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Abstract

Do policies that promote credit access have an impact on targeted borrowers? To address this question,
we develop a theoretical model of trade credit, bank competition and regulation and test its predictions
using the Community Reinvestment Act’s small business lending program. The analysis reveals that, on
average, a regulation-induced surge of loans leads to an improvement in the trade credit score of small
businesses as firms use the bank loans to replace the relatively more expensive trade credit. The effect
is more profound in low- and medium-income areas where financial constraints are tighter due to low

bank competition and among firms that operate in trade-dependent sectors.
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1 Introduction

Despite the increase in bank competition from the de-regulation and technological innovations, almost one
third of small businesses still faces challenges with credit availability. Furthermore, the financial constraints
are much higher among minority owned businesses and businesses located in areas with lower income.!
The economic prospects of these local markets are consequently undermined.? Facing bank financing con-
straints, small businesses turn to other more expensive methods to finance their operations, including trade
credit.’

To contain the problem of credit availability and the formation of unbanked communities, policymakers
have introduced programs that aim to propagate credit supply to targeted markets.* However, the impact
on borrowers, targeted by these important initiatives, remains unexplored. This study tries to shed light on
the consequences of policy interventions on borrowers by examining empirically the impact of the Commu-
nity Reinvestment Act (CRA), the U.S. regulation aimed to encourage credit supply in underfunded local
communities, on the local small businesses.

First, we show that the regulatory eligibility of a local community increases the likelihood of an unex-
pected surge in bank loans to small firms. Second, our analysis reveals that, on average, small businesses
improve their trade credit scores. This indicates that firms use the new loans to pay off their trade credit at or
before the due date to take advantage of price discount. Since discounts for early payment and the penalties

for late payment are substantial (Petersen and Rajan (1994)) we conclude that the implied reduction in the

! According to the latest Fed’s Small Business Credit Survey in 2021, 32% of small business owners answered that they faced
a challenge in credit availability in the last 12 months. Moreover, 13% of entrepreneurs stated that credit availability was the
single most important challenge they expect to face. This percentage goes up to 30% if we look at minority owned businesses.

2Small businesses contribute to local economies by bringing growth and innovation to the community in which the business
is established. According to the 2019 Small Business Profile Report by the Office of the U.S. Small Business Administration,
there are 30.7 million small businesses in the U.S. accounting for 99.9% of total businesses and 47.3% of total U.S. employment.
Importantly, 37% of high-tech workers work for small businesses. Small businesses also provide opportunities for many people,
including women and minorities, to achieve financial success and independence, and they complement the economic activity of
large organizations by providing them with components, services, and distribution of their products.

3 According to Petersen and Rajan (1994) and Petersen and Rajan (1997), trade credit is more expensive than institutional
finance and firms use less trade credit if they have access to institutional finance.

4Several long-standing government initiatives exist to support credit access for small businesses. Two such initiatives are
of particular importance. The first is the Community Reinvestment Act (CRA) enacted in 1977 to encourage federally insured
depository institutions to help meet the credit needs of their local communities, particularly low- and moderate-income neighbor-
hoods. The second involves the loan programs sponsored by the U.S. Small Business Administration (SBA). The SBA provides
financing to young and growing small firms through several channels such as the 7(a) Loan Program and SBA 504 Certified
Development Companies (CDCs). More recently, the Federal Reserve established the Main Street Lending Program to support
lending to small and medium-sized organizations before the onset of the COVID-19 pandemic.


https://cdn.advocacy.sba.gov/wp-content/uploads/2019/04/23142719/2019-Small-Business-Profiles-US.pdf

firms’ overall financing cost may engender further economic improvement for the local market. Third, we
find that the CRA-effect on firms’ trade credit score is more pronounced in local markets characterized by
weak bank competition. These markets are likely to exhibit low supply of credit, when left unregulated,
and hence tighter financial constraints for the local businesses. Finally, our analysis also shows that the
CRA-effect on firms’ trade credit score is observed predominantly among firms operating in more trade
credit-dependent sectors of the economy.

To motivate our empirical tests, we present a simple model of trade credit, bank competition and regu-
lation. It shows that bank competition removes the financial constraints faced by less transparent borrowers
like small businesses. Consequently, small businesses will prefer to borrow from banks instead of the rel-
atively more expensive trade credit. But the model also shows that some borrowers may be too costly to
fund, leaving them underserved by banks. This is especially true in local markets with weak bank com-
petition. Thus, our model predicts that a regulatory intervention, like the CRA, is more likely to increase
bank lending and reduce the dependence of firms on trade credit when the number of banks operating in the
market is low.

By performing a large-scale geocoding of National Establishment of Time Series (NETS) and Summary
of Deposit (SOD) data, we are able to append to CRA loan data, small business information, and bank
branch information aggregated at the census tract level. This unique dataset allows us to examine the impact
of CRA lending on local small businesses in conjunction with bank competition, which has been largely
lacking from existing empirical studies. Specifically, CRA examiners divide tracts mainly into two groups:
the upper-middle tracts with median family income (MFI) above 80% of the surrounding metropolitan area’s
MEFI and the low-moderate tracts with MFI ratio below 80%. Banks with branches in low-moderate tracts,
the CRA eligible communities, are subject to examination in meeting the credit needs of these communities.

We exploit the fact that CRA eligibility is allocated on the basis of the MFI ratio to use the regression-
discontinuity (RD) design. The underlying idea of our RD design is that the probability of CRA eligibility,
conditional on the “running” variable of MFI ratio, jumps discontinuously at the cutoff, inducing hetero-
geneity in a regulatory treatment assignment that is unrelated to potential confounders. We focus on the
2010 census, which was incorporated to the CRA examination in 2012, and we examine if firms located
within the eligible tracts display higher trade credit scores compared to firms located within the ineligible

tracts. Because of its local nature, we choose to estimate the RD effect of regulation eligibility using the



local polynomial approximation. We confirm our findings using a variety of model parameters, like kernel
functions and bandwidth selection methods.

Our research contributes to the broad literature on small business financing and financial development.
Berger, Saunders, Scalise, and Udell (1998) report that changes in competition due to bank mergers low-
ers credit availability to small businesses in the short term. They also conclude that the merger-induced
short-term distortions in the loan market are gradually eliminated by the entry of new banks and increased
loan supply by existing banks. Cetorelli and Strahan (2006) provide evidence that local bank competition is
associated with higher numbers of small businesses. They suggest that enhanced credit access in compet-
itive bank markets lowers the barriers to entry for new firms. Moreover, by promoting bank competition,
deregulation of branching has raised the rate of new business incorporation (Black and Strahan (2002)),
has lowered the interest rates charged to small firms, and helped banks to expand the supply of capital
(Rice and Strahan (2010)). Although competition and deregulation have enhanced and broadened access
to credit, there are specific groups of borrowers that remain unbanked or underbanked. The findings of
our study contribute to small business lending literature by offering evidence that government intervention
may alleviate the obstacles to credit access, especially in markets with insufficient bank competition. Our
findings highlight the interaction between regulation and competition in promoting small business lending.

The largest body of the literature on small business loans and competition focuses on lending rela-
tionship and how it ameliorates information production. Compared to large corporations, small businesses
lack the public information or audited financial statements (hard information) that convey firms’ quality
to lenders; thus, banks often depend on the collection of private information (soft information) through
their relationship with the borrower (Petersen and Rajan (1995)). Given that it is costly to acquire pri-
vate information, small firms rely heavily on local banks in financing their operations (Petersen and Rajan
(2002)). Lending distance, hence, is often obtained as a measure of soft information collection or strength
of a banking relationship (Agarwal and Hauswald (2010)). Notwithstanding the important role of a lending
relationship in reducing the obstacle of information asymmetry, especially for small businesses, lending
relationship premises some history of banking activity, which does not exist for some groups of borrowers
that remain unbanked or underbanked. Our findings show that government intervention may be necessary

to break the vicious circle of unfunded communities and the paucity of information spillovers.



Our paper also adds to the more niche literature examining the impact of the CRA. Specifically, the
stream of the extant literature that examines the effectiveness of government programs and policies that
target underfunded communities has limited its focus on whether these programs have succeeded in boosting
the supply of credit to targeted borrowers in these markets. However, there has been little progress in
examining whether the flow of credit to these communities benefits local businesses. This is an important
question for the evaluation of the economic efficacy of a government initiative that promotes credit supply
to targeted borrowers. We try to fill this gap by introducing a theoretical model and providing empirical
evidence that examines the efficiency of the CRA regulation. Existing studies have focused on assessing
the effects of the CRA regulation on the supply of residential mortgage loans (Dahl, Evanoff, and Spivey
(2010), Bhutta (2011), Agarwal, Benmelech, Bergman, and Seru (2012), Avery and Brevoort (2015), and
Ding and Nakamura (2020)), and the quality of financial services for mortgage-related products in Begley
and Purnanandam (2021). Fewer studies focus on the effect of the CRA on small business lending to low-
and moderate-income (LMI) communities. Bostic and Lee (2017) show that CRA-eligible census tracts
attracted more small business lending activities than CRA-ineligible tracts, but the banks’ response was
also driven by macroeconomic market conditions. Ding, Lee, and Bostic (2018) explore a policy shock
that changes the CRA eligibility of census tracts and find that gaining (losing) CRA eligibility leads to an
increase (decrease) in small business lending to LMI communities. The literature on the examination of
the CRA regulation on other lending outcomes, such as efficiency or pricing, under the CRA regulation is
scant. Avery, Bostic, and Canner (2005) evaluate survey responses from CRA-related lending and find that
accomplishing CRA goals has exacted a price in terms of lending profit, but the results are mixed at best.
The empirical evidence on CRA lending beyond the volume of lending is really lacking, mostly due to the
aggregated nature of CRA lending data. Our research goes a step further and examines whether the new
loans, due to the CRA regulation, have positively impacted the targeted small businesses.

