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Abstract

We present robust empirical evidence showing disparities in credit access across

firms owned by different racial or ethnic groups: minority-owned businesses (MOs)

consistently apply less to credit, get rejected more, and are more likely to apply to al-

ternative sources like online loans. These disparities have persisted over time even with

policies (like the Community Reinvestment Act of 1977) designed to reduce “redlining”

and improve the sectorial distribution of credit.

We take a general equilibrium structural model with credit constraints and extend it

to include two sectors subject to differential lending standards and a project monitoring

technology. With this model, we introduce a novel mechanism where banks endogenously

choose loan monitoring intensity, which in turn determines the degree of collateral

undervaluation facing minority-owned firms and their access to credit. Feeding to the

model two alternative fiscal policies and two regulatory tools, we study both ad-hoc and

optimal versions of these policies, and use welfare analysis to rank them. In response

to cycles in economic activity generated by productivity shocks, the model matches the

empirical regularities in the data.

Simulation results yield three important policy implications. First, subsidies to banks

when lending to MO borrowers is the optimal policy. Due to general equilibrium feed-

back effects, they welfare-dominate subsidies targeted directly at MO firms. Second,

∗Angelina Cao and Frankie Li provided outstanding research assistance. Many thanks for their useful
comments to seminar participants at Villanova University, Swarthmore College and the 2024 Liberal Arts
Macro Conference at Kenyon College.
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both fiscal policies welfare-dominate the macro-prudential tools. Third, incentivizing

the adoption of better monitoring technologies for lenders creates more welfare than

raising benefits for lenders of reallocating their portfolios towards minorities.

Keywords: credit access, minority-owned businesses, subsidies, macro-prudential tools.
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1 Introduction

Recent empirical literature uses newly available data from the Small Business Credit Survey

of the Federal Reserve System to provide consistent evidence on heterogeneities in credit

access across firms owned by different racial or ethnic groups. Both the cost of credit and

denial rates are higher for businesses that are at least 50% owned by blacks, Hispanics,

Asians or Native Americans. These businesses are also more likely to feel discouraged from

applying for credit and dissatisfied with lenders, and to apply to alternative sources from

online lenders.

One shortcoming of the empirical work that studies racial disparities in credit access,

rightfully acknowledged there, is the difficulty in controlling for factors determining the credit

eligibility and risk of borrowers that might be correlated with ownership characteristics. An

example is when unobservables that yield low credit eligibility tend to be concentrated among

minority-owned businesses.

Another problem in the literature as it currently stands is that the discussion of poli-

cies intended to promote credit access for minorities does not address the potential costs

of implementing these policies. For example, even though the Community Reinvestment

Act of 1977 (CRA) affirms the obligation of federally insured depository institutions to help

meet the credit needs of its entire community, including low- and moderate-income neighbor-

hoods, and explicitly states that they should do so in a way consistent with safe and sound

operations, up to our knowledge there is not much discussion in previous work about the

implications of this type of policy for the soundness of banking operations. What if lending

a higher share of their portfolio to disadvantaged borrowers hurts banks’ cash flows? What

are the implied general equilibrium effects? What are the taxpayer costs to consumers of

subsidizing credit to minorities?

Our goal in this paper is neither to explain why differences in credit access persist even

after controlling for several factors correlated with borrowers credit risk, nor to attribute

these differences to discriminatory practices. Rather, we focus on addressing the two short-
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comings of empirical work through a structural modelling approach. A structural macro

model yields five main advantages: First, in a general equilibrium model we can study the

frictions in credit markets affecting mostly minority-owned businesses by looking at their

indirect/feedback effects on lenders’ optimal pricing behavior. Second, we can study policies

to address the higher cost and lower availability of credit for minorities while addressing the

effects on lenders’ portfolios and cash flows of abiding by these policies. Third, through an

impulse response function approach to exogenous shocks we can identify the effect of pol-

icy (disentangle them from the endogenous response of credit to macroeconomic aggregates

which poses an identification challenge for empirical work). Fourth, through the different

transmission mechanisms of the theoretical model, we can explain how policies affect the

cost and availability of credit endogenously. Last, the presence of a government needing to

meet its budget constraint introduces fiscal costs (taxes) of subsidizing lending to minorities,

which can negatively impact households’ consumption.

Regarding the study of policy to tackle these heterogeneities in access to credit, previ-

ous work has advocated for micro policies like designing programs for technical training in

business management, financial literacy programs aimed at minority business owners, and

language training for immigrant-owned businesses. To the best of our knowledge, fiscal or

macro-prudential policies have received no attention as a way to promote a more equitable

allocation of credit across firms.

We aim to contribute to the literature by simulating these policies and studying their

macroeconomic effects on credit availability, interest rates, employment, investment and

production. Doing so while recognizing the benefits as well as the costs (including the fiscal

costs of subsidies) of these policies, and being able to rank them in terms of their impact

on welfare requires a general equilibrium treatment like the one we propose here. It also

requires a dynamic approach, to be able to characterize the transition paths followed by

economic outcomes after the implementation of policies.

In our view, this topic is fundamentally important for at least a couple of reasons. First,
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the literature shows that small businesses (many of them owned by minorities) are the main

drivers of innovation and employment growth in the United States (Basu and Fernald, 1997,

Basu, 1996, Haltiwanger et al, 2013 and Decker et al, 2014). The cost of participating in

public debt and equity markets is very high for these firms, so that access to bank credit

has proven fundamental to improve productivity and other outcomes as well as to promote

entrepreneurial entry (Evans and Jovanovic, 1989 and Fairlie, 2006). Thus, policies that

increase access to finance for all entrepreneurs regardless of owners’ characteristics are a key

engine of growth. Second, even central bankers and monetary policy makers currently track

disparities in labor and credit markets. During a post FOMC-meeting press conference in

March of 2021, Jerome Powell, then chairman of the Federal Reserve System, explained that

the Fed is monitoring racial differences in labor market outcomes, and that they consider

them as a form of slack in labor markets. He also expressed that he would like to see

those people that don’t have a lot of financial assets and who are not tremendously well-paid

continue to get supported. We hope our work will contribute to the design of optimal policies

to support communities that find access to credit more difficult and expensive.

Importantly, while we motivate our theoretical contribution with the empirical evidence

on racial disparities, our model could well be applied to study other heterogeneities across

firms: like those in size, debt levels, employment, etc. In ongoing work, we look at differ-

ences in the type of loan covenants that lenders use when working with firms of different

characteristics (Olivero (2026)).

In this paper we build a two-sector model in which minority and non minority-owned

businesses coexist in both goods and credit markets. While the latter can borrow freely, the

former are subject to collateral constraints that restrict their borrowing to a fraction of the

appraised value of their collateral. Also, to model the empirical observation in survey data

that lenders seem to impose stricter requirements on minority-owned businesses and to match

recent empirical evidence on racial discrimination and animus by Chernenko and Scharfstein

(2024), Howell et al (2024) and Barkley and Schweitzer (2023), in the model lenders engage in
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monitoring of minority borrowers, and the appraisal of collateral is endogenously a function

of the monitoring intensity that lenders exert. The assessed value of the physical capital used

as collateral is always lower than the true market value. In what follows, we refer to this

undervaluation as a “mistake” that banks make when lending to minorities.1 As a result, in

equilibrium, the cost of credit for them is higher than it would be absent this friction.

We proceed as follows. In Section 2 we summarize the empirical literature that motivates

the design of our model with special attention to those papers focusing on small business

lending during the COVID-19 pandemic that allow us to calibrate the theoretical model.

In Section 3 we draw on data from the Small Business Credit Survey to provide some

motivating evidence on these disparities in credit outcomes. In Section 4 we present the

general equilibrium model to which we will feed the simulated fiscal policies and macro-

prudential tools. We calibrate the model in Section 5 and we present the simulation results

in Section 6. In Section 7 we discuss some of the legislation governing loans to low- and

moderate-income sectors, and simulate the results of feeding those policies to our DSGE

model. In Section 8 we do welfare analysis and study optimal policy through the introduction

of simple implementable policy rules. Section 9 concludes and provides some direction for

further research.

2 Literature Review

A rather large body of work finds evidence in support of differential lending practices towards

minority-owned businesses: both denial and interest rates are higher for businesses that are

at least 50% owned by blacks, Hispanics, Asians or Native Americans (Bates, 1997, Cole,

1999, Blanchflower et al, 2003, Coleman, 2004, Cavaluzzo and Wolken, 2005, Asiedu et al,

2012, Bates and Robb, 2013 and 2015a and 2015b, , Bates et al, 2018, Robb et al, 2018 and

Fairlie et al, 2020, among others). Discrimination is said to take place when the terms of a

1Again, this could be true for firms of smaller size or those owned by immigrants with weaker and shorter
credit histories, for example. It does not necessarily need to be minority-owned borrowers.
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contract depend on personal characteristics that are irrelevant to the terms of the transaction.

For credit markets in particular, the literature focuses on denial rates and the cost of credit

as the relevant terms of the contract.

The benchmark theory of discrimination of Becker (1971) argues that this practice exists

in credit markets if profit-maximizing lenders acting in an irrational way, refuse to lend

to minorities equally creditworthy as their white clients. The intrinsic idea is that market

competition will reward financial institutions for lending to minorities more than committing

to discriminatory practices or the “psychological distaste for dealing with some customers”.2

While most papers stop shy of calling their findings evidence for discrimination, surviving

numerous robustness checks, their empirical results unfortunately show that denial rates and

the cost of credit are higher for minorities.

