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Abstract

Bank credit supply is central to economic activity yet difficult to measure: it is unobservable,
multidimensional—encompassing standards, prices, and non-price terms—and potentially con-
founded by demand-related developments. We construct a novel comprehensive bank-quarter
level credit supply index using the Survey of Loan Officer Opinion Survey (SLOOS) and link it
to balance-sheet (Call Reports) and loan-level data (Y-14Q) to examine patterns for how and
why banks adjust credit supply. We document a striking asymmetry: banks tighten credit in
response to risk concerns (sharply reducing originations with minimal rate increases), and ease
in response to competitive pressures, predominantly through rate cuts. We develop a quanti-
tative general equilibrium model of bank lending where banks choose loan rates and screening
intensity, learning about borrower pool quality from past performance while facing monopolistic
competition and capital constraints. The model replicates the observed asymmetric patterns
and provides a framework for quantifying the contribution of distinct supply mechanisms to

aggregate credit dynamics.
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1 Introduction

Supply-driven contractions in bank credit can have large, adverse effects on macroeconomic out-
comes, including employment and output (see, for example, Alfaro et al. (2021); Chodorow-Reich
(2014); Herkenhoff (2019)). These effects arise because tighter credit conditions restrict firms’ access
to external finance, limiting their ability to fund working capital and investment (see for example,
Bassett et al. (2014) and Lown and Morgan (2006)). Measuring and studying bank credit supply,
however, is challenging. Credit supply is not directly observable, and it is multidimensional—
encompassing who receives credit, how much credit is extended, and at what terms and prices.
Moreover, observed loan outcomes reflect both supply and demand forces which are difficult to
disentangle. Understanding why banks adjust supply, and along what margins credit availability
changes, is therefore important for understanding transmission of bank credit supply to the real
economy.

This paper studies bank credit supply, the forces driving its adjustment, and the margins
along which it changes. We focus on four related questions. First, how can credit supply be
measured in a way that accounts for the multiple and simultaneous lending decisions embedded
in banks’ policy choices, including loan approvals, pricing, collateral requirements, covenants, and
other terms? Second, what leads banks to tighten or ease lending policies, and what role do
performance expectations, competitive pressures, and balance sheet capacity play in loan contract
decisions? Third, when banks change lending policies, do these adjustments primarily affect loan
prices, origination volumes, or the observable composition of newly originated loans? Finally, what
economic mechanisms explain the observed drivers and outcomes of credit supply adjustments, and
what do they imply for aggregate credit dynamics?

We approach these questions both empirically and theoretically. Empirically, we combine con-
fidential microdata on banks’ self-reported changes in lending policies from the Federal Reserve’s
Senior Loan Officer Opinion Survey (SLOOS) with lending outcomes from Call Report and Y-14Q
data. We use SLOOS data to construct a bank-quarter level tightening index measuring broad
changes in the stringency of lending policies based on responses to questions about changes in loan
standards, and a variety of price and non-price terms for C&I loans. This approach captures the
richness of banks’ credit supply decisions in a single index, and allows us to assess how changes in
credit supply, broadly considered, relate to lending outcomes.

We first document that changes in lending policies have a strong common component. Principal-
components analysis of SLOOS terms reveals that most of the variation in terms can be accounted
for by a single factor net tightening. This first principally component essentially measures the
share of terms banks report tightening net of the share of terms banks report as having eased.
The second component reflects whether banks adjust price or non-price terms, suggesting that the
next important dimension of credit-supply adjustment (after whether banks broadly tighten or
ease) is whether banks change their exposure to or compensation for credit risk. This motivates a
framework that treats credit supply as multidimensional and distinguishes price adjustments from

changes in standards and other non-price terms.



We then use loan-level data from Y-14Q) to validate that this index indeed captures changes
in credit supply. We focus our analysis on the cross-section, evaluating trends for banks that
tighten credit supply relative to banks whose lending policies are unchanged. Exploiting within-
quarter variation in credit supply across banks controlling for reported loan demand allows us to
more cleanly separate the effects of bank credit supply from demand and aggregate macroeconomic
conditions. Indeed, we show that tighter lending policies are associated with higher loan rates
and lower loan origination volumes, consistent with the index successfully capturing supply-related
developments. Lastly, we find only a modest increase in loan-rate spreads, about 8 basis points for
a bank that tightens along all queried terms, but a much larger decline in C&I loan originations,
about 8 percent. Thus, the main adjustment to tightening occurs through quantities rather than
prices, highlighting the importance of an extensive or approval margin.

We next investigate the determinants of changes in credit supply, using both Call Reports and
Y14-Q data. Banks’ self-reported reasons for changing C&I loan standards or terms in the SLOOS
point to a stark asymmetry in why banks adjust lending policies; Banks predominantly tighten
supply due to performance concerns but ease due to competitive pressures from other lenders. This
asymmetry is borne out in the data. Banks tend to experience weaker loan performance (i.e., rising
net charge-offs or nonperforming loan rates) after tightening lending policies, consistent with them
acting in anticipation of performance strains. Banks also experience weak loan growth prior to
easing policies, consistent with them counteracting weak credit flows due to competitive pressures.

We also find an asymmetry in the margins of adjustment. Risk-driven tightening is broad-based,
affecting both price and non-price terms. Competition-driven easing, by contrast, is concentrated
more strongly in price terms. Again, these patterns are seen in both banks’ self-reported reasons
for changing policies and in patterns observed in the data. Specifically, banks that report that
competition is an important reason to ease disproportionately report easing price terms, while
those that cite risk factors as important reasons for tightening policies tighten on both price and
non-price dimensions. In the data, banks that tighten lending policies experience a particularly
sharp drop in originations, consistent with non-price terms (namely, approvals) becoming more
stringent. In contrast, banks that report easing lending policies in SLOOS observe a comparatively
larger change in loan pricing than in lending volumes.

To rationalize these empirical findings, we develop a quantitative model of bank lending with
heterogeneous banks, informational frictions, financial frictions, and imperfect competition among
banks and between banks and nonbanks. The model builds on Dempsey (2025), extending it to
study how individual banks optimally adjust screening, loan approvals, pricing and financing in
response to borrower risk, competitive pressures, and balance sheet constraints.

Banks differ in net worth, demand conditions or market shares and applicant pool quality.
They choose loan rates and screening intensity before fully observing the current quality of their
applicant pool. This allows the model to distinguish the price margin from the standards or
approval margin: a bank can respond to risk by screening more intensively rather than raising

rates, while it can respond to competition by lowering rates without necessarily changing screening



as much. Screening improves the composition of approved loans by removing bad applicants, but
it is costly and reduces approvals. Once loan outcomes are realized, banks choose deposits and
equity subject to budget constraints, regulatory capital requirements, and costly equity issuance.
This connects credit supply adjustments to bank balance-sheet management, capturing the idea
that banks cannot expand lending without funding and capital to support it.

A key friction in the model is that bank lending policies are chosen under uncertainty. Banks
set rates and screening intensity before they know the exact current realization of applicant-pool
quality. This captures the idea that, in practice, underwriting standards are set using expected
borrower quality, recent performance, and macroeconomics and industry information. Banks ob-
serve signals from past realized outcomes, but they do not directly observe whether performance
reflects a persistent deterioration in the borrowers they attract or transitory noise. They therefore
update beliefs about persistent borrower-pool quality over time, and these beliefs shape future
screening, approvals, and credit supply. Screening affects both loan volumes and expected returns
by shaping the composition of borrowers. Its value also depends on banks’ financial positions: more
constrained banks have less capacity to absorb losses and may therefore adjust lending standards
more aggressively in response to adverse shocks.

The model generates the empirical asymmetries through distinct mechanisms. Risk-driven tight-
ening operates through beliefs and screening: when banks become more pessimistic about borrower
quality, they increase screening, approve fewer marginal borrowers, and reduce originations, even
if loan rates rise only modestly. Competitive pressure works primarily through the price-volume
tradeoff: when borrowers can substitute across banks or toward nonbank lenders, banks have an
incentive to reduce rates or ease price terms in order to preserve loan volume and market share.
Balance-sheet constraints amplify these responses by limiting banks’ ability to absorb losses or
expand lending when net worth is weak.

The model is disciplined by the empirical facts documented in the paper. Deterioration in
loan performance raises the expected cost of lending and increases the value of screening. This
can lead banks to tighten, especially when capital constraints bind, consistent with the observed
risk-driven tightening episodes. In contrast, increases in competitive pressure compress markups
and induce easing and may be weaker when balance-sheet constraints are binding. The calibrated
model therefore provides a framework for quantifying the relative importance of screening, pricing,
learning, competition, and financial constraints in credit-supply dynamics.

In the quantitative part of the paper, we first calibrate the model at a quarterly frequency,
targeting moments related to banks’ balance-sheet constraints, lending behavior, and credit mar-
ket structure. Our approach ensures that the model reproduces both aggregate credit conditions
and cross-sectional variation in lending outcomes. Second, we describe the model’s mechanics and
assess its performance along key cross-sectional dimensions and validate the model by revisiting
the main empirical findings through a set of simulation exercises. Specifically, we study banks’
optimal lending and screening responses to adverse realizations of loan returns and to exogenous

contractions in loan demand that increase competitive pressure. Finally, we use the calibrated



model in counterfactual experiments to decompose credit-supply dynamics and answer questions
the data cannot answer directly. In particular, we ask what fraction of a tightening episode re-
flects screening rather than pricing; how learning and borrower-risk beliefs affect credit provision;
how important capital constraints are for translating losses into lower lending; and how bank and
nonbank competition changes bank rates and market shares.

In the last part of the paper, we illustrate the usefulness of our framework through the banking
stress episode of March 2023. While aggregate measures indicate a broad contraction in credit
supply, extending our bank-level index to this period reveals pronounced cross-sectional hetero-
geneity, with regional banks tightening substantially more than large banks. Interpreted through
the model, this divergence reflects differences in balance-sheet vulnerabilities and funding pressures,
which shape banks’ incentives to adjust screening and lending policies during stress episodes. To-
gether, the index and the model provide a coherent account of the uneven contraction in credit

supply observed during the SVB episode.

Related literature We contribute to two main strands of literature. First, we add to empirical
work examining the implications of credit supply. Previous work used VAR-based identification
strategies to study the effects of changes in aggregate lending standards, controlling for loan de-
mand (Lown and Morgan, 2002, 2006; Cappiello et al., 2010; Ciccarelli et al., 2015). Bassett et
al. (2014) conducts similar analysis, but using bank-level microdata to purge standards measures
of macroeconomic or bank-specific factors potentially correlated with demand. This work demon-
strates that adverse credit supply shocks result in significant declines in loan commitments and
GDP, and a widening of credit spreads.

We build on this work in a couple of ways. First, we broaden the measurement of credit supply
to incorporate information on various dimensions that banks might adjust beyond just lending
standards (including loan pricing, size, and covenants). We find that this broader measure of
supply is more predictive of credit growth than standards alone. Second, we analyze changes in
supply at the bank-level rather than in aggregate. By combining bank-specific responses about
changes in credit policies with bank- and loan-level outcomes from the Call Reports and Y-14Q),
respectively, we are able to examine in greater detail how and why banks adjust credit supply.
Furthermore, by using within-quarter variation in supply conditions, we are able to more cleanly
separate the effects of changes in credit supply from macroeconomic drivers of loan outcomes.

Second, we contribute to the literature developing quantitative models of banking industry dy-
namics, including recent work by Corbae and D’Erasmo (2021) and Dempsey (2025), as well as
related research in consumer credit (e.g., Chatterjee et al., 2023). Together, these papers expand
macro banking models: Corbae and D’Erasmo (2021) emphasizes how bank dynamics interact with
regulation, showing that industry composition and risk are jointly determined, while Dempsey
(2025) highlights the interaction between banks and non-bank finance, demonstrating that regula-
tion must account for substitution across lenders. Collectively, they show that capital regulation

has both structural (industry-level) and systemic (macro-financial) effects, moving beyond single-



bank or representative-bank frameworks toward models incorporating heterogeneity, competition,
and endogenous responses.