Finally, our paper relates to the growing literature on trade credit. Firms facing impediments on ac-
cessing bank credit are more likely to resort to trade credit (Petersen and Rajan (1994); Petersen and Rajan
(1997)). This explains the observation that dependence on trade credit financing proliferates in countries
with weaker financial institutions (Fisman and Love (2003)). The problem is more profound among small
businesses that are considerably more opaque and thus require more screening from banks to identify the

profitable projects. Trade credit can alleviate this problem by incorporating in the lending relation the



private information held by suppliers about their customers (Biais and Gollier (1997)). The link between
bank and trade credit has also been established from the supply side. Specifically, Love, Preve, and Sarria-
Allende (2007) show that when bank credit supply shrinks, following a financial crisis, supply of trade
credit dwindles, consistent with the redistribution view of trade credit, whereby bank credit is redistributed
via trade credit from financially stronger to weaker firms. Our paper extends the literature by providing
evidence from the demand side. Specifically, we show that when bank credit supply increases, firms will
substitute the relatively more expensive trade credit with bank credit.

The results suggest that, from a policy perspective, regulatory initiatives like the CRA could supplement
bank deregulation in local markets where competition is insufficient. By engendering a virtuous cycle
of credit supply and positive information spillovers government initiatives can eliminate the phenomenon
of underserved communities. This virtuous cycle is likely to foment bank competition as the decreasing
screening costs will attract more banks. Effectively, policies like the CRA could provide the necessary
jump-start in lending before other market forces, such as bank competition, kick in.

The article is organized as follows. Section 2 presents a model of bank lending and trade credit. Em-
pirical investigation is discussed in Section 3, while Section 4 presents the findings. Section 5 concludes.

Some proofs are relegated to Appendix A.

2 A simple model of bank lending and trade credit

This section applies the model of Salop (1979) to study competition for lending to small businesses. Small
businesses can choose to borrow from banks or trade creditors. We show that when bank competition is low,
some small businesses are “unbanked” and rely on trade credit. We also analyze the effects of a regulation,

such as the CRA, that seeks to have banks serve more small businesses.

2.1 Assumptions

There is a continuum of identical small businesses located uniformly around a circle with unit circumfer-
ence, and these firms have total desired borrowing equal to a fixed amount 5. Each firm has an option to

borrow by paying trade credit late at an effective interest rate equal to 7 that is assumed to be exogenous



and the same for all firms. A justification for this assumption is that trade credit offered to small businesses
is typically standardized. Vendors and suppliers commonly offer terms of “2/10, net 30,” which mean that
the firm receives a 2% discount if it pays its bill within 10 days. Otherwise the full amount is due within 30
days. Paying “late” on the 30" day relative to paying the discounted bill on the 10** day implies an effective
annualized interest rate of over 40%. It is assumed that small businesses have sufficiently profitable projects
that they are willing to borrow at a high trade credit rate.

Small businesses may also borrow from one of n > 2 banks that are symmetrically located around the
circle. Each business owner incurs a linear “traveling” cost of ¢, per distance traveled to apply for a loan at
one of the banks. This distance can proxy for the small businesses’ opacity, as more opaque firms require
more extensive documentation and a longer loan origination process to qualify for a bank loan. A greater
distance may imply that a bank has less “soft” information about a firm and requires that it provide more
“hard” information.

Banks’ cost of funding loans is denoted as 7 and equals their weighted cost of deposit (debt) and equity
financing. Banks also incur a cost of credit screening and monitoring borrowers equal to ¢y, per unit of loan.
It is assumed that

rep+cp <rr (D

so that banks can make profitable loans to at least some firms. If a firm is a distance x from a bank that

charges a loan interest rate of r, the firm will choose to borrow from the bank if

rr, +axtp, < rr. )

Otherwise, the firm will prefer to borrow using trade credit.
Let us consider the loan rate, 7, charged by profit maximizing banks for symmetric short-run equilibria
where the number of banks in the market, n, is fixed. Similar to Salop (1979), there are three possible types

of equilibria: competitive, local monopoly, and kinked.



2.2 Competitive equilibrium

When n is sufficiently large, banks compete with neighboring banks to make loans to small businesses. In
equilibrium, all small businesses choose to borrow from banks and none use trade credit. Appendix A.1

shows that in this case the symmetric Bertrand-Nash equilibrium bank loan rate is

iy
L =Tf+CL+ — (3)

n
which equals the perfectly-competitive rate, vz + cr,, plus the term ¢, /n that reflects banks” market power
from having an advantage in lending to small businesses that are closest to them. This equilibrium exists
only if a firm that is furthest from a bank at the distance x = % continues to prefer bank loan financing

rather than trade credit financing:

t 3t
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Rearranging inequality (4) implies that the number of banks for a competitive equilibrium must satisfy

3t
n > . 5
Z(TT—T‘F—CL) ()

2.3 Local monopoly equilibrium

When there are sufficiently few banks in the market, a bank’s profit maximizing loan rate is such that some
small businesses furthest from banks find it cheaper to borrow using trade credit. Hence, in equilibrium
banks effectively compete against trade creditors and do not lend to all small businesses. Appendix A.2

shows that in this case each bank’s equilibrium profit maximizing loan rate is

1
7”L:§(7"F+CL+7”T), (6)



which is the average of the perfectly-competitive rate, r + ¢, and the trade credit rate, . If we let L; be
the quantity of bank 7’s loans to small businesses, then the Appendix shows that the share of total market

borrowing provided by the n banks is

Z?zlLi:an_rF_cL' )
B tr
For this equilibrium to hold, the share in equation (7) must be strictly less than 1, which implies
t
n<—-=+4 ()
rr —Tp —Cy,
2.4 Kinked equilibrium
When W{ﬁ <n< m so that neither the local monopoly nor the competitive equilibrium is

possible, a third kinked equilibrium obtains. In this case banks lend to all small businesses in the market

and charge the profit-maximizing loan rate

t
rL=rr— g 9)

which is the maximum bank loan rate at which all firms prefer to borrow from banks rather than trade
creditors, see Appendix A.3 for derivation details. It equals the rate where the firms furthest from a bank at

the distance = = % are indifferent between borrowing from a bank or trade creditors.

2.5 The effects of the CRA policy

In summary, the equilibrium bank loan rate equals

1 i _tr
s(re+ep+rr) ifn < ——k——

= — if —t 3ty 1
"L T 2n if rp—rrp—cr, <n< 2(rp—rp—cr) ( 0)
t_L 1 3tL
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and the proportion of total small business borrowing provided by banks is

n rr—rrp—c : t
> iy Li _ T <1 ifn < =i (11)
B 1 if L <np
rTT—TpEp—CJ,

The CRA regulation seeks to increase bank lending to areas that would have unbanked small businesses
in its absence. Our model predicts that if a market becomes CRA-eligible, bank lending has more scope
for expansion when the market is characterized by the “local monopoly” type equilibrium. This is because
equation (11) shows that banks’ share of all small business borrowing is below 1 only in these markets. If
the CRA is effective in changing incentives, banks in local monopoly markets would lower their loan rates
below the profit-maximizing rate in the first line of equation (10) to expand the share of small businesses
that they serve.

Based on equation (11), our model predicts that the CRA is more likely to increase bank lending when
n, the number of banks operating in the market, is low. Hence, we expect that the CRA will be more
effective in expanding bank loans and reducing trade credit paid late in markets characterized by low bank

competition.

3 Empirical investigation

In the empirical investigation, we focus on low- and moderate-income (LMI) communities which contain
a disproportional number of unbanked small businesses that depend primarily on trade credit. The prob-
lem is likely to be exacerbated by the fact that in many LMI communities feature low bank competition.
Specifically, banks economize on information costs, by using information generated from past lending, both
their own lending and that of other banks. A loan therefore creates positive spillovers to future lenders and
borrowers in the form of valuable information. Therefore, banks forgo the funding of LMI communities
that are deprived of the positive information externalities, especially those that have few bank branches.
The practical implication of the information spillover is that bank credit is too expensive and thus small
businesses will rely on other forms of funding, including trade credit. The CRA regulation aims to address
this credit market imperfection responsible for the low credit availability in low- and moderate-income

communities.



