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Abstract

Bank expectations are an important explanation for the slow recovery of U.S. lending
after the 2008-09 financial crisis. Using new micro data, we document two facts about
bank expectations: banks extrapolate from past events and bank pessimism after the
crisis was a drag on lending as well as several financial and real outcomes of borrow-
ers during the recovery. In a dynamic model, a realistic degree of bank extrapolation
estimated from the data generates the pace of aggregate credit recovery after the cri-
sis. Relative to a rational expectations benchmark, distorted bank beliefs induce sizable

aggregate credit losses of 1.5%.
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1 Introduction

The Great Recession associated with the 2008-09 financial crisis was one of the worst
economic downturns in U.S. history. Bank lending declined significantly and the Fed-
eral Reserve responded quickly by cutting interest rates and aggressively expanding
the monetary base. Nonetheless, one puzzling aspect of the recovery is why bank lend-
ing failed to recover, even after most measures of economic activity improved (Figures
1 and A.1).! The sluggish recovery in bank credit has attracted attention from aca-
demics and policy makers. For example, Bernanke (2023) noted in his Nobel Prize
lecture: “Even though financial institutions were strengthened by government capital
injections and private capital raises, lenders remained exceptionally cautious for some
years.”?

In this paper, we propose an explanation for the puzzle based on bank pessimism.
Specifically, using newly-available micro data on bank expectations from the Senior
Loan Officer Opinion Survey on Bank Lending Practices (SLOOS), we document two
new facts: 1) banks over-react to past events and were pessimistic about the future long
after the crisis, and 2) pessimistic banks are more likely to cut future lending, which in
turn hinders future growth of their borrowers. We use an otherwise standard dynamic
model where banks extrapolate from past realizations to quantify the aggregate im-
plications. A realistic degree of extrapolation estimated from the data generates the
pace of aggregate credit recovery observed after the crisis. Relative to a rational ex-
pectations benchmark, distorted bank beliefs hamper the effectiveness of stimulus and
induce sizable aggregate credit losses of 1.5%.

Our study contributes to the post-crisis debate regarding the role of banks in the
financial and business cycle. The large disruption in credit in the global financial crisis
and the slow recovery afterwards highlight the importance to better understand the

sources and consequences of bank reluctance to lend after a crisis. While the policy de-

!Figure 1 shows the total loans in the U.S. banking system from 2000 to 2020. Intermediated credit
grows steadily through the early 2000s, peaks in mid-2008 and declines through 2009. Growth resumes
around 2012 but at a slower pace than in the early 2000s. The dotted line shows the trend from 2000 to
2008 projected out through the rest of the period. Figure A.1 provides further supporting evidence using
alonger sample, and scaling total loans by U.S. GDP. Notably, loan growth has been slow to recover even
relative to the growth in GDP post-2008.

20ther instances include a speech by McAndrews (2015) at the New York Fed: “Based on data from
the Financial Accounts of the United States, real credit to both corporations and households in prior
recoveries generally started to grow fairly quickly after the end of the recession. By contrast, in the most
recent recovery the real credit outstanding of businesses (corporations and non-corporations) declined
for about two years after the end of the recession. And only recently — more than five years after the
end of the recession — has it attained pre-recession levels. More dramatically, real credit to households
continued to decline for about four years and, while it has finally begun to expand, is still well below its
pre-recession levels.”



bate and academic literature had considered other factors, such as capital and liquidity
regulation, the role of bank beliefs has surprisingly received limited consideration.

The key measurement hurdle is to identify banks who are overly optimistic or pes-
simistic. To that end, we use a newly available module of the Federal Reserve’s Senior
Loan Officer Opinion Survey of Bank Lending Practices (SLOOS).> The module in-
cludes a list of special questions that inquire about banks” expectations of future loan
performance. In our baseline analysis, we use the bank responses to construct a bank-
level measure of expectations of future loan performance between 2005 and 2020. Us-
ing actual loan performance for each bank measured as the reported charge-off and
delinquency rates from the Call Reports, we operationalize our main measure of bank
over-optimism or pessimism as the one-year ahead forecast error for each bank, which
is constructed as the difference between the actual and expected change in bank loan
performance.

Our measure of individual bank beliefs allows us to study their belief formation
as well as the link between bank beliefs and their future lending decisions. First, we
document a new fact about banks” expectation formation: they extrapolate from loan
performance with a delay. They under-react to recent changes in loan performance
and over-react to past changes. They were over-optimistic at the beginning of the crisis
and over-pessimistic during the recovery. This bank-level evidence, which is robust
to a battery of sensitivity checks, constitutes a rejection of the rational component of
the full-information rational expectations (FIRE) hypothesis (Bordalo, Gennaioli, Ma,
and Shleifer, 2020), under the reasonable assumption that loan performance is within
banks’ information sets. In addition, the evidence is stronger for a sub-sample of banks
whose CEOs are young and inexperienced, which is consistent with earlier findings in
the literature on expectation formation (see, for example, Haruvy, Lahav, and Nous-
sair, 2007; Greenwood and Nagel, 2009) and corroborates the interpretation that the
estimates stem from psychological biases.

Our second fact is about the link between bank expectations and future loan growth.
Namely, individual banks’ forecast errors have significant predictive power for their
future loan growth up to three years ahead. Our estimates imply that more pessimistic
banks will cut back on their future lending. An important concern with interpreting the
correlation between forecast errors and future lending is that it may spuriously reflect
other factors, such as past loan performance, that may be also independently correlated

with future loan growth. To rule out such spurious correlation, we show that the link

3For a complete description of the SLOOS panel selection criteria, wording of individual questions,
and methods used to conduct the survey, we refer to the public release of the Federal Reserve, available
at www.federalreserve.gov/data/sloos.htm.
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between bank forecast errors and future loan growth continues to hold in a shift-share
design. This design instruments for the potentially endogenous forecast errors with
a Bartik instrument, which is defined as the product of a shift variable, equal to the
“consensus” forecast error for other banks, times a share variable, equal to the lagged
ratio of total loans to total assets. The intuition behind this approach is that there are
“news shocks” to the supply or quality of information about loan performance that are
common across banks but play out differently across banks. For example, the releases
of news about future firm performance, either in the quarterly earnings conference
calls or in the releases of new analyst estimates, provide information about the quality
of bank C&I loans. These news shocks are common across banks and, as such, are
captured by the shift. However, banks that rely more on lending prior to the shocks
are more impacted, which is captured by the share. As detailed in Borusyak, Hull,
and Jaravel (2022), this design is valid under the identifying assumption that the news
shocks that drive our shift variable are plausibly exogenous to each bank. That said,
identification also requires that other aggregate variables that may be correlated with
the shifter impact banks with high vs. low loan shares uniformly, which we address in
robustness analysis.*

We also documented two subsidiary facts. With the exception of consumer loans,
lending is sensitive to bank beliefs for all loan types, with commercial and industrial
(C&I) and residential real estate loans being the most sensitive.” In addition, we link
borrowers to their lenders using the Shared National Credit Program (SNC), which is
a confidential supervisory data set jointly administered by the Federal Reserve, FDIC,
and OCC (see Chodorow-Reich and Falato, 2022 for details). Banks’ forecast errors
have significant predictive power for a variety of their borrowers’ future financial and
real outcomes up to three years ahead, including borrower total debt, investment both
in tangible and intangible assets, employment, sales and profits growth. This evidence
indicates that bank pessimism over the recovery transmitted to their borrowers and
hampered their ability to grow after the crisis.

In the second part of the paper, we use a dynamic model to assess the aggregate
implications of bank expectations for the slow recovery of lending after the crisis. The
model adds distorted bank expectations to an otherwise standard setup where a bank

is defined as a company that finances risky loan portfolios by equity and deposits and

“We also show that the estimates are robust to adding controls for alternative hypotheses for the slow
recovery, including weak loan demand (as measured by the SLOOS response on loan demand), bank
securitization (as measured by securitization income to net interest income ratio) and tightened bank
capital and liquidity regulations (as measured by tier 1 capital and cash ratios, respectively).

5This result is consistent with the conventional wisdom that “residential mortgage lending has been
particularly sluggish” (Bernanke, 2012).



is susceptible to a large financial crisis (“disaster”) with a small but time-varying prob-
ability (Gourio, 2012, 2013). As it is also standard, banks face a balance sheet constraint
and external financing is costly. As a result, the speed of lending recovery depends on
how quickly banks can rebuild their capital.® The key innovation is that banks system-
atically deviate from perfect rationality and form forecasts that overstate the impor-
tance of past shocks. We show that by extrapolating from the recent trend, banks are
over-optimistic at the beginning of a crisis, and over-pessimistic during the recovery,
as in the data.” This environment is well suited to our purpose because it provides
a reasonably simple and quantitatively plausible link from bank belief distortions to
aggregate outcomes.

For a realistic parameterization that is calibrated to match bank leverage, profit-to-
equity, bank default rate and the dynamics of bank forecast errors, the model implies
that, relative to a rational expectations benchmark, distorted bank beliefs induce siz-
able aggregate credit losses of 1.5%. The model also outperforms the rational expecta-
tions benchmark in matching the slow recovery of aggregate credit as well as other key
aggregate business cycle statistics in the data. Loan growth exhibits a hump-shaped
recovery path in the data, and only returns to the pre-crisis level after seven years. This
feature is only present in the delayed extrapolation model due to two channels. The
tirst one is the expectation channel: banks” lending policy is not only a function of the
current state of the economy, but also the past state, so their lending decisions respond
to economic recovery with a lag. The second channel is an interaction of expectations
with bank balance sheets, as bank net worth recovers more slowly in the delayed ex-
trapolation model, and this exacerbates the slow recovery in bank equity values (Sarin
and Summers, 2016) and lending. Finally, stimulative policies, such as quantitative eas-
ing, have positive effects on lending and bank value, but are significantly hampered by

bank extrapolation bias.®

Related Literature Our paper makes two main contributions. First, we contribute to
the literature on expectations formation, which so far has examined the expectations

of professional forecasters, firms, households, and financial market investors (see, for

6This feature speaks to a well-established literature that emphasizes how the depletion of bank capital
in an economic downturn hinders a bank’s ability to intermediate funds (see, among others, Gertler and
Kiyotaki, 2011, 2015).

7 As in Barberis, Greenwood, Jin, and Shleifer (2015), we do not take a stand on the source of banks’
extrapolative expectations (see Section 3.3 for a further discussion).

8The model also produces a larger increase in risk premia relative to the rational benchmark, in line
with the evidence that risk premia increase substantially in financial crises (Muir, 2017).

9We show that it is challenging to match the slow recovery of bank credit after the crisis with alterna-
tive models of rational as well as biased bank expectations.
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example, Greenwood and Shleifer, 2014; Coibion and Gorodnichenko, 2015; Bordalo,
Gennaioli, and Shleifer, 2017; Bouchaud, Krueger, Landier, and Thesmar, 2019; Bor-
dalo, Gennaioli, Ma, and Shleifer, 2020; Angeletos, Huo, and Sastry, 2020; Rozsypal
and Schlafmann, 2020; Kohlhas and Walther, 2021; Giglio, Maggiori, Stroebel, and
Utkus, 2021; Angeletos and Lian, 2022; Meeuwis, Parker, Schoar, and Simester, 2022;
Farmer, Nakamura, and Steinsson, 2023). Our contribution is to provide, to the best of
our knowledge, the first evidence that banks expectations are extrapolative. Our evi-
dence is complementary to recent work by Ma, Paligorova, and Peydré (2022), who use
data on banks” economic projections about metropolitan statistical areas in the U.S. to
study the impact of lenders’ expectations. We offer a complementary angle by using the
SLOOS responses, which cover the crisis period and post-crisis recovery and allow us
to focus on the credit slump after the crisis. We contribute to the literature by showing
that bank expectations shape their lending long after a crisis, suggesting that the role of
expectations is more pervasive than it had been previously recognized. Understanding
bank expectations during financial disruptions is important in light of the existing ev-
idence that disruptions in banking are central to financial crises and specifically to the
global financial crisis (see, for example, Bernanke, 2018; Gertler and Gilchrist, 2018).
Second, we contribute to the literate on the aggregate implications of behavioral
bias for boom-bust cycles. For example, Bordalo, Gennaioli, Shleifer, and Terry (2021)
and Bianchi, Ilut, and Saijo (2023) quantify the aggregate implications of diagnostic ex-
pectations in a Real Business Cycle model and a New Keynesian model, respectively;
Krishnamurthy and Li (2020) and Maxted (2023) consider the impact of belief distor-
tions in models with financial intermediation. Our contribution here is that we focus
on banks and provide a new explanation for the slow recovery after crises based on
imperfect bank expectations. Existing studies have focused on the amplification role of
expectations —i.e., on explaining the frothy pre-crisis behavior and sudden reversals in
crisis times. Our new insight is that delayed extrapolation is a propagation mechanism
of shocks to fundamentals in that it can account for the slow recovery of lending long
after the initial shock in 2008.1° Our results provide to the best of our knowledge the
tirst quantification of the aggregate credit losses from bank bias. In addition, the results
indicate that deviations from rationality can help to make progress on understanding
the serially correlated and persistent response of credit to shocks that characterizes the

recovery phase of credit cycles, which is well known to be challenging for standard

19Qur paper shares the broad focus on the slow recovery as Kozlowski, Veldkamp, and Venkateswaran
(2020), who provide a learning explanation to the persistent changes in beliefs and GDP growth. While
both models deviate from FIRE, the key friction in theirs is imperfect information, while in ours it is
behavioral bias. Our modeling choice is informed by the evidence on bank expectations: their forecast
errors are predictable from current and past loan performance, which are observed by banks.



frameworks based on rational expectations (see, for example, Kiyotaki, 2011).11

The rest of the paper is organized as follows. In Section 2, we present new facts on
bank expectations. In Section 3, we build a dynamic model with extrapolative banks.
In Section 4, we first discuss the calibration, and then perform our main exercise, that
is, we analyze the aggregate implications and study the effectiveness of policies. In
Section 5, we present model extensions and discuss the implications of other types of

behavioral bias. Section 6 concludes.

2 Empirical Evidence

2.1 Data Sources

Bank Expectations To measure bank expectations, we use a newly available module
of the Federal Reserve’s Senior Loan Officer Opinion Survey of Bank Lending Prac-
tices (SLOOS).? Since the early 1990s, the SLOOS queries banks about changes in their
lending standards for the major categories of loans to households and businesses and
about changes in demand for most of those types of loans. The survey is usually con-
ducted four times per year by the Federal Reserve Board, and the current reporting
panel consists of up to 80 large domestically chartered commercial banks and up to 24
large U.S. branches and agencies of foreign banks.!®> While the list of actual respon-
dents is confidential, the survey panel contains domestic banks headquartered in all 12
Federal Reserve Districts, and the current minimum asset size for panel institutions is
$2 billion in consolidated assets, which ensures that not just the largest banks but also
a fair number of large and medium-size regional banks are included.

In 2004, the survey began to include a list of special questions that inquire about

Finally, our paper is also related to recent theories of banking, in particular those which are quanti-
tative in nature (see, for example, Egan, Hortagsu, and Matvos, 2017; Gourio, Kashyap, and Sim, 2018;
Corbae and D’Erasmo, 2021; Elenev, Landvoigt, and Van Nieuwerburgh, 2021; Begenau and Landvoigt,
2022; Gomes, Grotteria, and Wachter, 2023; Jermann and Xiang, 2023). Among these, our modeling
choice of the financial crisis as a rare disaster with time-varying probability follows Gourio, Kashyap,
and Sim (2018), and Gomes, Grotteria, and Wachter (2023). The key difference in our paper is that we
introduce belief distortions, and we characterize the post-crisis dynamics generated by the interaction of
behavioral and financial frictions. To the best of our knowledge, our paper is the first to apply banking
theory to the slow recovery in intermediated credit.

12For a complete description of the SLOOS panel selection criteria, wording of individual questions,
and methods used to conduct the survey, we refer to the public release of the Federal Reserve, available
at www.federalreserve.gov/data/sloos.htm.