We build on this body of work by adopting a heterogeneous bank model that incorporates
industry dynamics in the spirit of Corbae and D’Erasmo (2021) and competition from non-banks
as in Dempsey (2025), while, like these studies, grounding macro outcomes in micro-level data.
Unlike these papers, which focus on capital regulation, our work emphasizes bank lending policies.
In that vein, our primary contributions relative to this literature are to account for the multiple
dimensions along which banks may adjust supply, including both pricing and approval margins,

and the incorporation of learning mechanics that is disciplined by micro data.

2 Empirical Analysis

In this section, we combine survey data on banks’ lending standards with portfolio-level data on
loan performance and origination activity to address three key questions about credit supply. First,
how do banks adjust credit supply (i.e., what terms change)? Second, why do banks change supply
(e.g., competitive pressures, credit strains, etc.)? Third, what happens when banks do adjust
supply (e.g., how does the quantity, price, or composition of credit change)?

To address these questions empirically, we proceed as follows. Section 2.1 introduces the three
primary data sources we use in our analysis. Section 2.2 discusses what terms banks self-report
as changing and how we use this information to construct credit supply measures. Section 2.3
discusses banks’ self-reported reasons for changing supply. Section 2.4 links SLOOS responses to
lending outcomes to validate the qualitative, self-reported responses and quantitatively examine

the response of loan outcomes such as lending volumes.

2.1 Data sources

Our analysis combines data from three different sources: (i) reported changes in loan terms and
standards from the Federal Reserve’s Senior Loan Officer Opinion Survey on Bank Lending Practices
(SLOOS); (ii) bank balance sheet data from the Consolidated Reports of Condition and Income
(Call Reports); and (iii) loan level data from Capital Assessments and Stress Testing information
collection (Y-14).

Throughout our analysis, we focus on Commercial and Industrial (C&I) loans because responses
to those questions have the longest time series (dating back to 1990), and provide the most de-
tail about changes in lending conditions (including changes in various loan terms and reasons for
changing terms and standards). We will show that many of the most common reasons for changing
C&I terms or standards pertain to more general concerns about the economic outlook or changes
in risk tolerance that would pertain to other loan categories as well. We indeed find that banks
reporting tighter C&I credit policies observe declines in the size of their entire loan portfolio, not
just for C&I loans.



SLOOS The SLOOS is a quarterly survey of banks which inquires about changes in supply or
demand for various categories of loans. A typical survey has about 70 banks responding, and
these banks generally account for about 70% of the total assets of domestically chartered financial
institutions in the U.S., and so the respondents account for a meaningful swath of total credit
supply. We use SLOOS to construct our primary bank-quarter-level credit supply measure and to
document banks’ self-reported reasons and methods for adjusting lending policies.

While aggregated and anonymized survey response data from the SLOOS is publicly available,
we use the confidential, de-anonymized, microdata which allows us to link responses to balance sheet
and loan origination data by bank and quarter. This crucially allows us to study the drivers and
implications of credit supply at the bank level, whereas most existing work focuses on fluctuations
in aggregate credit (see, for example, Lown and Morgan, 2006; Bassett et al., 2014).

The SLOOS has asked banks about changes in lending standards and various loan terms for
C&lI loans on a quarterly basis since 1990. An example question is: “Over the past three months,
how have your bank’s credit standards for approving applications for C&I loans or credit lines —
other than those to be used to finance mergers and acquisitions — to large and middle-market firms
and to small firms changed?”! Banks respond on a Likert scale from 1 to 5: 1 (2) means “eased
considerably (somewhat),” 3 means “basically unchanged,” and 4 (5) means “tightened somewhat
(considerably).” Questions in this vein are asked about numerous aspects of banks’ C&I lending
policies: (i) standards for approval; (ii) maximum sizes of credit lines; (iii) maximum maturity of
credit lines; (iv) costs of credit lines; (v) loan spreads; (vi) risk premia; (vii) loan covenants; (viii)

collateralization requirements; and (ix) the use of interest rate floors.

Call Reports The Call Reports provide quarterly information on bank balance sheets for the full
universe of US banks. This includes a wealth of information on (among other things) banks’ loan
portfolios and loan performance. The key variables of interest are merger-adjusted loan growth,
and changes in nonperforming loan rates or net charge off rates.

The merger adjusted change in a balance sheet item y, for a bank b, in quarter ¢ is computed by
as the difference between y;,; and ) ;. P, Yb 11 where Py, is the set of predecessor banks for b,t
(P = {b} absent mergers). Growth over longer horizons are computed by cumulating quarterly
merger-adjusted changes over the desired time horizon. We are loose with notation for the sake
of readability, and express regression specifications using the notation that would apply to a bank
that has no merger over the relevant time horizon. For example, the growth in C&I balances over
horizon h is expressed as In(C&I Balance)p 14, — In(C&I Balance);—1, even though the variable

strips out any growth over the horizon attributable to mergers.

!Banks are asked separately about standards and terms for C&I loans to small firms and to large and middle-
market firms, as well as about C&I loans versus other classes of loans. We use responses about loans to large firms
as the survey disproportionately samples large banks, who lend more to larger firms. Furthermore, the Y-14Q data
covers commitments over $1 million, making the data more reflective of loans to larger firms.



Y-14 The Y-14 provides detailed loan-level data on the portfolios of banks with at least $100
billion in total consolidated assets.? This data is collected by the Federal Reserve for the purpose
of conducting the Comprehensive Capital Analysis and Review (CCAR), the Fed’s annual stress
tests of the largest banks. Schedule H.1 of the Y-14Q provides quarterly data on banks’ holdings
of C&I loans with committed exposures above $1 million.

For our purposes, Y-14 augments the Call Reports in two key ways. First, the data includes
detailed information on loan terms and borrower characteristics. Second, it allows us to separate a
bank’s newly originated loans from the rest of its portfolio. Consequently, it allows us to measure
the effect of a change in credit supply specifically for new originations, and provide more detail on
changes in the composition of credit over time. The primary cost is that it is available for a shorter
period of time (since 2012 rather than 1990) and for a smaller sample of banks (25 of the ~70
SLOOS respondents).

2.2 How do banks adjust credit supply

What terms do banks change? As discussed above, the measurement of credit supply at the
bank level is complicated by multi-dimensionality; lenders may adjust lending policies on intensive
and extensive margins, as well as changing numerous potential price and non-price terms. Here we
discuss which dimensions banks report changing, and how to parsimoniously measure credit supply
in order to study its implications.

We start by using principal components analysis (PCA) to characterize changes in the various
terms banks are asked about. Specifically, for every question j we construct a categorical variable
Net Tighteny; ; which takes a value of 1 if bank b reports tighter terms at time ¢, -1 if the bank
reports easier terms, and 0 if the bank reports terms as unchanged. “Terms” here is defined broadly
to also include lending standards (see the SLOOS paragraph in Section 2.1 for a list of the queried
terms).3

Figure 1 plots the loading on each term for the first and second principal component. The
main takeaway from the loading plot is that terms tend to all move together. The loading on the
first principal component is nearly identical for each variable, making the first principal component
essentially reflect the average net tightening across the queried terms. This first principal compo-
nent, which can be thought of as a general credit supply tightening factor, accounts for about half
of the overall variance in banks’ self reported changes in terms. The strong co-movement between
the various terms may partly reflect the fact that these dimensions are not always conceptually
distinct. For example, if a bank requires a greater rate premium to originate high loan-to-value
(LTV) loans, this changes the constellation of terms so that banks could be interpreted as requiring
higher spreads, lower loan sizes, or more collateral (each holding the remaining two terms constant).

Consequently, it can be more informative to think about whether a bank is tightening credit overall

2The Economic Growth, Regulatory Relief, and Consumer Protection Act (S. 2155) increased the threshold from
$50 billion to $100 billion, so a couple of somewhat smaller banks are available earlier in the sample.

3We do not distinguish between the “considerably” and “somewhat” modifiers as banks rarely report changing
standards “considerably.”



rather than to isolate a specific dimension.

The second component distinguishes whether banks are adjusting price or non-price terms; load-
ings are positive for non-price terms (maximum loan size, collateral, maximum maturity, covenants
and standards) and negative for price terms (risk pricing, cost of credit lines, spreads, and rate
floors). Namely, the second most important dimension appears to be whether banks are adjusting
their exposure to credit risk or their compensation for it. This price vs. non-price distinction is
somewhat secondary to the question of whether banks are tightening or easing—the second princi-
pal component only accounts for about 10 percent of the variance—so we predominantly focus on

the direction with which credit supply is changing, rather than the specific terms changing.

Figure 1: Loadings Plot for PCA of C&I Terms
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Source: SLOOS.

Measuring Credit Supply One complication in using these principal components to directly
measure supply changes is that the set of terms banks are asked about varies somewhat over time,
with questions about risk pricing, maximum maturity, and interest rate floors getting added at
staggered time points later in the sample. To accommodate changes in the set of terms over time,

we instead measure credit supply changes by average net tightening across queried loan terms:

Net Tightening index; , = Z Net Tighteny, ;,

1
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where J; is the set of terms available in quarter ¢t. Given that the loadings of the first principal
component are nearly identical, this measure approximates the first principal component, but
provides flexibility for the set of terms to change.

This index can be decomposed in various ways to provide additional color on how banks are
adjusting credit supply. To examine whether tightening in terms have asymmetric effects to easing,

we decompose this index into a tightening and easing index:

1 1
Net Tightening index; ; = 7 Z Tighten,,; ; — T Z Easey s ;,
| Je] = | Je] =

Vv
Tightening index,, , Easing indexy ;

where Tighten,,; ; and Easey ; ; are indicators for whether banks tighten or ease term j, respectively.
A second decomposition, motivated by the principal components analysis, is to decompose the

index into whether banks are tightening on net with respect to price or non-price terms:

. . JNP] 1 . JP| 1 .
Net Tightening Index;, , = ’f]T JNE| Z Net Tighteny, ; +ﬁ W Z Net Tighteny, ;,
tljegnp tljegp
Non-price index,, ; Price ;I:dexmt

where JtP and JtN P partition the sample of questions into those pertaining to price and non-price
terms respectively.

This work builds on a large existing literature using SLOOS responses to measure credit supply.
For example, Lown and Morgan (2006) and Bassett et al. (2014) both construct aggregate measures
of the shares of banks tightening standards and show that those indexes are predictive of economic
activity. Our credit supply measures differ on two important dimensions. First, we focus on the
cross-section of banks rather than the time series. In other words, we ask what happens when banks
tighten relative to other banks, instead of what happens when banks are tightening in aggregate.
This focus complements the theoretical work, which focuses on banks’ response to idiosyncratic
developments rather than aggregate shocks. Second, instead of focusing solely on lending standards,
we measure credit supply based on the full array of standards and terms that banks report about
in the SLOOS. We demonstrate that this broader measure of credit supply is useful; the tightening
index is more predictive of subsequent changes in loan balances than reported changes in standards
alone.

Appendix A.1 provides additional analysis pertaining to the credit supply measure. Panel (a)
shows that the average of the Net Tightening index across banks moves closely with the net share
of banks tightening standards. The value of the Net Tightening index predominantly is the cross-
section; while the net change in standards takes on three discrete values, the Net Tightening index
provides a more granular measure of changes in credit supply and gives a sense of the intensity of
tightening. Panel (b) shows that the Net Tightening index and the Price and Non-price indexes are

nearly identical to principal components-based measures of changes in terms. The Net Tightening
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index is nearly perfectly correlated with the first principal component and the price and non-price
indexes are nearly perfectly correlated with the associated first two principal components with

varimax rotation.?

Panel (c) presents a scree plot showing the sharp drop-off in the variance
explained by the second principal component, justifying our focus on broad tightening rather than
the specific terms banks report changing. Panel (d) presents a loadings plot excluding the three
terms that were added to the survey after 1990, and shows that the same patterns hold for the
longer time series (i.e., the first principal component measures broad tightening, and the second

tightening in price vs. non-price terms).

2.3 Why do banks change lending policies? Evidence from SLOOS self-reports

Armed with a composite measure of shifts in loan supply at the bank level, we now examine the
drivers of changes in loan supply. One of the key contributions of our empirical analysis is to link
qualitative survey responses from the SLOOS to concrete, quantitative financial variables from the
Call Reports and Y-14Q data (see Section 2.4 below). Banks’ self-reported reasons for adjusting

standards, however, provide a useful benchmark and frame for this analysis.