3.1 Institutional background

The CRA deals with the lack of banks’ incentives to give loans to borrowers located in LMI areas by
requiring banks to lend to small businesses located in underfunded neighborhoods in which the bank has
presence. As of 1995, banks are regularly examined for their compliance in the areas of lending, investment,
and services by three federal agencies: the Federal Reserve, the Office of the Comptroller of the Currency
(OCC), and the Federal Deposit Insurance Corporation (FDIC). The lending area has been given the highest
weight in determining overall ratings. The CRA ratings are publicly released and, due to elevated public
attention, institutions need to show satisfactory responsiveness to the credit needs of assessment areas based
on where they operate and particularly to the financing needs of small businesses in LMI communities.
The empirical evidence discussed below supports the notion that the CRA regulation, in general, is as-
sociated with an increase in small business lending. The effectiveness of CRA 1is linked to the two channels
that incentivize compliance by depository institutions (Ding, Lee, and Bostic (2018)). First, federal regula-
tors must consider an institution’s CRA performance when evaluating an application by that institution for
a merger or acquisition, the formation of branch, or other business activity. Second, and more indirectly,
community activists and public interest groups monitor banking institutions and provide an independent

source of bank discipline.

3.2 Identification

Census tracts are identified as LMI areas if the median family income of the tract is less than 80% of the
metropolitan area’s median family income based on information provided by the U.S. census. According to
the Federal Financial Institutions Examination Council (FFIEC), until the end of 2011 a tract’s eligibility
status assignment and banks’ CRA performance assessment was conducted using the 2000 census data and
from January 2012 forward, it was conducted using 2010 census data. As a result, approximately 15% of
the tracts that were marginally non-eligible in the 2000 census became CRA-eligible tracts.

We focus on the newly eligible tracts for two main reasons. First, census tract eligibility does not
necessarily imply an automatic increase in small business lending. Specifically, bank compliance to the
CRA is assessed at higher geographical level (i.e., assessment areas are at county or district level), which

means that census tract eligibility increases the probability of small business loans’ growth. Therefore, we

10



need to identify the eligible tracts that actually experience an unexpected increase in the loan supply. This
supply-driven loan growth is more easily observed among the newly eligible tracts compared to census
tracts that have been eligible since the 2000 census data and thus have a more predictable supply of loans
ever since. Second, focusing on newly eligible tracts where banks are, presumably, less likely to have built
long-term relationships with local businesses helps us to avoid any confounding effect from relationship
lending on the trade credit.

We exploit the fact that the community’s CRA eligibility is allocated on the basis of the observed ratio
of census tract’s median family income (MFI) to the MFI of the metropolitan area to use the regression-
discontinuity (RD) design. In the RD design, units receive treatment on the basis of whether the value of an
observed covariate, known as the running variable, is above or below a known cutoff. The underlying idea is
that the probability of receiving treatment conditional on this covariate jumps discontinuously at the cutoff,
inducing heterogeneity in treatment assignment that is unrelated to potential confounders. According to
CRA, if a community 7, defined at census tract level, has a MFI ratio X; that is less than the cutoff value
¢ = 80%), the loans given to the community count as CRA eligible, while those census tracts with ratio above
the cutoff are not. This generates a discontinuity in eligibility as a function of the tract’s MFI ratio. We
define as “treatment” the CRA-eligibility induced increase in small business lending, and we denote it with
the dummy variable 7;. In sharp RD design, assignment to treatment coincides with the actual treatment,
and thus the jump in the probability of receiving treatment at the cutoff is from zero to one. In the case of
the CRA, however, treatment compliance is imperfect, because as explained above bank compliance to the
CRA is assessed at higher geographical level than census tract. Therefore not all eligible census tract will
experience an increase in small business lending. Therefore, the appropriate method for the case of CRA is
the fuzzy RD design in which the jump in the probability of receiving treatment at the cutoff is less than one.
Specifically, the fuzzy RD design assumes that eligible tracts are more likely to experience an unexpected
increase in the loan supply disproportional to the growth in small business loans among ineligible census

tracts i.e.

lim E(T;| X; = ¢c—¢) —lim E(T;| X; = c+¢€) = lim Pr(T; = 1|X; = c—¢€) —lim Pr(7; = 1| X; = c+¢) > 0.
e—0 e—0 e—0 e—0
(3.1
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At the same time, there appears to be no reason, other than the eligibility of the tract, for the outcome
variable Y;, e.g. the trade credit score of small businesses located in the tract, to be a discontinuous function

of the tract’s MFI ratio. The discontinuity of the variable Y; is written as:
lg%E(lﬁ|Xi =c—¢) —11_1)15E(YZ-|X2- =c+e). (3.2)

Based on equations (3.1) and (3.2), the fuzzy RD effect of the eligibility-induced increase in small

business loans on the outcome variable Y; is defined as:

lim. 0 E(Y;|X;=c—¢€) —lim. o E(Y;|X; =c+¢€) py- — py+
T= = )
lim. o E(T;|X; =c—¢€) —lim_ o E(T;|X; =c+€)  pur- — pur+

(3.3)

3.3 Estimation methodology

Estimation of the eligibility effect 7 within the RD design is performed using local polynomial estimators.
This estimation strategy involves approximating the regression functions above and below the cutoff by
means of weighted polynomial regressions, typically of first order, with weights computed by applying a
kernel function on the distance of each observation to the cutoff point. In particular, we employ the robust
local linear polynomial estimator of Calonico, Cattaneo, and Titiunik (2014), which corrects for the bias of
bandwidth. Formally, the conventional local-linear estimator, for a positive bandwidth h, kernel function

K, = K((X; — ¢)/h) and a set of covariates Z; is found by optimizing the equations:

[iy- = arg {gnibn} (1(X; < e)(U; — by — by (X; — ¢) — vZ;)* K, (3.4)
0,01

[+ = arg {rbmbn} (1(X; > ) (Ui — by — b1 (Xi — ¢) — vZ;)* Ky, (3.5)
0,01

where the random variable U; is equal to either Y; or 7;. The bias-corrected local linear RD estimator of
the probability of treatment, i.e., small business loans increase, employing a local-quadratic estimate of the
leading bias is

i = fir- — fur — BB (hr, by), (3.6)
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and the bias-corrected local linear fuzzy RD estimator on the outcome variable (e.g., the average trade credit

score) employing a local-quadratic estimate of the leading bias is

Py = S = W By by) (3.7)
where by, by are the bias-correction bandwidths and Br(-,-) , By (+,-) the bias correction factors; see,
Calonico, Cattaneo, and Titiunik (2014) for more details.

Increasing the order of the polynomial generally improves the accuracy of the approximation but also
increases the variability of the estimator. In particular, it can be shown that the asymptotic variances of the
local constant (p = 0) and local linear (p = 1) polynomial estimators are equal, but the linear approximation
has a smaller asymptotic bias (Cattaneo, Idrobo, and Titiunik (2019)). Thus, our model setup uses the
recommended choice of local linear polynomial estimator. Moreover, in the analysis that follows, we
employ the Epanechnikov kernel function, often called the optimal kernel because it yields the lowest
possible asymptotic Mean Square Error (MSE). In additional robustness tests, we also use the Uniform
kernel function.

A more consequential issue is the choice of the bandwidth because, given the choices of order approxi-
mation and kernel function, the accuracy of the approximation is essentially determined by the bandwidth.
For all point estimators of the RD effects, we use the recommended Mean Square Error (MSE) optimal
plug-in bandwidth hj;5r, which minimizes the asymptotic variance and bias of the estimator (Cattaneo,
Idrobo, and Titiunik (2019)). In additional robustness tests, we use the common MSE-optimal bandwidth
selector for the sum of regression estimates bandwidth %y;sz s, which is useful for minimizing overfit-
ting. Furthermore, we use the CER optimal bandwidth hcgg that minimizes the asymptotic coverage error
rate of the bias corrected confidence interval, for inference in the falsification tests. Finally, we use the
cluster at census tract level robust plug-in residuals variance estimator to compute the variance-covariance

matrix.

3.4 Data

Our empirical analysis assembles data from three sources. First, the CRA small business loan data are ob-

tained from the FFIEC. The CRA regulations require financial institutions, which include all state member
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banks, state nonmember banks, national banks and savings associations that meet or exceed the asset size
thresholds, to report commercial loans extended to small businesses. The filing asset size threshold is pub-
lished every year by the FFIEC, and it is typically over $1 billion for each of prior two calendar years. We
focus on loans originated to small businesses with gross annual revenues of $1 million or less. The reported
annual loan data refers to new loans and include the total number of loans and the total loan amount at
origination aggregated at U.S. census tract level. CRA small business lending data cover roughly 86% of
all loans of $1 million or less (Greenstone, Mas, and Nguyen (2020)).

Along with the loan data, the FFIEC also publishes census data at tract level used in preparing CRA
data. Variables that are pertaining to our analysis include Median Family Income (MFI) for census tracts
and their surrounding Metropolitan Statistical Area (MSA) or Metropolitan Division (MD). Qualified CRA
activities hinge on the income level of census tracts and geographic distribution of loans within assessment
areas. The income group classification is determined by tract MFI as a percentage of MSA/MD level MFI
(or MFI percentage). For tracts located outside a MSA/MD, area MFI is the statewide non-MSA/MD MFI.
Updates of tract MFI or MSA/MD MFI impact the eligibility of tracts and the CRA activities subsequently.
According to the FFIEC website, 2012 MFI data for both census tracts and MSA (MD) are collected from
2010 census, while 2011 MFI data are from 2000 census. Consistent with the income data, census tracts
are classified on the basis of 2000 Census data for loans originated in 2011. Loans originated in 2012 were
classified on the basis of 2010 Census data. Additional demographic variables used in our analysis include
the census tract total population and the minority population as a percentage of the total population.

