medium borrowers. Finally, the area under the

curve in the low state is then:

ZDL

AUC, = TPRL()jFPR? (t)jdt:
PL

B.4. Analysis of AUC

In general, the expressions for AUC are not easily expressed analytically. However, we can
solve for the AUC in closed-form for both the low and high states, assuming a uniform distri-
bution of the class of borrowers. Speci cally, suppose that U[p; ;p; ], wherep, 0,
P+ 1 andp, p for! 2fH;Lg.*

First, we analyze the case in which the distribution of borrower class is the same in the
high and low state, i.efy( ) = f_( ). Under the uniform distribution, this amounts to
P = p. = pandps = p. = p. In this case, so long as the average probability of default is
below50% the AUC is always higher in the low state. Formally,

Proposition 2. Assume the class of borrowers is the same in the high and low state, i.e.,
fu( )= f_( ) and follows a uniform distribution as described above. If the average proba-
bility of default is less than 50%, the AUC is always larger in the low state.

Proof. If we subtractAU Cy from AUC, and remove the term we have

4p pC p PM+(p PP (6 Pp+2pBp 3) (2 p P(p+P?
6 P2 p PME+PER p pt )p+rp )

Since the denominator is clearly positive, it suf ces to show the numerator is positive. The rst
term of the numerator is positive becagse p > Oandp+ p < 1. Thus, it is suf cient to
show that the remaining terms are positive. Hence, we need:

P p(p*+p* 6(p+p)+10pp) > (2 (p+ PP+ P)

34Note this is equivalentto  U[1 p ;1 p ]
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Sincep >p,thenp p> andsincg2 (p+ P)(p+ P) > O, it suf ces to show

P pP(E°+p* 6(p+Pp)+10pp) > (2 (p+ PP+ PP P
0 @Bpp 4p+pP)(P pP<O

The rstterm is negative because bqtlandp are less than one and the second term is positive
becaus@ p> 0. Hence, the entire term is negative. O

Proposition 2 says that so long as the average perceived PDs are below 50%, the AUC is
always higher in the low state. Why does an average of 50% matter? The reason is that while
the improved discrimination across borrowers from information production raises the AUC,
there is also a second effect due to the change in the average probability of default. To best
understand this, notice that even in the absence of information production, the AUC in the high
state depends on the average risk of borrowers:

21 p) 2p

6
2 p p ptp (6)

1
AUCy = 6 3+

Suppose we x the range between the upper and lower bound of the uniform distribution, i.e.,
p p, and substitutg with p into the expression fohU Cy , then we have:

2p 21 p

2p 2 2p+ (7)

1

- 3

6
Differentiating (7) with respect tp and substituting back ip we have:

Ap p@d p p)
32 p p2p+ p?

which is positive ifp + p > 1 and negative otherwise. Hence, shifting the distribution of
PDs upwards while xing the distance between the upper and lower bound of the distribution
increases the AUC if the average probability of default is above one-half. Because the bank
produces information and screens out bad borrowers in the low state, the distribution of PDs
shifts downwards, causing a reduction in the average PD. \hep > 1, it is possible for
information production to decrease the AUC. The intuition for this is as follows: when the
average PD is close to 50%, uncertainty is highedtrobabilities close to 0 and 1 are more
certain and hence provide clearer separation. For example, a difference in PDs of 1% versus
2% is much more discriminative than a difference of 49% versus 50%.

While this effect is theoretically possible, it is extremely unlikely to be driving our results
for several reasons. First, this is a necessary, but not suf cient, condition for the AUC to
decrease from information production. There are still parameters (particularly whdsarge

35As discussed below, this is also true, although to a much larger extent, when assessing forecast errors.
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enough) such that even when the average PD is above 50%, the AUC is higher in the low state.
Second, PDs in the data average less than 2% unconditionally, and hence, are very far from
50%. Lastly, in the data, we do not actually observe lower PDs in bad times. Rather, they are
quite similar and, if anything, slightly larger (1.66% versus 1.61%), which is likely due to the
distribution of underlying borrowers also changing in bad times. Indeed, we next show that
if the distribution of potential borrowers has higher PDs in the low state, but the average PD
among borrowers who actually receive loans is the same in the low and high state, which is
approximately what we see in the data, the AUC is always higher.