As much as data availability allows, the literature has addressed omitted variable bias by

designing multivariate regression models that include information on the firm and its owner

that is correlated with the probability of repayment. Some studies even have access to data

on borrowers’ credit ratings and net worth (see Blanchflower et al, 2000 and Fairlie et al,

2020).3

Due to data restrictions, most papers cannot account for the effects of differences in the

state of the owners’ personal finances, like their income and liabilities. This is an important

shortcoming since anecdotal evidence indicates that small businesses do rely on their owners’

personal collateral before defaulting on their business obligations.

The newer Small Business Credit Survey (SBCS) available at www.fedsmallbusiness.

org improves on this data availability. The SBCS is conducted by the Community Develop-

2Bates et al (2018) run empirical tests based on Becker (1971), and use data on private equity funds to
compare the financial returns on realized investment for minority- versus white-owned ventures. Doing so,
they find evidence for racial disparities and for “lending practices not being colorblind”. Search costs and
reservation prices being higher for minorities seem to be responsible for actually yielding higher profits for
private equity funds when using differential treatment of minority clients. “Competition will not eliminate
this type of profit-based discrimination” (Yiger, 1998).

3Fairlie et al (2020) include borrowers net worth, which is one of the advantages of the restricted-access
data from the Kauffman Firm Survey that they use. Previous studies were not able to control for borrowers’
net worth since the Survey of Small Business Finances included this variable only in 1998.
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ment Offices of the 12 regional reserve banks every year since 2016. The survey is a national

sample of firms with fewer than 500 employees and focuses on their financing experiences.

By using SBCS data from 2016, Robb et al (2018) are able to control for firm revenue in

addition to employment as a measure of firm size.

Potentially, the effects of informational asymmetries and the costs of acquiring informa-

tion on the borrowers could be higher for minority-owned businesses if they were more likely

to focus on sectors more (less) intensive on soft (hard) information than their non-minority

counterparts. Blanchflower et al (2003) work around this problem by examining separately

subsamples of firms that differ in the degree to which loan approval and the cost of the loan

should be affected by soft information like the personal finances of their owners.

Coleman (2004) and Fairlie et al (2020) study education of the primary owner as a control

that could have a strong explanatory power for racial differences in credit market outcomes,

and find that for black men, inequities remain even after controlling for human capital.

The applicants pool observed in the data might be subject to a selection bias that could

explain the results. This is because firm-owners self select into the applicant pool, and there

is both qualitative and quantitative evidence that minorities are more reluctant to apply

(see Asiedu et al, 2012).

The issue of whether differences across races can be attributed to the geographic location

of black- and white-owned firms has also been studied. Blanchflower et al (2003) and Fairlie

et al (2020) document less favorable access for minorities even in areas where strong local

banks favor new business development.

Fairlie et al (2020) tackle the question of whether these differential standards for well-

established businesses also exist for startups. They provide further evidence for discrimina-

tory practices towards minority-owned startups. Also, by having access to a panel of firms

which includes those that do not survive, and being able to see both the initial capital that

firms receive when founded and later capital injections, they assess the impact of condition-

ing on firms’ survival. They conclude that such conditioning underestimates the degree of
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differences in access to capital across races/ethnicities.

Robb et al (2018) also show that Hispanic- and black-owned firms are more likely to

apply to nonbank online lenders.

A few papers in this literature focus on the Paycheck Protection Program (PPP) of

the pandemic years. This program provides an environment in which differences in lending

standards cannot be attributed to credit risk because those loans were fully guaranteed by

the federal government. Differences cannot be attributed to contract design either, because

these contracts featured standardized terms across all borrowers.

Schweitzer and Barkley (2022) use data from the Federal Reserve’s Small Business Credit

Survey for 2016-2020 to study credit access for minority-owned businesses in the United

States. They focus on how the emergence of fintech lenders affects credit application de-

nials and borrower discouragement—the decision not to apply for credit because approval is

perceived as unlikely. One of their contributions is to distinguish between the pre-pandemic

period and the unique lending environment created by PPP. The authors find that signifi-

cant racial disparities in credit access remain throughout the sample period despite the rapid

growth of fintech lending. Black-owned businesses were consistently more likely to experience

loan denials and discouragement than otherwise similar white-owned businesses. Although

fintech lenders expanded credit availability, their results suggest that these innovations did

not eliminate underlying racial disparities in small business finance.

Howell et al. (2024) also use the PPP period as a natural setting to study how lender

automation, particularly fintech firms, affects racial disparities in credit access. The authors

assemble a large dataset covering more than 11 million PPP loans. They find that fintech

firms, were substantially more likely to lend to Black-owned businesses than traditional

banks, and argue that automation reduced the scope for human discretion or racial animus

in loan granting and pricing decisions.

Chernenko and Scharfstein (2024) compares participation in two programs: PPP and the

Economic Injury Disaster Loan (EIDL) program. This allows them to distinguish differences
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in access to intermediated government credit from differences in demand for emergency as-

sistance. They provide one of the first firm-level analyses of racial disparities in access to

credit using a novel dataset that combines administrative records on Florida restaurants

with corporate filings, voter registration data, lending relationships, and detailed establish-

ment characteristics. The results document substantial disparities in PPP participation,

particularly for Black-owned businesses.

Therefore, the literature provides ample empirical evidence on disparities in credit access

and uses several econometric techniques to identify the sources of these differences, from

credit risk to racial animus and discrimination. However, to the best of our knowledge, there

is no work that provides a quantitative, general equilibrium model useful for the study of

both the indirect effects of minority lending on banks’ optimal portfolios and endogenous

pricing as well as policy counterfactuals. We aim to fill this gap here.

3 Empirical Motivation

In this section we present some data facts that characterize the differences between non

minority-and minority-owned businesses. We do so prior to looking at disparities in their

access to credit as a way to “control” for size, age, sector and geographical location that

might impact their access to credit. It goes without saying that to have an accurate control

for these characteristics in an empirical model, we would need to have access to the data

at the firm level which is not publicly available. For now, we are focusing on a qualitative

discussion of the heterogeneities across firms, and we leave an econometric analysis for future

work.

In terms of size, measured by either debt outstanding, revenue or employment, minority-

owned businesses are typically smaller than those owned by whites (see Table 1). When size

is measured by the amount of outstanding debt, 41% of NMOs owe more than $100K, with

only 27% of MOs owing amounts in that range.4 When size is measured by annual revenue,

4This is the average across blacks, Asians and Hispanics.

8



33% of white-owned firms earn $1 million or more every year, while only 20% of MOs do so.

Last, when size is measured by employment, 20% of white-owned firms employ 20 people or

more, while only 10% of MOs do so.

Sectorial presence is also different across firms as evident from Figure 1. First, Asians

seem to be more focused on education and healthcare than other racial groups. Second,

blacks and Hispanics have a smaller representation in retail than other groups. Last, His-

panics have the largest share in manufacturing.

Geographic location is also quite heterogeneous. Not surprisingly and as evident from

population data as a whole, approximately 95% of minority-owned businesses are in urban

areas, while this number is much smaller, only 83%, for businesses owned by whites (see

Table 2).

When it comes to firm longevity, minority-owned businesses are both younger and also

predominantly owned by younger individuals (see Table 3). While black or Hispanic owners

are under the age of 35 in 12% and 7% of businesses, respectively the corresponding number

is only 4% for white owners. Similarly, while 59% of white business owners are over 55,

only 35% of minority business owners are of that age. The average firm age is 12.1 years

for white-owned firms, and 5.9, 10.4 and 7.1 for black-, Asian- and Hispanic-owned firms,

respectively.

There are also noticeable differences in both financial condition and credit risk across

firms. While only 5% and 9%, respectively of black-owned and Asian-owned firms and 9%

of Hispanic-owned firms report very good or excellent financial condition (as compared to

19% of non minority-owned firms), 29% of black-owned businesses and 32% of Asian-owned

businesses report being in a poor financial condition (as compared to 17% of non minority-

owned firms) (see Table 4). Moreover, while 75% of white-owned firms have low credit risk,

the corresponding number is only 30% and 52% for black-owned and Hispanic-owned firms,

respectively (see Table 5). Thus, MOs present with higher credit risk as measured by both

their answers to qualitative questions in the survey (a subjective measure) and their credit
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scores (an objective measure).

There are also important disparities in the rate at which firms were unsure about whether

to expect Payment Protection Plan (PPP) debt forgiveness or not expected any at all.5 While

among firms with a white primary owner only 10% were in this situation, among firms with

a minority primary owner the corresponding percentage was twice as much (Table 6).

With all these characteristics in mind, i.e. minority-owned businesses are more likely

than their non minority-owned counterparts to be smaller, younger, located in cities and

those owned by Hispanics tend to be less focused on services. We now show that minority

entrepreneurs tend to apply less to credit, that when they do they are more likely to get

rejected, and that when not borrowing from a traditional bank, minority-owned businesses

tend to get credit disproportionately more from credit unions or online lenders.

In Figure 2 we show data on the attitude towards credit for business owners by race.

Almost 60% of African American entrepreneurs get discouraged from loan applications due to

a low credit score, and 40% due to an insufficient credit history and/or insufficient collateral.

Differently, when white entrepreneurs get discouraged from borrowing, it is mostly because

of either weak business performance or that they already have too much debt. The different

reasons for discouraged borrowing underscore important qualitative racial differences in the

factors that explain credit constraints for MOs and NMOs.

In Figure 3 we present the outcomes of financing applications by race of business owner.