Second, business data are obtained from the National Establishment Time Series (NETS) compiled by
Walls & Associates. Because small businesses are mainly single establishments, we use the terms firm and
establishment interchangeably. Among all NETS establishments, we exclude those from NAICS-industries
of Agriculture, Forestry, Fishing and Hunting whose CRA loans are reported separately, and from Education
Services and Public Administration, which do not typically depend on small business bank loans for their
operations. We further dropped establishments with missing NAICS codes, data year, and employment
numbers, and inactive establishments such as those with bankruptcy filing indicator.

We use the Small Business Administration’s definition to characterize a NETS establishment as a small
business if it has less than 500 employees and it is in the manufacturing industry or three-year average

annual sales less than $7.5 million for all non-manufacturing industries. Moreover, we use the PAYDEX
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Score of the Dun & Bradstreet, the trade credit score for an establishment similar to FICO for individuals,
that is derived from the firm’s trade references with vendors and suppliers. Specifically, the paydex score is
a value weighted, according to the size of obligations, score that ranges from 0 to 100 with higher values
implying higher ability to pay back the obligations. Trade credit scores like paydex are therefore important
in assessing a firm’s trade credit terms and therefore has important implication in the implied trade costs.
Another important feature of paydex score is that any increase in the score is due to an improvement in the
firm’s trade payments rather than due to the loan-certification effect (James (1987)).

To assign establishments to census tracts, we perform geocoding from an establishment’s latitude and
longitude provided by NETS and determine whether an establishment falls within the boundary of a census
tract. Census tracts boundary files are downloaded from the U.S. Census website. To be consistent with
CRA lending data, NETS data before 2012 are mapped to census tracts based on 2000 census map, while
2012 NETS data are mapped based on 2010 census map. To exclude confounding factors that contributed
to a business move and CRA lending, we do not include establishments that moved during sample periods.
We also dropped establishments with missing coordinates, as well as establishments that are reported to
have only one employee (i.e., self-employed). For each year, we calculated the total number of small
establishments and the average trade credit (paydex) score per census tract. In addition, we calculated the
proportion of firms with paydex score higher than 70. We choose to focus on this paydex score threshold for
two reasons. First, because it is the average score observed among small businesses in our sample. Second,
according to D&B a paydex score of 70-80 indicates that a typical small business pays its trade credit no
later than 15 days after the due date and a paydex score of 80-100 indicates that a typical small business
pays its trade credit earlier than the due date. Equivalently, firms with a paydex score of higher than 70
are either small businesses that try to reduce late-payment penalties or small businesses that aim to take
advantage of early-pay price discount.

Finally, bank branch data come from the Summary of Deposits (SOD), the annual survey of branch
office deposits for all FDIC-insured institutions, including insured U.S. branches of foreign banks. Follow-
ing standard treatment, we keep only brick-and-mortar branches and remove any duplicated, with respect
to address, branches. Additionally, we dropped branches missing physical addresses. SOD data include
latitudes and longitudes of physical branches; however, for branches missing latitudes and longitudes, we

impute coordinates from geocoding the branch addresses. To determine the number of bank branches serv-
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ing a census tract, we draw a circle with a search radius around the population center of each census tract.’
We apply a variable distance for urban, mixed, and rural tracts. Specifically, we assume an entrepreneur
searches within 2 miles around the tract center for banking services in an urban area, 5 miles in a mixed
area, and 10 miles in a rural area.® Any bank branch with its coordinates falling within the corresponding
search radius to the tract center is considered serving entrepreneurs in that census tract. For each tract year,
we are able to identify all bank branches serving a particular census tract. Same bank branches within a
tract, are treated as one unit because they are not considered competitors. We then calculate the Herfindahl-
Hirschman Index (HHI) by estimating the bank’s market shares from their deposits. We also calculated
separately the total number of branches of large banks, defined as banks or savings associations with as-
sets exceeding the annually determined size threshold by CRA regulation and the total number of branches
of small banks, defined as banks or savings associations with assets below the annually determined size
threshold by CRA regulation. The latter separation is important due to the different strategic focus between
large and small banks with literature suggesting that smaller-sized banks are more likely to fund local small

businesses (Berger, Miller, Petersen, Rajan, and Stein (2005)).

3.5 Summary statistics

Census tract, the primary unit of analysis, is a relatively permanent statistical subdivision of a county. Tracts
are generally defined to contain between 1,200 and 8,000 inhabitants and therefore vary in size across urban
and rural areas. Our sample focuses on the period 2011-2012 and includes two types of census tracts, the
newly eligible tracts after the incorporation of the latest census data and the tracts that remained ineligible
after the census data update. Overall, we have 73,366 tract-year observations with 69,315 observations
belonging to tracts with median-family income above the 80% cutoff and 4,051 observations belonging to
tracts with median-family income below the 80% cutoff.

Table 1 Panel A summarizes the bank data and particularly the number and amount of small business

loans, the number of branches split by bank size and the bank competition measured by the HHI for upper-

STract population center files are downloaded from the census website (https://www.census.gov/geographies/reference-
files/time-series/geo/centers-population.2010.html).

5Using the same distance across sparsely and densely populated areas assumes that it takes the same amount of time to cover
a distance of 10 miles in rural and urban areas, which is counterfactual. Consequently, a fixed distance would inflate the number
of branches in more densely populated areas while underestimating the figure for rural areas. The same approach was adopted
by the Bank Policy Institute’s report Some Facts about Bank Branches and LMI Customers.
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Table 1: Descriptive statistics for upper-middle income tracts & lower-moderate income tracts.

Panel A: Bank branch and small business loan data

80%< MFI (N=69,315) MFI< 80% (N=4,051)
VARIABLES mean sd min max mean sd min max
Number of small business loans 35.25 33.72 0 1,146 24.17 31.72 0 1,191
Total amount ($Th) of small business loans 1,121 1,388 0 33,090 848.9 1,290 0 35,015
Branches of small banks 2.310 2.751 0 48 1.987 2.339 0 29
Branches of large banks 5.829 4.997 0 62 5.333 4.181 0 49
HHI 3,090 2,177 0 10,000 3,252 2,158 0 10,000

Panel B: Demographic and business data

80%< MFI (N=69,315) MFI< 80% (N=4,051)
VARIABLES mean sd min max mean sd min max
Population 4,314 1,747 23 33,041 4,138 1,747 37 16,326
Minority population (%) 22.36 22.17 0 99.93 42.68 28.57 1.030 99.87
Tract MFI 68,841 28,827 20,833 250,001 | 45,564 10,789 2,499 85912
Number of small businesses 182.8 162.4 1 5,774 158.4 171.2 5 5,515
Trade credit score 71.06 3.462 33.38 80.57 69.55 4.169 18 80
Proportion of firms with score higher than 70  0.753  0.0883 0 1 0.719 0.100 0 1

middle income tracts and for lower-moderate income tracts. Table 1 Panel B summarizes the demographic
data including the tract population, the percentage of minority population, and the median-family income.
Moreover, it includes the business data and particularly the number of small businesses, the average trade
credit (paydex) score and the proportion of firms with trade credit score higher than 70.

Direct comparison between the two groups of tracts reveals that upper-middle income tracts on average
have more bank branches, higher number and amount of small business loans and higher firm trade credit
score compared to the lower-moderate income tracts. Moreover, they are slightly more populated and have
a singificantly lower proportion of minority population. In addition, they display greater business activity,
measured by the number of small businesses.

If we concentrate on the tracts that are near to the cutoff, we see that the differences between the upper-
middle and lower-moderate income tracts are eliminated. Specifically, Table 2 Panels A and B summarize
the characteristics of tracts with median-family income between 80% and 90% and tracts with median-
family income between 70% and 80%. We conclude that tracts from the two sides of the cutoff point have
similar demographics as well as similar business characteristics and banking activities.