Proposition 3. Suppose thagd  U[p; p] in the low state angg  U[p 5;p 3] inthe high

state. While the average PD of potential borrowers is higher in the low state, the average PD
of rms that actually receive nancing is the same, and the AUC is always higher in the low
state.

Proof. First, note that the bank lends to all borrowers in the high state from Proposition 1.
Hence, the mean of both the true PD and perceived I%DE& p , Which is the same as

in the low state because the borrower only lends to the medium and good borrowers. If we
subtractAU Cy from AUC, we have:

Gp 3p ) _
60 P22 p p+ Np+tp )

which is strictly positive. Hence, the AUC is always higher in the low state than the high state
when the average PD of granted loans is the same in both states. ]

This result suggests that it is the improved discrimination in bad times that is driving the
increase in the AUC in our results, not the fact that information production changes the aver-
age quality of borrower& Finally, since PDs are slightly higher in bad times in our data, if
anything, this should go against our main result.

A higher variance of underlying PDs generally raises the AUC, even in the absence of
differences in information production. To see this, suppose we x the average PD in the high
state for the uniform case, i.e., p+ pand replace with p into (6), then we have:
%, which is increasing irp. This implies that a higher variance of PDs increases the
AUC in the uniform case. In our data, the standard deviation of PD for new loans is slightly
higher in periods of high unemployment (2.88pp versus 2.58pp). However, it is highly unlikely
that this effect can quantitatively explain our results. For instance, if we assume PDs follow a
uniform distribution, we can solve f@randp given the mean and variance that we observe in
the data in low and high unemployment periods. We can then plug these values into the AUC
in the high state without information production (5). Doing so gives us an AUC of 0.542 and

36Relatedly, under the uniform case it can easily be shown that if the class distribution is the same in both
states, but the bank exogenously receives information in the low state and lends to all borrowers, the AUC is
always higher in the low state.
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0.551 in the high and low states (a difference of 0.009). Hence, it is unlikely that this small
difference in variance mechanically explains all of our results. For example, in Figure 4, we
nd a difference in AUCs of over four times as large (0.043) among newly issued loans.

Although we cannot solve the AUC analytically for other distributions, we can do a similar
exercise as above and simulate the data assuming the class of borrowers follows a lognormal
distributior?’, matching the mean and variance of PDs to what we observe in the data in periods
of high and low unemployment. Figure B.1 displays the distribution of the difference between
the low and high state AUC over 100 simulations. The average difference is 0.011, and the
maximum difference is 0.042, which is less than the 0.043 difference we nd in the’data.
Hence, mechanical differences in the mean and variance of PD in periods of high unemploy-
ment are unlikely to explain our main results. In Online Appendix Section C.4, we also show
how mechanical differences in the distribution of PD are unlikely to explain our cross-sectional
results comparing information quality across different types of loans.

Figure B.1: Difference in AUCs for simulated lognormally distributed PDs

This gure plots the simulations of the difference in AUCs across periods of high and low unemployment,
assuming no information production and PDs are lognormally distributed. The number of observations in each
simulation is equal to that in our main sample (104,111). The parameters of each distribution are estimated to
match the means and variances we observe in the data. The sample average of the difference in AUCs is 0.011.
The dashed red line at 0.043 marks the difference in AUC between high and low unemployment periods that we
estimate in the data.

37In Figure 1, log(PD) approximates a normal distribution.
38|t is also comforting that the average difference under a lognormal distribution (0.011) is fairly similar to the
difference when the class of borrowers follows a uniform distribution (0.009).

48



Appendix C. Additional Analysis For Online Publication.