We show these figures before and after March of 2020 to highlight that the differences

in financing outcomes across entrepreneurs are not attributable, at least not only, to the

coronavirus pandemic. It was still true before March of 2020 that only 10% of white-owned

businesses would get less than 50% of the credit they applied for and that 65% of them

would get all of the credit. Conversely, 40% of Hispanic- or black-owned businesses got less

than half of the credit they asked for, and only 30% got all of it.

5Under rules by the Small Business Administration, PPP loans made to eligible borrowers qualify for
full loan forgiveness if during the 8- to 24-week covered period following loan disbursement employee and
compensation levels are maintained, the loan proceeds are spent on payroll costs and other eligible expenses,
and at least 60% of the proceeds are spent on payroll costs.
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It is not our goal in this paper to explain the reasons behind these differences in financing

outcomes or to assess whether they can be fully (or even partially) explained by the different

size, productivity and creditworthiness of borrowers. It is our goal though, to build a struc-

tural DSGE model that will allow us to first, design and simulate policies to improve credit

conditions for disadvantaged entrepreneurs, and second, to assess the direct and indirect

impacts of these policies through their general equilibrium effects on endogenous interest

rates and optimal lenders’ portfolios.

Importantly, the characteristic of being minority-owned here could be easily switched

into any other condition that reflects relative disadvantages in access to credit as smaller

size or being owned by immigrants with weaker and shorter credit histories, for example.

4 The Model

We propose a dynamic, stochastic, general equilibrium (DSGE) model. It features general

equilibrium effects through which we can identify unexpected (and potentially, indirect neg-

ative) effects of policies aimed at helping MOs like endogenously raising the cost of credit

when inducing banks to lend more to them. Moreover, the model allows for the study of

the effects of these policies on the soundness of banking operations and therefore, for the

implementation of these policies to be sustainable.

The model consists of entrepreneurs (of two different types) producing final goods and

banks. Capital goods producers and households are completely standard and included just

to close the model.

A government is subject to a balanced budget rule according to which the subsidy costs of

policies aimed at helping MOs have to be paid by households in the form of lump-sum taxes.

This feature of the model introduces indirect costs of redistributive policies for consumers.
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4.1 Entrepreneurs

Two sectors produce goods in this economy: the minority-owned (MO) and non-minority-

owned sector (NMO). Each is comprised of a representative entrepreneur who obtains lifetime

utility U i from consumption in each period t, Ci
t , where the superscript i indexes the sector

so that i ∈ {MO,NMO}. Preferences are

U i = E0

∞∑
t=0

(βE)
t logCi

t (1)

where βE stands for the discount factor of entrepreneurs. We assume that the discount

factor of households exceeds that of entrepreneurs (βH > βE), which guarantees that, in

equilibrium, households are savers and entrepreneurs are borrowers.

Entrepreneurs have access to the technology to produce a final good, Y i
t , using capital,

Ki
t , and labor, H i

t . Their production technology is given by a constant-return-to-scale Cobb-

Douglas function:

Y i
t = AtK

i,α
t H i,1−α

t (2)

where At is total factor productivity (common across sectors) which is subject to a stationary

shock following the law of motion

logAt = ρA logAt−1 + εA,t (3)

This final good is sold in a competitive market.

The law of motion for capital features the standard time-to-build assumption and is given

by

Ki
t+1 = I it + (1− δ)Ki

t (4)
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where δ denotes the capital depreciation rate.

Thus, the equation for the entrepreneurs’ cash flow is

Ci
t + wtH

i
t + qtI

i
t + (1 +Ri

t−1)L
i
t−1 = Y i

t + Lit
[
λ1,it
]

(5)

where Ri is the loan interest rate relevant to each i group, q is the market price of capital

and λ1,i is the shadow value of a marginal increase in cash flow for sector i.

Entrepreneurs in both sectors need to borrow an amount Lit in each period to finance

production. Only the MO businesses are subject to a collateral constraint which limits their

borrowing (gross of interest rates) to a fraction ϕ of the bank-assessed value of their physical

capital stock.6 Thus, in addition to the cash flow constraint, entrepreneurs in the MO sector

face a collateral constraint given by

(1 +RMO
t )LMO

t ≤ ϕEt
(
qBt K

MO
t+1

) [
λ2,MO
t

]
(6)

where qB is the value of the collateral posted by MOs. Banks assess this value from their

appraisal technology, and λ2,MO is the shadow value of the constraint. More details on this

are provided below in the banks subsection of the model presentation.

The NMO entrepreneurs first order conditions with respect to CNMO
t , HNMO

t , KNMO
t+1

and LNMO
t are:

< CNMO
t >

1

CNMO
t

= λ1,NMO
t (7)

< HNMO
t > wt =

∂Y NMO
t

∂HNMO
t

(8)

< KNMO
t+1 > qtλ

1,NMO
t = βEEtλ

1,NMO
t+1

[
∂Y NMO

t+1

∂KNMO
t+1

+ qt+1(1− δ)

]
(9)

< LNMO
t > βEEt

λ1,NMO
t+1

λ1,NMO
t

(1 +RNMO
t ) = 1 (10)

6We could have easily introduced a collateral constraint for NMOs as well with differential ϕ loan-to-
value ratios. This is a shortcut and therefore, the tightness of the collateral constraint for MO businesses
can be interpreted as the tightness relative to that of their NMO counterparts.
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Equation (7) shows that the shadow value of cash flow equals the marginal utility of

entrepreneurial consumption. Equation (8) guarantees that the wage equals the physical

marginal product of labor in this sector. Equation (9) ensures that the market price of

capital in terms of consumption equals the expected present discounted value (also in terms

of consumption) of the physical marginal product of capital plus the undepreciated portion

of capital still productive in period t+1 valued at the market price in that period qt+1. Last,

equation (10) ensures that in equilibrium the (gross) cost of loans for NMOs equals their

marginal rate of substitution.

The counterpart equations for the MO sector are:

< CMO
t >

1

CE,MO
t

= λ1,MO
t (11)

< HMO
t > wt =

∂Y MO
t

∂HMO
t

(12)

< KMO
t+1 > qtλ

1,MO
t = λ2,MO

t ϕqBt + βEEtλ
1,MO
t+1

[
∂Y MO

t+1

∂KMO
t+1

+ qt+1(1− δ)

]
(13)

< LMO
t > (1 +RMO,t)

λ2,MO
t

λ1,MO
t

+ βEEt
λ1,MO
t+1

λ1,MO
t

(1 +RMO
t ) = 1 (14)

When comparing eq. (13) to eq. (9), it can be seen that an added component to the

marginal benefit of capital for MOs is that a marginal increase in capital holdings relaxes the

collateral constraint for these firms. This is given by the term λ2,MO
t ϕqBt in the right-hand

side of eq. (13). Similarly, when comparing eq. (14) to eq. (10) it can be seen that an added

component to the marginal cost of loans for MOs is that a marginal increase in borrowing

tightens their collateral constraints. This is given by the term

(1 +RMO,t)
λ2,MO
t

λ1,MO
t

in the left-hand side of eq. (14).

14



4.2 Banking Sector

Banks are competitive in the markets for both deposits and loans. They receive deposits

(D) from the households and use them to finance loans to entrepreneurs (L). They impose

collateral constraints on minority-owned businesses as presented in equation (6).

When lending to MO businesses, lenders monitor borrowers and in doing so, they assess

the latter’s collateral values. The assessed value is always lower than the true market value of

capital (q), i.e. banks always underestimate the value of the collateral. Banks decide on their

monitoring intensity, and the more they monitor, the smaller the assessment undervaluation

and the closer the assessed value qB is to q, the actual market price of capital. Thus,

qBt = qt −
ψ1

ψ2
M−ψ2

t (15)

The lenders’ optimization problem is to choose deposits, loans, the share allocated to

MOs and monitoring intensity to maximize the expected present discounted value of lifetime

profits given by:

max
Dt,Lt,µBt ,Mt

E0

∞∑
t=0

Λt,t+1Π
B
t

s.t.

ΠB
t =

[
1 + µBt

(
RMO
t−1 −RNMO

t−1

)]
Lt−1 − (1 + rt−1)Dt−1 +

+(Dt − Lt)−
κ1
κ2

(
µBt
µBt−1

)κ2
− ω1

ω2

Mω2
t Lt

[
λBt
]

(16)

Dt = Lt (17)

eq.(15)forqB (18)

Banks pay a cost of monitoring with the per-unit costs per loan being increasing in the

monitoring intensity, and with the monitoring elasticity of cost being pinned down by the

parameter ω2. In the spirit of portfolio adjustment costs, lenders also face a transaction
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cost of changing the allocation of their loan portfolios towards MOs, with the corresponding

elasticity being pinned down by the parameter κ2.
7

The bank’s first-order conditions with respect to Lt, µ
B
t and Mt are:

< Lt >: EtΛt,t+1

[
µBt
(
RMO
t −RNMO

t

)
− rt

]
=
ω1

ω2
Mω2
t (19)

< µBt >: EtΛt,t+1

(
RMO
t −RNMO

t

)
Lt = κ1

(
µBt
µBt−1

)(κ2−1)
1

µBt−1

(20)

< Mt >: EtΛt,t+1

[
µBt
(
RMO
t −RNMO

t

)
− rt

] ϕKMO
t+1

µBt
(
1 +RMO

t

)ψ1M
−ψ2−1
t = ω1M

ω2−1
t Lt

(21)

These FOCs show that the spread (RMO − RNMO), a fundamentally important indicator of dis-

parities in credit access, is an increasing function of both types of costs.