What factors are important in credit supply decisions? Every SLOOS since 1995, when
banks reported tightening or easing at least one C&I loan term, they were asked how important
various reasons were for the change. These reasons include changes in (i) capital positions, (ii)
liquidity positions, (iii) tolerance for risk, (iv) the favorability /uncertainty of the economic outlook,
(v) industry-specific problems, (vi) secondary market liquidity, (vii) the aggression of competition
from other lenders, and (viii) concern about legislation, supervision or accounting standards.

Figure 2 plots the share of banks citing a given factor as a reason for tightening (red bars, top
half) or easing (blue bars, bottom half) credit supply. The red bars in the top half of Figure 2
reveal that, upon tightening credit supply, loan officers tend to cite risk factors (e.g. risk tolerance,
industry specific problems, and changes in the favorability of the economic outlook) as the most
important drivers. This is expected: since increased credit risk may reflect a worsening of the
underlying pool of borrowers, it would be optimal for banks to tighten supply in response to this.
This holds true for either realized increases (e.g. rising C&I loan charge-offs or nonperforming loan
rates) or anticipated increases (e.g. rising default expectations).

By contrast, the blue bars in the bottom half of the figure demonstrate that the predominant
reason banks ease credit is an increase in competition from other lenders. This too, is intuitive: if
intense competition from other lenders causes a bank to lose market share, it might be optimal to

ease credit to stimulate lending.

How do reasons for changing supply relate to the terms changed? These different moti-

vations for changing credit supply also relate to banks’ decisions about how to change credit supply.

4Varimax rotation rotates components so that instead of components being ordered by maximal variance, they
are chosen for a simple structure (which in this scenario results in components that clearly align with tightening in
price and non-price terms).
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Figure 2: Self Reported Reasons for Changing C&I Terms or Standards
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Notes: This figure plots banks’ self reported reasons for changing terms or standards. The height of the bars above
the x-axis shows the share of banks tightening terms or standards that cite a particular reason as important. The
bars below the axis show the shares citing a reason as an important reason for easing. The dark portion of bars shows
the share of banks citing a reason as “very important”. Data covers the period from 1995 to 2025 where available,
with a shorter time horizon for some questions that were added to the survey later.

Source: SLOOS.

To examine the interrelation between why and how banks change lending policies. We estimate

regressions of the form:

Yot = a4 Z ﬂ?’yXZ:b,t
reR

where r indexes the potential reasons for changing lending lending policies, XZ; b+ is an indicator
for whether a bank b cites r as an important reason to tighten in ¢, and y is Price index;; or
Nonprice indexp ;. Banks only report reasons for tightening (easing) when they tighten (ease) at
least one term, so 6? ¥ estimates how much reason r being important affects a bank’s tendency to
tighten price or nonprice terms, conditional on tightening at least one term. We also run equivalent
regressions predicting the supply changes by reported reasons for easing lending policies (with
coefficients noted by an “E” superscript).

To ease interpretation, we group reasons into three buckets and aggregate the importance of
a particular set of reasons for changing price or nonprice terms by those buckets. The buckets
considered are: “Risk” reasons pertaining to the outlook, risk tolerance, and industry specific
problems; “Competition” reasons pertaining to aggression of competition from other lenders, and

“Capacity” reasons pertaining to secondary market liquidity or capital positions since those pertain
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to banks’ ability to hold loans on balance sheet or move loans off the balance sheet.® To aggregate,
note that the expected degree of tightening for variable y given a bank tightens at least one term
is:
E(y|Tightening something) = a&™¥ + Z Iy XTI,
reR

where X, is the share of banks that cite reason r as an important reason to tighten (as shown in
Figure 2). Equivalent expectations hold for easing. We aggregate by summing BATT YXT across rs
within a particular grouping to shed light no how much that grouping contributes to changes in
supply measures conditional on tightening or easing. A particular grouping is more important if
either banks are more likely to cite that reason as important (a high X;:F ) or a supply measure is
highly sensitive to that particular reason (a high Br ).

The outcomes of this decomposition are shown in Figure 3, while raw regression coefficients are
reported in Figure A.2. The height of the bars pertain to the expected change in nonprice or price
terms conditional on easing (first two columns) or tightening (last two columns) at least one term.
Reported signs for easing are flipped so that higher values pertain to more easing. The height of the
bars demonstrate that banks frequently tighten on both price and nonprice dimensions, whereas
when they ease they are about twice as likely to ease price terms as non-price terms. Regarding
reasons for the change, banks tend to tighten price and nonprice terms due to risk considerations.
The most important factor here is concerns about the economic outlook which is both the most
cited reason for tightening, and has the highest effect on the extent of tightening for both price
and nonprice terms (i.e., the highest ﬁA;F Y of the reasons for tightening). Meanwhile, banks tend to
ease price terms due to competitive factors. This effect reflects competition being both the most

common reported reason for easing, and the easing in price terms being particularly sensitive to

E,price
competition

other reason for easing price or nonrprice terms. Finally, to the extent that banks ease nonprice

whether banks cite competition as important: 3 is at least three times larger than for any

terms, the change is due to a combination of risk and competition related reasons.

Summary of self reported results Overall, the analysis of loan terms in Section 2.2 demon-
strates that lending standards and various terms tend to move together rather than get adjusted
independently. The first principal component, basically measuring what share of terms banks re-
port as tightening on net, accounts for about half of the variation in reported credit supply changes.
The second dimension distinguishing credit supply changes generally reflects whether banks tighten
on price or non-price terms.

Regarding why banks change supply, there is a stark asymmetry, with banks typically tightening
credit supply due to changes in concern about loan performance and easing credit supply due to
competitive pressures. This asymmetry in turn relates to how banks adjust supply. When banks
tighten supply, they tend to tighten both price and non-price terms, and attribute the change

to reasons related to credit risk. When banks ease supply, they tend to ease price terms, with

5We omit reasons related to liquidity positions and legislative, supervisory or accounting changes since those
questions were added later and restrict thus including them restricts the sample.
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Figure 3: Reasons for Changing Price and Nonprice Terms
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where r indexes reasons, XZ: b+ is an indicator for whether a bank cites r as an important reason to tighten, and

vb,¢ is Price indexp ; or Nonprice indexp ;. Each bar segment plots > B;F YXT for a particular partition R, of the
r€Ryp

reasons question: The Risk partition includes economic outlook, risk tolerance and industry specific problems; the
Capacity partition includes capital position and secondary market liquidity; and Competition includes the aggression
of competition from other lenders. The height of the bar estimates the supply response for an average bank (an X7
as in Figure 2) relative to one that reports no reasons in the partition as important. The sum of the bars, including
the intercept in grey, gives the average change in the Price or Nonprice index conditional on tightening at least one
term. Easing bars present equivalent estimates for banks that report easing at least one term, but with the sign
reversed so that higher values mean more easing.

Source: SLOOS.
competitive factors predominantly driving the easing.

2.4 Using linked SLOOS-Call Report-Y-14 data to assess causes and implica-
tions of credit supply

2.4.1 Methodology

To investigate what motivates a bank to change credit supply or how such a change manifests in
lending outcomes, we link SLOOS responses to banks’ Call Report and Y-14 filings. We then test
how trends in banks’ portfolios differ based on their reported changes in credit supply. Specifically,

5SL.OOS respondents are banks rather than holding companies. When matching SLOOS responses to Y-14, we
attribute the change in lending policies to the regulatory high holder.
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we run regressions of the form:
Ybt+h — Ybt—1 = " Net Tightening indexy, ; + FhXb,t + Tth + EI}zL,t (1)

where yp, 1+, — ypt—1 is the change in a balance sheet characteristic of interest—loan rates, origina-
tions, performance, or balances—in the i quarters since the SLOOS response. Net Tightening index, ,
is the measure described in Section 2.2, reflecting the share of queried terms that banks re-
ported tightening net of the share reported as having eased. X, is a set of controls including
Demand Index;;, measuring the bank’s reported net change in C&I loan demand in the quarter
(1 for stronger, 0 for unchanged, -1 for weaker), and one lag for the Net Tightening index and
Demand index. 7/ is a quarter fixed effect. As the quarter fixed effects account for macroeco-
nomic developments affecting demand and the demand control should capture more idiosyncratic
developments affecting demand (such as growth prospects in a bank’s markets), the estimate for
(" should reasonably reflect the effects of changes in underwriting policies on lending over time. In
some specifications, we replace the Net Tightening Index with measures that separate tightening
from easing or net tightening in price and non-price terms.

The inclusion of the time fixed effect means that {3} traces the expected movements in the
outcome variable y for banks that report tightening supply (on net) in quarter ¢ relative to banks
that leave supply unchanged. f reflects the estimated change in a given balance sheet item for a
bank that tightens along all loan terms. The ¢ = 0 response pertains to the quarter over which
banks indicated they changed standards or terms in the SLOOS.

This approach allows us to be agnostic as to the timing with which various balance sheet devel-
opments relate to changes in standards. This flexibility is important due to the non-trivial dynamics
involved. Supply decisions can both cause and be caused by certain balance sheet developments.
For example, weak loan growth can cause banks to expand credit availability, supporting subse-
quent growth. Tracing out trends both before and after banks change supply is informative about

the direction of causality.

2.4.2 How lending policies affect loan originations

We first use detailed contract-level data from the Y-14 to examine which terms actually move with
the Net Tightening index and how is it reflected in loan originations. Figure 4 presents evidence
that the fluctuations in the Net Tightening index resemble conventional changes associated with
the reduction of credit supply of credit: higher prices and lower quantities. The top-left panel plots
trends in the logarithm in the volume of new loan commitments, indexed to the quarter before the
SLOOS response, while the top-right panel plots loan rate spreads for new originations.”

The figure shows that a net tightening in credit supply has the expected effects, causing a
reduction in loan originations and an increase in loan rate spreads shortly after the change. Effects

at time 0 are modest (an insignificant decline in originations and no change in spreads), but this

"Spreads are to LIBOR/SOFR for floating rate loans and maturity matched treasuries for fixed rate loans.
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might be a timing issue. While banks report that lending conditions changed over quarter 0, we
don’t know when that change occurred. Consequently, we start seeing stronger effects in the quarter
after the SLOOS response, when the shift in credit supply would be in effect for the full quarter.
The estimates imply that a bank that tightened terms across the board would experience about 8
percentage point lower origination growth and increase loan rate spreads by about 8 basis points
relative to the period before the survey response. The increase in spreads is more persistent, with
spreads remaining elevated by about 10 basis points in quarters 2-5 before returning to normal in
quarter 6. Origination volume, in contrast, remains depressed by about 8 percent in quarter 2, but
normalizes by quarter 3.

While changes in lending volumes and prices are consistent with the expected effects of a supply
contraction, the magnitudes suggest that the change is not a simple shift in a supply curve. The
8 percentage point drop in originations against an only 8 basis point increase in interest rates
would imply an incredibly high demand elasticity. Instead these results suggest some change on
the extensive margin causing origination volumes to decline for reasons beyond less-favorable loan
pricing.

Are the effects of tightening and easing symmetric? The use of the Net Tightening index
imposes symmetric effects of supply changes (e.g., tightening an additional term reduces credit
as much as easing an additional one expands it). However, the analysis in Section 2.3 suggests
that tightening might not be the simple reverse of easing. The bottom panels in Figure 4 include
separate tightening and easing measures to accommodate potential asymmetries.

The figures show that, directionally, tightening and easing do indeed have opposite effects on
origination volumes and pricing, but the magnitudes differ. Tightening reduces origination growth
by about twice as much as easing increases it. In contrast, easing reduces loan rate spreads by
about twice as much as tightening increases them. These patterns align with some of the previous
results surrounding asymmetries between tightening and easing. Loan volumes being more sensitive
to tightening than easing is consistent with tightening being more risk-motivated, as banks looking
to reduce risk exposure are more likely to reduce credit on the extensive margin. Likewise, rates
being more sensitive to easing is consistent with competition-motivated decisions, as lower rates
may be needed to compete with other lenders.

How does the composition of originations change? Given some of the non-price terms included
in the Net Tightening index, one might expect that origination activity changes beyond simple
changes in volumes or pricing (e.g., changes in collateralization, size, maturity, or borrower risk
ratings). Likewise, the large drop in origination volumes suggests a potential decline in approvals
that could change the compostion of borrowers.