13The respondents account for a substantial fraction of the total loans held by the banking system and
of each of tnhe main loan categories covered by the survey. As of March 31, 2017, the assets of the panel
banks totaled $11.8 trillion and accounted for about 69 percent of the $17.0 trillion in total assets of all
domestically chartered institutions.
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banks’ expectations of future loan performance as measured by delinquencies and
charge-offs. Specifically, these annual special questions ask about banks” expectations
for loan delinquencies and charge-offs on selected categories of commercial and indus-
trial, commercial real estate, residential real estate, and consumer loans in the coming

year. These questions follow the general pattern of

Assuming that economic activity progresses in line with consensus forecasts, what
is your outlook for delinquencies and charge-offs on your bank’s type X loans in the

following categories in the coming year?'*

Banks answer each question using a qualitative scale ranging from 1 to 5. The possi-
ble answers are: 1 =improve substantially; 2 =improve somewhat; 3 =remain around
current levels; 4 =deteriorate somewhat; 5 =deteriorate substantially. In other words,
the survey inquires bank responses on the expected change in the loan default rate.
Let If,
responses into a one-year ahead bank-level forecast for each type k-loan given year ¢

denote the performance of type-k loan in year t + 1. We summarize these

information, E;[I¥, =

1  ifbankiin year t expects an improvement in type-k loan performance in ¢ + 1
0  if bankiin year t expects no change in type-k loan performance in ¢ 4- 1

—1 if bankiin year t expects a worsening in type-k loan performance in t + 1

where an “improvement” (“worsening”) indicates that the bank expects a lower (higher)
loan default rate next year compared to the current year. While the questions on lend-
ing standards have been used in the prior literature (Bassett et al., 2014; Cavallo et al.,
2024), to the best of our knowledge we are the first to use the module on bank expecta-
tions.

In our baseline analysis, we construct a bank-level index of expectations of future
loan performance, aggregated across loan types, between 2005 and 2020.'> To this end,
we use data from the Reports of Condition and Income (Call Reports) about the amount
of outstanding loans each respondent bank has in each loan category, and compute the

following weighted average for each bank:

Eit[lit11] = Zwﬁ X Eit[Iszt+1]f
k

4The survey questions do not allow us to identify the source of bias — in other words, whether banks
are biased (or have limited information) about the consensus forecasts of future macroeconomic con-
ditions or about the performance of their own loan portfolios. However, this does not matter for our
purpose, which is to test whether banks expectations are rational and how they affect their lending
decisions.

15We also analyze bank expectations of each type of loans separately, as shown in Section 2.5.
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where cuf.‘t is the fraction of bank i’s core loan portfolio that is accounted for by loans
in category k, as reported on bank i’s Call Report at the end of year t. The higher the
index, the more optimistic a bank is about the performance of its loan portfolio in the
following year.

One might be concerned that commercial banks have strategic reasons for answer-
ing the survey, such as to reassure regulators on their stringent standards. However,
there is little evidence for bias in their responses (Bassett et al., 2014). Moreover, in
order to ensure that respondents are as comfortable as possible in providing accurate
information about their credit policies, the individual bank responses are confidential
and are not shared with the Federal Reserve System staff acting in a supervisory or

regulatory capacity.

Loan Performance and Forecast Errors To maintain comparability with the measure
of expectations, we measure the actual loan performance for each bank using the re-
ported charge-off and delinquency rates from the Call Reports for our sample period.
We compute, for each bank, the annual change in loan performance on a particular

type of loans, and define I Zkt =

1 if bank i experiences an improvement in type-k loan performance in year ¢
0  if bank i experiences no change in type-k loan performance in year ¢

—1 if bank i experiences a worsening in type-k loan performance in year ¢

where an “improvement” (“worsening”) is defined as a decline (increase) in the sum
of charge-offs and delinquency rates compared to the previous year. Then we compute

the weighted average across loan types:
k k
Lig =Y wi; 1 x I,
k

k
it—1

E;;_1[l;]. Finally, we define the one-year ahead forecast error of bank i at year t as

where w is the same weight that is used to construct the expectation measure

the difference between the actual and expected change in loan performance:

FE; ;1) = Lirr1 — EatlLip1],

where a positive (negative) FE;, 1|; indicates that bank i has been too pessimistic (op-

timistic) in year ¢ about the performance of its loan portfolio in the coming year.



Bank Lending and Other Bank-Specific Information We use bank-level data on out-
standing loan balances from the Call Reports to construct one of the dependent vari-
ables — the logarithm change of total bank loans relative to the pre-crisis level.'® In ad-
dition, we also obtain standard bank balance sheet data from the Call Reports, includ-
ing bank size (the logarithm of total assets), capital (the ratio of common equity Tier 1
(CET1) capital to risk-weighted assets), and liquidity (the cash ratio). For the analysis of
borrower outcomes, we complement these data with information on borrower-lender
links from the Shared National Credit Program (SNC), which is a confidential supervi-
sory data set jointly administered by the Federal Reserve, FDIC, and OCC. SNC collects
information on all loans of at least $20 million shared by three or more unaffiliated fi-
nancial institutions under the regulatory purview of one of the SNC administrators (see
Chodorow-Reich and Falato, 2022 for details).!” Borrowers’ balance sheet information

is from Compustat.

2.2 Motivating Evidence

Descriptive evidence from bank-level data highlights the disconnect between actual
loan performance and expected loan performance in our full sample (Figure 2). Specif-
ically, we compare, for each year since 2005, the net fraction of banks that actually
experienced a worsening of loan performance with the net fraction of banks that ex-
pected a worsening of loan performance in that year. The “net fraction” is defined as
the number of banks that experienced (or expected) a worsening of loan performance
minus the number of banks that experienced (or expected) an improvement, divided
by the total number of banks.

The main takeaway from Figure 2 is that the actual loan performance and banks’ ex-
pected loan performance diverged significantly during and after the 2007-09 financial
crisis. At the height of the crisis (2008-09), loan performance worsened substantially in
the U.S., with notably more banks experiencing higher loan defaults on their balance
sheets. Nonetheless, U.S. banks were on average over-optimistic during these years, as
the net fraction of banks that expected worsening lagged behind the net fraction that

experienced worsening.

16This variable includes all loans on banks’ balance sheets; in other words, the change reflects both
new loans and drawdowns from existing credit lines. Drawdowns from credit lines spiked in the crisis
but were a lesser factor in the post-crisis recovery (Ivashina and Scharfstein, 2010). Even then, we have
confirmed that the results on lending in Table 3 are robust to using an alternative measure of lending that
is defined as the sum of total loans and unused loan commitments, which does not include drawdowns.
For multi-bank holding companies, outstanding loans across all banks within the same holding company
are summed. In the SLOOS data, there is one respondent per bank.

17Tn 2018, the minimum commitment size was raised to USD 100 million.



We see the opposite pattern during the recovery period. Notably, the divergence
between bank expectations and actual loan performance has been persistent. Since
2010, actual loan performance had started to improve, with proportionally more banks
experiencing lower loan defaults by 2011. However, most U.S. banks remained over-
pessimistic about their loan portfolios well beyond 2010. For instance, about 8 out of
10 banks on net expected further worsening of their loan performance in 2011, and
even later on, in 2013 about 6 out of 10 banks still expected further worsening. By
contrast, the net fraction of banks that experienced an actual worsening of their loan
performance was negative in these years, at about -40 percent in 2011 and -20 percent in
2013. Only by 2015 bank expectations became more aligned with actual performance,
on average.

Furthermore, we provide corroborating evidence on bank forecast errors in Fig-
ure A.2. In 2007-08, the median forecast errors across banks were negative, but since
2009, forecast errors had been persistently positive, indicating that the median bank
was over-optimistic before 2009 and over-pessimistic thereafter. In all, together with
Figures 1 and A.3, the descriptive evidence here suggests that there is a connection
between the speed of recovery in bank lending and the speed of recovery in bank ex-
pectations.!® Next we turn to panel evidence to further buttress this connection. We
document two new stylized facts. First, banks underreact to recent realizations but
overreact to past realizations; in other words, they extrapolate with a delay. Second,
their lending decisions are sensitive to beliefs, so delayed over-pessimism was a drag

on lending growth during the recovery.

2.3 Delayed Extrapolation

Our first fact is about bank expectation formation. Under full information rational
expectations (FIRE), banks’ forecast errors should not be predictable using variables in
their information set of the banks, which includes past loan performance. We examine
whether banks’ forecast errors are instead predictable by lagged loan performance,
which would constitute a violation of FIRE. To that end, we regress banks” forecast

errors on current (I;;) and lagged (I;;_1) change in loan performance:

FE;;qp=ai+ Prli + Bolip—1+ vZis + T + 1y (1)

8Figure A.3 in the appendix provides further corroborating evidence from the Call Reports for the
slow recovery in lending, focusing on the same sample of banks as in Figure 2, thus allowing a more
direct comparison between bank expectations, actual loan performance, and lending activities.
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for our full sample (2005-2020). In our baseline specification, we include bank and year
tixed effects, denoted by a; and 13, respectively, as well as bank size (the logarithmic of
total assets) as a control, Z;;. We assess robustness of the estimates with several sen-
sitivity checks on the baseline specification. Standard errors are clustered at the bank
level. This specification follows the test of extrapolation in the literature (for example,
Kohlhas and Walther, 2021; Bordalo et al., 2021; Barrero, 2022), with the innovation that
we allow for richer dynamics by including both current and lagged fundamentals.'

Panel A of Table 1 reports the baseline estimates of coefficients 81 and B,. First, both
estimates are strongly statistically significant, §; # 0 and B, # 0, which constitutes a
clear rejection of FIRE.?’ Second, the estimate on current loan performance, B1, is pos-
itive while the estimate on lagged loan performance, j3,, is negative. These estimates
imply that banks under-react to recent realizations of loan performance and over-react
to past realizations. Intuitively, a negative realization of past loan performance will
make banks overly pessimistic today about their loan performance outlook.

In Panel B of Table 1 we show that the estimates are stable across a variety of sensi-
tivity checks that address potential concerns with our baseline specification. An impor-
tant such concern is that the negative estimate on lagged performance may be spurious
and simply due to the fact that both forecast errors and changes in loan performance
are persistent variables. To mitigate this concern, we show that both coefficient esti-
mates and specifically the estimate on lagged loan performance, 8, remain strongly
significant and are relatively stable when we drop either the control for bank size (Row
A) or the time and bank fixed effects (Rows B-D). To the extent that bank fixed effects
control for some of the persistence in forecast errors, the fact that their inclusion does
not materially change the estimates should help to mitigate the concern about serial
correlation. A related concern is that multi-collinearity may be driving the estimates
if current and lagged loan performance are highly correlated, which we address by
showing that the estimates are also stable and remain significant when we use them
individually instead of together in separate regressions (Rows E-F). A related concern
is that the estimates may be sensitive to outliers because forecast errors are constructed

using loan performance, which thus appears on both sides of the regression (as dis-

19 Another class of tests of over- and under-reaction in the literature examines the predictability of
forecast errors from forecast revisions (Coibion and Gorodnichenko, 2015; Bordalo et al., 2020). We
cannot perform this revision-based analysis since the SLOOS data only reports forecasts for the one-year
ahead horizon.

20In the appendix, we show that the predictability of forecast errors is not due to the categorical nature
of the survey data (Table A.3). We run a placebo test by generating pseudo bank beliefs that are generated
randomly for each bank to mimic the rational expectations benchmark, and discretize them using the
same approach as in our baseline analysis. We show that both the random beliefs and discretized random
beliefs generate unpredictable forecast errors.
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cussed in Kohlhas and Walther, 2021 and Bordalo et al., 2020). The influence of outliers
is mitigated in our setting by the categorical nature of the bank expectations and cor-
responding measure of changes in loan performance. Even then, the estimates do not
appear to be sensitive to the extreme tails of the forecast errors, which correspond to
survey responses equal to 1 and 5 (Row G). And they remain stable and significant
even if instead of forecast errors we use bank forecasts as dependent variable (Row H).
As a final set of sensitivity checks, we show that the estimate on lagged performance
is not sensitive to adding one more lag (Row I) and it is not just driven by the smallest
banks (bottom quartile of bank size) in the sample (Table A.1).

Next, we more fully leverage the cross-section of banks in our data and use hetero-
geneity analysis by bank CEO characteristics to further corroborate our interpretation
that the estimates reflect bank expectation biases. We retrieve information on CEO
characteristics from ExecuComp, which is available for most of our banks. If the es-
timates indeed reflect psychological bias, then they should be systematically related
in the cross-section to characteristics of bank CEOs that lead to greater psychological
bias. Banks’ extrapolative expectations could be driven by representativeness heuris-
tic (Barberis et al., 1998; Rabin, 2002) or experience effects (Malmendier and Nagel,
2011). A common finding in the literature on expectation formation is that young and
inexperienced individuals tend to extrapolate more. For example, Haruvy et al. (2007)
find that inexperienced subjects extrapolate recent price movements. Greenwood and
Nagel (2009) show that young equity fund managers bought more tech stocks during
the late 1990s tech stock boom, presumably because they were more optimistic. And
Malmendier and Nagel (2011) show that households who have experienced poor stock
market returns in their lifetimes take less financial risk.

In line with this reasoning, Table 2 shows that the estimate on lagged performance
is larger for banks whose CEOs are younger (Row A) and more inexperienced (as mea-
sured by shorter tenure, Row B). Interestingly, the estimate is also larger for banks
whose CEOs were younger in the crisis (Row C), which all indicate higher extrapola-
tion by younger and more inexperienced CEOs. Consistent with extrapolation being
associated with excessive pessimism, the bias is mitigated for over-confident CEOs
based on the measure of Malmendier and Tate (2005). Finally, the bias is also miti-
gated for CEOs with a golden parachute, for whom bad performance is presumably
less salient because they are shielded from the cost of performance-related firings.

Overall, the evidence on bank expectation formation supports delayed extrapola-
tion, indicating that, after bad loan performance materialized in the crisis, banks be-

came over-pessimistic during the recovery.
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2.4 Expectations and Lending Dynamics

Our second fact is about the link between bank expectations and the slow recovery
in lending after the crisis. We regress the logarithmic change of total loans in year
t + k relative to the pre-crisis (2005-2007) average, ALoans; ;. i, where k is the predictive

horizon of 1-, 2-, 3-, or 4-years ahead, on current forecast errors:2!

ALoans; = 0 + OkFE; (1 + Y Zit + T + Ujp k- 2)

Time 7; and bank a; fixed effects are included in all specification. We do not include
additional controls in the baseline but consider more saturated specifications with ad-
ditional controls in robustness analysis. We report estimates for up to four years ahead
and for both the full sample (2005-2020) and the sub-sample that isolates the recovery
period after the great recession (2010-2020).

We recognize that the interpretation of ordinary-least-squares (OLS) estimates is
complicated by identification issues as our first fact shows that forecast errors are corre-
lated with other factors, such as past loan performance, that may be also independently
correlated with future loan growth, and thus may lead to spurious correlation between
forecast errors and future loan growth. To rule out spurious correlation, we use a shift-
share or Bartik design.?? The design either replaces or instruments for the potentially
endogenous forecast errors with with a Bartik instrument, S;;_1FE} +1)¢> which is de-

fined as the product of a shift variable, FE;; +1|t- equal to the “consensus” forecast error
FEji 1)t
n—1 7

times a share variable, S;;_1, equal to the lagged ratio of total loans to total assets. The

for other banks measured as the mean of their forecast error FE;, 1t = L

intuition behind this approach is that there are “news shocks” to the supply or quality
of information about loan performance that are common across banks but play out dif-
terently across banks. For example, the releases of news about future firm performance,
either in the quarterly earnings conference calls or in the releases of new analyst esti-
mates, provide information about the quality of bank C&I loans. These news shocks
are common across banks and, as such, are captured by the shift. However, banks that
rely more on lending prior to the shocks are more impacted, which is captured by the
share. As detailed in Borusyak et al. (2022), this design is valid under the identifying
assumption that the news shocks that drive the shift variable are plausibly exogenous

to each bank (exogeneity also of the share is not required for identification). Analo-

2IWe consider alternative pre-crisis benchmark in the robustness exercise in Table A.2 (Panel B).