In addition to the sample containing the total number of census tracts, we create a separate sample of
matched tracts. At first glance, the use of a matched sample in RD design seems unnecessary. Heckman,
Lal.onde, and Smith (1999) argue that regression discontinuity estimators constitute a special case of selec-

tion on observables, and thus the RD estimator is a limit form of matching. Indeed, as we observed above,
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Table 2: Descriptive statistics for upper-middle income tracts & lower-moderate income tracts with MFI close to the

cutoff point
Panel A: Bank branch and small business loan data

80%< MFI<90% (N=10,863) 70%<MFI< 80% (N=2,608)
VARIABLES mean sd min max mean sd min max
Number of small business loans 24.68 23.39 0 479 24.93 34.45 0 1,191
Total amount ($Th) of small business loans 825.0 1,116 0 20,302 | 857.3 1,353 0 35,015
Branches of small banks 2.032 2.347 0 48 1.974 2.212 0 20
Branches of large banks 4.929 4.302 0 62 5.258 4.108 0 49
HHI 3,432 2,321 0 10,000 | 3,234 2,161 0 10,000

Panel B: Demographic and business data

80%< MFI<90% (N=10,863) 70%<MFI< 80% (N=2,608)
VARIABLES mean sd min max mean sd min max
Population 4,153 1,612 37 16,532 | 4,247 1,722 494 16,326
Minority population (%) 29.47 26.57 0 99.76 39.09 28.13 1.040 99.67
Tract MFI 47,805 11,267 20,833 95,777 | 48,726 10,303 24,274 85912
Number of small businesses 154.0 127.9 1 4,024 161.4 183.4 8 5,515
Trade credit score 70.37 3.808 33.38 80.19 69.76 4.036 18 79.34
Proportion of firms with score higher than 70  0.734  0.0965 0 1 0.726  0.0966 0 1

the heterogeneity of observable tracts characteristics is eliminated if we focus on tracts with MFI ratio close

to the cutoff point. Nonetheless, tracts from different states may be subject to different regulatory and legal

frameworks, especially concerning state’s branch banking policies. Such disparities, if they exist, could

interfere with the supply of bank credit. We therefore use a matched-sample for further robustness analysis

to address any remaining concerns about unobservable state induced heterogeneity.

Table 3: Descriptive statistics for upper-middle income tracts & lower-moderate income tracts from the same

Metropolitan Statistical Area

Panel A: Bank branch and small business loan data

80%< MFI (N=10,274) MFI< 80% (N=3,974)

VARIABLES mean sd min max mean sd min max
Number of small business loans 25.59 29.66 0 1,146 24.07 31.85 0 1,191
Total amount ($Th) of small business loans 862.2 1,214 0 32,205 847.1 1,290 0 35,015
Branches of small banks 2.147 2.441 0 32 1.986 2.346 0 29
Branches of large banks 5.583 4.268 0 50 5.350 4.189 0 49
HHI 3,088 2,044 0 10,000 3,248 2,160 0 10,000
Panel B: Demographic and business data

80%< MFI (N=10,274) MFI< 80% (N=3,974)
VARIABLES mean sd min max mean sd min max
Population 4,093 1,534 91 15,955 4,138 1,751 37 16,326
Minority population (%) 33.26 26.84 0.440 99.77 42.94 28.58 1.030  99.87
Tract MFI 51,150 13,629 20,833 200,001 | 45,322 10,668 2,499 85912
Number of small businesses 158.3 166.6 5 5,774 157.9 171.8 5 5,515
Trade credit score 70.09 3.897 33.38 80.19 69.55 4.179 18 80
Proportion of firms with score higher than 70  0.725  0.0987 0 1 0.719 0.101 0 1
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Specifically, for every tract that has become eligible under CRA regulation, we find a matched tract
located at the same Metropolitan Statistical Area that remained ineligible with similar characteristics such
as population, percentage of minority populations, median family income, number of small businesses,
number of large bank branches, and number of small bank branches. Table 3 Panels A and B summarize
the characteristics of tracts from the same Metropolitan Statistical Area with MFI ratio above and below the

cutoff point of 80%.

4 Empirical results

4.1 CRA regulation and small business loan growth

The fundamental assumption of the fuzzy RD design in this study is that CRA eligibility increases the prob-
ability of an unexpected surge in small business loans. We begin the empirical investigation by providing
explicit evidence in support of this assumption. In particular, we define as unexpected surge in small busi-
ness loans an increase of at least 20% either in the number or in the total amount of the small business loan.’
Table 4 columns (1)-(2) present the estimated discontinuity jump in the probability of an unexpected surge
in small business loans, i.e., 77 = up- — pp+ for the unmatched and the matched samples, respectively.
The estimate of the discontinuity jump is statistically significant suggesting that the probability of observ-
ing an unexpected surge in small business loans among eligible tracts is significantly higher compared to
non-eligible tracts. Moreover, we examine the probability of an unexpected surge in small business loans
in conjuction with the bank competition. We follow the DoJ guidelines and define as low bank competition
the tracts with HHI greater than 1,800 and as high bank competition the tracts with HHI less than 1,800.3
From the results in Table 4 columns (3)-(6) we draw two conclusions. First, CRA eligibility increases sig-
nificantly the probability of an unexpected surge in small business loan in both high and low competition
tracts. Second, the regulation is more likely to trigger an unexpected surge in small business loan in eligible

tracts with low bank competition.

"The median growth in the entire population of tracts is 1.3% in the number of loans and 0.06% in the amount. The chances
of observing at least 20% annual growth in the number of small business loans is 1 to 4. We have tested other thresholds of loan
growth in the range between 15% to 25% and all reported results remain statistically equivalent.

8More details are available at: https://www.justice.gov/atr/bank-merger-competitive-review-introduction-and-overview-
1995.
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Table 4: CRA eligibility and small business lending growth

All tracts Low bank competition tracts High bank competition tracts

VARIABLES (€)) 2) 3) 4) (5) (6)
Conventional 0.246%** 0.341%** 0.267%** 0.362%** 0.228%*%* 0.318%**

(0.0197) (0.0212) (0.0215) (0.0235) (0.0433) (0.0450)
Bias-corrected 0.250%** 0.344%** 0.272%** 0.367%** 0.236%** 0.323%#*

(0.0197) (0.0212) (0.0215) (0.0235) (0.0433) (0.0450)
Robust 0.250%** 0.344%** 0.272%** 0.367%** 0.236%** 0.323%%*

(0.0230) (0.0247) (0.0249) (0.0270) (0.0510) (0.0526)
Observations 73366 14248 49461 10292 21021 3550
Robust 95% CI [.205 ; .295] [.296 ; .393] [.223; .32] [.315; .42] [.136;.336] [.22;.426]
Kernel Type Epanechnikov ~ Epanechnikov ~ Epanechnikov  Epanechnikov ~ Epanechnikov ~ Epanechnikov
BW Type mserd mserd mserd mserd mserd mserd
Sample Total Matched Total Matched Total Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 11.306 10.124 12.711 11.104 11.465 10.745
BW Bias (b) 19.342 17.823 22.673 20.731 19.008 18.318

Note: The outcome variable is the probability of an unexpected surge in small business loans. An unexpected surge is defined as an increase of at least 20%
either in the number or in the total amount of the small business loan. Covariates include the tract’s population, the proportion of minority populations, the
median family income and the number of small and large bank branches. Bank competition is measured by HHI and the threshold is 1,800. Conventional
estimator of RD is based on the first order (linear) polynomial estimators in (3.4) and (3.5). (Robust) Bias-corrected is the first order polynomial RD estimator
in (3.6). Reported bandwidths are percentage points of the MFI ratio. Standard errors in parentheses. Significance levels are ***1%, **5%, and *10%.

The conclusion that bank competition does not impede the effectiveness of the regulation in increasing
the loan availability, is attributed to the fact that CRA compliance is monitored by multiple local groups.
Specifically, if the branch is located in a census tract with a relatively low bank competition, then compliance
scrutiny is likely to be higher both by the regulator and the community, increasing the compliance incentives
discussed earlier. If the branch is located in a census tract with a relatively high bank competition, then
compliance scrutiny at bank level may be less intense but the coexistence of several banks increases the
probability that some banks will opt to fund new loans in the eligible tract. Taken together, a tract’s CRA
eligibility raises, on average, the likelihood of a small business loan increase.

Overall, the above findings are in line with the extant CRA literature that supports the notion that banks
comply with the law by engaging more with local community organizations and shifting their lending
activities to CRA-eligible neighborhoods. Specifically, Ding, Lee, and Bostic (2018) show that the CRA
promotes small business lending, especially the number of loan originations, while Agarwal, Benmelech,
Bergman, and Seru (2012) find that in the six quarters surrounding a CRA exam, lending by banks is

elevated on average by 5%.
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4.2 Regulation and small business financing

The unexpected increase in loans documented in the previous section does not imply automatically that
small businesses financing cost is enhanced. In this section, we provide empirical evidence that regulation,
on average, increases the trade credit score of small businesses as firms use the new bank loans to pay off

their trade payables shortening the period of trade credit.
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Figure 1: The trade credit score discontinuity at the cutoff point of 80% in the MFI ratio

We begin with plotting the paydex score distribution one year after the eligibility status over the support
of the ratio of the census tract’s MFI ratio, using the evenly spaced method to select the number of bins.
The left RD plot in Figure 1 reveals that there is a discontinuity jump at the cutoff point. In particular, the
small businesses located in census tracts with MFI ratio lower than 80% have an average score, one year
after the tracts eligibility, significantly higher than the average score of small businesses located in census
tracts with MFI ratio higher than 80%. Moreover, the lower value of the 95% confidence interval for the
sample mean of the paydex score within the bin close to but below the cutoff is higher than the upper value
of the 95% confidence interval for the sample mean of the paydex score within the bin close to but above
the cutoff, suggesting that the jump is statistically significant at 5% level. Beside the discontinuity point at

the cutoff, the plot has an upward trend indicating that small businesses located in census tracts with higher
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MFI ratio display on average higher trade credit score. Similar conclusions are drawn by looking at the plot

of the proportion of firms with a paydex score of more than 70, see right RD plot in Figure 1.