Equation (21) also sheds light on the relationship between monitoring intensity Mt and the size

of collateral KMO
t+1 and it equalizes the marginal benefit (left-hand side) to the marginal cost (right-

hand side) of monitoring. The marginal benefit of monitoring given by the increase in marginal

(net) revenue for the bank (EtΛt,t+1

[
(RMO

t −RNMO
t )− rt

]
) for each additional unit of lending that

occurs as monitoring intensity increases. The demand for loans by minority-owned businesses rises

as monitoring intensity rises, and the assessed value of collateral qB rises by an amount equal to

ψ1M
−ψ2−1
t , and their collateral constraint is relaxed. This can be seen because

ϕKMO
t+1

µBt Lt(1+RMO
t )

on the

left-hand side equals 1
qB

. The marginal cost of monitoring is given by
∂
(
ω1
ω2
M
ω2
t

)
Lt

∂Mt
= ω1M

ω2−1
t Lt.

Using this equation to solve for the optimal intensity of monitoring, it can be seen that ∂Mt

∂KMO
t+1

>

0 so that lenders face the incentive to monitor borrowers with more collateral more intensively.

Nevertheless, since there is no fixed cost of monitoring, there does not exist in the model a threshold

value of collateral below which banks find it optimal to not monitor at all, which would be along

the lines of a costly state-verification (CSV) model. Thus, monitoring intensity is a continuously

increasing function of the capital stock used as collateral.

7As standard in the macro-finance literature, the only purpose of introducing this cost is to make the
allocation of aggregate loans between MO and NMO businesses determinate.

16



4.3 Capital Goods Producers

Subject to adjustment costs, capital goods producers choose investment to maximize the present

discounted value of their lifetime profits given by

max
It

Et

∞∑
s=0

Λt,t+s

[
qt+sIt+s − It+s − It+sf

(
It+s
It+s−1

)]
(22)

Their first order condition is:

qt = 1 + f

(
It
It−1

)
+

It
It−1

f
′
(

It
It−1

)
− Et

[
Λt,t+1

(
It+1

It

)2

f
′
(
It+1

It

)]
(23)

which states that the market price of capital has to equal one (the market price of the numeraire

consumption good) plus the average and the marginal adjustment costs minus the savings in future

adjustment costs that are related to these costs being diminishing in past investment levels.

4.4 Households

The consumers sector is very standard and introduced only to close the model. A continuum of

measure 1 of representative households derives utility from consumption, Ct, and disutility from

hours worked, Ht. Their preferences are given by

UH = E0

∞∑
t=0

βtH

[
C1−σ
t

1− σ
− χ

H1+φ
t

1 + φ

]
(24)

where βH is their discount factor.

The households’ resources consist of wage income, wtHt, gross interest income from supplying

deposits to banks, (1+rt−1)Dt−1, and profits obtained from the ownership of banks, ΠBt . Households

spend these resources on consumption, new deposits and lump-sum taxes Tt that finance subsidies

to MOs. Their budget constraint has an associated shadow value of λH and it is given by

Ct +Dt = wtHt + (1 + rt−1)Dt−1 +ΠBt − Tt
[
λHt
]

(25)

Households choose Ct, Ht and Dt to maximize their intertemporal utility in equation (24)
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subject to (25). Their first order conditions with respect to Ct, Ht and Dt are:

< Ct > C−σ
t = λHt (26)

< Ht > χHφ
t = λHt wt (27)

< Dt > λHt = βHEt
[
(1 + rt)λ

H
t+1

]
(28)

Equation (26) shows the equivalence between the shadow value of wealth for the households and

their marginal utility of consumption. Equation (27) is their optimal labor supply, and equation

(28) shows that in equilibrium the gross interest rate on deposits optimally equals the savers’

intertemporal marginal rate of substitution.

4.5 The Government

The government operates under a balanced-budget rule. Thus, the subsidies directed towards either

banks when lending to MOs or MOs directly (more on these policies below) are financed with a

lump-sum tax on households.

4.6 Aggregation

Denoting the constant share of firms owned by minorities by θ, and aggregating over the MO

and the NMO sectors yields the following aggregate levels for capital, employment, output and

entrepreneurs’ consumption.

θKMO
t+1 + (1− θ)KNMO

t+1 = Kt+1 (29)

θHMO
t + (1− θ)HMO

t = Ht (30)

θYMO
t + (1− θ)YMO

t = Yt (31)

θCMO
t + (1− θ)CNMO

t = CEt (32)

Then, the economy’s resource constraint inclusive of all transaction costs associated to lending
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becomes

Ct + CEt + It

(
1 + f

(
It
It−1

))
+
κ1
κ2

(
µBt
µBt−1

)κ2
+
ω1

ω2
Mω2
t Lt = Yt (33)

5 Calibration

We calibrate the model to a quarterly frequency, following the standard in the real business cycles

literature. We match key ratios in the steady state of the model to both aggregate macro data and

existing empirical evidence on disparities in credit markets. The parameter values are presented in

Table 7.

The households’ discount factor βH is set to match a risk-free quarterly interest rate of 1% in

the steady state. The consumers risk aversion parameter σ is set as in the seminal real business

cycle work of Lucas (1987).

We set the parameter φ in the utility function to match a Frisch elasticity of labor supply

equal to 1, as supported by the macro-labor literature and as done in several studies in the RBC

literature. The disutility parameter χ is set to match households devoting one third of their time

to market activities in the aggregate (H = 1
3).

To generate an incentive for entrepreneurs to borrow, we assume that they are less patient than

households and that their discount factor is lower than that of households, i.e. βE < βH . We do

so following Cao et al (2020) where βE=0.98.

Following Gertler et al (2012), we choose f ′′(1) = 1, so that the steady-state elasticity of capital

price to investment is 1.

As standard in the literature, we set the production function parameter α to match a capital

share of income of 1
3 in developed countries, and the capital depreciation rate δ to 2.5% per quarter

in both sectors, non- and minority-owned.

To calibrate the credit market in the model we rely on existing empirical evidence on loans

during the COVID-19 pandemic which were specially targeted to small businesses, many of them

owned by minorities.

We use this evidence to parameterize the three cost functions in the lenders’ sector of the model

economy: the technology that governs the difference between the true market value of collateral q
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and the banks’ assessed value for MO entrepreneurs qB (parameters ψ1 and ψ2), the monitoring

cost function (parameters ω1 and ω2), and the cost of reallocating credit across sectors (parameters

κ1 and κ2).

Through the monitoring cost function, the parameter ω2 never appears on its own in the model’s

first order conditions. It is the ratio ω2
ω1

that matters. Monitoring costs are assumed to be quadratic,

setting ω2
ω1
=2.

To calibrate ψ1, ψ2, κ1 and κ2, we start by using six equations: the lenders’ FOCs w.r.t. overall

lending (Lt), the share allocated to minority-owned businesses (µBt ) and monitoring (Mt), eqs. (19),

(20) and (21), respectively. We also use the collateral constraint in eq. (6), the definition of qB in

eq. (15) and the equation for the monitoring fee charged by banks:

FEE =
ω1

ω2
Mω2 (34)

.

We also use the following targets from the empirical literature by Chernenko and Scharfstein

(2024) and Howell et al (2024). Using the data provided by Howell et al (2024), we calibrate ψ1

to match a share of 27% allocated to minorities in the banks’ lending portfolios (µB = 0.27). ψ2

is set to 9.76, which matches a lending fee of 3%, according to how the SBA compensated lenders

for originating and servicing PPP-loans for loans between $350K and $2 million (see Howell et al

(2024)).8

Using the aggregate resource constraint eq. (33), we calibrate κ2 = 0.01 to match a consumption-

to-GDP ratio of 0.75. κ1 is calibrated to match a racial bias (discrimination) of 17%. In our model,

this is the difference between the market value of collateral q and the lender-assigned value by

banks that lend to minority-owned businesses qB. The degree of animosity is from Chernenko and

Scharfstein (2024) who show that during the COVID-19 pandemic and due to the racial bias of

lenders, the probability of granting a Paycheck Protection Program (PPP) loan to black borrowers

(as measured by their explicit bias measure) was 17% lower than to white-owned firms.9

8The fees paid by the SBA to banks were 5% for loans below $350K and 1% for loans above $2 million.
We chose the intermediate range for calibration purposes.

9Chernenko and Scharfstein (2024) measure explicit racial bias using responses from the Race test of
Project Implicit. Test participants are asked to state their preference on a seven-point scale ranging from 1 =
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Finally, we pick ϕ for the ratio L
Y in the model to match the GDP share of total loans outstanding

of 50% in the data. From the Call Reports on Condition and Income quarterly data, we know that

total loans and leases for the last quarter of 2020 were $10,866 billion and that GDP in that period

was $21,495 billion. We choose the 2020 period to be consistent with the COVID pandemic period

used in the studies by Schweitzer and Barkley (2022), Chernenko and Scharfstein (2024), and Howell

et al (2024).

Summarizing, our calibration strategy is based on an 11-equation system where we use a set

of seven equations ((19), (20), (21),(15), (6), (34), and (33)) and four target values (FEE of 3%,

µB=0.27, racial bias of 17% and L
Y =0.5) to solve for four variables: (RMO−RNMO), qB, M , FEE

and seven parameters: ϕ, ω1, ω2, ψ1, ψ2, κ1 and κ2.