22Gee Chodorow-Reich, Nenov, and Simsek (2021) for an example of recent applications and
Goldsmith-Pinkham, Sorkin, and Swift (2020) and Borusyak, Hull, and Jaravel (2022) for details on the
econometrics of shit-share designs.
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gously to previous Bartik designs as well as applied work (see, for example, Bertrand,
2004) that have used market prices or exchange rates, we use an equilibrium object as
shifter. That said, identification also requires that other aggregate variables that may
be correlated with the shifter (and not controlled for in yZ;;) impact banks with high
vs. low loan shares uniformly. We address this requirement in robustness analysis.

Table 3 reports the OLS and instrumental-variables (25LS-1IV) estimates. Panel A
shows that forecast errors are significantly and negatively correlated with future loan
growth up to four years ahead with statistical significance weakening at longer hori-
zons. Intuitively, the estimates imply that if banks were pessimistic today (FE;;_1 > 0),
that would predict lower future lending relative to its pre-crisis level. Panel B shows
that the results continues to hold when we replace the potentially endogenous forecast
errors with the shift-share instrument, which predicts future loan growth up to three
years ahead. The result also holds when we use the shift-share variable as an instru-
ment for forecast errors in a 2SLS-1V specification (Panel C). The first-stage F-statistics
are well over 16, suggesting that the shift-share instrument is not weak (see Panel A
of Table A.2 for the first-stage estimates). For this specification in the full sample, one
standard deviation increase in bank pessimism leads to about half a standard deviation
decrease in loan growth up to three year ahead (Columns 1-4), which is economically
significant magnitude.

As discussed, a potential threat to identification is that other aggregate variables
that may be correlated with the consensus forecast (and not controlled for in yZ;;) may
have a differential impact on banks with high vs. low loan shares. To address this
concern, we take two approaches. First, we saturate the 2SLS-IV specification with
several additional controls for the interaction of the share variable with other shocks
that includes GDP growth, the change in the Federal Funds Rate and the VIX, as well
as average changes in other bank characteristics (profitability as measured by the ratio
of total income to assets, loan performance, bank capital and liquidity as measured
by tier 1 capital and cash ratios, respectively). The estimates for this more saturated
specification, which are reported in Panel D of Table 3, remain strongly statistically and
economically significant. In additional robustness (Panel C of Table A.2), we also show
that the estimates are robust to adding controls for alternative hypotheses for the slow
recovery, including weak loan demand (as measured by the SLOOS response on loan
demand),?® bank securitization (as measured by securitization income to net interest

income ratio) and tightened bank capital and liquidity regulations (as measured by tier

2In our main data source (SLOOS), banks report changes in demand for the major categories of loans
four times a year since October 1991. We use this information to control for loan demand, as in Bassett
et al. (2014).
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1 capital and cash ratios, respectively).

Second, we recognize that adding controls mitigates but does not resolve the is-
sue because there may be other aggregate variables that are omitted from our more
saturated specification that may be correlated with the consensus forecast and have a
differential impact on banks with high vs. low loan shares. Our second approach tack-
les the issue more directly by using bank-specific or idiosyncratic forecast errors that
are purged of potential aggregate confounds to construct the shift variable. Specifi-
cally, similar to Leary and Roberts (2014) (see equation (7); see also Dessaint, Foucault,
Frésard, and Matray, 2019) we construct idiosyncratic forecast errors as the estimated
residuals from a regression of forecast errors for each type of loan (C&I, CRE, RRE,
and Consumer) on the consensus forecast error. To construct the shift variable, we then
use for each bank the idiosyncratic forecast error in the primary loan type, which is as-
signed based on the largest share of loan type (C&I, CRE, RRE, and Consumer) relative
to total assets. The share variable is constructed as the lagged ratio of the primary loan
type to total assets. Intuitively, this version of the shift variable captures bank-specific
optimism or pessimism of other banks over and above what is predicted by aggregate
shocks that may affect the consensus forecast. For example, it captures times when
other banks that are primarily active in C&lI loans have excess pessimism over Cé&lI
loan performance. And the share gives more weight to these realizations of the shift
for banks that are primarily active in C&I. Thus, this version of the shift-share instru-
ment captures shifts in other banks” expectations that are by construction orthogonal
to aggregate shocks to the consensus forecast. The results reported in Panel E of Ta-
ble 3 show that the estimates remain strongly statistically and economically significant
and are quite stable relative to those in Panel C, which should help to further mitigate
concerns about aggregate confounds.

Another potential threat to identification is if any particular individual bank influ-
ences the forecast of all other banks, which we address by repeating the analysis for
a sub-sample that excludes the largest banks (top quartile of size) who may be pre-
sumably more likely to exert such an influence. Reassuringly the estimates for this
sub-sample of banks are little changed (Panel D of Table A.2).%4

2.5 Heterogeneity by Loan Type and Real Effects on Borrowers

Next, we further solidify our second fact on the link between bank expectations and

the slow recovery in lending by examining different loan types and a variety of bor-

24In Panels E-F of Table A.2 we also address potential serial correlation in the shift-share by showing
that the estimates are robust to including the first lag (Panel E) as well as the first and second lags (Panel
F) of the shift-share variable as instruments
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rower real and financial outcomes. First, we repeat the OLS estimation of equation (2)
separately for each of the four categories of core loans reported in SLOOS: commercial
and industrial (C&I) loans, residential real estate (RRE) loans, commercial real estate
(CRE) loans, and consumer loans. The estimates reported in Table 4 show that future
bank lending in all but consumer loans is negatively related to forecast errors on that
particular type of loans, with C&I loans and residential loans (RRE) being the most
sensitive to forecast errors.

Second, we examine the link between bank expectations and a wide range of finan-
cial and real outcomes of their borrowers. If a contraction in lending limits the avail-
ability of bank credit for borrowers, then bank pessimism over the recovery should
transmit to their borrowers and hamper their ability to growth after the crisis. To exam-
ine this possibility, we link borrowers to their lenders using the Shared National Credit
Program (SNC), which is a confidential supervisory data set jointly administered by
the Federal Reserve, FDIC, and OCC (see Chodorow-Reich and Falato, 2022 for de-
tails). For each borrower-year, we assign as lender the lead lender on their syndicated
loans, which is the bank that manages the servicing of the loan and typically provides
the largest share of the funds (see, for example, Chodorow-Reich, 2014). There are 19
unique lenders in our sample, which is comparable to previous papers in the literature.
Borrowers’ balance sheet information is from Compustat.

Table 5 reports the results for repeating the 2SLS-IV analysis for borrower financial
and real outcomes. The estimates indicate that there is a strong negative and statis-
tically significant relation between lender instrumented Cé&I forecast errors and the
future real and financial outcomes of their borrowers. For example, Panel A shows a
significant relation with borrower total debt growth up to two years ahead (Columns
1-4), consistent with the contraction in credit from lender pessimism hampering the
ability of firms to access debt financing. Panel A (Columns 5-8) and Panel B show
a negative and significant relation again up to two years ahead with borrower invest-
ment both in tangible and intangible assets as well as borrower employment, consistent
with limited debt financing from bank pessimism having real effects for their borrow-
ers. Further corroborating this point, Panels C and D show a significant relation with
growth measured based on total sales, assets, and profitability. And finally, Columns

5-8 of Panel D show a positive relation with the probability of firm exit.

2 Appendix Table A.5 show that there is a significant relation also with an additional measure of
growth based on property, plant, and equipment (PPE) but not with borrower total payouts, which are
well-know to be sticky.
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2.6 Taking Stock of the Evidence

In this section, we document two new set of facts about bank expectations and lending

dynamics in the U.S.:

1. Banks extrapolate with a delay, a finding that is robust to several sensitivity
checks; they under-react to recent changes in loan performance and over-react
to past changes. They were over-optimistic at the beginning of the crisis and

over-pessimistic during the recovery.

2. Bank forecast errors have significant predictive power for future loan growth,
a finding that continues to hold after instrumenting for potentially endogenous
forecast errors with a shift-share instrument and other robustness checks. This
suggests that bank expectations are linked to the slow recovery in lending post-
crisis: as banks were persistently over-pessimistic, intermediated credit stayed

below the pre-crisis level long after the recovery of actual loan performance.
We also documented two subsidiary facts:

3. Other than consumer loans, bank lending in all loan types are sensitive to fluctu-
ations in bank beliefs, with C&I and residential real estate loans being the most

sensitive.

4. Bank forecast errors have significant predictive power for a variety of their bor-

rowers’ future financial and real outcomes.

Our next goal is to quantify the aggregate implications for credit from banks” deviation
from FIRE.

Implications of the Evidence for Modeling Expectation Formation Assume that

change in loan performance (I;;) follows an AR(1) process:
Lip1 = prlis + tipi, 3)
while bank expectation are influenced by the current outcome and the recent trend:

EX (L 1] = 015 + g2 (L — T 1)
= (1 + P2) L — ol s
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where P denotes the subjective belief. Let p; = ¢1 + ¢ and p» = —¢o. Then bank

forecast errors are given by:

FEit i1t = Lipp1 — EX L]l = (o1 —p1) Ir — P2 g1+ tiprr 4)
—— ———
>0 <0
underreaction ~ overreaction
The signs of estimates for A1 and 3, in Table 1 imply that p; > 1 and > > 0, so that
banks under-react to recent realizations, and over-react to past realizations. Tables 1
(Panel B, Row H) and A.4 provides supporting evidence for these two conditions. This

reasoning informs our modeling choice of the bank belief process in the next section.

3 Model

3.1 Environment

Time and agents Time is discrete. There is a continuum of heterogeneous banks and
an infinitely-lived representative investor, who owns all banks. A bank is defined as
a company that finances risky projects by equity and deposits. Both entities share a
common exposure to an extreme economic adverse event (“crisis”) that occurs with a
time-varying probability. In order to focus solely and squarely on the impact of fore-
casting biases, we start from a partial equilibrium analysis: consumption and deposit
growth follows exogenous processes and the deposit rate is fixed. In Section 5.2, we

extend the model to general equilibrium, and endogenize the deposit rate.

Consumption and disaster risk In the baseline partial equilibrium model, we assume

the following process for the investor’s consumption (Gomes, Grotteria, and Wachter,

2023):

Ct+1 = Cteﬂc+ffc€c,t+1+§xt+1, (5)

where 1. represents the mean growth in consumption in normal times. We allow for
the possibility of a rare “disaster” when consumption falls by a large fraction ¢, as in
Rietz (1988) and Barro (2006). With probability p;, a disaster realizes in t + 1, and we
set x;11 = 1. Otherwise x;,1 = 0. Following Gourio (2012, 2013), the probability p; is

time-varying and follows a Markov process:

logpii1=(1—pp)logp + pplogp: +€p i1, (6)
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with persistence p, and mean log p.% ¢ pi+1 ~ 1idN(0, (7%). €.t is a standard normal ran-

dom variable that is i.i.d. over time. ¢y, &+ and x; are independent.
Preferences The representative investor who consumes endowment C; has Epstein
and Zin (1989) preferences with time preference p € (0,1), relative risk aversion v, and

elasticity of intertemporal substitution . Hence the stochastic discount factor (SDF) of

the investor is given by:

C - S 1 —1+6
+
Miypi1 = p° (%1) (%) ?)

where 0 = % and S; denotes the ratio of wealth to consumption as determined by:

=Y. 8)

3.2 Loan Portfolios and Uncertainty

In modeling the uncertainty on banks” balance sheets, we follow Gomes et al. (2023).
Each bank has a portfolio of risky private sector loans (j = 1,2,...,n). There is uncer-

tainty about the collateral value for loan j of bank 7, Wjj;, which is a random variable:

Wz‘]'t — pUctctTxitwitoje) 9)

The collateral value is subject to three sources of uncertainty: (e, x¢) are the aggregate
shocks discussed above; wj; is a bank-specific shock; ¢j; is a borrower-specific shock.
¢ct and ¢j; are standard normal random variables that are i.i.d. over time. w;; follows

the Markov process:

Wi 41 = PwWit + €wi t+1, (10)

where €., ;11 ~ iidN(0,0%). A persistent bank-specific shock ensures that the cross-
section of banks remains non-trivial, and as we show later, bias about its persistence is
important for matching the forecast error dynamics at the bank-level. e, €j, €.+ and
¢pt are independent of each other and also of x;. Each of the four shocks can change the
value of an individual loan and its default probability.

A borrower j defaults at time ¢ if W;;; <k, and x is common across all borrowers.

When a borrower defaults, the bank can recover a fraction 1 — . of the collateral value,

26In our simulations, we discretize the process (6) so that p; < 1.
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where .7 is the loss given default. The ex-post return on the portfolio of loans equals

L
7T € 41 X141 (,U', 1
Pt (Sit €e 41, X4, Wi 1) = ( Ct+P£(:;)' ia41) 1, (11)
1

where 7t (. 411,%111,w; ¢ +1) is the payoff of the loan portfolio for bank i at t + 1, which

we specify in Appendix A.1, and P*(s;) is the price of the loan at ¢:
Pt(sy) = E [Mt,tJrl niL,tJrl(EC,t+1rxt+1/wi,t+1)} : (12)

s;; denotes the exogenous state variables for bank i, which we specify below. EF(-)

captures the expectation formation process, which we now turn to.

3.3 Incorporating Beliefs

Agents (both bank managers and investors) have distorted expectations about future
loan performances.?” Since our measure of loan performances, the loan default rate, is
endogenously determined, we introduce bias to the determinants of loan performance
— that is, to the perceived aggregate and bank-specific shock processes. While the true

processes of p; and w;; follow (6) and (10), agents perceive the processes to be:

Wi t+1 = PloWit + P020Wi t—1 + Ewit+1 (13)

logpri1=(1—p1p — P2p)logp + p1plog pt + P2plog pr—1 + €p 41 (14)

Rearranging (13)-(14) shows that expectations are influenced by not only the current
outcome (p; and wj;) but also the recent trend (Ap; and Aw;;). Later in the paper, we
explore the implications of having only biased beliefs about the aggregate shock, and
show that for matching bank beliefs at the micro level, it is crucial to have biased beliefs
about both aggregate and idiosyncratic shocks (see Table A.9).

Our specification of beliefs is a parsimonious way to capture the delayed extrap-
olation behavior observed in the data (see Section 4.1).%® Ideally, one would prefer to

model the bank belief formation process (say, due to limited memory as, for example, in

2By assuming that both managers and investors have the same degree of bias, we do not take a
stance on whether some agents are more rational than others. Moreover, this improving the matching of
model-implied asset (loan) pricing moments with the data.

ZModels of extrapolation typically inflate the persistence of an AR(1) process (Greenwood and Han-
son, 2013; Hirshleifer, Li, and Yu, 2015; Angeletos, Huo, and Sastry, 2020), or allow agents to extrapolate
from all past realizations with geometric discounting (Barberis, Greenwood, Jin, and Shleifer, 2015). We
show from the data that banks extrapolate from current and last period’s realizations (Table 1), and that
their beliefs follow an AR(2) (Table A.4). Nonetheless, we explore the implications of alternative belief
specifications in Section 5.1.
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Bordalo, Gennaioli, and Shleifer, 2017) more endogenously. This approach, however,
would require us to take a stand on a specific source of friction that leads to biased
bank expectations. Since our main focus is on studying the effect of biased expecta-
tions on bank lending behavior, we choose to remain agnostic about the source of the
bias and summarize beliefs with a simple functional form capturing the basic facts on
bank expectations that we documented earlier. The advantage of this approach is that
the quantitative results will not be limited to a specific theory of the belief formation
process as our model can accommodate several alternative interpretations of the nature
of the belief formation process (see below for more details).

Furthermore, while the true probability of a disaster realization in the next period
is Prob[x; 1 = 1] = p:, agents extrapolate from the past and perceive this probability to

depend on both p; and p;_1:
Prob” [x; = 1] = pfp}__{(. (15)

Unlike the beliefs about the shock processes (13)-(14), this assumption is not crucial for
matching the forecast errors and lending dynamics at the bank level (see Table A.7 and
Figure A.8 in Appendix). Nonetheless, this assumption helps matching the dynamics
of loan rates & (Table A.6) and generates an amplification effect through asset prices.