Figure 5 presents estimates of 3! from equation (1) for several variables pertaining to average
characteristics of a bank’s C&I loan originations: the share of new commitments that (i) have
full or partial guarantees from a guarantor, (ii) are not classified as leveraged loans, (iii) have an
investment grade internal risk rating (BBB or better), (iv) have a loan term under 3 years, (v) are

secured by a first lien on collateral, and (vi) are to a relationship borrower (a borrower for which
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Figure 4: Trends in Originations and Rates Around Tightening
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there is a record of previous borrowing in the Y-14). Each of these variables are constructed so
that higher shares would generally be considered reflective of tighter credit. The estimates of 3*
for each variable thus measure the extent to which banks that reported tightening terms in the
previous quarter actually tightened credit along the particular non-price dimension (relative to the
quarter before reporting). We report the ¢ = 1 effect since the change in pricing and origination
volumes appeared with a one quarter lag.

Overall, reported changes in terms do not strongly relate to any of the studied terms/borrower
characteristics. Nothing is significant at even the 10% level, and point estimates are modest. The
largest predicted effect is that a bank that reports tightening along all queried dimensions (Net
Tightening index= 1) reduces the share of originations that are considered leveraged loans by about
2 percent. The other effect sizes range from -1 percent to 1 percent and are far from statistically
significant.

Figure A.3 presents equivalent estimates but separately estimating the effects of tightening and
easing (left chart) or separately estimating the effects of tightening price and non-price terms (right
chart). There is still limited evidence of changes in non-price terms or borrower composition. The
only effects that are statistically significant at the 10% level are declines in leveraged lending for
banks that tighten non-price terms on net or banks that tighten terms (i.e., the coefficient estimates
on Non-price index and Tightening index, respectively).

The lack of a change in non-price terms or the composition of borrowers may be somewhat
surprising given that changes in credit supply are often motivated by risk management consid-
erations. However, it is possible that banks are predominantly adjusting lending policies along
difficult to observe dimensions. Some changes in risk characteristics, such as covenant stringency,
are unobservable or difficult to measure. Likewise, even if banks do not make more loans with
guarantees or first lien collateral, there can be subtler changes in the strength of guarantees (e.g.,
stronger guarantors) or collateralization (e.g., lower LTVs). Finally, if tighter credit takes the form
of greater screening effort, this change would presumably make loans safer along dimensions that

are unobservable to the econometrician rather than changes in readily observable risk metrics.

2.4.3 Portfolio-level dynamics

We now turn our attention to portfolio-level developments surrounding changes in lending policies.
This work uses information from the Call Reports and thus covers a larger sample of banks and
longer time period than analysis of the Y-14 data. Due to the longer available time series, we
expand the time horizon to cover the two years before the change in lending policies out to five
years after the change.

To preview the results, we find that in the quarters after banks report a net tightening in
C&I policies, they tend to experience slower C&I loan growth and worse loan performance. When
we analyze asymmetries in the effects of tightening and easing, we find patterns consistent with
those in Figure 2. Namely, tighter policies are strongly associated with performance deterioration

(consistent with tightening being driven by credit risk considerations) and easing in lending policies
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Figure 5: Changes in non-Price Terms
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borrowing in the Y-14. Red dots and lines present point estimates and 90% confidence intervals for § for a particular
loan term. Standard errors are clustered by quarter.

Sources: SLOOS, Y-14.
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are precipitated by weak loan growth (consistent with elevated competitive pressures).

Effects of Net Tightening Figure 6 plots regression estimates for trends in the following vari-
ables around a change in C&I lending policies: C&I loan balances (top-left), total loan balances
(top-right), non-performing loan rates (bottom-left) and cumulative net charge offs since time ¢t = 0
(bottom-right).

Panel (a) plots merger-adjust C&I loan growth since the quarter before the survey response.
C&I loan balances start to fall after banks tighten policies on net. A bank that tightens all queried
terms is estimated to have loan growth that is roughly 4 percentage points lower after a year, and
nearly 10 percentage points lower after 5 years, each relative to a bank that reports not changing
their lending terms.

Panel (b) plots equivalent estimates for overall loan growth. Thought the measure of net
tightening in loan terms is C&I specific, Figure 2 demonstrates that many of the common underlying
reasons for changing C&I lending policies are not necessarily C&I specific (e.g., changes in concern
about the economic outlook or risk tolerance). Consequently, banks that tighten policies might see
other types of loans decline as well. We indeed see that overall loan growth declines after banks
tighten C&I policies, albeit by only about half as much as for C&I loans: a unit increase in the
Net Tightening index reduces total loans balances by about 2 percentage points after 1 year and 5
percentage points after 5 years.

Panels (c¢) and (d) show that C&I nonperforming loan and net charge-off rates, respectively,
both rise following a tightening in C&I lending policies. A unit increase in the Net Tightening index
is associated with a roughly 25 basis point increase in non-performing loan rates in the year after
the survey response. The nonperforming loan rate then remains persistently elevated, suggesting
that resolutions of troubled loans are offset by continued instances of default. This deteriorating
loan performance prompts a steady rise in cumulative charge-offs in the years following tightening,
reaching about 28 basis points (as a share of the C&I loan portfolio) after 3 years.

Additionally, Figure A.4 demonstrates the merit of accounting for the range of terms that banks
report adjusting. Each panel presents equivalent analysis, but adding additional controls for the
reported net tightening in lending standards—the measure of credit supply emphasized in most
of the previous literature using SLOOS to measure credit supply fluctuations. Tighter lending
standards are not associated with weaker credit flows when the broader Net Tightening index is

included in the specification.

Asymmetric effects Finally, we investigate whether there are asymmetric effects of tightening
and easing. Figure 7 presents estimates breaking the Net Tightening index into the Tightening and
Easing indexes.

The main take away is that patterns in loan growth and loan performance are consistent with
mechanisms implied by the asymmetric reasons for tightening and easing (i.e., easing being driven
by competitive factors and tightening by risk considerations). First, we see a decline in C&I loan

balances in the couple of years before banks report easing C&I lending policies but no increase before
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Figure 6: Trends in Portfolios Around a Change in Supply
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nonperforming loan rate in ¢, and cumulative C&I loan charge-offs in d. The sample covers the period from 1990 to
2025.

Sources: Call Reports, SLOOS.

tightening (top-left panel). This outcome is consistent with banks easing policies to stem balance
declines due to competition from other lenders. C&I loan balances increase after easing, indicating
that the change in policies indeed supports loan growth. Additionally, the fact that loan balances
more broadly do not increase when banks ease policies is consistent with easing reflecting factors
specific to the C&I market (i.e., loan competition) rather than cross-loan-category developments
such as changes in the economic outlook or risk tolerance (top-right panel).

Second, tightening is more strongly associated with changes in loan performance than easing.
Banks that tighten policies observe a sizeable increase in nonperforming loan rates shortly after
tightening (bottom-left panel), and steady rise in cumulative charge-offs over the following years
(bottom-right panel). In contrast, changes in loan performance following an easing of lending poli-
cies are smaller, typically statistically insignificant, and inconsistent across performance measures
(nonperforming loan rates rise but charge-offs fall).

Third, loan balances respond more to tightening than easing. A given tightening in policies
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Figure 7: Trends in Portfolios Around a Change in Supply, Asymmetry in Tightening
and Easing
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reduces C&I loan balances after tightening by roughly twice as much as easing increases balances.
This difference may reflect a combination of tightening entailing more of a change in the extensive
margin (i.e., fewer approvals) and the fact that banks that ease are facing greater competitive

pressures that might have resulting in lower C&I balances independent of changes in policies.®

8Regarding the first effect, tightening is more correlated with the Non-price index than the Price index, whereas
easing bears a stronger correlation with the Price index. Since the non-Price index includes changes in standards for
loan approvals, this might cause tightening to pick up more extensive margin changes. Indeed Figure A.5 shows that
the decline in C&I loan balances after tightening is more pronounced when it is non-price terms that are tightened,
though the difference goes away at longer time horizons.
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2.5 Summary of empirical results and implications for quantitative model

This section summarizes the empirical results and describes how these results inform the structure
of the model we introduce in Section 3. We organize this summary around three questions: (i) why
do banks change lending standards? (ii) what do banks do when they change lending standards?
and (iii) what happens after banks change their lending standards?

2.5.1 Why do banks change standards?

Figure 2 reveals a stark asymmetry in banks’ self-reported motivations for adjusting lending stan-
dards. When tightening, banks primarily cite risk factors (e.g. deteriorating economic outlook,
reduced risk tolerance, industry-specific problems); by contrast, when easing, they primarily cite
competitive pressures (e.g. increased competition from other lenders). These survey responses are
borne out in the “hard” data on bank financial statements and portfolio construction. For example,
Figure 6 shows that banks experience rising nonperforming loan and charge-off rates after tighten-
ing lending policies, consistent with the realization of elevated credit risks, while banks that ease

policies experience weak loan growth beforehand, consistent with competitive pressures.

Model implications We capture these asymmetric forces in our model by setting up two distinct—
but potentially related—channels. On the risk side, banks are uncertain about the quality of the
loan applicant pool they face; Rather than observing pool quality directly, they learn about it over
time, making inference based on realized loan returns given their loan policies. Tighter lending
policies can reflect negative signals about credit quality that materialize as weaker loan perfor-
mance even though the effect of the tighter policies themselves is to improve the quality of new
loans. Though the empirical work focuses on the cross-section, the model is designed to study the
dynamics associated with both idiosyncratic and aggregate shocks to pool quality.

On the competition side, banks compete monopolistically, choosing loan rates given demand
curves that depend on terms set by other banks and a non-bank financial sector. Banks may
experience both idiosyncratic and aggregate demand shocks: the former reshuffles loan demand
within the banking sector, while the latter—say from a price reduction by the non-bank sector—

reallocates demand across financial sectors.

2.5.2 How do banks implement changes in standards?

The empirical results indicate that the two key dimensions when characterizing changes in lending
policies are whether banks are changing price or non-price terms (Figure 1). These methods of
adjusting supply also relate to the primary motivations for changing supply; competitive pressures
tend to motivate easing in price terms, while concerns related to loan performance tend to affect
both price and non-price terms. This asymmetry appears in both banks self-reported changes in

lending policies (see Figure 3) and in the hard data (see Section 2.4).
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Two additional patterns suggest that screening may be central to changes in non-price terms.
First, reported changes in lending policies have low correlation with changes in contractual terms
(maturity, collateral), highlighting the role of the extensive approval margin over intensive adjust-
ment of contractual features. Second, changes in lending policies relate weakly to borrower credit
ratings, suggesting that banks may be working harder to identify risky borrowers rather than change

their willingness to lend to known risky borrowers.

Model implications Both price and non-price terms are important modes of adjustment. Our
model parsimoniously captures these separate channels by allowing banks to make two separate
loan-side policy choices: loan rates (price) and approval rates (non-price). We implement a mean-
ingful approval margin using an intensive screening margin, which implies that banks can cut loan
supply by investing in weeding out more bad borrowers rather than raising rates across all borrow-
ers. We focus on screening as the relevant non-price term based on the observations that reported
changes in lending policies (i) affect loan volumes more than pricing, and (ii) relate weakly to
origination terms and borrower credit ratings.’

As explored below, this dynamic separates our work from much of the existing literature on how
banks respond to economic shocks. This allows our model to match the empirical observation that
upon tightening, loan volumes change without meaningful changes in loan rates more. Importantly,
we design the model so that risk concerns lead banks to adjust both margins, raising rates and
increasing screening intensity, with screening effects being quantitatively larger. Competition con-
cerns, in contrast, operate predominantly through pricing, with banks lowering rates to maintain
market share while keeping screening standards. This reflects the empirical pattern that tightening

affects both dimensions while easing operates predominantly through pricing.

2.5.3 What happens after banks change standards?

A sharp implication of Figure 4 is that volume effects far exceed price effects when banks tighten:
loan originations decline by approximately 1 percentage point per 1 basis point increase in loan
rates. When banks ease, this effect primarily shows up as a reduction in loan rates at origination.
Another important feature of the data is that banks still observe increases in charge-off rates well
after tightening standards. This suggests that while banks can identify and respond to an increase
in portfolio risk, they generically cannot eliminate its adverse effects. This suggests either imper-
fect learning, imperfect screening, or the simple fact that certain loan outcomes take considerable
time after origination to materialize. Notably, non-performing loan rates increase and then return
to normal more quickly, further suggesting that banks can intervene more successfully on new

originations.