6 Results

6.1 Benchmark Model

In this section we study the effects of a positive one standard deviation supply-side shock (a 1%

increase in aggregate productivity) on both aggregate variables and the allocation of credit between

minority- and non minority-owned businesses. The impulse response functions are presented in

Figure 4.

The aggregate effects are as expected: an increase in output (Y ) (with a multiplier of 1.5) and

total loans (L) as well as in capital use (K) and employment (H). Both capital and employment

rise significantly more for non-minority owned businesses. Also, during a boom, the interest rate

charged to MOs rises and the share of loans allocated to them falls. We interpret both of these

results in the theoretical model as consistent with the data presented in Section 3 on credit access

being more restricted for MOs than for their white-owned counterparts.

As in a standard real business cycle model, the increase in TFP causes the marginal product of

factors of production to rise so that firms optimally choose a higher amount of labor. This happens

“I strongly prefer African Americans to European Americans” to 7 = “I strongly prefer European Americans
to African Americans,” with 4 indicating no preference between the two groups. For the empirical analysis,
the authors compute the county-level average explicit bias among white respondents who took the test
between 2008 and 2019, and then standardize this measure to have mean zero and unit standard deviation.
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in both sectors and both YMO and Y NMO rise. Because of the increase in the cost of credit for

minority businesses relative to that of non minorities and the drop in the share µB, the increase in

factor usages and output is more pronounced in the NMO sector and the ratios KMO

KNMO and HMO

HNMO

both fall.

The explanation is the following: With monitoring costs being procyclical, they increase in an

expansion and the lenders react by optimally reducing the intensity at which they monitor their

clients. The interest spread between RMO and RNMO rises and, banks choose to reallocate credit

towards non minority-owned businesses, i.e. µB falls by half an order of magnitude of the increase

in TFP.

As made evident by the results above, one of the important transmission channels in this

model is the presence of monitoring, banks choosing the optimal intensity with which they monitor

borrowers projects, and the wedge between the assessed value (qB) and the true market value (q)

of collateral being endogenous to that intensity. To better understand this additional transmission

channel and its contribution, as a sensitivity analysis we run a model without monitoring. The

impulse response functions are presented in Figure 5 where the dashed lines correspond to this

simplified model without monitoring and the solid lines, to the benchmark model.

When banks do not monitor, they still raise the interest rate RMO on loans to minorities in

response to a positive supply-side shock. However, without monitoring and since monitoring is

costly, the drop in the share of loans µB allocated to minorities is smaller.

In our model monitoring introduces a mechanism for amplification of the frictions associated

with collateral constraints imposed on MO businesses. Without monitoring, banks reallocate less

credit away from MO toward NMO entrepreneurs and µB falls by less.

This provides some initial support to the design of macro-prudential policies aimed at lowering

the cost of monitoring for banks, or, in general, of regulations that induce banks to exert different

monitoring intensities for clients of different characteristics even if benefiting minorities. Of course,

implementing this kind of regulations across race would not be feasible (or even legal). Doing so

across firms of different size (as measured by employment, revenue or aggregate debt) seems more

likely and an interesting topic to study further.
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6.2 Denial-vs-Discouragement Decomposition of Spreads

Schweitzer and Barkley (2023) (hereafter SB) provide measures of the role played by loan denials

and discouragement in explaining disparities between white- and minority-owned businesses in

access to small business financing. As an external validation of the model, in this section we draw

a parallel between this empirical evidence and the implied outcomes from model-simulated data.

The benchmark results in SB, presented in their Figure 1, show the predicted probabilities of

being denied financing and being discouraged from applying for black-, Hispanic- and Asian-owned

firms relative to white-owned ones. We use their estimates when controlling for applicants’ credit

scores (panels on the right side of Figure 1).10

We proceed in the following way: We compute an overall predicted probability of not getting

credit as the sum of the denial and discouragement probabilities in the top and bottom panels, re-

spectively of their Figure 1. When then calculate the share of the overall econometrically-measured

probability that is due to denial vs. discouragement. For example, for black-owned businesses, the

overall probability is 0.094, of which 0.044 is explained by lenders denying loan applications and

0.05, by borrowers themselves not applying. Thus, denial explains 47% of the overall probability.

For Hispanic-owned firms, the overall probability is 0.049, of which 0.028 is explained by denial.

Thus, denial explains 57% of the overall probability. The average share (across businesses owned by

both minority groups) of the overall probability of not accessing credit explained by banks denying

applications is then 52%.

It is important to note that our theoretical model is not designed to directly identify the

probability of denial or discouragement. In the model, on the demand-side all businesses apply to

credit and on the supply-side all banks grant loans to applicants. In the model credit constraints are

not measured by likelihood to apply or by probability of banks denying loans. They are measured

by the spread (RMO−RNMO), an increase in which can be interpreted as inducing less applications

from borrowers, and the share µB allocated to minorities, which can be interpreted as inverse to the

denial probability. Therefore, there is no clear parallel between the model and the empirical results

in SB. Regardless and with these qualifications in mind, to be able to address one of the referee’s

10Given the stark differences they find for Asian-owned firms, in our exercise here we focus on the results
for businesses owned by blacks and Hispanics.
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requests regarding using the empirical evidence as an external validation of the theoretical model

and its calibration, we use a decomposition of the spread yielded by the model in two elements: the

denial and discouragement components. We then compute the share of the spread implied by each

component and compare those shares to the denial and discouragement predicted probabilities in

SB.

The discouragement share of the spread is calculated as the difference between rates faced

by minority- and non-minority-owned firms obtained from the borrowers’ FOCs, i.e. from the

demand-side of the credit market in the model. The borrowers’ FOCs with respect to loans,

equations (10) and (14) for NMOs and MOs, respectively, yield spreadDS = (1 + RMO) η
EM

λEM

where spreadDS denotes the demand-side component of the spread, interpreted in this section

as the one originating in minorities being discouraged from applying. Similarly, lenders’ FOCs

with respect to Lt, µ
B
t and Mt, equations (19), (20) and (21) respectively yield spreadSS ={

ω1
ψ1

(
q − ψ1

ψ2

[
β
(
κ1
βL − r

)
)ω2
ω1

]−ψ2
ω2

)[
β
(
κ1
βL − r

)
ω2
ω1

]ω2+ψ2
ω2 1

β + r

}(
1
µB

)
where spreadSS denotes the

supply-side component of the spread, the one originating in lenders denying applications from

minority-owned businesses. We simulate the steady-state value of spreadDS for 1,000 values around

the steady-state value of the ratio of the shadow value of the collateral constraint to the shadow

value of the flow of funds equation ηEM

λEM
.11 Similarly, we simulate the steady-state value of spreadSS

for 1,000 values around the steady-state value of the share µB of loans that lenders allocate to mi-

norities.12 Finally, we calculate the share of spreadDS and spreadSS in the total. The mean share

across the 1,000 simulations is 0.4977 for the discouragement or demand-side component and 0.5023

for the denial or supply-side component. The histogram of the distribution of these shares across

the 1,000 simulations is presented in Figure 6 which shows the denial share varying between 0.475

and 0.535. These values are consistent with the 52% contribution of denial to the probability of

not accessing credit in the empirical evidence provided by SB.

As another external validation of the model, in Table 8 we show the standard deviations and

correlations with GDP of the model-generated macroeconomic aggregates and we compare them

11We do so by using a vector of size 1,000 of random numbers between 0.8 and 1.2. of the steady-state

value of ηEM

λEM .
12We do so by using a vector of size 1,000 of random numbers between 0.8 and 1.2. of the steady-state

value of µB .
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to those in the data.13 Even though we did not target these moments with the calibration, the

model matches the high procyclicality of consumption, investment and employment as well as the

countercyclicality of spreads. What the model fails to reproduce is the relative standard deviations

of consumption, investment and GDP. While in the data consumption (investment) is less (more)

volatile than GDP, this is not true for the model-generated series.

Note that our chosen calibration strategy targets the fee paid to lenders by the SBA, the share of

loans going to minorities from Howell et al (2024) and the degree of racial bias from Chernenko and

Scharfstein (2024), but does not target the discouragement / denial decomposition of Schweitzer

and Barkley (2023). Therefore, we use this consistency between our model simulation results and

the SB results as an external validation of the model, in which light to see the results of the policy

simulations and welfare analysis that follow. Our calibration matching econometrically-identified

moments ensures that policy counterfactuals reflect the current reality of the lending environment.

7 On Policy: The Community Reinvestment Act

The Community Reinvestment Act (CRA) of 1977 requires US financial institutions to commit

to serving the credit needs of low- and moderate-income areas, including those where minorities

traditionally live, in a way consistent with safe and sound operations. Though the CRA is techni-

cally race-neutral legislation, its enactment in 1977 is commonly understood as a response to the

discriminatory practice of “redlining” (Schweitzer and Barkley, 2022).14

Moreover, the Act sought to affect lenders’ behavior through a system based on periodic “CRA

exams”, which issue a written score on a five-point scale (O=Outstanding, H=High Satisfactory,

L=Low Satisfactory, N=Needs Improvement, and S=Substantial Noncompliance).

The CRA statute and its implementing regulations are broad legal standards (rather than

strict rules) that have changed over time in response to the changing financial landscape and

13The data moments are calculated using logs of the series in real terms and applying a Hodrick-Prescott
filter to the data.