Our specification of beliefs is consistent with evidence across a variety of settings
that expectations of financial markets outcomes are extrapolative (e.g. Greenwood and
Shleifer, 2014). As in Barberis, Greenwood, Jin, and Shleifer (2015), we do not take
a stand on the source of banks’” extrapolative expectations, which could be driven by
representativeness heuristic (Barberis, Shleifer, and Vishny, 1998; Rabin, 2002) or by
experience effects (Malmendier and Nagel, 2011) or by limited memory as in the diag-
nostic expectations framework (Bordalo, Gennaioli, and Shleifer, 2017).° Sung (2024)
shows that combining imperfect attention with noisy memory generates underreaction
in the near term and overreaction for longer terms.

An alternative and related approach to model expectation errors that leads to exces-
sively extrapolative beliefs is natural expectations (Fuster, Laibson, and Mendel, 2010),
where forecasters neglect deeper lags of a shock process. While our model shares some
predictions with natural expectations — such as overstating the long-run persistence of
shocks — it makes distinctive predictions about delayed extrapolation that more closely

describe the data on bank expectations.

2Bordalo, Gennaioli, La Porta, Matthew, and Shleifer (2023) explore a special case of the diagnostic
expectations model, where the fundamental follows an AR(1) while beliefs follow an ARMA(2,1). We
share the feature that agents overreact to past shocks.
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3.4 The Bank’s Balance Sheet

Each bank i enters period ¢ with loan portfolio L;;_1, deposits D;;_1, and equity E;;_;.
Then all aggregate and idiosyncratic shocks to loan returns are realized, and the bank
decides whether to continue or default. If the bank continues, its net profit I1;; depends

on the rates of return on the bank’s assets riLt and liabilities P

, any non-interest income
ct, and other cost of funding ¢, which captures overhead costs and the FDIC surcharge

to fund deposit insurance:

;= (rh+ )Ly — (PP +cP)Dyyy. (16)
——r

=D

The bank chooses dividends Div;; and new loans L;;. For now, we follow Merton
(1978) and assume D;; = e¢D;;_1 —in other words, deposits grow at a constant rate g —
and we relax this assumption in the general equilibrium model (Section 5.2).3° Equity is
accumulated retained profits over time, i.e. after dividends and adjustment costs have
been paid. Thus at the end of period t, each bank has a new equity level E;;, which is
equal to the equity at the beginning of the period t net of current dividends Div;; and

adjustment costs ®;;, plus current profit I1;:
Eit = Eit—1 — Divjy — Pj¢ + 11 (17)
In choosing its investment in loans, each bank faces the balance sheet equation:
Lit = Dit + Eit, (18)

as well as a quadratic loan adjustment cost:

2

Liy—L;,

D = 77LLi,t—1 (ltL—ltl) . (19)
,t—1

Banks also face a regulatory capital requirement, consisting of a maximum ratio of total

assets to equity captured by A:
Li
— <A 20
Ei; — (20)

30Here the deposit rate 7 is constant, and we calibrate g to equal expected consumption growth:
73 7
¢ =log ((1 —Epp)etet T + Epte;‘f+7+¢).

In the general equilibrium model (Section 5.2), P becomes endogenous and time-varying.
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3.5 The Bank’s Problem

Banks are run by managers with limited liability that maximize the present discounted
value of investor utility from dividends Div;;, and discount the future with the in-
vestor’s SDF, M;;,1. Dividends represent equity payouts if Div; > 0 and equity is-
suance if Div;; < 0. Equity issuance is costly due to asymmetric information and incen-
tive issues. We capture this with a proportional equity issuance cost (Bolton, Li, Wang,
and Yang, 2023):

A(Divt) = 1pjo,<oi1" Divyg (21)

where 1p;,, <0 is an indicator variable that is equal to 1 if Div;; < 0 and 0 otherwise.
We define a composite state variable Nj;, that is the sum of the beginning-of-period

equity and the current net profit:
Njp = Ey_1+ (Vth + CL)Li,t—l — 77DDi,t—1- (22)

Conditional on not defaulting at time ¢, bank managers solve the following continua-

Sit] }/ (23)

given the SDF (7), the return on risky loans (11), the current profit (16), the evolution

tion problem: VC(L;; 1,D;;_1,Nj,si) =

max {Divit + A(Divit) + EF | My 411V (Lit, Dit, Ni 41,8 141)
it it

of equity (17), the balance sheet constraint (18), asset adjustment costs (19), the capital
requirement constraint (20), equity issuance costs (21), and the definition of N; ;11 (22).
Limited liability implies that bank managers may choose an outside option V?, which

we normalize to zero, and the expected value in (23) is defined as the upper envelope:
V(Lit, Dit, Nit+1,8i4+1) = max [VC(Lit/Dit/Ni,t+1rSi,t+1)r VD]- (24)

Default happens if a bank’s continuation value V falls below the threshold level V7,
which is normalized to zero. For tractability, we assume that in each period the exiting
firms are replaced by identical new banks within the same period, so we maintain a
stationary distribution of banks.

Since the constraints and cash flows are linear in L; and D;;_1, we can simplify
the computation of the bank’s problem by scaling the value of a bank by deposits D;;,
as shown in Appendix A.2. As a result, the state variables in the model are lagged

scaled assets (I;;_1 = lL)ll’;ll ), equity before dividends and adjustment costs (n;; = g—x ,

and the exogenous states s;. With rational expectations, s;; only include the current
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crisis probability p; and bank-specific conditions wj;, but with extrapolative beliefs,

Sit = [pt/pt—lrwitrwi,t—l]-

4 Quantitative Analysis

This section first discusses the calibration. Next we explore the disaster dynamics in
the model, with a joint focus on bank lending and expectations. Then we show that the
model generates business cycle dynamics as well as bank-level dynamics for beliefs
and lending that mimic the data. Finally, we study the effectiveness of quantitative

easing through the lens of the model.

4.1 Parameterization

We solve and calibrate two variants of the model at an annual frequency:

1. Rational model: Agents believe that the aggregate shock p; and idiosyncratic
shock w; follow the true processes, (6) and (10), and that the probability of a
disaster in t + 1 is Prob[x;1 = 1] = p;.

2. Delayed extrapolation model: Agents believe that p; and w; follow (13) and (14),
and that the probability of a disaster in ¢ 4- 1 is (15).

There are two groups of parameters in each model: the first group is exogenously cali-
brated; the second group is calibrated in a moment-matching exercise. We calibrate the
model parameters to best match moments for each version of the model, thus giving
each model the best chance to represent the data. When we simulate the model with
behavioral bias, all shocks and distributional dynamics are determined according to
their true processes, even though the asset prices and bank polices involve distorted

expectations.

Assigned Parameters A list of the exogenously calibrated parameters are shown in
Table 6. For most of them, we take their values from existing models with disaster
risk (Gourio, 2012; Gomes et al., 2023), to facilitate the comparison of models with and
without belief distortions. Specifically, the values for B, y. and o, follow the standard
values in the business cycle literature (e.g. Cooley and Prescott, 1995), while the values
for ¢ and 7 follow the literature on asset pricing with rare events (e.g. Gourio, 2012).
We follow the estimates of an average probability of disaster on OECD countries by

Barro and Urstda (2008) and set the average probability of an economic collapse to be
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2 percent per year and an associated drop in consumption of ¢ to be 30%. For param-
eters governing the disaster probability process, we set p, and ), to be 0.8 and 0.42,
respectively, which are within the range of values explored by Gourio (2012, 2013). For
parameters governing the bank-specific shock process, we follow Gomes et al. (2023)
and set p,, and o, to be 0.9 and 0.02, respectively. We fix the loan-to-value ratio at loan
origination at 0.66, following Nagel and Purnanandam (2020). The loss given default
on loans, £, is calibrated to match the observed average recovery rate on loans. The
regulatory capital requirement parameter A is 12.5, corresponding to an 8% equity to
asset ratio in accordance with the Basel rules. Lastly, we follow Bolton et al. (2023) and
calibrate the proportional equity issuance cost 7* to 5%. For the return on deposits 7,

we use the average interest on core deposits over the sample period.

Parameters from Moment Matching The rest of the parameters are jointly calibrated
in a moment-matching exercise. In the rational model, there are 4 parameters {aj, 17L, ck,
771, and we target 4 moments. In the delayed extrapolation model, we have 5 addi-
tional parameters governing bank beliefs {01,,02p, P10, 02w, X}, and we target 5 addi-
tional moments. All targeted moments are computed from our sample in Section 2.

The four common targeted moments are the mean and standard deviation of bank
leverage, the mean profit-to-equity ratio and the mean bank default rate. The model is
nonlinear, and all parameters affect all the moments. Nevertheless, some parameters
are more important for certain statistics. The mean and the cross-sectional dispersion in
bank leverage (assets over equity) I}::—Z are affected by the volatility of loan-specific shock
o and the asset adjustment cost parameter n". The mean profit-to-equity ratio Ig—ll: and
the mean bank default rate are largely driven by the non-interest income parameter c"
and cost of funding cP, respectively.

The additional parameters in the delayed extrapolation model are calibrated to tar-
get the coefficient estimates on current and lagged lending from our key regression (1)
on delayed extrapolation. Specifically, we use the coefficient estimates for the full sam-
ple (see Table 1) to calibrate the belief parameters for the aggregate shock {p1,,02,},
and the coefficient estimates from a subsample excluding banks in the bottom quartile
(in terms of total loans) to calibrate the belief parameters for the bank-specific shock
{@1p,@2p}. A comparison of the coefficient estimates in Table A.1 suggests that an av-
erage bank above the bottom quartile under-reacts less to the current realization and
over-reacts more to the past realization, compared to an average bank in the full sam-
ple. We calibrate the model to match this feature. In these regressions, we define the
model variables as closely as possible to their data counterparts. Thus, forecast errors

are the difference between the actual and the expected change in loan performance
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over the next year, and the change in loan performance I;; is the negative of the an-
nual change in the loan default rate, so that I;; > 0 indicates an improvement in loan
performance (or a reduction in default rate), to be consistent with the sign in the data.

The last targeted moment in the delayed extrapolation model is the serial corre-
lation of loan rate growth, which is the change in the ex-post return on loans r in
the model. This is closely related to the loan price, which is largely affected by y, the
weight on p; in agents’ perceived disaster probability at ¢ 4 1. In Table 7, we report the
target moments in the data and each model. Overall, both the rational and behavioral

models produce similar statistics as the data moments.

4.2 Impulse Response Functions

4.21 An Increase in Disaster Probability

The main experiment is an increase in the disaster probability p;. We independently
simulate 3,000 economies, where each simulation is of 300 years for 1,000 banks. The
tirst 250 years are simulated unconditionally, so all exogenous processes evolve nor-
mally. Then for each economy, after 250 years, we introduce two positive disaster
probability shocks consecutively, which mimic the 2008-09 financial crisis. Figure 3
presents the impulse response functions of bank variables when the probability of dis-
aster increases from the long-run average of 2 percent per year to 8.1 percent in two
years. Then the probability of disaster mean-reverts to its long-run average according

to equation (6).

Slow Recovery in Lending and Bank Equity Figure 3 show that an increase in dis-
aster risk leads to a credit crunch. The key difference between the two models is that
the delayed extrapolation model generates a much slower recovery in lending than the
rational model. Relative to a rational expectations benchmark, extrapolative bias in-
duces sizable aggregate credit losses of 1.5%-1.8% five to seven years after the crisis. In
addition, the model also generates a slump in bank equity values (Sarin and Summers,
2016) and a larger increase in risk premia relative to the rational benchmark, consistent
with the evidence in Muir (2017) that risk premia increase substantially in financial
crises.

There is some persistence in banks” asset growth in the rational model, but, for
realistic parameter values, this is not sufficient to match the slow credit growth after
the crisis. Specifically, in the rational model, it only takes three years for the annual
loan growth rate to return to the pre-crisis level, and the impulse response of loan

growth does not exhibit any hump-shape. By contrast, in the delayed extrapolation

26



model, it takes seven years for the loan growth rate to recover, which resembles the
slow recovery in the data, as the annual growth rate only returned to the pre-crisis
level after 2014 (Figure A.3). To facilitate inspecting the mechanism, we plot the policy
functions in Figures A.4 and A.5 in the appendix.

In both models, two related forces lead to a reduction in lending upon impact of the
shock. First, lending is decreasing in the disaster probability, until it hits the capital re-
quirement constraint (Figure A .4, Panel A). This is because as at a higher p;, investment
in assets becomes less profitable (Figure A.5, Panel B). Second, given the balance sheet
constraint (18), lending is increasing in the current net worth of a bank n;; (Figure A .4,
Panels C and D). Recall that the current net worth includes banks’ beginning-of-period
equity and the current net profit. As a higher disaster probability reduces realized loan
returns, banks’ current profit and net worth take a hit. Since external financing (both
debt and equity) is costly for banks, banks deleverage in response to a reduction in net
worth.

The persistence in the rational model comes from two sources: asset growth is costly
and the net worth takes time to build. The additional persistence in the delayed model
arises due to two effects. The first effect is the expectation channel: banks” expected
continuation value is not only decreasing in p, but also in p;_; (Figure A.4, Panel B),
so even when the disaster probability starts to revert back to the long-run mean, banks’
lending decisions respond with a lag. The second effect is an interaction of expectations
with the bank balance sheet. As shown in Figure 3, realized loan returns increases
more slowly in the delayed extrapolation model, and thus banks’ current profit and net
worth also recover more slowly. This in turn exacerbates the slow recovery: lending
policies of banks with lower net worth increase more slowly as disaster probability
reverts to the steady state level. Intuitively, banks are more cautious about lending
risky loans when their net worth is low and the disaster probability was high in the
last period (Figure A.4, Panel C). As a result, we get a hump-shaped impulse response

function for the loan growth rate in the delayed extrapolation model.

Forecast Errors Figure 3 also shows the impact of higher disaster probabilities on
bank expectations. We plot the mean forecast error across banks and the net fraction
of banks that expect a worsening of loan performance, respectively, for each year. To
facilitate comparison, we construct these variables as closely as possible to the data
definition. Forecast errors are the difference between the actual and expected change
in loan performance, which is computed as the negative of the change in loan default
rates (compared to the previous year), so that a positive forecast error indicates that

the bank has been too pessimistic about its loan performance in the coming year, in
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line with the data definition. We compute forecast errors for each bank over time,
and average them across banks for each year. The net fraction of banks expecting a
worsening of loan performance is the fraction of banks that expect higher loan default
rates in the coming year minus the fraction that expect lower default rates.

The main takeaway here is that the delayed extrapolation model replicates two im-
portant features of forecast errors in the data (Figure A.2): first, forecast errors switch
signs during the crisis: they are initially negative (over-optimistic), but later turn posi-
tive (over-pessimistic); second, forecast errors remain positive long after the crisis. Both
features are present in the delayed extrapolation model, whereas in the rational model,
forecast errors fluctuate randomly.

Finally, the net fraction of banks expecting a worsening of loan performance in the
delayed extrapolation model also follows the data more closely than in the rational
model, especially in terms of timing. Immediately after the shocks, banks have not ad-
justed their expectations fully, so we see a short period with more banks (irrationally)
expecting improvement than worsening, as in the data (Figure 2). As the disaster prob-
ability begins to revert to the long-run mean, more banks expect further worsening
rather than improvement. Quantitatively, the model matches the fact that it took seven
years since the first shock for bank expectations to be “neutral,” or to have the same
number of banks expecting worsening and improvement. While the rational model
also generates an increase in the net fraction of banks expecting worsening, the timing

and duration of the increase do not match with the data.

Bank Heterogeneity To examine the cross-sectional implications, we split our simu-
lated sample into two groups, “large” and “small” banks, according to the size of their
loan portfolios (above or below the median) before disaster probability shocks hit. All
banks are subject to the same sequential shocks as in Figure 3. The main takeaway from
Figure A.7 is that disaster probability shocks have a deeper and longer-lasting impact
on larger banks’ lending decisions, especially in the delayed extrapolation model.