9Specifically, the decline in loan volumes suggests a change in approvals that causes loan volumes to fall independent
of pricing. The lack of a response in origination characteristics observable to the econometrician suggests that
the decline in volumes reflects banks increasing their identification of weak borrowers rather than decreasing their
willingness to lend to such borrowers (and causing a shift to observably safer loans).
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Model implications The model features described to this point allow for the possibility of these
outcomes, but do not impose them. This implies that the ability to endogenously generate these
asymmetric patterns can provide key quantitative discipline on the model. This is discussed in more

detail in Section 4, when we map the model to the data and validate its quantitative performance.

3 A Quantitative Model of Lending Standards

This section develops a model with financially constrained, heterogeneous banks capable of con-
fronting the above observations about credit supply dynamics. The data require that the model
must deliver two novel features. First, it must disentangle lending standards from loan quantities
and prices. To this end, we introduce a screening or loan approval decision for banks. Second, the
model must capture the asymmetric response of standards to risk and competitive factors: banks
should tighten in response to deteriorating loan performance and ease in response to competitive
pressures. For the former, we introduce learning into the banks’ screening decisions: banks adjust
their priors about how effectively they screen out bad borrowers in response to realized portfolio-
wide loan returns. For the latter, we allow for competition both between banks within the banking

sector and between banks and non-bank lenders.

3.1 Environment

Basics We consider a stationary economy populated by a unit mass of monopolistically com-
petitive banks, a unit mass of competitive non-banks, and a unit mass of entrepreneurs.'’ Since
entrepreneurs demand loans from both banks and non-banks, we use the terms “entrepreneur”
and “borrower” interchangeably in what follows. Since the model is designed to understand credit
supply dynamics, we treat the entrepreneurs and non-banks as effectively static in their decisions.

Time is discrete and infinite, and there is a single good. The (exogenous) risk-free rate is .

Entrepreneurs There are two types of entrepreneurs. Good entrepreneurs (population share
1) operate a decreasing returns to scale technology which takes capital k& and labor n as inputs.
Output is f(k,n) = k'n" with v+ n < 1, and profits net out factor costs g(k,n) = Tk + wn given
the exogenously specified rental rate on capital 7 and wage rate w. Entrepreneurs have no internal
funds and operate their technology subject to a working capital constraint: they must finance a
fraction k of their total input costs g(k,n) with loans.

Bad entrepreneurs (population share 1 — y,) operate no technology and simply abscond with a
fraction A of the funds lent to them. Therefore, no lender will lend to an entrepreneur identified
as the bad type. Since the stolen principal represents a private benefit to bad types, though, they

still optimally demand loans. The only equilibrium in which bad types can obtain credit, then, is

0We focus on a stationary model since our empirics use quarter fixed effects and so highlight cross-sectional
variation. The set-up is similar to that in ?.
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a pooling equilibrium. Therefore, critically, bad borrowers will mimic good borrowers in their loan

demand: any other behavior would reveal them as bad types and lead to rejection.

Loan demand Individual borrowers’ total debt L is a constant elasticity of substitution (CES)
aggregate of borrowing from the bank and non-bank sectors, L, and L,, which are in turn CES

aggregates of borrowing from individual banks and non-banks, L;; for sector ¢ and insititution j:

e—1
e

R =
L= [Z G L ] where L; =
)

The parameters € and ¢; govern the elasticity of substitution between sectors and specific institu-

1 1 é—1 Tll
/0 wi‘;i Lijd"' dj for i € {n,b} (2)

tions, respectively. The parameters (; measures the intensity of sector ¢ in the demand for total
loan services. Since we assume that all non-banks behave symmetrically and competitively, we do
not explicitly model the non-bank sector other than to assume that they lend at composite interest
rate r, = ry + tp, Where ¢, represents the sectoral spread over the risk-free rate. That is, we do
not directly specify ¢, or {wp;}. To conserve notation, we define ¢, = ¢ and {wy;} = {w;}. We

assume that the bank-level demand shifter w follows an AR(1) process summarized by G, (w';w).

Applicant pool quality The applicant pool at each bank is a random sample from the pop-
ulation: the share of good types applying to each bank is p. Overall quality p = py + p, is
the sum of a fundamental component, p¢, and a noise component, p,. We assume that while
banks can infer p by observing approval rates and loan returns (described below), they can-
not separate the two components. The fundamental component is drawn from a distribution
Gpi(pfs o 0p;) = Npips,05,), where N denotes the normal distribution, and likewise the noise
component follows G, (pn; lp,,0p,) = N (tp,;0p,). We assume that 1,, = p, and that pu,, =0
to ensure that the economy-wide applicant pool (integrating across all banks) still has mean .
The overall dispersion in applicant pool quality across banks is measured by ag = ag ;T Ugn. Each
period, a bank draws a new fundamental component with i.i.d. probability 7, ,: when this shock

hits, a bank knows that it has drawn a new py, but not what the new py is.

Screening technology We assume that the bank correctly identifies all good types, but correctly
identifies and screens out only a fraction J(s) of bad types, where s is the bank’s chosen screening
intensity. Screening incurs a per-application cost c¢(s), which is increasing, convex, and satisfies
¢(0) = 0. The function d(s) is strictly increasing (and therefore invertible), concave, and satisfies
§(0) = 0.1 For a given mass of applicants, then, the share of applications approved by a bank with

applicant pool quality p that screens at intensity s is

a(p;s) = p+ (1= p)(1—d(s)) 3)

117 it does not screen, the bank incurs no costs, but does not weed out any bad applicants.
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A higher-quality applicant pool raises the approval rate for any screening level, while increased
screening lowers the approval rate for a given applicant pool. Therefore increases in both pool

quality and screening increase the share of good borrowers in the pool of approved loans,

~ p
plp;s) = 4
(63) a(p; s) @
Loans, returns, and inference These technologies imply that the lending policy (r,s) fully

determines both its total loan volume ¢ and its per unit loan return 7’ conditional on p:

U'=Lpir,s,w) = alp;s)L(r;w) (5)
' =R(p;r,s) = rp(p;s) — A1 = p(p;s)) (6)

Equation (5) defines the quantity of funded loans as the product of the amount L lent to each
approved loan and the share a of the total borrowers the bank faces. Equation (6) reflects the fact
that if the bank charges loan rate r, it will earn 1+ r on all loans to good borrowers (share p), and
1 — X on all loans to bad borrowers (share 1 — p). Since p is unknown at the time at which the rate
and screening policies are chosen, the realizations of both ¢ and r’ are uncertain ex ante.

After observing either ¢ or 7/, then, a bank can use either (5) or (6) to infer the share of good
types to whom it lent last period, p. Given the timing of the model, we present inference as based
on /. Since our assumptions on ¢ imply that « is invertible in p conditional on s, the bank can

infer the pool quality it faced in the current period according to:

1 ¢
L(r,w
(riw) (7)

/. 1
,0(6,7",8,0))—1 5(8)

where the right-hand side represents the inverse of «(-) for a fixed s. Since equation (7) defines a
one-to-one mapping between ¢/ and p, we may analyze the uncertainty a bank faces with respect

to either: in what follows, we choose p, consistent with the banks’ information sets.

Learning A key friction in the model is that a bank directly observes only the composite p,
rather than py and p, separately. In this environment, then, a bank infers its fundamental p; as
best it can in order to correctly assess its applicant pool quality. Suppose that a bank has inferred
a sequence P = {p;}_; of realizations of p of length h with sample mean p = h~* Z?Zl Py since it
last drew a new py. Given our distributional assumptions, p and h are sufficient statistics for what
a bank needs to know about P to assess its applicant pool.'? As a result, a bank’s posterior beliefs

about its py can be represented by the normal distribution A (ﬂp + (P h), 6, f(h)), where

ho? p+ 02 u o2 o?
;f - - P; Pf and a'pf(h)z — - 2Pf+Pn2 (8)
O-pf Upn pr Upn

:apf (ﬁ? h) =

12This formulation adapts a similar structure in the context of heterogeneous firms from Senga (2022).
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Since banks infer p by (7) and do not observe py and p, separately, it is useful to define the posterior
distribution of p. Since py and p, are independent and normally distributed and j,, = 0, then,
the bank perceives that p ~ F,(p; 5, h) = N (f1,(p, h),5,(h)) where

fip(p.h) = fip (p; ) and  G,(h)* =6y, (h)* + o, (9)

Upon observing that p; has been re-drawn, the bank has no observations to use to update its beliefs:
therefore, its beliefs coincide with the primitive distribution, i.e. fi,(p,0) = p, and 6,(0) = o,. As
h — oo, p — py (which implies that fi, — py) and 6,,(h) — 0 (which implies that 6, — 0,,).

Bank financing and constraints Each bank uses its net worth or internal financial capital n,
newly issued equity e < 0, and deposits d’ > 0 to make loans. Deposits are risk-free (insured)
and issued at exogenous rate rg for all banks. We assume rq < ry, reflecting a liquidity premium
on deposits. Banks value dividends e > 0 and face costs of issuing equity: we follow the dynamic
corporate finance literature and model banks’ preferences for dividends via the increasing function
1(e). The value of positive dividends is simply ¥ (e) = e, but equity issuance is costly: that is,
Y'(e) > 1 for e < 0. Banks face a regulatory capital constraint that specifies that total lending,
scaled by a factor x, may not exceed the total value of equity, reflecting the current period’s lending
and financing decisions. Finally, we assume that each bank exits with exogenous probability 7. at

the beginning of the period. In the event of an exit, the bank pays out its net worth as a dividend.

Timing The timing of the model within a period is as follows:
1. Banks realize returns r’ on loans made in the previous period.

2. Bank exit shocks are realized. Exiters are replaced with new banks with n = n., a draw of

ps from G,,, and a draw of w from G, the ergodic distribution of G.,.
3. Active banks learn whether they have drawn a new py.
4. Banks learn their new demand shifter shocks w.
5. Banks choose a lending policy (r, s).
6. Banks realize ¢’ and infer their current p, using this to update their beliefs F),.

7. Banks choose a financing policy (d', €).

3.2 Equilibrium
3.2.1 Entrepreneurs’ problem

Given the fact the bad types must mimic the good types, we can derive entrepreneurial loan demand

by considering the problem of the good entrepreneurs. Taking the set of loan rates {r;} across all
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banks j € {0,1} and the non-bank loan rate r, as given, the entrepreneur chooses total loan demand

and factors of production according to

1+7
E.n) — gk L—
glﬁicf( ;n) —g(k,n)+ T+,

L subject to: L > kg(k,n) (10)

The entrepreneur’s objective function in (10) trades off static profits from production today against
required loan repayments tomorrow subject to the working capital constraint. The loan rate index
7 is a CES aggregate of the sector-specific rate indices r,, and 7y, defined below.

At the same time, the entrepreneur sources a given quantity of total loans L at the lowest

possible cost, solving the set of nested cost minimization problems given the aggregators in (2):

€

1 e—1 e—1
I{nir}l (1+7;)L; subject to [Z (FLe ] > L (11)
L; - -
7 (2
1 11 e 735
{niun}/ (1+17i;)Lijdj  subject to [/ wi‘;Liﬁ dj] > L; (12)
i1 Jo 0

Our functional form assumptions for f and g yield the following closed-form demand system:

L) = @@ |
L K(y +m) Lt (13)
1+/@<1+rf>
Lirar) = 6(To2) L) (1)
N\ ¢
Lytrgirar) = i (T5) L) (15

where the aggregate and bank-sector-specific price indices are defined by standard CES aggregates:

1
1—¢

l+r, = [ZCi(lJrTi)l_E] (16)

1 e
1+r = |:/ wij(l + Tij)1_¢dj:| (17)
0

Equations (13), (14), and (15) correspond to the aggregate, sector, and lender-specific loan demand,
respectively. Equations (16) and (17) define the aggregate and sector interest rate indices which
serve as the “benchmarks” in the CES demand functions above.