14“Redlining” was first used by the government-sponsored Home Owners’ Loan Corporation (HOLC)
and the Federal Housing Administration (FHA), which typically rated loans made in predominantly Black
neighborhoods as high risk (color-coded red on original HOLC maps produced for cities throughout the
United States). It eventually became a standard practice across the entire mortgage industry.
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what regulators have learned from market research on financial institutions, consumers, and other

interested parties. During the first decade following its enactment, the Act did not specify how

the objective of serving community needs was to be accomplished.15 This began to change at the

end of the 1980’s when Congress included in the Financial Institution Reform and Recovery Act

of 1989 (FIRREA) an amendment to the CRA to require public disclosure of institutions’ ratings

and performance evaluations. Also, for the first time in 1989, regulators denied an application

for a bank merger based on CRA grounds, and the legislation started to be used to hold up or

prevent proposed mergers and branch openings for banks that failed to attain minimal levels of

CRA performance.

After a two-year intensive review, in 1995 federal banking regulators refined CRA evaluation

standards yet again. The new regulations required banks and thrifts to disclose information about

their small-business, small-farm, and community-development lending and established separate

compliance tests for three categories of institutions (large retail, small retail, and wholesale or

limited purpose institutions). For large retail depository institutions – those with $250 million or

more in assets or those of any asset size belonging to a parent holding company with $1 billion

or more in bank and thrift institutions assets – the examination ratings were based on the sum

of scores relating to the institution’s lending (account for 50%), investment(25%), and financial

services(25%) provided to their entire communities. Small banks and thrifts are evaluated under

a simple quantitative test that focuses on loan-to-deposit ratios and lending inside versus outside

of the institution’s assessment area, the geographic distribution of loans in the assessment area,

and the distribution of lending by borrower income and business or farm size. Wholesale banks or

limited purpose institutions are evaluated under a community development test, which looks at the

institution’s record of helping to meet the credit needs of its assessment area through community

development lending or services, and qualified investments. All financial institutions may also be

evaluated under a “strategic plan” previously approved by their regulator. Plans can last for a

15Implementation was left to regulatory agencies, and CRA assessment was built around twelve factors
grouped into the following five categories: 1) ascertainment of community credit needs; 2) marketing and type
of credit extended; 3) geographic distribution of and record of opening and closing branches; 4) discriminatory
and other illegal credit practices; and 5) community development. At the time, most analysts would find that
the regulators and banks focused on process-oriented evaluations, such as the time spent at Board meetings
discussing community needs, rather than on results.
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maximum of five years, and must have been in effect for at least one year in order to form the basis

of an examination.

In 1999 some aspects of CRA were again strengthened with the passage of the Gramm-Leach-

Bliley “Financial Modernization Act”. Under the Act, banks and thrifts must have a satisfactory

CRA record if they, or their holding companies, are to engage in newly authorized financial activi-

ties, such as certain insurance and securities functions.

During 2005 to 2007, the Office of Thrift Supervision (OTS) implemented new rules that allowed

thrifts with over $1 billion in assets to tweak the long-standing 50%-25%-25% weights used in CRA

ratings by continuing to meet 50 percent of their overall CRA rating through lending activity as

always, but the other 50 percent could be any combination of lending, investment, and services

that the thrift wanted.16

We now proceed to analyze the effects of both fiscal and regulatory policies with a CRA-flavor

through the lens of our dynamic stochastic general equilibrium model. Using a structural approach

like this one allows us to study the indirect effects of these frictions which introduce an identification

challenge in purely empirical research. Given the type of data available to most researchers, it

is difficult for empirical work to control for factors determining the credit eligibility and risk of

borrowers that might be correlated with ownership characteristics. Think about what would happen

when unobservables that yield disadvantaged conditions in credit markets are concentrated among

minority-owned businesses. Moreover, the simulations of the model produce some unexpected

general equilibrium effects that prove to be unintended costs and inefficiencies associated to some

of these CRA-type policies.

By being able to understand both analytically and quantitatively the various transmission

mechanisms of the theoretical model, we can disentangle the effects on the cost and availability of

credit of these policies from those of other factors. We proceed to do so in the next sections.

16They also define institutions with assets between $250 million and $1 billion as “intermediate small
savings associations”, which need to be evaluated based on both the lending test and the community devel-
opment test.
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7.1 Fiscal Policy #1: Subsidies to CRA-Compliant Lenders

In the spirit of the CRA regulation discussed in the introduction to this section, here we model a

government subsidy to the provision of loans to MO businesses paid to banks at a rate τ . This could

also be interpreted as a reduced-form way of introducing the benefits of the increased likelihood of

a merger approval when banks obtain satisfactory CRA scores discussed above.

One might approach this part of the paper with the question of why would a government ever

want to subsidize banks (and not borrowers)? That is indeed a fair question, and one that we

asked ourselves as we designed this exercise. The answer to this question will become clear with

the observed effects of the policy. We come back to this later.

In particular, after a positive 1% TFP shock, the government imposes an interest rate subsidy

of 10%, which falls gradually as the aggregate, supply-side shock dies out.

Under this policy the bank profit function becomes:

ΠBt =
[
1 + µBt (RMO,t−1(1 + τt−1)−RNMO,t−1)

]
Lt−1 − (1 + rt−1)Dt−1 +

+(Dt − Lt)−
κ1
κ2

(
µBt
µBt−1

)κ2
− ω1

ω2
Mω2
t Lt

[
λBt
]

(35)

In the background of the model the government’s budget constraint holds and the following is

true: Tt = RMO
t τtµ

B
t Lt

The bank’s first-order conditions with respect to Lt, µ
B
t and Mt would now be:

< Lt >: EtΛt,t+1

{
µBt [RMO,t(1 + τt)−RNMO,t]− rt

}
=
ω1

ω2
Mω2
t (36)

< µBt >: EtΛt,t+1 [RMO,t(1 + τt)−RNMO,t]Lt = κ1

(
µBt
µBt−1

)(κ2−1)
1

µBt−1

(37)

< Mt >: EtΛt,t+1

{
µBt [RMO,t(1 + τt)−RNMO,t]− rt

} ϕKMO,t+1

µBt (1 +RMO,t)
ψ1M

−ψ2−1
t = ω1M

ω2−1
t Lt

(38)

Equations (36) and (37) show that the marginal benefit of lending to MO businesses increases

by a factor of τ . In turn, equation (38) also shows that the marginal benefit of monitoring increases

proportionally because as monitoring increases and the lenders’ appraisal value (qB) rises, banks
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optimally extend more loans and receive a subsidy for doing so.

The impulse response functions to a positive aggregate productivity shock in the presence of this

policy are presented in Figure 7. The policy seems to do well in terms of equality in the allocation

of credit between minorities and non-minorities. The interest rate RMO actually falls when banks

face an extra incentive to lend to MO businesses. Last, the capital and employment ratios KMO

KNMO

and HMO

HNMO actually rise in presence of the subsidy (recall that they fell in the benchmark no-policy

case when the subsidy to CRA-compliant loans is not in place).

Concluding by going back to the question posed at the beginning of this section, subsidizing

banks so that they lend to MO entrepreneurs (which could be seen as politically unpopular and

therefore hard to implement) is actually good for the borrowers themselves, even if only indirectly.

This is the result of working in the context of a general equilibrium model in which the policy

endogenously affects banks’ optimal portfolios and endogenous interest rates on loans. We purposely

emphasize the fact that results are explained by banks optimally choosing their portfolios AND

by interest rates adjusting endogenously to the banks decisions regarding the share µB of lending

allocated to minorities. These features of a general equilibrium model are the value added of our

line of work relative to the quite extensive empirical literature on credit disparities, and it is in line

with the requirements in the CRA that serving the credit needs of low-income areas be done in a

way consistent with safe and sound (banking) operations.

7.2 Fiscal Policy #2: Subsidizing Minority-Owned Businesses

Here we introduce a subsidy at the rate τ on the cost of credit directly granted to MOs themselves.

Specifically, after a 1% productivity shock, governments impose a 10% subsidy to MO businesses.

With this fiscal intervention, the entrepreneurs cash flow equation changes to:

YMO
t + LMO

t = CMO
t + wtH

MO
t + qtI

MO
t +

[
1 +RMO

t−1 (1− τt−1)
]
LMO
t−1 (39)

and their collateral constraint changes to:

[
1 +RMO

t (1− τt)
]
LMO
t ≤ ϕEt

(
qBt K

MO
t+1

)
(40)
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Notice that subsidies enter both equations (39) and (40). The first represents the direct effect

on the firms’ cash flow; and the second, the indirect effect that works by loosening up their collateral

constraint.

The impulse responses to a supply-side productivity shock in the presence of this fiscal policy

are presented in Figure 8.

Both input ratios KMO

KNMO and HMO

HNMO fall by more. The explanation can be found in the general

equilibrium transmission channels of the model. What happens is that lenders respond to the

policy by endogenously changing their behavior, and now monitor the MO sector more intensively

and the interest rate spread (RMO − RNMO) rises more pronouncedly when MO borrowers are

subsidized. In other words, when the subsidy is put in place, lenders adjust their pricing of loans

endogenously and reallocate credit away from the subsidized sector. This general equilibrium effect

provides a rationale for subsidies to banks in favor of subsidies to borrowers themselves, answering

the question posed at the beginning of this section about why would a government ever want to

subsidize banks (and not borrowers)?

7.3 Macroprudential Tool #1: Regulating Costs of CRA-Compliant

Loans

We expect that, given federal CRA-type legislation, the benefits for banks of providing loans to

lower-income and other minority borrowers would increase (they are more likely to be able to engage

in mergers and/or to open new branches as discussed before). Equivalently, the costs of providing

these loans would fall. In equilibrium, this would yield higher lending (an increase in µB) and a

lower cost of credit (a drop in RMO) in that sector.