In both models, large banks” lending falls by more. This is because small banks are
closer to the capital requirement constraint than large banks in the steady state, so they
hit the capital requirement constraint quickly, as disaster probability increases. Despite
the steeper fall, the rate of recovery in lending (as well as bank net worth) is similar for
large and small banks in the rational model.

The key difference in the delayed extrapolation model is that the rate of recovery is
notably slower for large banks than for small banks. Recall that we calibrate the model
to match the evidence on forecast error dynamics in the cross-section, which shows

that large banks over-react more to past outcomes (Table A.1). In other words, large
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banks were more over-pessimistic than small banks during the recovery period, and
thus their loan growth was more affected. Nonetheless, both types of banks exhibit a

hump-shaped path for loan growth, which is missing in the rational model.

4.2.2 Disaster Realization

Figure 4 illustrates the response of the economy to a typical disaster that lasts for two
years (x; = 1 for t = 1,2), with the realizations of p; and w;; equal to the mean of their
distributions. This triggers a large reduction in consumption (5) and collateral values
for loans (9), resulting in a sharp fall in loan returns. Consequently, bank net worth,
lending, and continuation value fall in both models. Lending takes much longer to
recover in the delayed extrapolation model, which again, exhibits a hump-shaped re-
sponse in loan growth. Unlike the main experiment in Figure 3, disaster realization x;
is not a state variable. Instead, the net worth of banks n;; plays an important role in the
propagation of a disaster. As explained above, banks downsize their loan portfolios in
response to a reduction in net worth. The longer it takes to rebuild their net worth, the

slower the recovery in bank lending.

4.3 Model Fit

In this section, we highlight that the delayed extrapolation model outperforms the ra-
tional model in terms of matching both the aggregate and bank-level evidence on lend-

ing dynamics and expectations.

Business Cycle Statistics Table 8 reports business cycle moments from model simu-
lations for the key variables on both bank performance and expectations. As we seek
to explain the stylized facts documented in Section 2, our main variables of interest are
loan growth, changes in expected loan performance, changes in realized loan perfor-
mance, and the growth of loan rates. Since the focus of the model is to explain the slow
recovery, we examine the autocorrelations and cross-correlations of each variable with
GDP, which is proxied by consumption for the model moments.

Overall the delayed extrapolation model is significantly closer to the data than the
rational model. Loan growth and changes in expected loan performance (measured
by changes in expected loan default) both follow AR(2) in the data, but the rational
model does not generate enough persistence (despite the asset adjustment cost and the
slow-moving bank equity). Notably, the correlation of lending growth and lagged GDP
growth is positive in the data, implying that GDP growth leads bank lending growth

by two years. This explains the slower recovery of lending compared to GDP after the
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crisis (see Figure A.1.B), but cannot be captured by the rational model.

To examine the model predictions on asset prices, we look at changes in loan rates.
Similar to lending growth, loan rate growth is procyclical, and GDP growth leads loan
rate growth by two years in the data, which is only captured by the delayed extrap-
olation model. Moreover, loan rate growth exhibits persistence in the data, while the
rational model gives the counterfactual prediction of negative serial correlation.

Lastly, both models generate quantitatively similar time-series properties of real-
ized loan performance (measured by realized loan default), and these are qualitatively
similar to the data. The similarity between the two models for this variable is unsur-
prising, since loan default decisions depend on the true shock processes, which are

drawn according to the rational representation for both models.

Model-Implied Regressions Next, we assess the explanatory power of the model for
the bank-level belief and lending dynamics documented in Section 2. We repeat the
panel regressions in Tables 1 (Panel A) and 3 (Panel A) on simulated data from each
model. Table 9 reports the results. First, we regress forecast errors on current and
lagged change in loan performance (Panel A). Recall that the coefficients from data are
used as targeted moments for calibrating the delayed extrapolation model (columns 3-
4). Unsurprisingly, the rational model fails to generate predictable forecast errors from
current and past realizations (columns 5-6).%!

As untargeted moments, we also examine whether bank beliefs predict future lend-
ing growth (Panel B). The delayed extrapolation model produces the correct sign of the
estimates (columns 3-4): if a bank is pessimistic today, that would predict lower future
lending relative to the pre-shock level, which is consistent with the data. This is be-
cause bank expectations of future loan performance adjusts slowly — as shown by the
negative correlation between the expected change in future loan defaults and lagged
GDP growth (Table 8) — and this, in turn, affects their lending decisions. Moreover,
this direct effect from bank expectations is amplified by their impact on bank balance
sheets (as bank profits remain low when they are over-pessimistic), which further sup-
press the recovery in lending. By contrast, random forecast errors in the rational model

do not predict future bank lending (columns 5-6).

3'We conduct a counterfactual experiment in which we remove the bias on the idiosyncratic shock
process wij;, so agents make the rational forecast on w; ;1 according to (10). Notably, forecast errors are
no longer predictable in our fixed effects regression (Table A.9), as the time fixed effects have absorbed
the aggregate bias across banks. Thus, it is important to have biased beliefs about both aggregate and
idiosyncratic shocks for matching forecast dynamics at the micro level.
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4.4 Policy Implications

During the financial crisis and the subsequent recovery, many central banks around
the world turned to quantitative easing (QE) as a monetary policy tool. These policies
effectively subsidized the banking sector by providing banks with funding at favorable
terms. We use our structural model to examine the effectiveness of this government
intervention that reduces banks’ cost of debt below its current value (cg < cP) during
and after the credit crunch. More specifically, for the first 250 periods in our simulation,
we use the cP specified in Table 6; from t = 251, we lower c” (hence #") by 30 basis
points in each model.

Figure 5 shows that reducing banks’ cost of funding assists the recovery from a
credit crisis in both models with a lag, but the policy appears to be much less effective
when agents are biased. For instance, in the rational model (Panel B), lending returns to
the pre-crisis level after five years of QE, whereas the policy only starts to have notice-
able impact on lending after five years in the delayed extrapolation model (Panel A).
To help inspecting the mechanism, we plot the lending policy functions under different
values for c? in Appendix Figure A.6.

In the rational model, when the disaster probability p; is high, lending policies are
not responsive to a reduction in bank funding cost c? if banks’ current loan portfolios
are relatively small (Panel B, Figure A.6). However, as p; decreases, the impact of low-
ering cP becomes more significant for a wider cross section of banks, especially those
with larger portfolios. This explains why, in the rational model, the impulse response
functions in the baseline (no QE) are very close to those in the policy experiment dur-
ing and immediately after the crisis when banks have deleveraged, but as the disaster
probability gradually decreases and banks build up their portfolios and net worth, the
impulse response functions in the policy experiment diverge quickly from those in the
baseline (Panel B, Figure 5). Intuitively, at high p;, investment opportunities are less
tavorable, especially for banks with small existing portfolios, so banks prefer to return
capital to their equity holders.3?

In the delayed extrapolation model, bank lending is also a function of the past disas-
ter probability p;_1 as well as the current probability p;. When p;_; is high, the pattern
is similar to the high p; scenario: lending policies are not responsive to a reduction
in bank funding cost c” if banks’ current loan portfolios are relatively small (Panel A,

Figure A.6). The dependence on p;_; explains why it takes three years in the rational

32When returns on loans % are low, banks would need to further expand their loan portfolios to make

profit from lending. To have a large portfolio expansion, banks with small existing portfolios have to
pay more adjustment costs. Therefore, their lending is much less responsive to a reduction in the cost of
funding when p; is high.
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model, but five years in the delayed extrapolation model, for QE to have noticeable
impact on lending (Figure 5). Moreover, even after five years, the speed of recovery is
much slower in the delayed extrapolation model. With a sluggish recovery in lending,
banks also build up their net worth more slowly in the delayed extrapolation model,
which widens the differential impact of lowering cP in the two models after five years.

This is again the interaction effect of expectations with bank balance sheets.

5 Extensions

5.1 Other Types of Behavioral Bias

We use our model framework as a laboratory to conduct counterfactual experiments
with other types of behavioral bias, namely overextrapolation and diagnostic expecta-
tions. For overextrapolation, agents believe that p; and w;; follow an AR(1) each, as in
the true processes, but they perceive the persistence to be higher than in the true pro-
cesses, i.e. 0p > pp, and Py, > pw (e.g. Greenwood and Hanson, 2013; Angeletos et al.,
2020). Unlike our baseline model, here agents only extrapolate from the current out-
come but not from the recent growth. As a result, this model has the same exogenous
state vector as the rational model, sy = [p;, w;]. For diagnostic expectations, we explore
two slightly different formulations. The first one follows Bordalo et al. (2021), where
agents believe that p; and w;; follow an ARMA(1,1) each; in other words, the exogenous
state vector becomes s; = [pt,wt,€p 1, €w,t). The second formulation is a long-memory
form of diagnostic expectations that takes into account the history of all shocks. We
follow the discrete-time specification of Maxted (2023), which preserves the tractability
by summarizing the history of all past shocks into a single state Z;, so the exogenous
state vector is s; = [pr, wi, Lpt, Lo t)-

We plot the impulse response function for lending in each alternative model in Fig-
ure A.9.% Both OE-AR(1) and DE-ARMA(1,1) generate a steeper decline in lending but
a faster recovery than our baseline model. The long-memory diagnostic model gener-
ates a steeper decline and a relatively slower reversal. Otherwise, as shown in Table
10, some of the other models we consider can account for over-reaction but generally
predict less delayed over-reaction than in our data, and some can account for under-
reaction but do not simultaneously generate under-reaction at shorter horizons and

over-reaction at longer horizons as in our data. That said, combining either OE-AR(1)

3In the overextrapolation model, we calibrate pp =0.9 and p,, = 0.95, similar to the degree of overex-
trapolation in Angeletos et al. (2020). In the ARMA(1,1) model, we take the estimate for the diagnostic
parameter from Bordalo et al. (2021) and set it to 0.99. In the long-memory model, we set the rate of
information decay to be 0.9.
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or diagnostic expectations with information frictions in a richer model may potentially
generate also the initial underreaction, at least in the aggregate (Angeletos et al., 2020;
Bordalo et al., 2020).

5.2 General Equilibrium

We now extend the model to general equilibrium by endogenizing the deposit rate 7,
in order to examine the question: do movements in the deposit rate dampen the impact
of bias? As in our baseline model, we continue to assume that the household has re-
cursive preferences (Epstein and Zin, 1989). Now the household chooses consumption
Ct and savings Dfl subject to: C; + D? =(1+ rt[i 1)D?—1 + I'l;, where I'l; denotes aggre-
gate payouts from banks. Banks are owned by households and maximize shareholder
value by generating cash flows that are discounted using the SDF of households. We
introduce a production sector, but for simplicity, we assume that this sector faces no
frictions. The firm produces output Y; using capital K; with a decreasing returns to
scale technology: Y; = z;K}. For tractability, we assume the following process for the
technology shock: z; = exp(0z€;,+ + ¢&x¢), such that it is negatively impacted by a dis-
aster x; = 1. Capital accumulation follows: K;;1 = [(1 — 6)K; + It] exp(¢pExs41), where
¢ is the firm’s sensitivity to crises. Firms’ investment at ¢ comes from the sum of new
loans: I; = f Liydut, subject to a convex adjustment cost AL, Ky) = s ([%)2Kt' We now

have the following market clearing conditions:
CG+L=Y;
for goods market clearing, and

/(Lz‘t — Ej)dp; = D?

for deposit-market clearing, where the left-hand side denotes total deposits in the bank-
ing sector.>* This pins down the equilibrium deposit-rate rP. p = pu(ws, wi_1, L1, N
denotes the cross sectional distribution of micro states (w;, w;—1), lending L;_1 and
net worth N;. Following the Krusell and Smith (1998) algorithm, we approximate the
cross-sectional distribution y by a low-dimensional state vector, including the mean
bank net worth Ny = [ Njdp;, and the current and lagged aggregate states (py, pr—1),
which summarize the relevant information in p.

To facilitate comparison, we parameterize the model using the baseline calibration

34See Appendix A.4 for a definition of general equilibrium.
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(Table 6).% After the disaster probability shocks, households desire to save more, lead-
ing to a fall in the deposit rate rP, which in turn lowers banks’ funding cost. As a result,
bank lending falls by less compared to the baseline model (Figure A.10). Nonetheless,
comparing to the rational model, we see that the impact of bias remains significant.
Furthermore, the model-implied regressions in Table A.8 suggest that forecast error
dynamics at the bank-level are similar to those in the baseline model and in line with

the data, and that their predictability for future lending remains significant.

6 Conclusion

This paper uses a unique survey data on banks’ forecasts to explore the transmission
of forecasting bias to bank lending, and offers one potential explanation for the slow
recovery in bank credit after the 2008-09 financial crisis. We make two contributions.
First, we document delayed extrapolation in forecast errors, suggesting that banks pro-
cess information inefficiently. Moreover, we find that over-pessimistic banks are more
likely to subsequently cut their lending in the recovery period. Second, we build a
quantitative model that jointly explains: (a) the dynamics of beliefs, (b) the dynamics
of loan growth, and (c) the link between beliefs and lending in the post-crisis period.
Finally, we show that biased beliefs dampen the effectiveness of stimulative policies.
Our analysis opens up several potentially fruitful venues for future research. First,
can bank expectations help to explain any other important stylized features of credit cy-
cles, such as, the fact that lending decisions tend to be correlated across banks? While
we have focused primarily on credit aggregates, exploring more in depth the microe-
conomics of credit cycles warrants additional research, Second, did bank pessimism
over the recovery period affect all borrowers equally or rather did it have an asym-
metric impact on borrowers? For example, did riskier growth firms bear the brunt of
the expectations-driven crunch? Analyzing the distributional impacts would help to
further clarify the transmission of bank expectations to the real economy. Finally, what
are the implications of expectations for bank regulation overall and over the business
cycle? While we have taken a first step toward examining the policy implications,
clearly more can be done to examine the consequences of our stylized facts on bank

expectations for optimal capital and macro-prudential regulation of banks.

35For the additional parameters, we set ¢ to 0.2, « to 0.6, 5 to 0.1, and 7 rto 5.
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Figure 1: Total Bank Loans in the U.S.

This figure plots total loans and leases in bank credit by all commercial banks in the U.S. in real
terms from 2000 to 2020. The dashed line is a linear trend that fits the data from 2000 to 2008.
Source: Assets and Liabilities of Commercial Banks in the U.S. (H.8), Federal Reserve Board.
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Figure 2: Bank Expectations versus Actual Loan Performance

This figure compares the net fraction of banks that expected (at year ¢t — 1) a worsening of loan
performance for year t (solid line) with the net fraction of banks that experienced an actual
worsening of loan performance in ¢ (dashed line). The net fraction is computed as the number
of banks that expected (or experienced) a worsening of loan performance minus the number of
banks that expected (or experienced) an improvement, divided by the total number of banks.
The shaded area indicates the NBER recession dates. Sources: Senior Loan Officer Opinion
Survey on Bank Lending Practices (for bank expectations); Call Reports (for actual loan perfor-
mance).
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Figure 3: Impulse Response Functions to An Increase in Disaster Probability

The impulse response functions are averages of 3,000 simulations, where each simulation is of
300 years for 1,000 banks. For each simulation, we impose two consecutive disaster probability
shocks in years 1 and 2, allowing normal evolution of the economy afterwards.
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Figure 4: Disaster in the Model

The impulse response functions are averages of 3,000 simulations, where each simulation is of
300 years for 1,000 banks. For each simulation, we impose two disaster realizations (x; = 1) in
years 1 and 2, allowing normal evolution of the economy afterwards.
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Figure 5: Impact of Reducing Banks’ Cost of Funding

The impulse response functions are averages of 3,000 simulations, where each simulation is of
300 years for 1,000 banks. For each simulation, we impose two consecutive disaster probability
shocks in years 1 and 2, allowing normal evolution of the shock process afterwards. For the
policy experiment, we lower the cost of funding for banks cP (hence 77) by 30 basis points from

year 1 in each simulation.
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Table 1: Delayed Extrapolation

This table summarizes results of time-series regressions of bank expectation errors:
K
FE; ;i1 = o + Y Brelie—k + v Zit + T + iy
k=0

We measure bank expectation errors, FE;; |, as the difference between the actual and the ex-
pected change in loan performance over the next year, FE;; 1; = l;+11 — Eit[l;141], and regress
it on the actual change in loan performance at different lags, I;; , for k =0,1,...,K. I;; > 0 indi-
cates an improvement in loan performance. We include bank size measured as the logarithm
of total assets as control, Z;;. Information on bank expectations is from the Senior Loan Officer
Opinion Survey (SLOOS). In Panel A, we report results for the baseline specification. In Panel
B, we report results of specification checks, which include: dropping the bank size control (Row
A), dropping time fixed effects (Row B), dropping bank fixed effects (Row C), dropping time
and bank fixed effects (Row D), running a univariate regression with just 1-year lag (Row E),
running a univariate regression with just 2-year lag (Row F), adding 3-year lag (Row G), trim-
ming the extreme tails of the expected change in loan performance (survey responses equal to 1
or 5, Row H), and using bank forecasts instead of forecast errors as dependent variable (Row I).
t-statistics are based on standard errors clustered at the bank level, with ***, **, and * denoting
significance at the 1%, 5%, and 10% level, respectively.