In this online appendix, we include additional robustness tests, analyses, and discussions re-
garding our main results.

C.1. Additional Descriptive Statistics and Collinearity Tests

In Table OA.1, we report summary statistics for the broader sample of loans used when an-
alyzing the origination unemployment rate in Section 5.1. The Y-14Q data include quarterly
information about all eligible loans on banks' balance sheets starting in 2014Q4, regardless of
when the loan was originated. This expanded sample thus includes not only subsequent obser-
vations of the new loans included in Table 1 but also post-2014 observations of loans that were
originated prior to the collection of the Y-14Q data.

Table OA.2 reports correlations between PD, interest rate, and rm or loan characteristics
for our baseline sample of new loans. The rst column shows that the magnitudes of the cor-
relations between PD and control variables are small, suggesting collinearity is not a major
issue. Table OA.3 formally supports this interpretation using a statistical measure of collinear-
ity known as the variance in ation factor (VIF). For each explanatory variable, we calculate the
VIF as follows. First, we estimate a regression where the independent variable is the two-year
default indicator used throughout our analysis, and the independent variables are shown in the
rst column of Table OA.3 (the “full” model). Next, we estimate separate regressions including
only one of the explanatory variables at a time (the “separate” models). For each independent
variable, the VIF is calculated as the ratio of the variance of the parameter estimate in the
full model to the variance of the parameter estimate in the separate model. If an independent
variable has zero correlation with every other independent variable, then the VIF will be one.
High VIF values—a common rule of thumb (see O'Brien (2007)) is to use a VIF threshold of
10—indicate that that the uncertainty around a parameter estimate is much greater when other
explanatory variables are included, indicating the presence of collinearity. Since the VIF for
PD is just 1.11, this suggests that PD cannot simply be replicated by a linear combination of
other rm or loan characteristics.

C.2. Further Evidence that PD Contains Private Information

In this section, we discuss a range of additional robustness checks to verify that 1) PD contains
information useful for predicting default and 2) banks use this information to set the price and
terms of their loans.

Throughout the main paper, we test the ability of PD to predict default within the following
two years. In Table OA.4, we show that PD also predicts other measures of loan nonperfor-
mance. In each column, we regress the indicator reported in the top row on PD along with
the same set of rm/loan controls and xed effects as in our baseline regression (1). Columns



(1) - (3) use alternative de nitions of default with different default horizons. Column (1) uses
whether a loan defaults at any point in our sample, Column (2) uses the annualized average
default rate over the life of the loan, and Column (3) uses the one year ahead default rate.
Columns (4) and (5) use indicators that equal one if the loan is reported as delinquent or the
bank records a charge-off for that loan within the following two years as dependent variables.
Across these alternative measures, PD remains a statistically and economically signi cant pre-
dictor, suggesting that our main results do not depend on how loan performance is measured.

Next, we test how the information contained in PD is used to set loan terms. Holding
all else equal, a bank should charge a higher interest rate on loans for which it believes the
borrower to be at higher risk of default. We test this formally in Table OA.5, which regresses
the interest rate on different combinations of rm and loan controls and xed effects. Column
(1) includes only observable characteristics, Column (2) includes only banks' risk assessments
(PD and LGD), and Column (3) includes both. The results suggest that a one percentage point
increase in PD leads to a statistically signi cant increase of about 9 basis points in the interest
rate, con rming that banks use the information contained in PD when pricing their loans.

To further verify that the information contained in PD is used to set interest rates, we per-
form a modi ed version of the exercise shown in Table 4 of the main paper. We rst use several
different random forest regression speci cations to generate predicted interest rates based on
observables using the training sample. Then, using the validation sample, we regress actual
interest rates on both 1) the interest rates predicted by the random forest regressions and 2) PD.
The results are shown in Table OA.6. Across all speci cations, a higher PD is estimated to
increase interest rates by a similar magnitude to the estimates shown in Table OA.5.