Table 5: Effect of CRA regulation on firm’s trade credit score

Panel A: Paydex score

VARIABLES (€)) 2) 3) “)
Conventional 1.413%* 1.434%* 1.683%** 1.772%%*
(0.583) (0.568) (0.484) (0.495)
Bias-corrected 1.308%* 1.400%* 1.698%** 1.719%%*
(0.583) (0.568) (0.484) (0.495)
Robust 1.308* 1.400%* 1.698%** 1.719%**
(0.676) (0.635) (0.559) (0.560)
Observations 73366 73366 14248 14248
Robust 95% CI [-.018;2.633] [.155;2.645] [.602;2.794] [.622;2.816]
Kernel Type Epanechnikov Uniform Epanechnikov Uniform
BW Type mserd msecombl mserd msecombl
Sample Total Total Matched Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 10.950 10.256 10.586 9.257
BW Bias (b) 19.221 21.994 19.065 19.138
Panel B: Proportion of firms with score >70
VARIABLES 1) 2) 3) (@)
Conventional 0.0303** 0.0347%* 0.0357%** 0.0389%**
(0.0152) (0.0145) (0.0127) (0.0129)
Bias-corrected 0.0275* 0.0331%* 0.0353*** 0.0387%**
(0.0152) (0.0145) (0.0127) (0.0129)
Robust 0.0275 0.0331** 0.0353** 0.0387#**
(0.0176) (0.0165) (0.0147) (0.0144)
Observations 73366 73366 14248 14248
Robust 95% CI [-.007 ; .062] [.001 ; .066] [.006 ; .064] [.01;.067]
Kernel Type Epanechnikov Uniform Epanechnikov Uniform
BW Type mserd msecomb] mserd msecomb]
Sample Total Total Matched Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 11.053 10.576 9.990 8.828
BW Bias (b) 19.586 20.734 18.010 19.070

Note: The outcome variables are the one year forward tract-level average trade credit score of small businesses and the proportion of firms with a trade credit
score of more than 70. Covariates include the tract’s population, the proportion of minority populations, the median family income and the number of small
and large bank branches. Conventional estimator of RD is based on the first order (linear) polynomial estimators in (3.4) and (3.5). (Robust) Bias-corrected
is the first order polynomial fuzzy RD estimator in (3.7). Reported bandwidths are percentage points of the MFI ratio. Standard errors in parentheses.

Significance levels are ***1%, **5%, and *10%.

Findings in Table 5 Panel A confirm that in eligible census tracts, the average paydex score of the small

businesses located within the community increases one year after the change in regulation eligibility status.

The actual effect measured by the bias corrected local linear estimate of 7y in equation (3.7) varies from 1.31

to 1.72 points depending on the sample and the choice of kernel and bandwidth, but it remains statistically
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singificant under all model specifications. The magnitude of the effect is equal to half of the score’s standard
deviation. According to PAYDEX Score definition, 1 point increase in the score implies approximately up
to two days shorter delinquency. Thus, we conclude that CRA regulation, on average, shortens the trade
credit payment period of the affected small businesses. Findings in Table 5 Panel B reveal that in eligible
census tracts, the proportion of small businesses with a trade credit score of more than 70 also increases.
The actual effect measured by the bias corrected local linear estimate of 7y in equation (3.7) varies from
2.75% to 3.87% when the baseline proportion in LMI areas is approximately 71.6% before regulation. We
conclude that financially constrained firms in LMI tracts use the CRA-induced surge in small business loans
to payoff their trade credit. Since trade credit is more expensive than institutional finance, (Petersen and
Rajan (1997)), this improvement is expected to reduce the firms’ overall financing costs. Moreover, the

shorter trade credit payment period will reflect positively on the cash flows of the firm’s suppliers too.

4.3 Regulation, bank competition, and small business financing
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Figure 2: The trade credit score discontinuity and bank competition

The effect of regulation on the small businesses’ trade credit score documented above applies to the
average tract in our sample. In this section, we examine this effect conditional on bank competition within

the tract. We begin with plotting the paydex score distribution one year after the eligibility status over the
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census tract’s MFI ratio for low and high bank competition tracts. The top (bottom) left RD plots in Figure
2 reveal that there is a discontinuity jump in the average paydex score (or the proportion of firms with score
higher than 70) at the cutoff point among tracts with low bank competition. In particular, at 95% confidence
level the lower bound of the average paydex score (or the proportion of firms with score higher than 70)
close to but below the cutoff is higher than the upper bound of the average paydex score (or the proportion
of firms with score higher than 70) close to but above the cutoff, suggesting that the jump is statistically
significant at 5% level. In contrast, the top (bottom) right RD plots in Figure 2 reveal that the discontinuity
jump at the cutoff point among tracts with high bank competition is not statistically significant because the
two confidence intervals, below and above the cutoff, overlap.

Findings in Table 6 Panel A columns (1)-(2) confirm that in markets with low bank competition, the
CRA eligibility has a strong positive effect on the average trade credit score one year after the change
in eligibility status. Moreover, Table 6 Panel A columns (3)-(4) show that the effect of regulation on the
average trade credit score of the small businesses located in tracts with high bank competition is statistically
weak or non significant. Similarly, findings in Table 6 Panel B columns (1)-(2) confirm that in markets
with low bank competition, the CRA eligibility has a strong positive effect on the proportion of firms
with a trade credit score of more than 70, while columns (3)-(4) show that the effect of regulation on
the proportion of firms with a trade credit score of more than 70 is not statistically significant in tracts
with high bank competition. We conclude that in high bank competition tracts small businesses are more
likely to have a bank credit line and therefore, there seems to be less economic impact following CRA
eligibility.” In contrast, small businesses located in tracts with low bank competition are more likely to be
financially constrained and thus more dependent on trade credit. Thus, these firms used the new CRA-loans
to substitute for the expensive trade credit. Overall, findings reveal that the impact of the CRA regulation

on small businesses’ financing costs is moderated by the degree of bank competition at a local level.

The univariate t-test of means shows that the average paydex score before the change in CRA eligibility in 2012 is higher
among high bank competition tracts. Specifically, the mean paydex score in high bank competition areas is 0.23 higher than
the mean paydex score in low bank competition areas which is equivalent to five standard deviations, a statistically significant
difference. Similarly, the proportion of firms with score of more than 70 in high bank competition tracts is 0.65 percentage points
higher than the proportion of firms with score of more than 70 in low bank competition tracts, which is equivalent to almost six
standard deviations, a statistically significant difference.
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Table 6: Bank competition and the effect of CRA regulation on firm’s credit score

Panel A: Paydex score

Low bank competition tracts

High bank competition tracts

VARIABLES (1 2) 3) “)
Conventional 1.553%%*%* 1.676%** 2.142% 2.205%*
(0.580) (0.561) (1.248) (1.045)
Bias-corrected 1.5097%#* 1.662%%* 2.093%* 2.158%*%*
(0.580) (0.561) (1.248) (1.045)
Robust 1.509%* 1.662%* 2.093 2.158%*
(0.671) (0.649) (1.464) (1.215)
Observations 49461 10292 21021 3550
Robust 95% CI [.194 ;2.825] [.39;2.933] [-.776 ;4.963] [-.223 ;4.538]
Kernel Type Epanechnikov  Epanechnikov ~ Epanechnikov ~ Epanechnikov
BW Type mserd mserd mserd mserd
Sample Total Matched Total Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 13.351 9.679 12.637 11.386
BW Bias (b) 24212 17.552 21.174 19.651
Panel B: Proportion of firms with score >70
Low bank competition tracts High bank competition tracts
Conventional 0.0363** 0.0343** 0.0394 0.0382
(0.0150) (0.0139) (0.0318) (0.0266)
Bias-corrected 0.0344%* 0.0342%* 0.0379 0.0372
(0.0150) (0.0139) (0.0318) (0.0266)
Robust 0.0344%* 0.0342%* 0.0379 0.0372
(0.0173) (0.0160) (0.0373) (0.0309)
Observations 49461 10292 21021 3550
Robust 95% CI [.001 ; .068] [.003 ; .065] [-.035; .111] [-.023 ;.098]
Kernel Type Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov
BW Type mserd mserd mserd mserd
Sample Total Matched Total Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 14.013 10.357 12.523 11.646
BW Bias (b) 25.440 19.266 20.880 19.980

Note: The outcome variables are the one year forward tract-level average trade credit score of small businesses and the proportion of firms with a trade
credit score of more than 70. Covariates include the tract’s population, the proportion of minority populations, the median family income and the number of
small and large bank branches. Bank competition is measured by HHI and the threshold is 1,800. Conventional estimator of RD is based on the first order
(linear) polynomial estimators in (3.4) and (3.5). (Robust) Bias-corrected is the first order polynomial fuzzy RD estimator in (3.7). Reported bandwidths are
percentage points of the MFI ratio. Standard errors in parentheses. Significance levels are **%*1%, **5%, and *10%.
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4.4 A comparison between firms with heterogeneous trade credit dependence