Panel A: Baseline Estimates

k=0 k=1
1) 2)
Bk 0.123** -0.194***
[t] [2.32] [-4.13]
Time FE Yes
Bank FE Yes
N 3,232
R? 0.65
within R? 0.03
Panel B: Sensitivity Checks
[A] Drop size control 0.147** -0.171
[within R? =0.02] [2.56] [-3.60]
[B] Drop time FEs 0.616"** -0.387***
[within R? =0.10] [7.69] [-8.76]
[C] Drop banks FEs 0.193*** -0.127**
[within R? =0.02] [3.45] [-2.58]
[D] Drop time & bank FEs 0.654*** -0.361***
[within R? =0.10] [8.53] [-7.67]
[E] 1-year lag only 0.102*
[within R? =0.00] [1.98]
[F] 2-year lag only -0.160***
[within R? =0.01] [-3.33]
[G] Trim extreme tails 0.120** -0.184***
[within R? =0.03] [2.22] [-3.88]
[H] Forecasts as dep var -0.2527%** 0.189***
[within R? =0.10] [-6.26] [5.64]
[I] Add 3-year lag 0.102* -0.165**
[within R? =0.04] [1.97] [-3.49]
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Table 2: Delayed Extrapolation: Cross-Sectional Heterogeneity by CEO Characteristics

This table summarizes results of cross-sectional heterogeneity tests on the baseline time-series
regressions of Table 1. The tests repeat the main analysis for the following sub-sample splits
based on bank CEO characteristics: young vs. old CEOs (bottom and top terciles of CEO age,
Row A), CEOs with short vs. long tenure (bottom vs. top tercile, Row B), CEOs who were
young vs. old in 2007 (above vs. below median age, Row C), overconfident CEOs based on
the proxy by Malmendier and Tate (2005) (Row D), CEOs with a “golden parachute” defined
as compensation in the event of forced termination or change in control (Row E). Information
on bank expectations is from the Senior Loan Officer Opinion Survey (SLOOS). We retrieve
information on CEO characteristics from ExecuComp, which is available for most of our banks
(N=2,523). t-statistics are based on standard errors clustered at the bank level, with ***, ** and
* denoting significance at the 1%, 5%, and 10% level, respectively.

Panel A: Bank-Level Estimates of Forecast Errors

Yes No
k=0 k=1 within k=0 k= within
R? R?

(1) () (3) (4) () (6)

[A] CEO is young 0.230*  -0.358*** (.06 0.077 -0.152 0.01
[1.85] [-3.08] [0.75] [-1.29]

[B] CEO has short tenure 0.175**  -0.328*** (0.13 0.016 -0.167**  0.10
[2.51] [-3.15] [0.17] [-2.23]

[C] CEO was young in the GFC  0.053 -0.300***  0.04 0.145**  -0.201*** 0.04
[0.59] [-3.04] [2.51] [-3.42]

[D] CEO is overconfident 0.032 -0.110 0.01 0.142**  -0.261*** 0.04
[0.36] [-1.15] [2.13] [-3.26]

[E] CEO has golden parachute  0.223**  -0.129 0.02 0.046 -0.352***  0.08
[2.56] [-1.66] [0.50] [-3.19]
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Table 3: Bank Expectations and Lending Dynamics

This table summarizes results of bank-level regressions of bank loans on bank expectations of
loan performance:

ALoans;;x = o + 0kFE; ;1) + v Zit—1 + T + Ui

where k is the predictive horizon of 1-, 2-, 3-, or 4-years ahead, ALoans;;, is the change in
bank loans measured as the logarithmic change of total bank loans relative to pre-crisis, and
FEi 11 = Lips1 — Eit[I; 1+1] is the bank expectation error measured as the difference between
the actual and the expected change in loan performance over the next year. Time 7; and bank «;
fixed effects are included in all specification. We do not include additional controls in the base-
line but consider more saturated specifications with additional controls in robustness analysis
(Panel D). We consider two sample periods: full sample (Columns 1-4) and the recovery period
after the Great Recession (2010-, Columns 5-8). Information on bank expectations is from the
Senior Loan Officer Opinion Survey (SLOOS). In Panel A, we report ordinary least square (OLS)
estimates. In Panel B, we report OLS estimates for an alternative specification that replaces the
(potentially endogenous) bank expectation errors with a Bartik instrument, Sit_lﬁitﬂ‘t, which

is defined as the product of a shift variable, FE;, +1|t equal to the “consensus” forecast error for

. . . T FE;
other banks measured as the mean of their forecast error in each period (FE;;y1; = L n/fll“ ),

times a share variable, S;;_1, equal to the lagged ratio of total loans to total assets. In Panel C,
we report results of a 2SLS-IV specification that instruments for bank expectation errors using
the Bartik instrument. See Appendix Table A.2 for details of the first-stage. In Panel D, we add
to the 2SLS-IV specification the control set, Z;;_1, which includes controls for the interaction
of the share variable with other shocks that includes GDP growth, the change in the Federal
Funds Rate and the VIX, as well as average changes in other bank characteristics (profitability
as measured by the ratio of total income to assets, loan performance, bank capital and liquidity
as measured by tier 1 capital and cash ratios, respectively). In Panel E, we report results for the
2SLS-1V specification and the shift variable defined as the mean of idiosyncratic forecast errors
of other banks. The idiosyncratic forecast errors are the estimated residuals from a regression
of forecast errors for each type of loan (C&I, CRE, RRE, and Consumer) on the consensus fore-
cast error, which is defined above. The shift variable is then constructed using for each bank
the idiosyncratic forecast error in the primary loan type, which is assigned based on the largest
share of loan type (C&I, CRE, RRE, and Consumer) relative to total assets. The share variable
is constructed as the lagged ratio of the primary loan type to total assets. To ease interpretation
and comparison across specifications, the main explanatory variables are expressed in standard
deviation units. t-statistics are based on standard errors clustered at the bank level, with ***, **,
and * denoting significance at the 1%, 5%, and 10% level, respectively.

Full Sample (2005-2020) Recovery Period (2010-2020)

1 year 2 year 3 year 4 year 1 year 2 year 3 year 4 year

ey 2) (©) (4) ©) (6) @) ®)
Panel A: OLS
Ok -0.032***  -0.032***  -0.030**  -0.026" -0.029**  -0.036*** -0.034**  -0.035*
[t] [-2.83] [-2.91] [-2.64] [-1.98] [-2.34] [-2.66] [-2.17] [-1.78]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 3,222 2,856 2,549 2,274 2,486 2,174 1,899 1,641
within R? 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

(To be continued)
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Full Sample (2005-2020)

Recovery Period (2010-2020)

1 year 2 year 3 year 4 year 1 year 2 year 3 year 4 year

1) ) 3) 4) ) (6) 7) )
Panel B: Bartik
O -0.041* -0.044**  -0.041**  -0.023 -0.082**  -0.086**  -0.075* -0.045
[t] [-1.95] [-2.13] [-2.17] [-1.10] [-2.58] [-2.39] [-1.98] [-1.10]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 3,173 2,825 2,523 2,252 2,460 2,156 1,885 1,630
within R? 0.01 0.02 0.01 0.00 0.04 0.04 0.03 0.01
Panel C: 2SLS-1V
O -0.157* -0.164**  -0.164** -0.097 -0.315**  -0.317**  -0.293* -0.184
[t] [-1.90] [-2.01] [-2.05] [-1.09] [-2.33] [-2.13] [-1.80] [-1.07]
1st stage F-stat 225.74 190.57 135.19 111.95 131.32 107.64 78.25 62.73
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 3,173 2,825 2,523 2,252 2,460 2,156 1,885 1,630
Panel D: 2SLS-IV with controls for other shocks
O -0.149*  -0.163**  -0.196** -0.213*** -0.271**  -0.288**  -0.304** -0.313**
[t] [-2.16] [-2.30] [-2.49] [-2.43] [-2.42] [-2.46] [-2.29] [-2.43]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 3,087 2,758 2,464 2,194 2,417 2,126 1,857 1,600
Panel E: 2SLS-IV with Bartik from idiosyncratic forecast errors
O -0.178**  -0.168**  -0.144** -0.078 -0.327**  -0.309**  -0.265* -0.163
[t] [-2.35] [-2.26] [-2.12] [-1.14] [-2.56] [-2.32] [-1.92] [-1.13]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 3,173 2,825 2,523 2,252 2,460 2,156 1,885 1,630
Economic Significance (within time, bank)

Mean LHS -0.082 -0.081
Sdev LHS 0.342 0.351
IQR LHS 0.397 0.421
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Table 4: Heterogeneity Analysis by Loan Type

This table repeats the OLS analysis of Table 3 (Panel A) separately for each loan type regressed
on its respective forecast error, in turn. Information on bank expectations is from the Senior
Loan Officer Opinion Survey (SLOOS). To ease interpretation and comparison across specifica-
tions, the main explanatory variables are expressed in standard deviation units. t-statistics are
based on standard errors clustered at the bank level, with ***, **, and * denoting significance at
the 1%, 5%, and 10% level, respectively.

Panel A: C&I and RRE Loan Dynamics

Commercial & Industrial Loans Residential Real Estate Loans
1 year 2 year 3 year 4 year 1 year 2 year 3 year 4 year
(1) ) 3) 4) 5) (6) ) 8)
O -0.043***  -0.032*** -0.010 -0.011 -0.059***  -0.052**  -0.054** -0.048**
[t] [-3.32] [-2.44] [-0.77] [-0.69] [-2.99] [-2.36] [-2.39] [-2.51]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 2,849 2,814 2,509 2,233 2,580 2,551 2,270 2,020
within R? 0.01 0.01 0.00 0.00 0.02 0.01 0.01 0.01
Panel B: CRE and Consumer Loan Dynamics
Commercial Real Estate Loans Consumer Loans
1 year 2 year 3 year 4 year 1 year 2 year 3 year 4 year
1) ) 3) 4) 5) (6) 7) 8)
O -0.025**  -0.029**  -0.031** -0.025** -0.030 -0.001 -0.014 -0.021
[t] [-2.02] [-2.37] [-2.24] [-2.26] [-1.66] [-0.57] [-0.73] [-0.97]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 2,837 2,808 2,506 2,235 2,625 2,596 2,309 2,051
within R? 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table 5: Bank Expectations and Borrower Outcomes

This table summarizes results of bank-firm level regressions of borrower outcomes on bank
expectations of loan performance:

AYijerk = i + &) + OkFE; pq)p + Y Zijr—1 + T 4 iy

where k is the predictive horizon of 1-, 2-, 3-, or 4-years ahead, AYijt+k is the change in borrower
outcomes measured as the logarithmic change in outcomes relative to prior year, and FE;;
is the bank C&I loan expectation error measured as the difference between the actual and the
expected change in C&I loan performance over the next year. The control set includes firm size
as measured by the logarithm of total assets. We report results for the full sample period and
a 2SLS-1V specification that instruments for bank expectation errors using a Bartik instrument,
Sit_lﬁitJrl‘t, which is defined as the product of a shift variable, ﬁitﬂ‘t, equal to the ”“con-
sensus” forecastp%rror for other banks measured as the mean of their C&I loans forecast error
(FE; 1t = Lk nkfl”t), times a share variable, S;;_1, equal to the lagged ratio of C&lI loans to
total assets. We report results for the following borrower outcomes, in turn: debt financing as
measured by total debt and investment as measured by capital expenditures (Panel A), human
capital investment as measured by the sum of research and development (R&D) expenditures
and selling, general, and administrative (SGA) expenditures and employment as measured by
the number of employees (Panel B), sales as measured by total sales and total assets (Panel C),
and profits as measured by earnings before interest and taxes (EBITDA) and exit as measured
by an indicator for whether the firm ceases to be active (Panel D). To ease interpretation and
comparison across specifications, the main explanatory variables are expressed in standard de-
viation units. Information on bank expectations is from the Senior Loan Officer Opinion Survey
(SLOQS). Information on lender-borrower links is from SNC and on borrower balance sheets is
from Compustat. t-statistics are based on standard errors clustered at the borrower level, with
e ** and * denoting significance at the 1%, 5%, and 10% level, respectively.

1 year 2 year 3 year 4 year 1 year 2 year 3year  4year

1) (2) 3) 4) 5) (6) ) 8)
Panel A: Borrower Debt Financing and Investment

ADebtjt ACapexjs i
O -0.050* -0.071**  -0.037 0.015 -0.081***  -0.074*** 0.006 0.018
[t] [-1.66] [-2.37] [-1.24] [0.50] [-2.64] [-2.69] [0.24] [0.72]
Time, Bank, Firm FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 15,528 15,204 14,109 13,258 14,704 14,346 13,186 12,326
Panel B: Borrower Human Capital Investment and Employment
A(R&R + SG&A)ji 4k AEmploymentj,
O -0.020* -0.020* -0.010 -0.004 -0.027***  -0.025***  -0.010 -0.001
[t] [-1.82] [-1.86] [-0.90] [-0.36] [-2.75] [-2.70] [-1.07] [-0.10]
Time, Bank, Firm FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 7,472 7,390 6,913 6,541 15,463 15,128 14,020 13,158
Panel C: Borrower Sales and Total Assets
ASalesi 1 ATotal Assetsjs i
Ox -0.035"**  -0.036*** -0.024** -0.012 -0.036***  -0.043*** -0.021*  0.007
[t] [-2.72] [-3.15] [-2.07] [-1.01] [-2.96] [-3.47] [-1.77] [0.64]
Time, Bank, Firm FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 15,695 15,299 14,072 13,157 16,206 15,836 14,611 13,693
Panel D: Borrower Profits and Exit
AEBITDAjt ¢ Exitjs

Ok -0.018 -0.044**  -0.025 -0.002 0.078***  0.095***  0.097*** 0.103***
[t] [-0.74] [-2.03] [-1.17] [-0.13] [7.22] [7.65] [8.13] [8.13]
Time, Bank, Firm FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 14,413 14,008 12,841 12,018 17,235 15,851 14,773 13,882
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Table 6: Parameterization

Panel A: Assigned Parameters

Parameter Description Value
B Rate of time preference 0.987
P Elasticity of intertemporal substitution 2

0% Relative risk aversion 3

p Average probability of crisis 0.02
0p Volatility of crisis probability 0.42
Pp Persistence in crisis probability 0.80
0w Volatility of bank-specific shock 0.02
Puw Persistence in bank-specific shock 0.90

¢ Impact of crisis on endowment log(1 —0.3)
Uc Mean growth in consumption (normal times) 0.01
o Volatility of aggregate shock (normal times) 0.015
Z Loss given default on loans 0.40

K Loan-to-value ratio 0.66
rP Return on deposits 0.0043
A Capital requirement 12.5
nt Equity issuance cost 0.05