Having shown that the information contained in PD is re ected in interest rates charged at
origination, we next test whether changes in PD for existing loans are accompanied by changes
in other loan terms. We follow Bidder et al. (2023) and focus on changes in either the maturity
date or the interest raté,as they show that changes in other loan terms are generally accom-
panied by changes in one of these two measures. In Table OA.7, we regress dummy variables
indicating whether a loan had a change in its maturity date ( rst four columns), its interest
rate (middle four columns), or any combination of the two (last four columns) relative to the
prior quarter. The primary coef cient of interest, which we report in the top row, is a dummy
variable equal to one if a loan's reported PD changed from the prior quarter. The top row im-
plies that a bank changing a loan's PD increases the probability of a modi cation at that same
time by around 0.1pp. The effects we estimate are small relative to the unconditional quarterly
probability of a loan modi cation reported in Bidder et al. (2023) of roughly 10% because we
include bank-time, industry-time, and bank-county xed effects in all speci cations.

39Because the interest rate for oating rate loans will mechanically change with the underlying reference rate,
we de ne the indicator variable for a change in the interest rate as follows. For oating rate loans, we say that the
interest rate was modi ed at timteif the reported interest rate spread was not equal to the spread reported at time
t 1. For xed-rate loans, we say that the interest rate was modi ed at tififiehe interest rate was different
from both the initially reported rate and the rate reported at timel.



Figure OA.1 shows the dynamic effects of changes in PD over the following year for a
rm-bank relationship. For these regressions, we use all new and existing loans and collapse
the data to the rm-bank-quarter level. While many loan terms (such as the committed amount)
are xed at the loan level, banks can use newly produced information to affect the tenaw of
loans to the same borrower. We use rm-time xed effects (e.g., Khwaja and Mian (2008))
to compare differences in bank information and lending amounts across banks for the same
rm at the same time. The top panel shows that a 1pp increase in the PD assessment of bank
bfor rm i decreases total lending across all loans ftota i by about 0.1% for the current
and subsequent quarters. Consistent with this, the bottom-left panel shows that a rm becomes
roughly 0.05pp less likely to receive a new loan from a bank over this same horizon. Lastly, the
bottom-right panel shows that the probability of a rm-bank match no longer being observed
in the data—which we view as a proxy for the dissolution of that rm-bank relationship—
increases in subsequent quarters. Taken together, these results provide further con rmation
that the information contained in banks' PDs also affects their lending behavior.

Finally, we compare the ability of PD and the interest rate to predict default in Figure OA.2.
The rst three panels plot ROC curves comparing the discriminatory ability of PD to interest
rates. The top panels compare the level of PD to the level of the interest rate (left) or interest
rate spread (right), while the bottom-left panel compares within-quarter percentile ranks of PD
and interest rate. In all three cases, the AUC is much higher for PD, and these differences
are all statistically signi cant. The bottom-right performs a similar exercise to Figure A.2 in
Appendix B by testing the marginal predictive power of including the interest rate in a random
forest regression model using only rm and loan characteristics. Unlike in Figure A.2, where
the addition of PD leads to a large and statistically signi cant improvement in the AUC, the
inclusion of the interest rate has only a small effect on the ability of other observables to predict
default?©

C.3. Robustness of Countercyclical Information Quality

This section includes additional robustness tests that support the results in Section 4.2, where
we show that bank information quality is countercyclical.

One potential concern is that the median number of new loans in a county-quarter is zero,
indicating the presence of a large number of counties that receive only a small number of
loans during our sample period (see Panel C of Table 1). To the extent that we do not observe
suf cient variation in the economic conditions at origination for these counties, this could po-
tentially distort our results. To verify that this is not the case, in Figure OA.3, we repeat our
baseline analysis using only counties with at least 5 (left panel) or 15 (right panel) new loans
throughout our sample period. In both cases, the differences in information quality across pe-
riods of high and low unemployment remain statistically signi cant, and the magnitudes are

40This may seem surprising given that interest rates are affected by PDs; however, interest rates are also affected
by other factors unrelated to borrower risk such as market power and banks' cost of capital.
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even larger than our baseline results shown in Figure 4. This suggests that our main ndings
are not driven by the inclusion of small counties with few loans.