In this section, we exploit the fact that some industries are more dependent on trade credit than others to
provide some further evidence of the relationship between CRA-loans and firm’s trade credit score. Specif-
ically, Petersen and Rajan (1997) show that among small firms, those in the manufacturing and wholesale
trade sectors display a higher dependence on trade credit compared to the firms in services and in retail
trade sectors. For firms which are ex-ante less dependent on trade credit, the CRA-induced surge of bank
loans is less likely to cause substitution between trade credit and bank credit, and therefore an improvement
in paydex score. Based on this, we calculate separately the paydex score of firms belonging to the trade
credit-dependent sectors and the paydex score of firms not belonging to the trade credit-dependent sectors.
Effectively, we use the heterogeneity in trade credit-dependence to run a treatment vs a placebo robustness

test of the earlier findings.
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Figure 3: The trade credit score discontinuity in trade credit-dependent sectors

We begin by plotting the paydex score of firms in trade credit-dependent sectors for low and high
bank competition tracts. Specifically, the left top (bottom) RD plots in Figure 3 confirm that there is a

discontinuity in the average paydex score (the proportion of firms with score higher than 70) among firms
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Figure 4: The trade credit score discontinuity in trade credit-independent sectors

in trade credit-dependent sectors in low bank competition tracts. Moreover, the right top (bottom) RD
plots in Figure 3 reveal that the discontinuity in the average paydex score (the proportion of firms with
score higher than 70) among firms in trade credit-dependent sectors vanishes in high bank competition
tracts. Importantly, the RD plots in Figure 4 reveal no discontinuity in the average paydex score and in the
proportion of firms with score higher than 70 among firms in trade credit-independent sectors, irrespective
of the local bank competition. Taken together, plot-based evidence show that there is a link between the
trade credit-dependence and the documented effect of CRA-loans on firms’ trade credit score.

The findings based on firms operating in trade credit-dependent sectors presented in Table 7 support the
notion that CRA-loans are used as substitute of expensive trade credit especially in low bank competition
tracts where financial constraints are more intense. Specifically, the estimated effect on paydex score in
Table 7 Panel A columns (1)-(2) show that CRA eligibility increases, on average, the trade credit score of
local businesses that operate in trade credit-dependent sectors. More specifically, the estimated effect on
paydex score in Table 7 Panel A columns (3)-(6) shows that both the statistical and the economic signifi-
cance of the CRA effect is greater in low bank competition areas compared to high bank competition areas.

Similarly, Table 7 Panel B columns (1)-(2) show that CRA eligibilty increases, on average, the proportion
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Table 7:

Effect of CRA eligibility on the small businesses in trade credit-dependent sectors

Panel A: Paydex score

All tracts Low bank competition tracts High bank competition tracts

VARIABLES (1) 2) 3) 4) ) (6)
Conventional 1.819%* 2.201%** 2.181%* 2.548%** 1.210 1.440

(0.848) (0.736) (0.881) (0.840) (1.816) (1.569)
Bias-corrected 1.860%* 2.360%** 2.278%** 2.724%%* 0.818 1.545

(0.848) (0.736) (0.881) (0.840) (1.816) (1.569)
Robust 1.860* 2.360%** 2.278%* 2.724%%* 0.818 1.545

(0.985) (0.853) (1.016) (0.973) (2.126) (1.842)
Observations 73189 14222 49340 10274 20973 3544
Robust 95% CI [-.07 ;3.791] [.689;4.032]  [.288;4.269] [.817;4.631] [-3.349:;4.985] [-2.066 ;5.155]
Kernel Type Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov Epanechnikov
BW Type mserd mserd mserd mserd mserd mserd
Sample Total Matched Total Matched Total Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 11.074 10.244 12.203 9.827 11.839 10.214
BW Bias (b) 19.460 18.357 22.170 17.794 19.764 17.001

Panel B: Proportion of firms with score >70
All tracts Low bank competition tracts High bank competition tracts

VARIABLES (€)) 2 3) “4) ) (6)
Conventional 0.0411* 0.0531*** 0.0550%* 0.0638*** 0.00551 0.00523

(0.0225) (0.0190) (0.0232) (0.0211) (0.0469) (0.0390)
Bias-corrected 0.0440% 0.0586%** 0.0580%* 0.0685%** 0.00808 0.0118

(0.0225) (0.0190) (0.0232) (0.0211) (0.0469) (0.0390)
Robust 0.0440% 0.0586%** 0.0580%* 0.0685%** 0.00808 0.0118

(0.0260) (0.0218) (0.0266) (0.0241) (0.0548) (0.0448)
Observations 73189 14222 49340 10274 20973 3544
Robust 95% CI [-.007 ; .095] [.016;.101] [.006 ;.11] [.021;.116] [-.099; .115] [-.076; .1]
Kernel Type Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov Epanechnikov
BW Type mserd mserd mserd mserd mserd mserd
Sample Total Matched Total Matched Total Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 10.667 10.112 12.094 10.445 11.493 11.064
BW Bias (b) 18.918 18.620 22.262 19.705 18.944 19.452

Note: The outcome variables are the one year forward tract-level average trade credit score of firms in trade credit-dependent sectors and the proportion
of firms in trade credit-dependent sectors with a trade credit score of more than 70. Covariates include the tract’s population, the proportion of minority
populations, the median family income and the number of small and large bank branches. Bank competition is measured by HHI and the threshold is 1,800.
Conventional estimator of RD is based on the first order (linear) polynomial estimators in (3.4) and (3.5). (Robust) Bias-corrected is the first order polynomial
fuzzy RD estimator in (3.7). Reported bandwidths are percentage points of the MFI ratio. Standard errors in parentheses. Significance levels are **%1%,

**5%, and *10%.
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Table 8: Effect of CRA eligibility on the small businesses in trade credit-independent sectors

Panel A: Paydex score

All tracts Low bank competition tracts High bank competition tracts

VARIABLES 1) 2) 3) 4) (5) (6)
Conventional 1.204* 1.570%** 1.250% 1.394%* 2.006 2.331*

(0.674) (0.562) (0.661) (0.637) (1.539) (1.241)
Bias-corrected 1.023 1.513%** 1.131% 1.261%* 2.261 2.383*

(0.674) (0.562) (0.661) (0.637) (1.539) (1.241)
Robust 1.023 1.513%* 1.131 1.261* 2.261 2.383%*

(0.783) (0.651) (0.765) (0.737) (1.811) (1.442)
Observations 73356 14247 49457 10292 21016 3549
Robust 95% CI [-.512;2.558] [.237;2.788] [-.369;2.631] [-.183;2.705] [-1.289;5.812] [-.443;5.21]
Kernel Type Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov
BW Type mserd mserd mserd mserd mserd mserd
Sample Total Matched Total Matched Total Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 10.931 10.526 13.268 9.721 11.496 11.404
BW Bias (b) 19.167 18.892 24.077 17.646 18.994 19.650

Panel B: Proportion of firms with score >70
All tracts Low bank competition tracts High bank competition tracts

VARIABLES (€)) 2) 3) 4) 5) (6)
Conventional 0.0199 0.0289* 0.0175 0.0218 0.0422 0.0469

(0.0176) (0.0150) (0.0179) (0.0166) (0.0375) (0.0318)
Bias-corrected 0.0141 0.0258%* 0.0125 0.0181 0.0416 0.0442

(0.0176) (0.0150) (0.0179) (0.0166) (0.0375) (0.0318)
Robust 0.0141 0.0258 0.0125 0.0181 0.0416 0.0442

(0.0205) (0.0173) (0.0207) (0.0191) (0.0441) (0.0371)
Observations 73356 14247 49457 10292 21016 3549
Robust 95% CI [-.026 ; .054] [-.008 ; .06] [-.028 ;.053] [-.019;.056] [-.045;.128] [-.028; .117]
Kernel Type Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov
BW Type mserd mserd mserd mserd mserd mserd
Sample Total Matched Total Matched Total Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 11.324 10.403 12.836 10.245 12.466 11.283
BW Bias (b) 20.211 18.765 23.635 19.049 20.935 19.137

Note: The outcome variables are the one year forward tract-level average trade credit score of firms in trade credit-independent sectors and the proportion
of firms in trade credit-independent sectors with a trade credit score of more than 70. Covariates include the tract’s population, the proportion of minority
populations, the median family income and the number of small and large bank branches. Bank competition is measured by HHI and the threshold is 1,800.
Conventional estimator of RD is based on the first order (linear) polynomial estimators in (3.4) and (3.5). (Robust) Bias-corrected is the first order polynomial
fuzzy RD estimator in (3.7). Reported bandwidths are percentage points of the MFI ratio. Standard errors in parentheses. Significance levels are **%1%,

**5%, and *10%.
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of trade credit-dependent firms with a score of higher than 70. As previously, the effect on the proportion of
trade credit-dependent firms with a score of higher than 70 is statistically and economically higher in low
bank competition areas, where financial constraints are more intense, compared to the effect in high bank
competition areas, see Table 7 Panel B columns (3)-(6).