Panel B: Parameters from Moment Matching

Parameter Description Delayed Rational
extrapolation

0 Volatility of loan-specific shock 0.13 0.12

nt Asset adjustment cost 0.59 0.62

ct Non-interest income 0.005 0.006

cP Other cost of funding 0.0069 0.0073

P1p Overextrapolation of crisis probability 0.294 -

p2p Overextrapolation of crisis probability 0.645 —

D1 Overextrapolation of bank-specific shock 0.307 -

020 Overextrapolation of bank-specific shock 0.618 —

X Weight of p; in subjective disaster prob. 0.315 —
Note: “—" indicates that the parameter is absent in the model.
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Table 7: Moment Matching Exercise

Description Data Delayed Rational
extrapolation

Leverage (mean) 8.50 8.52 8.69
Leverage (std) 295 3.10 2.50
Profit-to-equity (mean) 0.169 0.137 0.149
Bank default rate (mean) 0.041 0.062 0.053
Delayed extrapolation full sample (Table 1)

Coefficient on current realization [;; 0.123 0.129 —

Coefficient on lagged realization I;;_1 -0.194 -0.205 —
Delayed extrapolation excluding bottom quartile banks (Table A.1)

Coefficient on current realization [;; 0.115 0.114 —

Coefficient on lagged realization I; ;1 -0.230 -0.236 —
Serial correlation of loan rate growth 0.179 0.195 -
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Table 8: Business Cycle Statistics

Description Data Delayed Rational
extrapolation

Annual loan growth (Aly)
Corr(Al;, AGDPy) 0.134 0.235 0.133
Corr(Al;, AGDP;_) 0.239 0.164 -0.012
Corr(Aly, AGDP;_») 0.218 0.058 -0.126
Corr(Aly, Al;—1) 0.207 0.597 0.128
Corr(Aly, Al;—3) 0.118 0.128 -0.017

Annual change in expected loan performance (AE;[LoanDefault;1])

Corr (AE;[LoanDefault; 1], AGDP) -0.354 -0.226 -0.165
Corr(AE;[LoanDefault;, 1], AGDP;_1) -0.023 -0.075 0.169
Corr(AE¢[LoanDefault; 1], AGDP;_5) 0.295 0.237 0.123
Corr (AE;[LoanDefault; 1], AE;_1 [LoanDefault;]) 0.465 0.254 -0.176
Corr (AE;[LoanDefault; 1], AE;_»[LoanDefault; q])  0.153 0.063 -0.092

Annual change in realized loan performance (ALoanDefault;, 1)

Corr(ALoanDefault; 1, AGDP;) -0.110 -0.022 -0.021
Corr(ALoanDefault;, 1, AGDP;_1) -0.064 -0.026 -0.026
Corr(ALoanDefault;, 1, AGDP;_,) 0.023 0.010 0.010
Corr (ALoanDefaulttH, ALoanDefaultt) -0.195 -0.499 -0.498
Corr (ALoanDefaulttH ,ALoanDefault;_4 ) -0.083 -0.003 -0.003

Annual loan rate growth (ArF)

Corr(Ark, AGDP;) 0.194 0.375 0.393
Corr(Ark, AGDP;_1) 0.154 0.110 -0.191
Corr(Arf, AGDP;_5) 0.148 0.009 -0.026
Corr(Ark, Ark ) 0.179 0.195 -0.174
Corr(Arf, Atk ,) -0.103 -0.171 -0.049

Note: The empirical sample is 2005-2020 at annual frequency. The model moments are computed from an
unconditional simulation of 2,000 periods for 1,000 banks. We use consumption to proxy for GDP for the
model moments.
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Table 9: Model-Implied Regressions

We repeat the regressions in Tables 1 (Panel A) and 3 (Panel A), respectively, on simulated
data for 2,000 periods and 1,000 banks. Forecast errors FE;, |, are the difference between the
actual and the expected change in loan performance over the next year. The change in loan
performance I;; is the negative of the annual change in the loan default rate, so that I;; > 0
indicates an improvement in loan performance (or a reduction in default rate), and FE;; 1, >
0 indicates that bank i has been too pessimistic in year ¢t about the performance of its loan
portfolio in t + 1, as in the data. ALoans;;;1 is the change in lending compared to the steady
state. t-statistics are based on standard errors clustered at the bank level, with ***, ** and *
denoting significance at the 1%, 5%, and 10% level, respectively.

Panel A: Forecast Error Dynamics
FE; 1) = i + Prlie + Polip—1 + vZir + T + Uit

Data Delayed extrapolation Rational
Lt it I; Lit 1 Lt Lit 1
1) ) 3) 4) 5) (6)
B 0.123** -0.194*** 0.129** -0.205** -0.026 0.009
[t] [2.32] [-4.13] [2.08] [-2.16] [-0.57] [0.19]
Time FE Yes Yes Yes
Bank FE Yes Yes Yes

(b) Bank Expectations and Lending Dynamics
ALoans;k = a; + OFE; ;) + T + i

Data Delayed extrapolation Rational
Loans; ;1 Loans;4» Loans; ;41 Loans; 1o Loans;y11  Loans;; o
1 2) (©) 4 ®) (6)
0 -0.032*** -0.032*** -0.043*** -0.068*** -0.008 0.005
[t] [-2.83] [-2.91] [-6.15] [-8.78] [-0.42] [0.23]
Time FE Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes
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Table 10: Model-Implied Regressions:
A Comparison Different Types of Behavioral Bias

We repeat the regression in Table 1, respectively, on simulated data for 2,000 periods and 1,000
banks. Forecast errors FE;; |, are the difference between the actual and the expected change
in loan performance over the next year. The change in loan performance I;; is the negative of
the annual change in the loan default rate, so that I;; > 0 indicates an improvement in loan
performance (or a reduction in default rate), as in the data. t-statistics are based on standard
errors clustered at the bank level, with ***, **, and * denoting significance at the 1%, 5%, and
10% level, respectively.

Forecast Error Dynamics
FEijiqp =i+ Prlie + Bolip—1 + vZir + T + it

Delayed Diagnostic Diagnostic OE
Data Extrapolation ARMA(1,1) Long Memory AR(1)
Lt 0.123** 0.129** -0.325*** -0.297*** -0.126***
[t] [2.32] [2.08] [-3.72] [-3.53] [-2.81]
Lit—q -0.194*** -0.205** 0.238** -0.122** 0.008
[t] [-4.13] [-2.16] [2.12] [-2.24] [0.20]
Time FE Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes
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Internet Appendix
Expectations and Credit Slumps

A Model Appendix

A.1 Loan Portfolio Payoffs

Assuming that each bank i holds an equal-weighted portfolio of an arbitrarily large num-

ber of loans, then the payoff of the loan portfolio can be expressed as:

L
7T (ec,t+l/xt+1/wi,t+1)

=xProb (Wij,t+1 >K
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where @(-) denotes the standard normal cdf.

A.2 Normalization

We scale the market value of a bank by deposits, and conjecture that it is a function of
lit—1, 1y, and sy
VE(Lit-1,Dit—1,Nit,sir)

D

oS (i 1,13, 8i¢) =
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wherel;;_1 = Dli,tt—ll and n;; = g—;i. We further define div;; = D’Z” =
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which uses the evolution of equity (17), the balance sheet constraint (18), and ¢(I;;—1,1j) =
Djp
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Recursively define the bank’s problem as

Uc(li,t—lznitzsit) = max {nit +1 =1y — ¢(lip—1,lir) + A(divy)
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subject to the evolution of 7 1:

the capital requirement constraint:

<A (A4)
and the equity issuance cost:
Aldivi) = Laio, <o divi, (A5)

thus verifying the conjecture.

A.3 Computation

Before solving the model, we discretize the state space

(i -1, i, P, Wit) for rational beliefs
(Lig—1,min,8i) = .
(li =1, Mit, P, Pr—1, Wi, wip—1)  for AR(2) beliefs



into n; X n, X ny X ny grid points for rational beliefs, and n; X 1, X 1y X 1y X 1y X 1y
grid points for AR(2) beliefs, respectively. We discretize the rational and perceived tran-
sitions of the exogenous states p; and w;; following a straightforward generalization of
Tauchen (1986). We solve the fixed-point problem (8) to find the equilibrium wealth-
consumption ratio S;. Then the stochastic discount factor follows from (7), and the price
of the loan portfolio PL(s;) and rL(eq;11,x;41, wiyi1,8¢) are derived from (12) and (11),
respectively. The bank takes these prices as given, and decides on its loan portfolio to
maximize the sum of dividends and continuation value, subject to the regulation con-
straint. We solve the problem by iterating on the Bellman equation (A.2).

We obtain model-implied moments (Tables 7 and 8) by simulating 1,000 banks for
2,000 periods, discarding the first 200 years. Each bank starts with some specific initial
values for [;;_1 and n;;. We simulate the series for the exogenous state variables w;;, pt,
wii—1, and p;_1, the endogenous state variables 4;;_1 and n;, and shocks e, that de-
termine the ex-post returns on loan portfolios. Using these series, we calculate the value
of the bank as well as their forecast errors. If a bank defaults (when its continuation
value V¢ falls below zero), an identical bank is created with the same state variables (for
tractability). Hence we maintain a stationary distribution of banks. Importantly, in our
simulations, all shocks are determined according to the true processes (i.e. the rational
expectations representation), even though the asset prices and bank polices may involve

distorted expectations.

A.4 General Equilibrium Model

In Section 5.2, we introduce an extended model that endogenizes the deposit rate. Here,

we elaborate on the household, firm and bank problems, and define the equilibrium.

Households The economy has a representative household that derives utility from con-
suming C;. She maximizes the discounted value of future utility flows, defined through

the Epstein and Zin (1989) recursive function:

1

Uy = [(1 - pu(e)' = + pEF U]

with time preference B € (0,1), relative risk aversion -, and elasticity of intertemporal
substitution ¢, and 6 = 11—7T/7¢ The household states includes the distribution y across

banks, current and lagged aggregate shocks p; and p;_1 and last period’s deposit D} .



The household budgget constraint is given by:
Ct+ Dy = (L +r{ 1) D}y +11;
where I1; denotes aggregate payouts from banks.

Firms A representative firm produces output Y; using capital K; with a decreasing re-
turns to scale technology « < 1:
Y = zK§,

where the technology shock follows:
zt = exp(0zez + PCxyt),

where ¢ is the firm’s sensitivity to crises. Capital accumulation follows:

Kir1 = [(1 = 0)K; + L] exp(pCxtt1).

Investment at t comes from the sum of new loans made by banks:

Iy = /Litdﬂt-

Finally, the firm faces a convex adjustment cost to capital:

A1, Ky) = 115 (%)21(15-

Optimal investment decisions can then by constructed by computing the total value of

the firm V/, which satisfies the recursive problem: v/ (K, pe, pt, pr—1) =

max exp (o€t + p&x;) — I — A(I;, Ky) + EX [Mt,t+1Vf(Kt+1/P‘t+1rPt+1IPt)}
AN

subject to the capital accumulation and adjustment cost functions.

Banks Banks’ problem remain more or less the same as in (23) and (24), with two dif-
terences: (i) deposit growth is no longer exogenous; and (ii) the state vector for each bank
now includes the current cross-sectional distribution y, so it is now given by (L;;_1,Dj;_1,
Nit,sit, 4t). As in the baseline model, we assume that all agents (banks, household, firm)
have biased beliefs about the persistent shock processes (13) and (14), and that their per-
ceived disaster probability follows (15).



Equilibrium Definition An equilibrium in this economy with behavioral bias is a col-

lection including:

* adeposit rate P (s, pr, pr_1)
* aloan pricing function PL( Ut, Pt, pt_l,wit,wi,t_l)

¢ household value Vh(yt,pt, Pi—1, Dil_l) and policy functions C(ut, pt, pr—1, D{f_l) and
Dh(ﬂt,Pt,Pt—LD?_ﬂ

e firm value Vf(yt,pt,pt,l,Kt) and policy function I(ys, pt, pr—1,K¢)

¢ bank value Vc(yf, Pt, Pt—1,Wit, Wi t—1,Lit—1, Dir—1, Njt) and policy functions L(pt, pt, pr—1,
wit/wi,t—ll Lit—llDit—llNit)/ D(]/lt, Pt, ptfllwitlwi,t—ll Lit—ll Dit—llNit)/ and Div(;’ltl Pt, Pt—1,
wit/wi,t—llLit-l/Dit—llNit)

* a transition mapping
pee1 =T (pe, pr,pr-1)

for the distribution y(wjt, wijt—1,Njt, Li t—1,Dj¢—1) across periods;
such that:
* household maximizes her utility under biased beliefs (13)-(15)
e firm maximizes its value under biased beliefs (13)-(15)
¢ each bank maximizes its value under biased beliefs (13)-(15)
* goods market clear: C; + I; = Y}
o deposit market clear: [(Lj — Ej;)du; = D}

¢ the transition mapping I' accurately reflects transitions of states given bank policies
and biased beliefs.



Table A.1: Additional Heterogeneity

This table repeats the analysis of Table 1 by sub-sample based on bank size. In Panel A, we report
the estimates for repeating the analysis of forecast error dynamics of Table 1 separately for two
sub-samples of banks that exclude banks in the bottom quartile and below the median of bank
size, in turn. Information on bank expectations is from the Senior Loan Officer Opinion Survey
(SLOOS). t-statistics are based on standard errors clustered at the bank level, with ***, ** and *
denoting significance at the 1%, 5%, and 10% level, respectively.

Exclude Bottom Quartile Size Banks Exclude Below Median Size Banks

1 year 2 year 1 year 2 year
1) ) 3) 4)
,Bk 0.115** -0.230*** 0.108** -0.167**
[t] [2.30] [-4.36] [1.75] [-3.02]
Year FE Yes Yes
Bank FE Yes Yes




Table A.2: First-Stage and Additional Robustness of Loan Dynamics

Panel A of this table reports first-stage results for the 25LS-IV analysis of Table 3 (Panel C). Panel
B of this table reports results of additional robustness for the 25LS-IV analysis of Table 3 (Panel
C, Columns 5-8) to using alternative definitions of the pre-crisis benchmark, in turn. In Panel C,
we add to the 2SLS-IV specification the control set, Z;;_1, which includes controls for alternative
explanations (loan demand as measured by the SLOOS response on loan demand, bank securi-
tization as measured by securitization income to net interest income ratio and bank capital and
liquidity as measured by tier 1 capital and cash ratios, respectively). Panel D repeats the 2SLS-
IV analysis after excluding the largest banks (top quartile). Information on bank expectations is
from the Senior Loan Officer Opinion Survey (SLOOS). t-statistics are based on standard errors
clustered at the bank level, with ***, **, and * denoting significance at the 1%, 5%, and 10% level

respectively.

Panel A: First-stage results for 2SLS-IV analysis

Full Sample Recovery Period
1 year 2 year 3 year 4 year 1 year 2 year 3 year 4 year
(1) (2) (3) (4) () (6) (7) (8)
Ok 0.263***  0.268™*  0.248***  0.239*** 0.261***  0.271***  0.254***  0.246™**
[t] [15.02] [13.80] [11.63]  [10.58] [11.46] [10.38] [8.85] [7.92]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 3,173 2,825 2,523 2,252 2,460 2,156 1,885 1,630
within R? 0.07 0.06 0.05 0.05 0.05 0.05 0.04 0.04
F-statistic 225.74 190.57 135.19 111.95 131.32 107.64 78.25 62.73
Panel B: 2SLS-IV robustness to using alternative benchmarks for pre-crisis
Pre-Crisis is 2004-2006 Pre-Crisis is 2003-2005
1 year 2 year 3 year 4 year 1 year 2 year 3 year 4 year
(1) (2) (3) (4) ©) (6) ) (8)
Ok -0.317**  -0.309**  -0.281*  -0.177 -0.319**  -0.313**  -0.289**  -0.189
[t] [-2.47] [-2.37] [-1.99] [-1.01] [-2.46] [-2.38] [-2.03] [-1.09]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 2,338 2,054 1,801 1,562 2,338 2,054 1,801 1,562
Panel C: 2SLS-IV with controls for alternatives
Full Sample Recovery Period
Ok -0.151* -0.187**  -0.168*  -0.048 -0.237**  -0.245**  -0.217* -0.117
[t] [-1.71] [-2.13] [-1.93] [-0.34] [-2.20] [-2.20] [-1.80] [-0.73]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 2,480 2,206 1,972 1,752 2,042 1,792 1,570 1,355
Panel D: 2SLS-1V excluding the largest banks
Full Sample Recovery Period
Ok -0.150**  -0.158**  -0.158"*  -0.092 -0.289***  -0.299***  -0.305"** -0.224
[t] [-2.01] [-2.18] [-2.26] [-1.01] [-2.94] [-2.84] [-2.49] [-1.36]
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 2,423 2,159 1,933 1,737 1,877 1,648 1,445 1,259




Table A.2: First-Stage and Additional Robustness of Loan Dynamics (Continued)

Panels E-F of this table report results of additional robustness for the 25LS-IV analysis of Table
3 (Panel C, Columns 5-8) to adding the first or the first and second lags of Bartik, respectively.
Information on bank expectations is from the Senior Loan Officer Opinion Survey (SLOOS). t-
statistics are based on standard errors clustered at the bank level, with ***, **, and * denoting
significance at the 1%, 5%, and 10% level, respectively.