To verify that our results are representative across banks, in Table OA.8, we separately esti-
mate differences in AUC for each of the 22 banks in our sample (out of the 33 total banks in the
data) with at least 10,000 total loan-quarter observations. The left panel splits loans by current
UR, and the right panel splits them by origination UR. In both cases, the mean of the differ-
ence in AUCs across banks is similar to the estimates obtained from pooling loans across all
banks shown in Figure .In Table OA.8, we report the number of banks that are estimated to
have statistically signi cant differences in AUC across periods of high and low unemployment,
along with the share of loans and loan volume coming from these banks. This table shows
that roughly half of the banks in our sample demonstrate statistically signi cant countercycli-
cal information quality and that these banks account for more than half of all lending volume.
These exercises also provide further reassurance that our main ndings are not distorted by our
decision to pool together loans across baftiks.

Another potential concern is that our sample period includes loans made during the Covid
pandemic. While the turbulent conditions observed during this period can provide potentially
useful identifying variation in county-level unemployment rates, the loans made during this
time may not be representative given the widespread nancial market interventions in place at
the time. To show that our results do not depend on the inclusion of this period, Figure OA.4 re-
ports our main result using only loans made through the end of 2019. The difference in AUCs
is statistically signi cant and even larger than our baseline results, suggesting that the cycli-
cality of information quality is not purely driven by the exceptional economic circumstances
following Covid.

C.4. Further Evidence of Information Production

In this section, we provide further evidence that our results are driven by countercyclical infor-
mation production by banks. In Section 5, we show that the cyclicality of information quality

is concentrated in new loans, larger loans, and loans with higher expected losses. However,
as we discuss in Appendix B.4, differences in the AUC can result from mechanical changes in
the underlying distributions of PDs. For example, if the variance of the true underlying PDs
increases more for large loans during recessions than for small loans, this would mechanically
increase the AUC for large loans relative to small loans during downturns, even if banks did
not change their information production. To address this concern, we report the differences in
the distributions of PDs over the business cycle for different types of loans in Figures OA.5
- OA.7. We then perform a similar exercise as in Section B.4, where we estimate the model-
implied AUC without any information production, assuming the distribution of PDs has the

“Unthat gure, AUC is 0.024 when split by current UR and 0.038 when split by origination UR.
42For example, changes in PDs that do not alter the relative ordering of PDs at the bank level could cause a
change in the relative ordering of the pool of PDs across banks.



same mean and variance that we observe in the speci ¢ subsample of tHé Waestimate
the AUCs analytically, assuming PDs follow a uniform distribution, and based on simulations
assuming PDs follow a lognormal distribution. For the lognormal case, we estimate each AUC
100 times based on simulations of 25,000 PDs and report the sample average AUC.

Our main cross-sectional results in Figures 4, 6, 7, and 8 can be summarized as follows. We
nd that 1) information quality is more cyclically sensitive for new loans, and 2) information
quality is higher and more cyclically for loans with high EADs and expected losses. While there
are meaningful differences in the underlying distribution of PDs for new versus existing loans
and high-EL versus low EL-loans, the bottom panels of Figures OA.5 - OA.7 show that none of
the abovementioned cross-sectional results can be explained mechanically by differences in the
underlying distribution of PD$&! Taken together, these results provide further reassurance that
our main results are not driven by mechanical changes in the distributions of banks' reported
PDs over the business cycle.