3.2.2 Banks’ decision problem

Exit and demand shocks Let V(n,w,p, h) denote the value of a bank with net worth n, demand
shifter w, and posterior beliefs summarized by p and h at the lending phase. Let W (n,w, p, h) denote
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the value after loan return realizations and belief updating at the beginning of the period:
W(n,w,p,h) = (1 —me)(n) + 7Te/ [(1- Tp )V (0,0, 5, h) + 7, V(n, o', pp, 0)] dGy(w';w) (18)
Q

The first term in (18) reflects exit. A surviving bank that retains its py enters the lending phase
with its existing state; one that draws a new p; keeps its financial state, but re-adjusts its beliefs.

In either case, the bank takes expectations over the realization of its demand shock, w.

Lending phase At the lending (L) phase, a bank solves:

Vi(n,w,p,h) = max/VF 5o, w, 0 ho+ 1) dFy(p; b, h) (19)
subject to: [demand] L(p;r,s,w) for all p (20)
[returns] ' =R(p;r,s) for all p (21)
[net worth] n' =n—c(s)L(r;w) (22)

W5
[belief updating] 7 = h”j 1” for all p (23)

The objective function (19) reflects the bank’s expected payoff across all possible realizations of p,
weighted according to the bank’s current beliefs about its screening ability. The value function at
the financing phase, J, is conditional on the updates of the bank’s states implied by its choices and
realization of p. The lending policy (r, s) pins down the actual loan volume and returns across all
p, as described in constraints (20) and (21). Since the bank must finance screening costs per loan
application, net worth at the financing stage is n — ¢(s)L(r;w), defined in equation (22). Lastly,
equation (23) is a recursive formulation of how the average of the sequence of p realizations will be

updated upon the next realization.

Financing phase After realizing p (and ¢ and '), the bank must choose how to finance its loans:

Vel 7" n,w,p,h) = nax ¥(e) + mw(”/7wvﬁ, h) (24)
subject to: [budget] +e<n+d (25)
[capital requirement] <t —d (26)

[net worth accum.| n =0+ -1 +ryd (27)

The objective function (24) reflects the bank’s current flow valuation of dividends and the discounted
expected continuation value associated with its current choices. Note that there is no uncertainty
in this phase (other than that already accounted for in W). The budget constraint (25) states
that total lending plus any dividends paid out must come from the bank’s internal capital or
deposit issuance. Issuing equity (e < 0) eases the budget constraint. Equation (26) is the capital

requirement. Equation (27) is the law of motion for the bank’s net worth, which is comprised of
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the net profits from this period’s lending and deposit financing.

3.2.3 Evolution of bank distribution

To conserve notation, we summarize the bank state at the lending phase by x = (n,w,p,h). We
denote the optimal policy for choice variable y in the bank problem by g,(z). Choices at the
financing stage depend on the realization of p in addition to the lending phase state x, and so we
adopt the notation gy (p;x) for these policies.

Given a current distribution of banks over states m(n,w,p, h), the mass of banks next period

with a particular state (n’,w’, 0, h') is

m'(n,w', 0, h) = ﬂ'e[/Gw(w/;w(‘r))/l [0 =7 (p; g (), 9s(x), gar (p; x)))]
x P

X (7Tpf1 [ﬁ = Hp; W= 0] + (1= 7TPf)]-[ﬁ/ = ﬁ(ﬂ? p(x), h(x)), h' = h(z) + 1])
XdF, (p; p(x), h(x))dm(a)]
+(1 = 7)1 [0 =ne, p = pp, B = 0] Guy(w) (28)

where the function 7(p; r, s, d’) encodes the law of motion for net worth defined in equations (22) and
(27) and the function p(p; 5, h) encodes the law of motion for beliefs defined in equation (23). The
two integrals reflect that we integrate over both the current distribution of banks over states and
the realizations of p. The first three lines in equation (28) account for the evolution of incumbent
banks. The demand shifter w evolves exogenously and independently of the realization of p. Net
worth evolves dependently on both the realization of p and the banks’ choice of loan rate, screening,
and deposit policies. Both the demand shifter and net worth evolve independently of whether or
not a new py is drawn next period. The terms on the second line account for belief updating.
If the bank draws a new py, its beliefs reset independently of the realization of p; otherwise, the
realization of p is folded into the posterior distribution. The last line in equation (28) accounts for
entrants, which replace exiting banks. Entrants begin with net worth n., a demand shifter drawn
from the ergodic distribution implied by G, and a new draw of py: therefore, their beliefs are

consistent with the unconditional distribution of p.

3.2.4 Definition of equilibrium

A stationary recursive equilibrium in this environment is a list of: (i) entrepreneurial loan demands

{L.{Li, {Lij(x)}jepo,1) biegn,py }: (i) bank value and policy functions {{Vi(z)}reo,r,ry> {9y (2) byetrsar }s
(iii) a distribution of banks m(x); and (iv) loan rate indices {rr, {i}ic{np}} Such that

1. entrepreneurs optimize: taking all loan rates as given, good types solve the entrepreneurial
problem in (10), (11), and (12). That is, aggregate loan demand L satisfies (13), sectoral
demand L; satisfies (14), and bank level demand L;; satisfies (15) for all banks. Bad types

mimic the good types;
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2. banks optimize: value functions and optimal policies solve the problem (18) — (27);
3. bank distribution is stationary: m(z) is a fixed point of the operator defined in (28); and

4. rate indices are consistent: the bank loan rate index 7, defined in (17) is consistent with
the distribution m(z); that is, 1+, = [ [ w(z)(1 + g,(2))'~?dm(z)] 7-?. The aggregate loan
rate index ry, is defined by (16), where r, = r¢ + ¢,.

4 Mapping the Model to the Data

We calibrate the model in two phases. First, we assign a subset of the parameters to standard
values in the literature or values directly measured from data. Second, we calibrate the remaining
parameters to match a set of target moments describing key relationships in the data. The model

period is quarterly.

4.1 Functional forms

We first describe the functional form assumptions we make in our quantitative model that are not
directly implied from the analysis in Section 3. We assume that banks’ equity issuance cost /

dividend valuation function takes the form

e ife>0
P(e) = . (29)
(1+¢)e ife<0

where the parameter ¢ > 0 governs the relative costs of equity issuance. The kink at 0 in equation
(29) implies an inaction region where a bank neither pays dividends nor issues equity. We assume

that the screening cost function is quadratic in screening intensity:

[\

o(s) = e% (30)

where ¢ > 0 governs the marginal per-unit-of-lending cost of exerting screening effort. We assume

that the banks’ screening technology is summarized by the function:

i(s) = = (31)

which is increasing, concave, bounded between 0 and 1, and where 6 governs the elasticity of
the share of good types with respect to effective screening. We assume that the process G, is
summarized by a mean parameter p,,, which we normalize to 1, as well as persistence parameter p,,
and standard deviation parameter o,. We discretize this process using the Tauchen method with

N, grid points.
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4.2 Externally assigned parameters

Production and exogenous prices We assume an annualized risk free rate of r; = 2%, consis-
tent with the recent long run average, which implies a quarterly risk-free rate of 7y = (1+ r})i —1.
Consistent with the fact that bank deposits pay interest rates below the risk-free rate, we impose an
annualized deposit liquidity premium of v* = 17 bps: the annualized deposit rate is 7§ = r? —v%and
the quarterly version is rq = (1 + 7“3)% — 1. We set the total returns to scale for the entrepreneurs’
production technology to v +n = 0.95, and then set ’YWTW = 0.4 and # = 0.6 to be consistent
with 40% capital and 60% labor shares on the non-profit share of income. We set the exogenous
(annualized) rental rate on capital to 7 = 9% to be consistent with the 2% real rate and a 7%
(annualized) depreciation rate, and then set the wage rate w to normalize marginal total factor

costs to one.

Bank technology and regulation Given that the quarterly average failure rate of banks is
0.72%, and that all bank exit in the model is exogenous, we set 7. = 1 — 0.0072. Following current
Basel bank regulation standards, we set the capital requirement to x = 8%. We set the non-bank
loan spread over the risk-free ¢, % to be consistent with the average spread on Aaa-rated corporate
bonds over the Treasury rate to capture an intermediation premium in this sector. We set the loss
rate on loans to bad types, A, to be consistent with an aggregate charge-off rate of 3% given our
target default rate of 10%.13

Bank demand process We normalize the mean of the demand shifter process, u,, to one.

Motivated by our demand specification (15), we estimate log-linear regressions of the form
logLj; = a; — ¢(’I‘j,t — ?t) +log Ly + €54, (32)

where Lj; is bank j’s lending at date t, rj; — 7 ~ log(1 + ;) —log(1 +7;) is bank j’s spread over
the average bank loan rate at date t, 7y = J 15 Tt and Ly =Y j L;; is aggregate bank lending

at date t. Given estimated residuals I@t = aj + € ¢, we then estimate

—

l@t = pologw;—1 + v, where v ~ N(0,0,) (33)

4.3 Internally calibrated parameters and targets

We discipline the remaining 11 model parameters using two sets of targets. The first set of targets
are purely cross-sectional, consisting of first and second moments which inform banks’ lending and
financing policies as well as their steady state distribution across idiosyncratic states. The second
set of moments may be thought of as panel moments, which are directly informed by the event

studies around tightening events in Section 2.4. Our estimator is over-identified in the sense that

13This approach uses the fact that A may be interpreted as “loss given default” (LGD) and the default rate as
“probability of default” (PD), and so the charge-off rate is PD x LGD.
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Table 1: Summary of calibration

Parameter Value Notes

A. Externally assigned parameters

annualized risk-free rate $ 2% sample average (ry = (1 + r?)% -1
a a

deposit liquidity premium v 0.17%  sample average, CITE (r§ = r¢—v )

annualized rental rate 7 9% 2% interest + 7% depreciation, 7 = (1 4+ F“)% -1
wage rate w 3.78 normalize total factor costs to 1

capital share ~y 0.38  capital share = 40% (given 5% profit share)
labor share 7 0.57  labor share = 60% (given 5% profit share)

bank survival probability me  99.28% sample average, quarterly bank failure rate
capital requirement X 8% Basel minimum

mean demand shifter e 1.0 normalization

non-bank loan premium ln 1.5%  maturity-adjusted Aaa spread over Treasury rate
loss given default A 0.1 charge-off rate = 3%

persistence, demand shifter  p, 0.9 directly estimated

std. dev, demand shifter Ow 0.5 directly estimated

B. Internally calibrated parameters

Target Data Model
pop. share of good types o 0.9 default rate 10%
std. dev. of fundamental py o, 0.1 cross-bank dispersion in default rates  2.0%
std. dev. of noise p, Opn, 0.1 event study, loan originations see figure X
prob. draw new py Ty 0.1 event study, loan rates see figure X
elasticity, screening tech. 0 1.0 non-interest expense ratio 4.6%
working capital parameter K 1.0 business debt to GDP ratio 71.5%
screening cost function c 0.2 net dividend payouts / NW 5.8%
equity issuance cost ) 0.2 gross equity issuance / NW 1.1%
elasticity between banks 1) 2.0 mean net interest margin 3.5%
elasticity between sectors € 1.5 std. dev.net interest margin 1.5%
non-bank demand weight Cn 0.1 bank share of debt 40.0%

average bank leverage 88.7%

Notes:

the number of target moments (26) exceeds the number of parameters (11). We describe each set
of targets in turn, as well as their relationships to key parameters in the model, though of course

all parameters in this model are jointly determined.

Cross-sectional moments As discussed in Section 2.5, our model is designed to allow for two
margins of adjustment by banks: pricing (via the loan rate r) and approvals (via screening intensity
s). These margins directly inform banks’ profitability and risk profiles, and so in order for our model
to provide a suitable quantitative laboratory, it must generate realistic outcomes along both these
dimensions. The other key decision banks’ make is how they finance the loans they make. Although
this has been less of an explicit focus of our analysis to this point, generating realistic financing

patterns is critical to ensure that our model performs well along the aforementioned profitability
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and risk dimensions, since both these choices interact with financial constraints.