With that intuition and policy in mind, we now simulate the model’s response to a policy that

lowers the cost of banks readjusting their lending portfolios towards the minority-owned sector.

We model it by assuming that the parameter κ1 in the term κ1
κ2

(
µBt
µBt−1

)κ2
of the banks’ cash flow

equation (16) falls in an ad-hoc fashion by 5% (we will study a less arbitrary policy below).

The impulse response functions under this type of government regulation are presented in Figure

9. As a result of the fall in κ1, the cost of credit for minorities RMO falls, and the share µB of credit

30



allocated to MO businesses rises. As a result, both input ratios KMO

KNMO and HMO

HNMO and output in

both sectors actually fall. Endogenously, this all happens because the lower cost of lending to the

friction-heavy sector allows banks to optimally lower the intensity at which they monitor loans.

The problem is that in general equilibrium, a lower monitoring intensity results in a lower assessed

value of collateral which tightens the collateral constraint (raises λ2,MO, see bottom panel of Figure

9).

7.4 Macroprudential Tool #2: Incentivizing the Adoption of Bet-

ter Monitoring Technology

In the model banks use a technology to monitor collateral, and the appraised value qb is what

enters the collateral constraint imposed on borrowers. When lending to minorities, banks typically

undervalue the collateral of minority-owned businesses. The degree of undervaluation or “mistake”

that banks make is a decreasing function of the intensity with which they monitor borrowers’

investment projects and of monitoring costs
(
ω1
ω2
Mω2
t

)
. In other words, the more banks monitor,

the smaller the assessment undervaluation and the closer the assessed value qB is to the true market

value of capital q.

Here we design a macroprudential tool that through regulation and supervision aims to correct

the “mistake” that banks make when lending to minorities. We model this tool as a discretionary

shock to the parameter ω1, which lowers the cost of monitoring by 10%.

The impulse response functions under this type of government regulation are presented in Figure

10. Monitoring intensity rises when this activity is cheaper for banks, the size of the “mistake”,

i.e. the difference between qB and q falls, and the share µB of loans allocated to MOs falls by less

than in the benchmark model. The input ratios fall by less, and output in the MO sector rises by

more than in the NMO. The bottom panel of Figure 10 shows that qB rises, making the collateral

constraint laxer (λ2,MO falls).

To conclude, this regulation tool improves the distribution of credit across sectors and helps

businesses owned by minorities.
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8 Optimal Policy Through Simple Rules

In Section 7 we introduced two alternative types of fiscal policy and two macroprudential regulation

tools. We did so in an ad-hoc way, arbitrarily picking the magnitude of the subsidy rates and the

change in costs implied by the regulation tools.

In this section we study the same policies as in Section 7 but we do so from the perspective

of optimal policy design. We formulate easy to implement simple policy rules and determine the

parameters in those rules. In this environment, the government picks the parameters in the policy

rule with the goal of minimizing the output gap (i.e. the deviations of output from its steady state

level).

To minimize a loss function given by L, the policymaker then chooses the γ parameter in an

equation for the subsidy τ or costs κ1 and ω1 as a function of the output gap.

min
γ

L = Ygap (41)

s.t.

policytool = γYgap

Notice that the welfare criterion of minimizing output volatility may not be directly correlated

with maximizing households’ utility as it is true in some of the models in the optimal monetary

policy literature without either capital or credit constraints, for example. This feature of the optimal

policy exercise is important to understand some of the results that follow which show that welfare

levels under the optimal policy need not be the maximum across alternative policy environments.

The optimal paths for τ , κ1 and ω1 and the implied changes in the share µB allocated to MOs

are presented in Figures 11 and 12.

Under fiscal policy #1, when the government subsidizes lenders who comply with the Com-

munity Reinvestment Act, governments operating the goal function in equation (41), choose a

coefficient γ on the output gap that is always positive. During expansions it is then optimal for

governments to subsidize lenders at a lower (than the ad-hoc) rate. Thus, on impact after the shock,

while the ad-hoc rate was 10%, the optimal one reaches just below 2% under our calibration.
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The same patterns are true for fiscal policy #2, when the government subsidizes borrowers in

the MO sector themselves. It is still the case for these subsidy rates that they should optimally

rise during expansions (this time also to 8 percentage points below the ad-hoc rate).

As a result, for both types of subsidies the share of loans allocated to MOs falls by less than in

the ad-hoc case. It makes sense that optimal subsidies are lower when the policy goal is an efficiency

(not redistributive) one. The MO sector is subject to more frictions and marginal productivity is

lower there. A policy maker that focuses on efficiency would rather not subsidize that sector as

much.

Under macroprudential tool #1, the parameter κ1 in the cost function should optimally increase

with GDP. Intuitively, when the focus of the policy maker is efficiency (as measured by the volatility

of the output gap) rather than distribution across sectors, the cost of reallocating credit away from

the MO sector should increase. In other words, it is optimal to shift credit allocation towards

the sectors with fewer frictions and higher marginal productivity, the NMO sector. Of course, the

implied result is that the share of credit going to MOs falls rather than rising as with the ad-hoc

policy when we arbitrarily lowered the costs of lending to them by shocking the parameter κ1 by

-5%.

Qualitatively, the same patterns arise for macroprudential tool #2 and it is optimal for the

regulator to raise monitoring costs as given by the parameter ω1. However, in this case, raising the

cost of monitoring induces banks to reallocate less against MOs than in the discretionary policy

case. This is because in this case monitoring intensity rises by less than in the ad-hoc policy case

and does not allow (q − qB) to fall as when the cost ω1 falls more drastically by 10%.

8.1 The Costs of Discretionary Fiscal Policy

We now develop measures of the welfare costs associated to conducting policy in a discretionary

way using just ad-hoc rules like the ones studied before in Section 7.

We run 500 model simulations of length 100 each and we compute the lifetime utility under

each type of “regime”: (1) ad-hoc policy and (2) optimal policy. Based on these utility values, we

compute consumption equivalents as in Lucas (1987).

Define the expected lifetime utility under the optimal policy as E [W op], and under the alter-
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native policy as E
[
W ahp

]
(which in our case is the ad-hoc policy)

E [W op] ≡ E0

{ ∞∑
i=0

βiHU
(
Copt+i (1 + ξ)

)}
(42)

E
[
W ahp

]
≡ E0

{ ∞∑
i=0

βiHU
(
Cahpt+i

)}
(43)

Then, the consumption equivalent ξ is obtained as:17

ξ = exp
(
(1− βH)

(
E
[
W ahp

]
− E [W op]

))
− 1 (44)

These results are presented in Table 9. ξ < 0 means that under the optimal policy, consumers

would need to give up a fraction of their steady state consumption to be as equally well off as

under the ad-hoc policy. In other words, ξ < 0 means that the optimal policy welfare dominates

the ad-hoc one.

In the case of fiscal policy #1 (subsidies to lenders who comply with CRA-type policies) house-

holds are willing to give up 2.6% of their steady-state consumption in the optimal policy environ-

ment to be as well off as without policy. The latter can be interpreted as the cost of discretionary

policy being 2.6% of consumption.

In the case of fiscal policy #2 (subsidies to the MOs themselves) the welfare cost of discretion

in policy making (relative to optimal policy making) is 1.18% of steady-state consumption.

The corresponding welfare values are shown in Figure 13. For fiscal policy #1, subsidies to

lenders, both discretionary and optimal policy raise welfare relative to the case of no subsidization.

However, for fiscal policy #2, direct subsidies to MOs themselves, optimal policy lowers welfare

relative to the no subsidization case. This shows that there is no strict equivalence in this model

between maximizing consumers utility and minimizing the volatility of the output gap, which is

the criteria followed by the optimal simple rules procedure.

Regarding macro-prudential policy, the results in Figure 13 and in Table 9 show that incentiviz-

ing banks to adopt better technologies to monitor collateral in lending applications yields higher

17To arrive at this formula we use the standard assumptions of no disutility of labor and log utility, needed
to obtain a closed-form solution for the consumption equivalent ξ.
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consumer welfare than regulations aimed at lowering the costs of lending to minorities. Consumers

are willing to give up 0.3% of their consumption to be under macro-prudential policy #2 rather

than tool #1.

9 Conclusions

Our work is motivated by the empirical literature that provides consistent evidence on businesses

owned by minorities having less access to credit than their non minority-owned counterparts, and

by the mandate of policy to serve the credit needs of low- and moderate-income areas, including

those where minorities traditionally live. Our ultimate goal is to design and simulate the effects of

policies that would improve credit conditions for disadvantaged small entrepreneurs. We see our

paper as having two main contributions: an empirical and a theoretical one.

We start by providing robust empirical evidence of disparities in the access to credit markets

between minority- and non minority-owned small businesses. It is clear from the data that the

former tend to apply less often to credit and when they do, they are granted smaller amounts than

those businesses owned by whites.

Then, we proceed to build a structural model of two sectors subject to differential lending

standards. With this model, we introduce a novel mechanism where banks endogenously choose

loan monitoring intensity, which in turn determines the degree of collateral undervaluation facing

minority-owned firms and their access to credit. Importantly, this is a dynamic, general equilibrium

model which allows us to understand the various transmission channels derived from MOs being

subject to tighter lending standards. We study both fiscal policy and macroprudential tools related

to regulation and supervision of lenders and their practices in the credit market for small businesses.