Next, we test whether realized default rates respond differently to the business cycle for
different types of loans. In Table OA.9, we regress a default indicator on our unemployment
indicator interacted with indicators for whether a loan is new and whether its exposure at de-
fault, loss given default, or expected losses were above the median for that bank-quarter. The
interactions with the high-UR dummy are not statistically signi cant for the new loan indicator,
loss given default, and expected loss, suggesting that the default rates for new loans and loans
with larger potential losses do not differentially respond when the local unemployment rate
increases. And while the interaction coef cient between the high-UR dummy and exposure at
default is statistically signi cant, the sign of the coef cient is negative, suggesting that default
rates for larger loans atesscyclically sensitive than default rates for smaller loans.

Next, as we describe in Section 2, we exclude government-guaranteed loans from our base-
line analysis. Here, however, we use these loans to provide further evidence in support of
theories of endogenous bank information production. A bank should have diminished incen-
tives for producing information about a borrower with a government guarantee. Intuitively,
that information is not going to be particularly valuable because it will have little effect on the
bank's expected losses. Thus, information quality for loans with guarantees should be both
lower on average and less cyclically sensitive.

We test this in Figure OA.8. The left panel shows that the AUC for the new loans used
in our main analysis (blue line) is larger than the government-guaranteed loans that we ex-
clude (red line). The difference of 0.104 is statistically signi cant and represents more than
twice the magnitude of the difference in our baseline results in Figure 4, con rming that in-
formation quality is lower for guaranteed loans. The right panel splits this set of guaranteed
loans based on whether they are originated in periods of high or low unemployment and nds

43The AUC without information production is equivalent to the AUC in the high state in the model (5).

“4That we observe differences in the underlying distribution of PDs for these subsamples of loans is not surpris-
ing because older loans are more likely to become close to default and high-EL loans have higher PDs to begin
with.



no statistically signi cant difference between the two. While we believe that the sample of
government-guaranteed loans is too small to draw far-reaching conclusions, these results are
consistent with endogenous information production.

Banks' information quality may depend not only on the conditions of borrowers but also on
the bank’s own condition. In particular, banks with lower capital ratios may be more concerned
about borrower default, leading them to produce more information. We test this prediction in
Figure OA.9, which splits our baseline sample of new loans based on whether the total risk-
based capital ratio for each issuing bank was above or below the median of all banks in our data
in each quarter. We nd that information quality is higher for new loans made by banks with
lower capital ratios; however, this difference is only marginally statistically signi cant.

C.5. Discussion of Why Regression Coef cient Deviates from One

In this section, we discuss why the coef cient we estimate from regressing realized default on
banks' reported probability of default (PD) yields a coef cient of around 0.4 in Table 3 instead
of one. Under rational expectations, the coef cient from regressing an outcome variable on
its forecast should be equal to one (Muth (1961)); however, empirically, this is often not the
case (e.g, Mincer and Zarnowitz (1969)). We offer several potential explanations for this in our
setting.

The rstis systematic biases in banks' PD assessments. For example, banks could be con-
servative in their estimates of PDs to avoid regulatory scrutiny. In fact, banks are encouraged by
regulators to be conservative in their forecasts, particularly when they have little information:

Given the dif culties in forecasting future events and the in uence they will have
on a particular borrower's nancial condition, a bank must take a conservative
view of projected information. Furthermore, where limited data are available, a
bank must adopt a conservative bias to its anafysis.

A conservative bias can cause the average realized default rate to be lower than the average
ex-ante PD, resulting a regression coef cient less than one. Importantly, and as discussed in
more detail in Appendix Section B, a systematic conservative bias of this type would not affect
the AUC so long as it did not change the relative ordering of PDs. More broadly, banks may
have asymmetric loss functions that cause them to report forecasts that deviate systematically
from their conditional expectation (e.g., Granger (1969)).

It is also possible that banks have incorrect priors or use a misspeci ed forecasting model.
Moreover, if banks overweight their private information (e.g., Tversky and Kahneman (1974)
and Grether (1980)), this can introduce noise in the forecast, which causes the coef cient to be
attenuated due to measurement error. Finally, PD is a “long-run” average default rate, while we

45Source: Bank for International Settlements instructions for calculation of RWA for credit risk.



measure realized default only over a two-year window. Hence, banks' PDs do not necessarily
re ect their true conditional expectation over the following two yedrs.