Panel B of Table 1 includes 8 moments which summarize banks’ profitability, riskiness, and
financing patterns. In terms of profitability, we target banks’ average net interest margin (NIM),
as well as the average cross-sectional dispersion in NIM. Banks’ NIMs reflect both default risk
premia and market power. In an environment with monopolistic competition and heterogeneity in
the (endogenous) degree of financial constraints like ours, then, these moments help inform both
the distribution of borrower risk (e.g. parameters like 1, and U§ = ag ;T ozn) and the degree of
substitutability both within the banking sector and between the bank and non-bank sectors (e.g.
parameters such as ¢, €, and (,). We take a similar approach for the default rate, targeting both
the average and the dispersion across banks, further informing the parameters which govern the
distribution of risk in the economy. To discipline banks’ financing policies, we target the average
level of bank leverage (which in turn pins down the average capital buffer on top of the minimum
required by regulation), as well as banks’ net dividend payout and gross equity issuance policies,
which discipline banks’ net worth retention and the costs of issuing equity.

We target three additional cross-sectional moments. The overall business debt to GDP ratio
helps inform the level of loan demand, which is intimately connected to the working capital param-
eter k. Insofar as screening in our model requires a flow investment of financial resources, our model
has a meaningful source of non-interest expenses, and so we discipline this margin by matching the
average non-interest expense to loan ratio in the data. Finally, the bank share of debt helps inform

the relative competitiveness of the non-bank sector.

Panel moments Our model is designed to be able to match the patterns in Section 2.4, but
does not impose them. For example, the speed at which banks adjust their standards in response
to observations of loan performance depends critically on the speed of learning, which depends

on both the dispersion in fundamentals o,, and the share of total variance in loan performance
2

due to fundamentals . Similarly, the change in performance in a bank’s loan portfolio after

i
o742,
tightening may be fast or slow depending on how large the costs of screening are (¢) or how effective
screening is (9). We allow the data to inform these parameters.

In principle, the results presented in Section 2.4 offer discipline on profitability (e.g. rates
and origination volumes) and risk (e.g. non-performing loan and charge-off rates). We focus on
the former category because of an important conceptual gap between our model and the data:
loan contracts in the data are long-term, while loan contracts in our model are one-period. This
assumption is made for tractability: as a bank learns over time about its loan pool, it will adjust its
standards, and tracking the distribution of loan risk in order to make further inference and respond
appropriately becomes quite complicated. In the data, then, loan performance after a tightening
or easing episode still reflects the performance of loans made before the episode, which is not the
case in our model.

This gap between model and data does not arise, however, when we consider either the volume

of new loan originations or the interest rates on those new loans, which are precisely the objects
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Figure 8: Visualizing model technologies
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measured in Figure 4. Therefore, we estimate the same regressions and compare our point estimates

to those from the data at horizons of £1 quarter relative to a tightening event.

4.4 Results and model validation

Approvals and loan demand Figure 8 helps visualize the model technologies. Panel (a) plots
the share of good borrowers in the approved loan pool as a function of screening effort s. Note that
having higher z or a higher elasticity parameter 6 leads to a higher share of good borrowers. The
approval rate in panel (b) is the flipside of this: banks attain a higher share of good borrowers by
lowering their approval rate. Panel (c) shows that loan returns mirror the share of good borrowers
in panel (a). Turning to the demand side, panel (d) shows the loan demand system, a simple CES
structure. Panel (e) shows that loan returns increase in the loan rate, and more so the higher is
the share of good borrowers in the pool. Lastly, panel (f) simply represents the quadratic screening

technology.

Learning dynamics Figure 9 simulates paths of bank-level return shocks in order to highlight
how beliefs evolve in the model. In each figure, we consider 2 banks who draw a new persistent
component of screening ability a at age 0 and realize z shocks for 10 periods thereafter. One bank
has the fundamental a towards the top of the distribution, while the other has a lower fundamental.

We consider 2 cases. First, panel (a) considers the case when screening ability is quite noisy
in the sense that the variance of the transitory shocks b far exceeds the variance of the persistent

shocks a: that is, o > 0,. In this case, the fundamental difference between the two banks is small
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Figure 9: Learning dynamics in the model: simulations
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relative to the noise. As panel (a) shows, the realizations of z regularly “cross,” which leads the
evolution of the posterior to be slower and less precise in panel (b). Notably, in this example, the
posterior does not necessarily “settle down” at the fundamental over the simulation period. As
shown in panel (c), the result is that uncertainty about the distribution of z remains elevated both
because the fundamental uncertainty is high due to b, and because the posterior over a does not
become tight.

Turning to the lower set of panels (b), we see that the situation is quite different when the
inference problem that banks face is less difficult. In this case, the differences in screening ability
across banks are driven primarily by the fundamental component, a. Even a quick glance at panel
(a) reveals that the z realizations are very easy to separate between these two banks. As a result,
turning to panel (b), we see that the posteriors quickly get close to the truth, and tend to stay near
it once they do. This is reinforced in panel (c), where we observe a sharp downward slope in the
variances o4(h) and o,(h) with respect to h. Ultimately, using our micro data from Section 2 to

quantitatively discipline the learning process in the model will be an important step.
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rate policy

Figure 10: Policy functions
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5 Quantitative Analysis

mean 2z

In this section, we first describe the mechanics of the model and evaluate its empirical performance
along key cross-sectional dimensions. We then validate the model by revisiting our main empirical

findings in the context of the model.

5.1 Model mechanics and key cross-sectional moments

As a first step towards understanding the key economic forces in our model, Figure 10 plots the key
loan policy functions for banks over the state space in our quantitative model. Panels (a) through
(c) correspond to rate setting, while panels (d) through (f) correspond to the choice of screening.

Beginning with rate setting policy, we first see the familiar result that the optimal interest rate
is weakly decreasing in bank net worth: as the banks get away from financial constraints associated
with low net worth, the lower interest rates in order to increase their loan base. The other two
panels in the top row reveal that rate setting is not sensitive to the state variables which form the
bank’s posterior beliefs over its screening ability, consistent with our empirical evidence.

The bottom three panels consider the screening policy. The left panel reveals an important
complementarity between screening and rate setting: as banks cut rates to expand their lending
bases, they optimally incur greater screening costs in an effort to ensure that they have a more
creditworthy borrower pool. Unlike rate policies, however, screening policies are in fact sensitive to
the posterior beliefs of the bank, particularly the posterior mean Z. This result is intuitive: banks
who have discovered — after observing low returns on their loans in prior periods — that they are

bad at screening out borrowers will optimally choose to invest more in screening. Looking ahead to
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the empirical validation of our model, it is precisely this force which leads to the backward-looking

tightening dynamics we observe in the data.

5.2 Model validation

We perform two key analyses: We first simulate paths of choices for banks who receive adverse
realizations of loan returns, controlling for fundamentals. Then, we run an analogous exercise with
a negative shock to loan demand in order simulate an increase in competition through the lens of the
model. Each experiment is described in turn, followed by a discussion of the resulting adjustment

paths and their alignment with the data.

5.2.1 Tightening in the wake of negative return realizations

In order to highlight that our model delivers the mechanism documented in our empirical analysis,
we simulate a panel of banks and measure the elasticity of screening responses with respect to
negative return realizations along the equilibrium path. Notably, this elasticity can be measured
without appealing to an aggregate shock. At the same time, though, its measurement depends on a
wide range of factors in our baseline model environment, such as the financial health of the lender

and the tightness of the bank’s posterior beliefs over its screening ability.

5.2.2 [Easing in the face of an increasing in competition

TBA

6 Application: Thoughts on the SVB episode

The banking stress episode of March 2023 provides a natural application of our framework and
highlights the value of both our novel credit supply index and the model.

With respect to measurement, the episode highlights a key limitation of aggregate diffusion
indices. While the standard diffusion measure indicates a broad-based contraction in credit supply,
it obscures substantial heterogeneity across banks. In contrast, our bank-level credit supply index
preserves cross-sectional variation in lending behavior. Using the most recent SLOOS data, we doc-
ument a pronounced divergence in lending standards across bank types, with regional banks—those
with assets between $50 and $250 billion—tightening significantly more than large banks. The Sil-
icon Valley Bank (SVB) episode therefore provides external validation that our index captures
economically meaningful shifts in credit availability at the institution level, even when aggregate
indicators evolve more smoothly.

Although the empirical analysis in the paper focuses on data through 2019, extending the index
through the SVB episode confirms that a substantial share of relevant information about credit
supply adjustments resides in the cross-section rather than in the aggregate. During periods of

stress, variation in individual banks’ responses reflects systematic differences in exposure to funding
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pressures and balance-sheet constraints, rather than transitory noise. These are precisely the
dimensions along which aggregation into a diffusion index masks economically important dynamics.
The episode also underscores the need for a structural model. While the data establish that re-
gional banks tightened more than large banks, they do not speak to the mechanisms underlying this
divergence. Our model provides a mechanism-based interpretation by emphasizing heterogeneity in
banks’ vulnerabilities. More vulnerable banks—those experiencing deposit outflows and heightened
balance-sheet strain—face stronger incentives to tighten lending standards. In the model, tighten-
ing operates through an increase in screening intensity, which both reduces exposure to low-return
borrowers and frees up balance-sheet capacity. These forces are especially valuable for banks operat-
ing near capital or liquidity constraints, generating a pronounced tightening response. By contrast,
less vulnerable banks, which experience deposit inflows and are better insulated from stress, are
able to absorb shocks with relatively smaller adjustments to screening and lending policies.
Viewed through the lens of the model, the SVB episode illustrates how differences in balance-
sheet conditions translate into heterogeneous credit supply responses. While the data document
divergence in lending standards across bank types, the model clarifies the economic forces that
generate these patterns. Together, the credit supply index and the model provide a coherent
interpretation of the banking stress episode: credit supply contracted unevenly because banks
differed in their exposure to stress, and these differences shaped the incentives governing lending

and screening decisions.

7 Conclusion

This paper develops a new, comprehensive measure of bank credit supply and uses it to clarify
the drivers, margins, and consequences of changes in lending policies. By combining confidential
SLOOS microdata with Call Reports and Y-14Q supervisory data, we document that credit-supply
tightening operates primarily through quantities rather than prices: banks that tighten raise loan-
rate spreads only modestly, while C&I originations and balances decline substantially and persis-
tently. These effects are not primarily explained by large changes in observable loan characteristics,
pointing to an approval or screening margin that is difficult to observe directly in loan-level data.

We also document a systematic asymmetry in the drivers and margins of adjustment. Banks
tighten in response to deteriorating borrower risk and loan performance, while they ease primarily
in response to competitive pressures; risk-driven tightening is broad-based, whereas competition-
driven easing is concentrated more strongly in price terms. A quantitative general equilibrium model
of bank lending with learning, screening, bank and nonbank competition, and financial frictions
accounts for these patterns and provides a framework for decomposing credit-supply dynamics
into distinct supply mechanisms — screening, pricing, learning, competition, and balance-sheet
channels. Taken together, our results provide a disciplined interpretation of lending standards as a

well-defined economic object and demonstrate their central role in shaping credit dynamics.
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Appendix: “Bank Credit Supply: Measurement and Implications”

A Data Appendix

Figure A.1: Additional Detail on Net Tightening Index
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Figure A.2: Motivations for Changing Price and Nonprice terms
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Figure A.3: Asymmetric Effects on Terms
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Figure A.4: Trends in Portfolios Around a Change in Supply, Controlling for Standards
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Figure A.5: Trends
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B Model Appendix

B.1 Analysis of entrepreneur problem

Aggregate demand Placing multiplier A on the working capital constraint, the first order con-

ditions of problem (10) are:

felk,n) = gr(k,n)(1+ Ak)
fa(k,n) = gn(k,n)(1+ Ak)

\ = 1+7 3
1—|—T'f

Dividing through the first two conditions and plugging in our functional forms yields n = %k,
=\ 7

which implies that f(k,n) = (%) k7t and g(k,n) = Fw,yﬂk:. Plugging these expressions into the

first optimality condition yields

= \ 7

rn +n—1
(v+m) ()"

T n

FAEn 1+ Ak
v

()" <:,1>”] =

Plugging the expression for A from the third first order condition, recognizing that the working

capital constraint binds, and rearranging terms yields the expression in (13).