Panel E: 2SLS-IV adding the first lag of Bartik

O -0.163* -0.167**  -0.170**  -0.080 -0.322**  -0.322**  -0.281* -0.160
[t] [-1.97] [-2.02] [-2.05] [-0.79] [-2.32] [-2.11] [-1.75] [-0.96]
1st stage F-stat 103.37 86.06 60.84 52.00 62.82 50.91 37.36 30.44
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes

N 3,032 2,706 2,415 2,155 2,390 2,100 1,833 1,585

Panel F: 2SLS-IV adding the first and second lags of Bartik

O -0.173*  -0.174*>*  -0.173* -0.075 -0.327**  -0.319**  -0.269* -0.138
[t] [-1.90] [-1.99] [-1.96] [-0.66] [-2.31] [-2.07] [-1.69] [-0.83]
1st stage F-stat  60.66 49.72 35.98 30.71 41.34 33.52 24.68 20.24
Time, Bank FE  Yes Yes Yes Yes Yes Yes Yes Yes

N 2,910 2,599 2,318 2,067 2,332 2,051 1,788 1,545




Table A.3: Additional Robustness on Delayed Overreaction — Placebo Test

This table summarizes results of additional analysis of Table 1. We repeat the analysis of Table
1 for pseudo bank beliefs that are generated randomly for each bank from a normal distribu-
tion. Panel (a) reports the estimates for the pseudo beliefs EXE(;;.1). Panel (b) reports estimates
for pseudo beliefs after discretizing them to three categories as in the baseline analysis: 0 (“no
change”), 1 (“improvement”), or -1 (“worsening”) if EﬁE(L',tH) is within, above, or below one
standard deviation from the median, respectively. t-statistics are based on standard errors clus-
tered at the bank level, with ***, **, and * denoting significance at the 1%, 5%, and 10% level,
respectively.

Panel A: Dynamics of Random Beliefs

I; Iit1
ﬁ -0.088 0.050
[t] [-1.29] [0.95]

Panel B: Dynamics of Discretized Random Beliefs

I; Lit 1
B 0.073 -0.014
[t] [1.38] [-0.37]




Table A.4: Additional Corroborating Evidence

This table summarizes results of time-series regressions of loan performance on its own lag(s):
Liy = a; + p11ip—1 + p2lip—2 + it

t-statistics are based on standard errors clustered at the bank level, with **, **, and * denoting
significance at the 1%, 5%, and 10% level, respectively.

Panel A: Dynamics of Loan Performance

Ii,tfl Ii,th
[y 0.546™* -0.034
[t] [11.14] [-1.13]
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Table A.5: Bank Expectations and Borrower Outcomes: Additional Outcomes

This table summarizes results for additional outcomes of bank-level regressions of borrower out-
comes on bank expectations of loan performance (see Table 5). The additional outcomes con-
sidered include: property, plant and equipment (PPE) and payouts as measured by the sum of
cash dividends and repurchase expenditures (Panel A). To ease interpretation and comparison
across specifications, the main explanatory variables are expressed in standard deviation units. t-
statistics are based on standard errors clustered at the borrower level, with ***, **, and * denoting
significance at the 1%, 5%, and 10% level, respectively.

1 year 2 year 3 year 4 year lyear 2year 3year 4year

1) @) ) 4) ) (6) @) (8)
Panel A: PPE and Payouts

APPE; APayouts;;

Ok -0.021**  -0.028*** -0.021**  -0.001 0.041 -0.012  -0.024  -0.048
[t] [-2.45] [-3.55] [-2.40] [-0.08] [0.52] [-0.16] [-0.35]  [-0.79]
Time, Bank, Firm FE  Yes Yes Yes Yes Yes Yes Yes Yes
N 14,717 14,382 13,262 12,427 12,174 12,079 11,400 10,849
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Table A.6: Business Cycle Statistics:
Delayed Extrapolation Model with y =1

The empirical sample is 2005-2020 at annual frequency. The model moments are computed from an
unconditional simulation of 2,000 periods for 1,000 banks. In the counterfactual model, we set x =1
in (15); in other words, agents form the correct beliefs about the probability of disaster realization in
t 4+ 1: Prob[x;;+1 = 1] = p;. Nonetheless, they still form biased beliefs about the evolution of p; and wj,
as in the baseline model.

Description Data Delayed Extrapolation
(Baseline) (x=1

Annual loan growth (Aly)

Corr(Al;, AGDP) 0.134 0.235 0.198
Corr(Al;, AGDP;_1) 0.239 0.164 0.102
Corr(Al;, AGDP;_5) 0.218 0.058 0.037
Corr(Aly, Al;_1) 0.207 0.597 0.573
Corr(Aly, Al;_5) 0.118 0.128 0.110

Annual change in expected loan performance (AE;[LoanDefault; 1])

Corr (AE;[LoanDefault; 1], AGDP) -0.354 -0.226 -0.185
Corr(AE;[LoanDefault;, 1], AGDP;_1) -0.023 -0.075 -0.013
Corr(AE¢[LoanDefault; 1], AGDP;_5) 0.295 0.237 0.211
Corr (AE;[LoanDefault; 1], AE;_1 [LoanDefault;]) 0.465 0.254 0.125
Corr (AE;[LoanDefault; 1], AE;_»[LoanDefault; ¢])  0.153 0.063 0.040

Annual change in realized loan performance (ALoanDefault;, 1)

Corr (ALoanDefaulttH, AGDPt) -0.110 -0.022 -0.022
Corr(ALoanDefault;, 1, AGDP;_1) -0.064 -0.026 -0.026
Corr(ALoanDefault; 1, AGDP;_») 0.023 0.010 0.010

Corr (ALoanDefaulttH, ALoanDefaultt) -0.195 -0.499 -0.500
Corr (ALoanDefaulttH, ALoanDefault;_; ) -0.083 -0.003 -0.003

Annual loan rate growth (ArtL

Corr(Arf, AGDP;) 0.194 0.375 0.154
Corr(Arf, AGDP;_) 0.154 0.110 -0.122
Corr(Ark, AGDP;_,) 0.148 0.009 -0.035
Corr(Arf, Ark ) 0.179 0.195 0.108
Corr(ArE, Ak ) -0.103 -0.171 -0.096
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Table A.7: Model-Implied Regressions:
Delayed Extrapolation Model with y =1

We repeat the regressions in Tables 1 (Panel A) and 3 (Panel A), respectively, on simulated data
for 2,000 periods and 1,000 banks in each model. In the counterfactual model, we set x =1 in
(15); in other words, agents form the correct beliefs about the probability of disaster realization in
t+ 1: Prob[x;11 = 1] = p:. Nonetheless, they still form biased beliefs about the evolution of p; and
wit, as in the baseline model. Forecast errors FE; ; , 1|, are the difference between the actual and the
expected change in loan performance over the next year. The change in loan performance I;; is the
negative of the annual change in the loan default rate, so that I;; > 0 indicates an improvement
in loan performance (or a reduction in default rate), as in the data. ALoans;;; is the change in
lending compared to the steady state. t-statistics are based on standard errors clustered at the
bank level, with ***, **, and * denoting significance at the 1%, 5%, and 10% level, respectively.

Panel A: Forecast Error Dynamics
FEi ;i1 =i+ Brlie + Bolip—1 +vZir + T + uit

Delayed extrapolation Delayed extrapolation
Data (Baseline) (x=1
Lt Lt Lit Lit 1 Lit Lt
@ 2) (©) 4 5) (6)
B 0.123** -0.194*** 0.129** -0.205** 0.142** -0.186™*
[t] [2.32] [-4.13] [2.08] [-2.16] [2.33] [-2.41]
Time FE Yes Yes Yes
Bank FE Yes Yes Yes
Panel B: Bank Expectations and Lending Dynamics
ALoans;pyp = & + OFE; p 1) + T + Ui
Delayed extrapolation Delayed extrapolation
Data (Baseline) (x=1
Loans; ;1 Loans; ;> Loans; ;1 Loans; o Loans; ;11 Loans; ;>
1) ) 3) 4) ) (6)
) -0.032*** -0.032*** -0.043*** -0.068*** -0.038*** -0.059***
[t] [-2.83] [-2.91] [-6.15] [-8.78] [-6.45] [-7.92]
Time FE Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes

13



Table A.8: Model-Implied Regressions:

General Equilibrium Extension

We repeat the regressions in Tables 1 (Panel A) and 3 (Panel A), respectively, on simulated data for
2,000 periods and 1,000 banks in each model. Forecast errors FE;,; 1, are the difference between
the actual and the expected change in loan performance over the next year. The change in loan
performance I;; is the negative of the annual change in the loan default rate, so that I;; > 0 indicates
an improvement in loan performance (or a reduction in default rate), as in the data. ALoans;;;q
is the change in lending compared to the steady state. t-statistics are based on standard errors
clustered at the bank level, with ***, **, and * denoting significance at the 1%, 5%, and 10% level,

respectively.
Panel A: Forecast Error Dynamics
FEj;iqp =i+ Prlip + Bolip—1 +vZip + T +
Delayed extrapolation Delayed extrapolation
Data (Baseline) (General Equilibrium)
Ly Lijp— L Lip— L Lip—
@) (2) ©) (4) ©) (6)
B 0.123** -0.194*** 0.129** -0.205** 0.158* -0.167**
[t] [2.32] [-4.13] [2.08] [-2.16] [1.59] [-1.97]
Time FE Yes Yes Yes
Bank FE Yes Yes Yes
Panel B: Bank Expectations and Lending Dynamics
ALoans; sy = & + OkFE; p q) + T + Uit
Delayed extrapolation Delayed extrapolation
Data (Baseline) (General Equilibrium)
Loans; ;41 Loans; o Loans; ;41 Loans; ;o Loans; ;41 Loans; 1o
1) (2) €) (4) ©) (6)
0 -0.032*** -0.032*** -0.043*** -0.068** -0.019* -0.034**
[t] [-2.83] [-2.91] [-6.15] [-8.78] [-1.65] [-1.92]
Time FE Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes
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Table A.9: Model-Implied Regressions:
Remove Bias on Idiosyncratic Shock w;;

We repeat the regressions in Tables 1 (Panel A) and 3 (Panel A), respectively, on simulated data for
2,000 periods and 1,000 banks in each model. The counterfactual model here is the an alternative
version of the delayed extrapolation model, where we remove the bias on the bank-specific shock
wijt, so agents make the rational forecast on w; ;1 according to (10), while they still form biased
beliefs about the aggregate shock process p;. Forecast errors FE;, ; are the difference between
the actual and the expected change in loan performance over the next year. The change in loan
performance I;; is the negative of the annual change in the loan default rate, so that I;; > 0 indicates
an improvement in loan performance (or a reduction in default rate), as in the data. ALoans; ;11
is the change in lending compared to the steady state. t-statistics are based on standard errors
clustered at the bank level, with ***, **, and * denoting significance at the 1%, 5%, and 10% level,
respectively.

Panel A: Forecast Error Dynamics

FE;jiq =i + Prlie + Polip—1 + vZit + T + iy

Delayed extrapolation Delayed extrapolation
Data (Baseline) (Only Aggregate Bias)
Lt Lt Lt Lt I; it
@D (2) 3) (4) ©) (6)
0.123** -0.194*** 0.129** -0.205** 0.073 -0.091
[2.32] [-4.13] [2.08] [-2.16] [0.93] [-1.05]
Time FE Yes Yes Yes
Bank FE Yes Yes Yes

Panel B: Bank Expectations and Lending Dynamics
ALoans; i = o + OkFE; 411y + T + Uit

Delayed extrapolation Delayed extrapolation
Data (Baseline) (Only Aggregate Bias)
Loans; ;11 Loans; 1o Loans; ;1 Loans; i Loans; ;11 Loans; 4o
1) (2) 3) 4) ) (6)
0 -0.032*** -0.032*** -0.043*** -0.068*** -0.011 -0.014
[t] [-2.83] [-2.91] [-6.15] [-8.78] [-1.32] [-1.27]
Time FE Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes
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Figure A.1: Robustness to Aggregate Evidence on Bank Lending

Panel (a) plots total loans and leases in bank credit by all commercial banks in the U.S. in real
terms from 1992 to 2020, and the dashed line is a linear trend that fits the data from 1992 to 2008.
Panel (b) plots total loans to U.S. GDP ratio, and the dashed line is a linear trend that fits the data
from 2000 and 2020. Source: Assets and Liabilities of Commercial Banks in the U.S. (H.8), Federal

Reserve Board.
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Figure A.2: Corroborating Evidence on Bank Forecast Errors

This figure shows the median of bank-level forecast errors for each year. This reflects the same
sample of banks as in Figure 2. Bank forecast errors are defined as the difference between the
actual and the expected change in loan performance over the next year. The shaded area indicates
the NBER recession dates. Source: SLOOS.
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Figure A.3: Corroborating Evidence on Bank Lending

This figure shows the year-on-year average lending growth for banks in our full sample (after
merging the expectations data in SLOOS with the Call Reports). This reflects the same sample of
banks as in Figure 2. The shaded area indicates the NBER recession dates. Source: Call Reports.
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Figure A.4: Lending Policy Functions in Delayed Extrapolation Model
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Figure A.5: Asset Prices in Delayed Extrapolation Model
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Figure A.7: Impulse Response Functions By Bank Size

In this figure, we disaggregate the impulse response functions in Figure 3 by bank size. Small
and large banks are defined according to the size of their loan portfolios (below or above median)

before the two consecutive disaster probability shocks in years 1 and 2.
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Figure A.8: Impulse Response Functions to An Increase in Disaster Probability:

Delayed Extrapolation Model with y =1

The impulse response functions are averages of 3,000 simulations, where each simulation is of 300
years for 1,000 banks. For each simulation, we impose two consecutive disaster probability shocks
in years 1 and 2, allowing normal evolution of the economy afterwards. In the counterfactual
model, we set x =1 in (15), so they form the correct believe about the probability of disaster
realization in t 4+ 1: Prob[x;y1 = 1] = p;. Nonetheless, they still form biased beliefs about the
evolution of p; and wj;, as in the baseline model.
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Figure A.9: Impulse Response Functions to An Increase in Disaster Probability:
Other Types of Behavioral Bias

The impulse response functions are averages of 3,000 simulations, where each simulation is of
300 years for 1,000 banks. For each simulation, we impose two consecutive disaster probability
shocks in years 1 and 2, allowing normal evolution of the economy afterwards. In all models,
all shocks and distributional dynamics are determined according to their true processes, even
though asset prices and bank policies involve distorted expectations. Besides our baseline model
(delayed extrapolation), we consider three other forms of behavioral bias: (i) AR(1) Overextrap-
olation (agents perceive that p; and w;; follow AR(1), but with a higher degree of persistence
than the actual process); (ii) ARMA(1,1) Diagnostic Expectations (Bordalo et al., 2021); (iii) Long
Memory Diagnostic Expectations (Maxted, 2023).
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Figure A.10: Impulse Response Functions to An Increase in Disaster Probability:
General Equilibrium Extension

The impulse response functions are averages of 3,000 simulations, where each simulation is of
300 years for 1,000 banks. For each simulation, we impose two consecutive disaster probability
shocks in years 1 and 2, allowing normal evolution of the economy afterwards.
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