C.6. Biases in PD Reporting

Our model in Appendix B assumes that the AUC is calculated based on banks' actual beliefs
about their borrowers and that these beliefs are unbiased. However, one concern could be that
banks' reported PDs are biased. For example, banks may have incorrect priors, incentives to
misreport PDs (e.g., Behn, Haselmann, and Vig (2016) and Plosser and Santos (2018)), or
behavioral biases that cause them to underreact to information. One useful aspect of the AUC
is that it is unaffected by these biases so long as they do not affect the relative ordering of loans'
PDs. This can easily be seen by inspecting the terms for the TPR and FPR in the high and low
states (see Section B.3). For a given threshipltie true positive rate and false positive rate

are determined by the actual probability of default of loans with PDs higher than thrdshold
Hence, any transformation of the reported PDs that maintains the original ordering of the PDs
does not affect the AUC.

Although it is certainly possible that biases may change the relative ordering of PDs, we
do not see an obvious reason why that would entirely explain our empirical results. Moreover,
in Figure OA.9, we nd that the AUC is actuallfigher for banks with lower regulatory cap-
ital, suggesting their PDs are actually more accurate despite potentially higher incentives to
manipulate them.

C.7. The Effect of Aggregate Shocks on AUC

In this section, we address the concern that defaults are driven by aggregate rather than idiosyn-
cratic components in bad times and that this may have mechanical effects on the discriminatory
ability of banks' PDs. To do so, we analyze the model developed in Appendix B.

Suppose that each rm's probability of default within its class is equad t0 where is
an aggregate shock distributed according to the density funiGtion, where is unobservable
ex-ante and independent juf

For simplicity, we focus on the high state; however, the exact same logic also applies to the

46pDs are also annual default rates, while we measure realized default over a two-year horizon. However, in
Online Appendix Table OA.4 column (3), we nd a coef cient of 0.33 when we use a one-year default indicator
as the dependent variable instead.



low state. The true positive rate in the high state is as follows:
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Similarly, the false positive rate is:
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Hence, the aggregate shock only affects the AUC to the extent that it raises or lowers the average
default rate. This is a direct implication of the fact that the probability of a true positive or false
positive only depends on the average realized default rate for a givén PD.

To see how the expected size of the aggregate shock affects the AUC, we calculate the AUC
in the high state, assuming borrower class follows a uniform distribution, as follows:
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Differentiating this with respect tg[ ] we have:

4p p@ p p 2E[)) ,
32 p p 2E[]D*p+ p+2E[]?

which is negative when the average PD is below 0.5,1e.p p 2E[ ] > 0. Hence, when

PDs are distributed uniformly, the AUC decreaseEk[n for any reasonable parameters. Note

that this follows exactly from the analysis in Section B.4 where we consider how changes in

the average PD affect the AUC. Hence, if anything, higher average aggregate shocks should put

downward pressure on the AUC we observe in the data in periods of high unemployment.
Finally, one may also wonder what happens if the bank observ&s we show in Section

B.4, a higher variance of PDs leads to a higher AUC. Hencegekhibits a higher variance in

bad times, this would cause the AUC to be higher by increasing the variance 6f Pbgiever,

as discussed earlier, in the data, there is only a slightly larger variance in PDs in bad times, and

thus, this is highly unlikely to explain our results.

4'This is the same reason théerms drop out of the TPR and FPR in the high state.
48This would also be true, although to a lesser extent, if the bank observed the aggregate shock with noise.