Sector-specific demand Setting ¢, = ¢ and {, = 1—( and placing multiplier A on the constraint,
the first order condition of the sectoral cost minimization problem (14) with respect to demand
from sector i is

3
e—1

T+

£ 1 e—1
)\5—1 [EZ:CZ L;
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e—1
G

1 =1 1
= A ZCsz G L ¢

— I, = g-(lJ;”) L

where the last line recognizes that the constraint binds. Plugging the expression above back into
the sectoral CES aggregator allows us to solve for A as the aggregate rate index (16), and plugging

this rate index back into the expression above yields the sectoral demand curve in (14).



Bank-specific demand We proceed similarly to the sectoral demand problem above. The first

order condition of problem (12) with respect to loans from a given bank j is

s
11 e1131 b 1y q el
1+r; = )\7¢ [/ w‘?ﬂ‘ﬁ] wj)(ﬁqb €j¢
0

1 O\
:>€] = w]'< +T]> Lb

where the last line imposes the binding constraint. Plugging the expression above back into the
banking sector CES aggregator allows us to solve for A as the sectoral rate index (17), and plugging

this rate index back into the expression above yields the bank-specific demand curve in (15).

B.2 Analysis of bank problem

The budget constraint, net worth accumulation equation, and belief updating equation must hold

with equality at any optimum. Therefore we can simplify the bank’s problem into

V(n,w,z,j7) = maxy (n +d — c(s)l(r; w)) (B.1)

s,r,d’
1 , jzZ+z . _ .
+ EZ w (1+R(T73;2))€(T;w)_(1+Td)d7w)-77j+1 | 2%
1 +Tf 7
subject to: d < (1—x)(r;w)

Placing multiplier p on the capital requirement, a solution with positive lending, screening, and

deposits must satisfy the following first order conditions with respect to r, s, and d’, respectively:

w'(e)c(s)% = lefﬂzz [<(1 + R(r, 8; z))% + (WO Wy (21, s, d’)} +p(l - x)%??)
w'(e)gge = - ijEZ [8(15; R ow (2, s,d’)} (B.3)

P(e) = i_—:::jEz [W,’l(z;r,s,d’)] + i (B.4)

where we have simplified notation by defining W/ (z;-) = 8W("/(Z)’gf/(z)’j +1), suppressing the ex-

plicit dependence of the expectation with respect to z on Z and j, and other similar transformations.

141f any of these is zero there is an additional multiplier, but these cases are less relevant to the economics at the
heart of the model.
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Optimal rate setting We define the elasticity of x with respect to y as €;,. Then, dividing
through by % in (B.2) and simplifying elasticity terms yields the expression

c(s)=E

1 W;L(Z;T,S,d/) « (1 + 61+R,T(’z)
1+7y V' (e) €0y

bank “SDF” marginal return from raising r

. 1—x
) (I1+R(rys;2))| + MW(G) (B.5)

For intuition, suppose the capital requirement is slack so that y = 0. Then, equation (B.5) has
a natural interpretation: the marginal cost of lending (c(s)) must equal the expected discounted
marginal return from lending. Here, the discounting reflects the fact that the bank may weight
different future states (realizations of z) differently in the presence of financial constraints, and the
marginal return (for a given z) reflects the tradeoff between the bank’s market power (ey, < 0) and
increasing the returns earned from good borrowers (e14% (2) > 0 from equation (6)). If the capital
requirement binds so that p > 0, then the marginal cost will exceed the marginal return; that is,
the bank will set r higher than if the capital requirement were slack to lower its loan demand and

therefore its funding burden.
Optimal screening We can proceed similarly to analyze the screening intensity choice problem,
obtaining the following version of (B.3):

1 W/(z2)
L4y 9i(e)

€c,sC(8) = X €14R,s(2) (1 + R(r, 55 2)) (B.6)
That is, the marginal cost of screening must equal the expected discounted marginal return from
screening. Since there is no loan demand effect from screening, whether or not the capital require-
ment binds is not directly relevant, except through the bank-level SDF term (which appears in each

of the bank’s optimality conditions).

Financing considerations Analyzing the optimality condition with respect to deposits (B.4)

sheds light on the financing side of the bank problem:

| _E[ | W,;(z)] T
L+rg 7 |1+7f ¢(e) 14+7rq¢'(e)

(B.7)

If the capital requirement is slack, the marginal cost of funds is equal to the deposit rate and so
the bank discounts the future at the deposit rate. Otherwise, the discount rate exceeds the deposit
rate, reflecting the fact that funds are relatively more valuable to the bank today then they are
expected to be in the future.

To further understand the bank’s discount factor, it is useful to compute the marginal value term

W/ (2) using equation (18) together with the envelope condition V,,(n,w,z,j) = ¢¥'(e(n,w,z, j)):
Wa(n,w,%,j) = (1 = me)p'(n) + meBur [(1 = ma)d' (e(n, o, 2, 7)) + mat (e(n, ', 10, 0))]  (B.8)
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So the marginal value of wealth at the start of the period is equal to the weighted average marginal
valuation of dividends.

Assuming the functional form in (29) below, (B.8) implies that E,[W},(2)] € [1,¢] and v/ (e) €
{1,v}. Further, in the presence of a liquidity premium on deposits, 7 < 7, and so g(1 +7%) < 1.
Then, if the capital requirement is slack (u < 0), (B.7) implies that ¢/(e) < E,[W},(2)] < ¢, and
so we must have ¢'(¢) = 1; therefore, the bank cannot be issuing equity today (e > 0). If the
capital requirement is slack, then the bank does not issue equity. By contrapositive, if the bank
issues equity, then the capital requirement must bind. This result can be useful for computational
efficiency, even though it is still possible that the capital requirement binds and the bank pays a
dividend.

B.3 Full information bank problem

A useful case of the model to consider to highlight the role of the information friction is the “full
information” case, which we define to be the case in which the bank directly observes the persistent
component of its screening effectiveness, a. In this case, there is no learning, and so no need for
Bayesian updating. However, there is still some residual uncertainty on screening effectiveness due
to the transitory component, b.

At the beginning of the period, then, the analogous value function to (18) is
W(n,w,a) = (1 — m)(n) + ey | (1 — 7))V (n,w' a) + 7, / V(n,w' a)dGy(d) | w (B.9)

There are two main differences between (B.9) and (18). First, the state variables Z and j are
replaced by a, which is now assumed to be directly observable. Second, in the case in which a new
a is drawn, we now integrate over the possible values of a, since the bank will learn the realization
of its new draw, not simply that it received a new draw.

Turning to the lending phase, the problem becomes:

1
Vin,wa) = max w(e)+ /W(n’,w, 0)dG(b) (B.10)
e,s,r,d',n’ 1+ Ty
subject to: n' =n'(r,;s,d';a,b) = (14+)R(r, s;a,b)l(r;w) — (1 +r4)d for all b (B.11)

as well as the budget constraint (25) and the capital requirement (26), which are unchanged from
the baseline model. The key differences from the benchmark case for this problem are that the
distribution over which continuation values are evaluated is simply the distribution of the b shock

and that there is no belief updating.

B.4 Functional forms and elasticities

We assume a constant elasticity of substitution specification for loan demand so that ¢y p = —¢
always. Moreover, equation (6) implies that R(R,s;2) =1 — A+ (R — (1 — X))p(&(s, 2)) so that
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or _ORR _ Rp(€)
S5 =p), and so er r = G5 7 = 1—/\+(R—p(1—>\))p(f)'

Turning to the screening side, it is easier to work directly with partial derivatives rather than

elasticities. In terms of returns, %—75 = (R—-(1- )\))g—g%, and the marginal effect of effective

screening on the share of good borrowers is

o _
o8

1 2 _
) (T - el =) = w1 - pl6)

which implies that €, = n&(1 — p(§)). This means that it could be easiest to use a root finding
algorithm for the optimal screening choice if the problem is sufficiently smooth, but that may not
be the most stable.

B.5 Computational algorithm

1. Preliminaries. Set all model parameters and define grids for the 4 idiosyncratic bank state

variables (n,w,Z, j).

e Grids. Choose the n grid exogenously. Choose the w grid using a standard method
like Tauchen. Choose the Z grid to be £ a fixed number of standard deviations around
fa- Finally, choose the j grid upper bound such that P(j > j) < ¢j, a prespecified

parameter. Make the w grid the outermost and the sparsest.

o Distributions

2. Solve the bank’s value function. Begin with a guess of the lending

1. CR binds solution: If the capital requirement binds, then we know d’' = (1 — x){(r;w).
Then we need only search over the possible outcomes for » and s. Moreover, we can rewrite
problem (B.1) as

V(n,w,z,7) = maxy (n+ ((1—x) —c(s))l(R;w)) (B.12)

S,

_ Z+ 2z .
{RE. {W (m; ) (R(R,532) ~ Rall = x0) w0, 22+ 1) | z,y]
Then, the optimality condition for rate setting (analog of (B.5)) becomes

o(s) = E. [Rfl IZ;Q((;)) ((1 + 671:?) R(R, s;2) — Rg(1 — x))] (B.13)

while the optimality condition for screening is unchanged from (B.6). Since % = 0 by
assumption, then, the candidate choice of R entirely pins down the deposit policy. All that
remains is to choose s: higher s increases R’ state by state, but also lowers e by raising the

cost per unit of lending. Find the optimum by solving (B.6).
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2. CR slack solution: If the capital requirement does not bind, then we know that e =
n+d —c(s)l(R;w) > 0and d < (1—x)¢(R;w). So for every R, the capital requirement places
an upper bound on d’, dyax(R;w) = (1—x)¢(R;w). Likewise, for every R and s, the restriction

that dividends be non-negative places a lower bound on d’, dyin(R, s;n,w) = ¢(s)(R;w) — n.

For a candidate R to be a viable solution, we must have that:

(a) the implied level of deposits for the lowest allowable dividend (e = 0), which we define

as d._y(R, s;n,w) must be positive; that is,

L o(Rysin,w) = c(s)l(R;w) —n >0 (B.14)
which can only occur when ¢(s) > W, which places a lower bound on s:
_n 9
§min(R; n, W) = E(RM,) (B15)
c

Since s > 0, we can define the effective lower bound on s as Syin (R; w) = max{0, Spin (R;w)}.

(b) the interval [dmin(R, s;n,w), dmax(R, s;n,w)] must be non-empty, which implies that
ce(s)—(1—x) < 7wy Under the assumption of a linear screening cost function in (30),

this implies that we must have

(B.16)

s < SmaX(R;n’w) =

For this R to be feasible, then, we must have syax > 0, i.e. n > x¢(R;w), which under
functional form assumption (??) places the following lower bound on R

1
Xy
n

R > Rpin(n,w) = Ry ( (B.17)
The search range [spmin(R; w), Smax(R; 1, w)] must be non-empty, and Spax > Smin as long
as x < 1. Finally, having the capital requirement be slack is only viable if Ryin(n,w) <7,

the participation constraint of the borrower. This is the case if

n>yw (;f)_(é (B.18)

L(w)

where /(w) is the lowest possible loan demand the bank can face while still issuing

positive loans.

Combining pieces (a) and (b), to solve for the optimal policy conditional on the capi-
tal requirement being slack and such a policy being feasible based on the analysis above,

we search for rates in the range [Rpin(n,w),v| in the outer loop, screening in the range



[Smin (R; W), Smax(R;n,w)] in the middle loop, and deposits in the range [d!

min(R7 s;n,w) d, (R;w))

? max

in the inner loop.

So we can use the following algorithm. First, solve for the optimal policy assuming the capital
requirement binds. Then, check condition (B.18): if it is violated, then the optimal policy coincides
with the binding capital requirement policy; otherwise, solve for the optimal policy with the slack

capital requirement and compare the values under binding and slack.

B.6 Moments

b

Aggregates The bank share of total debt is equal to Lbi . (Note that this is not exactly equal

to % given the CES aggregator which defines L.)

Default and chargeoff rates In the model, only bad types default, so the default rate at the
bank level is equal to the share of bad types in the bank’s pool of approved loans: 1 — p(z;s). So
the aggregate (average) default rate is [ [(1— p(z; gs(z)))dF (z; x)dm(z). The chargeoff rate at the
bank level is the ratio of total dollars lost, A(1—p(s; 2))L(z;7, s, x), to total dollars lent, L(z;r, s, x),

and so the aggregate (average) chargeoff rate is simply A times the average default rate.

xi
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