Our theoretical framework is not necessarily about racial disparities only, and it could well

be applied to study other heterogeneities across firms when cutting the data according to other

firm-level characteristics of the firms themselves (like size) or their owners (like credit history or

the type of loan covenants that lenders impose on them). We study those in ongoing work.

Simulating the model we are able to show that, consistent with the data, in recessions banks

tighten lending standards for minority-owned businesses. “Feeding” the model two fiscal policies
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(subsidies on the cost of credit granted to either banks or disadvantaged businesses) and two

regulatory measures in the spirit of macroprudential policy (reducing the cost for banks of lending

to minorities and incentivizing banks to adopt better monitoring technologies), we show that even

ad-hoc policies can help tilt credit allocation towards minority-owned businesses.

We also conduct a welfare analysis and study the properties of what optimal policy should look

like. In particular, we measure the welfare costs of using ad-hoc policies instead of the optimally

designed ones, implementable through simple rules. Using the consumption equivalent measure of

Lucas (1987), our results show that for the case when the policy introduces subsidies to lenders,

consumers in our model economy are willing to give up a share of their consumption to be in the

optimal (rather than the ad-hoc) policy environment. We also show that from a welfare perspec-

tive, subsidies to lenders on their CRA-compliant loans dominate those to MOs, and that better

monitoring technologies for lenders are preferable to other regulatory macro-prudential measures.

Also, both fiscal policies welfare dominate the macro-prudential tools.

By focusing on lending standards on the banks’ side, our model cannot say anything about

differences on the borrowers’ side that might explain some of the disparities in credit conditions

presented in Section 3. We leave this for future work. It is also part of our research agenda to do

more empirical work taking advantage of the new data available at the firm level which includes

detailed demographic information on the borrowers.
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Figures

Figure 1: Industries by Race of Firm Owner
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Figure 2: Attitude Towards Credit Application by Race 
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Figure 3: Financing Outcomes by Race
 

 
 
 
 

 

 

0

20

40

60

80

None Some (1%-50%) Most (51%-91%) All (100%)

Outcomes of Financing Applications
Before 1/3/2020

(By race of business owner)

White Black or African American Asian Hispanic

0

20

40

60

None Some (1%-50%) Most (51%-91%) All (100%)

Outcomes of Financing Applications
After 1/3/2020

(By race of business owner)

White Black or African American Asian Hispanic

Source: 2023 Small Business Credit Survey.

43



Figure 4: Impulse Response Functions to Supply-Side Shocks - Benchmark Model
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Figure 5: Impulse Response Functions - The Role of Monitoring
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Figure 6: Denial-vs-Discouragement Decomposition of Spreads
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The figure shows the histogram of the probability distribution across 1,000 model simulations of the contribu-
tion to total spreads of loan denials, the supply-side of the model, relative to discouragement in application,
the demand-side of the model.
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Figure 7: Impulse Response Functions - Fiscal Policy #1
Subsidies to Banks Lending to MOs
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Figure 8: Impulse Response Functions - Fiscal Policy #2
Subsidies to MOs
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Figure 9: Impulse Response Functions - Macroprudential Tool #1
Bank Costs of Lending to MOs
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Figure 10: Impulse Response Functions - Macroprudential Tool #2
Monitoring Costs
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Figure 11: Impulse Response Functions to Optimal Fiscal Policies
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Figure 12: Impulse Response Functions to Optimal Macro-Prudential Policies
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Figure 13: Welfare Analysis - The Costs of Policy Discretion

    
    

      

      
      

      

0.994

0.996

0.998

1

1.002

1.004

1.006

1.008

1.01

1.012

1.014

No policy Ad-hoc policy Optimal Policy

Fiscal Policy #1
Subsidy to Lenders

0.988

0.99

0.992

0.994

0.996

0.998

1

1.002

No policy Ad-hoc policy Optimal Policy

Fiscal Policy #2
Subsidy to MO Borrowers

0.988

0.99

0.992

0.994

0.996

0.998

1

1.002

No policy Ad-hoc policy Optimal Policy

Macro-Prudential Policy #2 
Reducing Cost of Monitoring

0.9975

0.998

0.9985

0.999

0.9995

1

1.0005

1.001

1.0015

1.002

1.0025

No policy Ad-hoc policy Optimal Policy

Macro-Prudential Policy #1
Better Disclosure Legislation

Index values. Welfare in no policy case=1.

53



Tables

Table 1: Firm Size

Debt Outstanding
No debt $100K or less More than $100K

White 29 30 41
Black 34 51 15
Asian 21 34 44
Hispanic 33 45 22

Annual Revenue
$1M or less $1 M or more

White 66 33
Black 92 8
Asian 73 27
Hispanic 86 14

Employment
4 or less 20 or more 50 or more

White 55 15 5
Black 71 7 3
Asian 58 10 4
Hispanic 75 6 2

Source: 2023 Small Business Credit Survey of the Federal Reserve System.
Cells show the percentage of firms in each category.

Table 2: Geographical Location

Urban (%) Rural (%)
White 83 17
Black 95 5
Asian 96 4
Hispanic 93 7

Source: 2023 Small Business Credit Survey of the Federal Reserve System.

Cells show the percentage of firms in each category.
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Table 3: Firms and Owners Age

Age of Primary Business Owner Firm Age
Under 35 55 and over

(%) (%) (years)
White 4 59 12.1
Black 12 35 5.9
Asian 3 42 10.4
Hispanic 7 28 7.1

Source: 2023 Small Business Credit Survey of the Federal Reserve System.
Cells in columns (1) and (2) are percentages of firms.

They don’t add up to 100 because group of owners between 36 and 54 years of age are not included.
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Table 4: Current Financial Condition

Poor Fair or Good Very Good or Excellent
or or

Good Excellent
White 17 63 19
Black 29 66 5
Asian 32 60 9
Hispanic 27 59 14

Source: 2023 Small Business Credit Survey of the Federal Reserve System.

Cells show the percentage of firms in each category.
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Table 5: Credit Risk

Low Medium High
White 75 20 4
Black 30 47 23
Asian 74 23 3
Hispanic 52 30 18

Source: 2023 Small Business Credit Survey of the Federal Reserve System.

Cells show the percentage of firms in each category.
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Table 6: Expectations About Debt Forgiveness

Full Partial Not expected
or unsure

White 80 10 10
Black 77 6 17
Asian 77 10 14
Hispanic 72 8 21

Source: 2020 Small Business Credit Survey.

Cells show the percentage of firms in each category.
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Table 7: Calibration

Parameter Description Value Target/Source
Households
σ Risk aversion parameter 2 Lucas (1987)
βH Households’ discount factor 0.99 Match quarterly risk-free interest rate
φ Labor elasticity 1 several studies in RBC literature
χ Labor disutility 5.42 H = 1

3
households devote 1

3
of time to job market

Entrepreneurs
α Production function parameter 0.33 Capital share of income

ϕ LTV parameter 0.8 L
Y
=0.5

δ Depreciation rate 0.025 RBC literature
βE Entrepreneurs discount factor 0.98 Cao et al (2021)
Cost Functions
ω1 Monitoring cost 1
ω2 Monitoring cost elasticity 2 Quadratic monitoring cost function
κ2 Cost of lending to MOs elasticity 0.01 consumption share of GDP = 75%

κ1 Cost of lending to MOs 0.02 Fee of 3%, racial animosity of 17%, µB=0.26
ψ1 Portfolio adjustment costs (PAC) 1.79e−6 Fee of 3%, racial animosity of 17%, µB=0.26
ψ2 PAC elasticity 9.76 Fee of 3%, racial animosity of 17%, µB=0.26
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Table 8: Stochastic Simulations

Data Benchmark
Standard Deviations

σC 0.013683 0.0386
σcE n/a 0.0029
σ(C + cE) n/a 0.0206
σIMO n/a 1.467e−4

σINMO n/a 0.0188
σI 0.044288 0.0139
σH 0.043022 0.009
σY 0.016237 0.0184
σspread 0.806356 2.9818e−4

σµB n/a 0.0034
Correlations with Output

ρ(C, Y ) 0.79 0.9583
ρ(cE, Y ) n/a 0.6435
ρ((C + cE), Y ) n/a 0.9469
ρ(IMO, Y ) n/a 0.0254
ρ(INMO, Y ) n/a 0.8968
ρ(I, Y ) 0.7641 0.8967
ρ(H, Y ) 0.5743 0.9189
ρ(spread, Y ) -0.3482 -0.5784
ρ(µB, Y ) n/a -0.6023
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Table 9: Welfare Analysis: Consumption Equivalents

Optimal policy FP #1 MPP #2
to to

Ad-hoc policy FP #2 MPP #1
(1) (2) (3)

Fiscal policy #1 -2.6176 -0.0334
Fiscal policy #2 -1.1846
Macroprudential tool #1 0.6578
Macroprudential tool #2 -1.6856 -0.001

FP stands for fiscal policy. MPP, for macro-prudential policy.

The cells show consumption equivalents as in Lucas (1987). Column (1) shows the percentage
of steady-state consumption that households would need to give up under each of the optimal
policies to be as well off as with the ad-hoc policies. Column (2) is the percentage of
consumption that they are willing to give up under fiscal policy #1 to be as equally well off
as with fiscal policy #2. Fiscal policy #1 welfare dominates policy #2. Column (3) is the
percentage of consumption that they are willing to give up under macro-prudential policy
#2 to be as equally well off as with macro-prudential policy #1. Macro-prudential policy
#2 welfare dominates policy #1. In general, a negative number means that that policy is
ranked higher in welfare terms than the alternative policy.
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