C.8. Alternate Measure of Forecast Accuracy: Brier Score

In this section, we discuss an alternative measure of forecast accuracy, the Brier Score, which
is the average of the squared forecast errors. For a samplebafrrowers indexed by the
Brier score (BS) is equal to:

1 X
Bs== (Pbi d)
N i
whered; is an indicator that equals one if rindefaults. A lower Brier Score indicates a better
probability prediction.
Following Murphy (1973), we can decompose the Brier Score as follows:
[
E[BS]

h

E (PD; d)?
h i

Eh(P/bi E[djPDi]+ E[djPDi] )2

E (PD E[dJFfb])2+2(P’b E[dijPDi])(E[dijPDi] d)+(E[d1Ffb] d)?
h
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Reliability Resolution Uncertainty

h |
where the second term in the fourth line equals zero bedau¢€D; E[d;jPD;] does

not vary withd; and the term it is multiplied b{e[dijPD;] d;, is mean zero due to the law of
total expectation and the last line comes from the law of total variance.

The rst term is referred to as reliability and measures how close the bank's average PD
is to the average realized default rate. In the model above, this will always be zero because
banks' perceived PDs are, on average, unbiasedP2.= E[djP’D]. However, in practice,
this may not always be the case. For example, banks may have incorrect priors, biased beliefs,
or incentives to report PDs that do not match their beliefs. The second term is referred to as
resolution and measures the discriminatory ability of the model. Finally, the last term is equal
to the variance of default rates, which is maximized when the probability of default is closest
to 50%. Hence, the Brier Score captures multiple aspects of the forecast at once and is not a
pure measure of discrimination.

Even beyond the abovementioned issues, the Brier score is less commonly used by practi-
tioners to evaluate PD models for several reasons. First, there is a strong mechanical relation-
ship between average forecast errors and the underlying risk of the borrower, particularly when

Eh(Ffbi E[dJP/b])z +2E (F’b E[dijP'D;])(E[cijPD;] d) +E (E[dJP’b] d;)?
|



PDs are close to zero. To see this, assume that the bank observes the PD of a loan perfectly.
We can then write the expected squared forecast error as follows:

Pba PD)2+(1 PD)PD*:

Differentiating this w.r.t toPD we havel 2PD. Hence, so long as the PD is less than
50%, a higher PD leads to a higher average squared forecast error. Notice also that the second
derivative is equal to 2; hence, the effect is stronger the closer the PD is to zero. For example,
suppose the bank perfectly observes the borrower's PD. Increasing the PD from 1% to 2%
roughly doubles the expected squared forecast error (0.99pp to 1.96pp) even though the bank's
information is not any better or worse.

Second, even in the absence of the issue above, the Brier score does not distinguish forecast
ability well for rare events. For example, suppose that if a bank does not produce information,
it assigns a PD o1%to a rm, whereas if the bank does produce information, it will realize
the rm's PD is 0:9%. The improvement in the Brier score from producing information would
be10 ° even though the bank's PD is substantially more accufate.

These exercises suggest that the Brier score is a fairly unreliable measure of the discrimina-
tory power of PDs and illustrate why the AUC approach is more commonly used by practition-
ers and regulators (e.g., Engelmann and Rauhmeier (2011) and Basel Committee on Banking
Supervision (2005)).

“Note the expected absolute forecast error also almost doubles (1.98pp to 3.92pp).
50See Benedetti (2010) for a similar discussion.

10



Figure OA.1: Dynamic responses to changes in PD

This gure shows dynamic responses of a change in d#m&ssessed PD for rnn at timet on outcomeyip:t + |

forj 2f0;1,2;3;4g after collapsing all observations of new and existing loans into a rm-bank-quarter panel.
Each plot shows coef cient estimate$ from the following regression speci cation:

Yibt+j = JPDipt + L+ Ly + ipt+j, wherePDipy is bankbs PD for rm i attimet, j; isa rm-time

xed effect, and iy, is a rm-bank xed effect. 95% con dence intervals are shown and calculated using

standard errors that are two-way clustered by rm and bank-time. The top panel shows the change in log
committed lending volume from time 1. The bottom-left panel shows the probability of a rm having at least
one new loan. The bottom-right panel shows the probability that the rm-bank match is not observed in our data.
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