The results based on firms operating in trade credit-independent sectors presented in Table 8 mostly
show weak, or no link at all, between a tract’s CRA eligibility and the trade credit score of local businesses.
These findings confirm that the documented effect of a tract’s CRA-eligibility on local firm’s paydex score is
due to the financial constraints faced by trade credit-dependent firms. Policies, like the CRA regulation, that
ease these financial constraints allow firms to substitute the expensive trade credit with relatively cheaper
bank credit. The shorter payment period reflects positively on firm’s paydex score. In contrast, CRA
regulation has no effect on firm’s paydex score in areas with less intense financial constraints, like high

bank competition areas and among firms with lower dependence in trade credit.

4.5 Falsification analysis

A main advantage of the RD design is that the mechanism by which regulatory eligibility is assigned is
based on the MFI ratio and neither the local entrepreneurs nor banks have any influence on this objectively
determined ratio. If involved parties are unable to precisely manipulate the assignment variable, a con-
sequence is that the variation in regulatory eligibility near the threshold is randomized as though from a
randomized experiment (Lee and Lemieux (2010)). Given the objective determination of the assignment
variable, we focus on the continuity assumption of the regression function near the cutoff that ensures the
validity of the RD design. Although the continuity assumption cannot be directly tested, the RD design of-
fers some empirical methods that provide indirect evidence about its validity. Following Cattaneo, Idrobo,
and Titiunik (2019), we consider three empirical validation tests based on (i) the insignificant eligibility
effect on pretreatment covariates (placebo outcomes), (ii) the eligibility effect observed at artificial cut-
off values (placebo cutoffs) and (iii) the exclusion of observations too close to the cutoff (the donut-hole
analysis).

Specifically, the eligibility to CRA regulation should not be linked to any predetermined characteris-

tic of the census tracts. Since the eligibility effect on predetermined covariates is zero by construction,
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consistent evidence of covariates’ discontinuity would raise questions about the validity of the RD conti-
nuity assumption. For example, if tracts display significant differences at the cutoff with respect to their
population or to the number of entrepreneurs, that would indicate a discontinuity in the demand for bank
loans, which could provide an alternative explanation of the findings. Similarly, if tracts display significant
differences at the cutoff with respect to the number of bank branches, that would indicate a discontinuity
in access to bank branches. Therefore, we examine the significance of potential discontinuity jumps at
the cutoff for the model covariates, namely, the tract’s population, number of small businesses, number of
small bank branches and number of large bank branches. The p-values of the CRA eligibility effect on the
covariates in Table 9 columns (1)-(4) provide no evidence at 5% level of significance, that tracts display any
discontinuity jumps near the cutoff with respect to their size, the number of entrepreneurs, and the number

of small and large bank branches.

Table 9: Continuity-based analysis for covariates

ey (@) 3 )

VARIABLES Population No. of small businesses  No. of small banks  No. of large banks
Conventional p=0.0484 p=0.174 p=0.384 p=0.457
Bias-corrected p=0.0598 p=0.179 p=0.382 p=0.394
Robust p=0.0708 p=0.204 p=0.408 p=0.412
Observations 73366 73366 73366 73366
Kernel Type Epanechnikov Epanechnikov Epanechnikov Epanechnikov
BW Type cerrd cerrd cerrd cerrd
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 6.384 6.964 6.428 4.606
BW Bias (b) 20.408 16.948 17.651 14.362

Note: Conventional estimator p-value is based on the first order (linear) polynomial estimators in (3.4) and (3.5), and (Robust) Bias-corrected p-value is based
on the first order polynomial RD estimator in (3.6) with outcome variables the covariates of the tract’s population, the proportion of minority populations,
and the number of small and large bank branches. Reported bandwidths are percentage points of the MFI ratio.

We continue with the falsification analysis by testing whether there are significant effects at placebo
cutoff values. Evidence of discontinuity away from the cutoff of the MFI ratio would imply that CRA
regulatory eligibility is not the only "treatment" effect, casting doubt on our RD design. In the placebo
cutoff test, we replace the MFI ratio’s true cutoff value of 80% by the placebo cutoff ratios of 70% and
90%, (i.e., one lower and one higher than the true cutoff value at which the CRA eligibility status does
not really change) and perform the RD model estimation. In Table 10 columns (1) and (4), the estimated
effects at the placebo cutoff points on the probability of an unexpected increase in small business loans is

not statistically significant. Similarly, the estimated effects at the placebo cutoff points on the average trade
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Table 10: Placebo cutoff

Cutoff 70% Cutoff 90%
VARIABLES €)) 2) 3) “ (5) (6)
Credit supply ~ Paydex score % Paydex score>70  Credit supply  Paydex score % Paydex score>70

Conventional -0.0837+* 7.124 0.126 0.000781 -552.0 -216.0

(0.0416) (5.294) (0.113) (0.0145) (32,539) (131,072)
Bias-corrected -0.0687* 7.004 0.122 0.00274 -24,588 -87,420

(0.0416) (5.294) (0.113) (0.0145) (32,539) (131,072)
Robust -0.0687 7.004 0.122 0.00274 -24,588 -87,420

(0.0473) (6.024) (0.127) (0.0174) (34,250) (143,173)
Observations 73366 73366 73366 73366 73366 73366
Kernel Type Epanechnikov  Epanechnikov Epanechnikov Epanechnikov  Epanechnikov Epanechnikov
BW Type mserd mserd mserd mserd mserd mserd
Sample Total Total Total Total Total Total
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 7.833 9.231 9.143 5.370 6.170 5.825
BW Bias (b) 14.549 17.487 18.260 8.580 18.384 13.732

Note: Covariates include the tract’s population, the proportion of minority populations, the median family income, and the number of small and large bank
branches. Conventional estimator of RD is based on the first order (linear) polynomial estimators in (3.4) and (3.5). (Robust) Bias-corrected is the first order
polynomial RD estimators in (3.6) (Columns (1) and (4)) and in (3.7) (Columns (2)-(3) and (5)-(6)). Alternative cutoff points of the MFI ratio are 70% and
90%. Standard errors in parentheses. Reported bandwidths are percentage points of the MFI ratio. Significance levels are 1%, *%5%, and *109%.

credit score, Table 10 columns (2) and (5), and on the proportion of firms with score of more than 70, Table

10 columns (3) and (6), are not statistically significant. We therefore conclude that the discontinuity in
firms’ trade credit score is due to the increase in the small business loans induced by CRA eligibility.
We conclude the falsification analysis by investigating how sensitive the findings are to the existence of

a few tracts that are located very close to the cutoff point. This strategy is useful to assess the sensitivity

of the results to the unavoidable extrapolation involved in local polynomial estimation, as the observations

nearest to the cutoff are more influential data points since they receive the higher kernel weights. If the
exclusion of those tracts changes the significance of the results, then the external validity of the findings is
in doubt. Excluding such tracts and then repeating the estimation and inference analysis using the remaining
sample is sometimes referred to as a “donut hole” approach. We remove the tracts that are within a radius
of 2% from the MFI ratio’s cutoff point. The results in Table 11 show that the estimated CRA-eligibility
effects on the probability of an unexpected increase in small business loans, on the firm’s trade credit score
and on the proportion of firms with a score of more than 70 remain statistically significant and economically
equivalent to the main results, even after removing approximately 3.4% of the nearest to the cutoff point

tracts, and thus the more influential tracts, from our sample.
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Table 11: Continuity-based analysis for the donut-hole approach MFI<78% or MFI>82%

VARIABLES €)) 2) 3) 4) ) (6)
Credit supply  Creditsupply  Paydex score =~ Paydex score % Paydex score>70 % Paydex score>70
Conventional 0.213%%* 0.309%** 2.584%** 2.239%* 0.0630%** 0.0583%**
(0.0360) (0.0363) (0.805) (0.885) (0.0201) (0.0222)
Bias-corrected 0.216%%* 0.312%%* 2.589%%* 2.274%* 0.0608*** 0.0604#**
(0.0360) (0.0363) (0.805) (0.885) (0.0201) (0.0222)
Robust 0.216%** 0.312%%** 2.589%** 2.274%* 0.0608** 0.0604**
(0.0442) (0.0443) (0.965) (1.072) (0.0239) (0.0268)
Observations 70769 12554 70769 12554 70769 12554
Kernel Type Epanechnikov ~ Epanechnikov ~ Epanechnikov ~ Epanechnikov Epanechnikov Epanechnikov
BW Type mserd mserd mserd mserd mserd mserd
Sample Total Matched Total Matched Total Matched
Order Loc.Poly.(p) 1.000 1.000 1.000 1.000 1.000 1.000
Order Bias(q) 2.000 2.000 2.000 2.000 2.000 2.000
BW Loc.Poly.(h) 10.317 10.653 15.226 10.847 16.089 11.162
BW Bias (b) 22.219 23.411 36.664 23.962 40.693 24.798

Note: Covariates include the tract’s population, the proportion of minority populations, the median family income and the number of small and large bank
branches. Conventional estimator of RD is based on the first order (linear) polynomial estimators in (3.4) and (3.5). (Robust) Bias-corrected is the first order
polynomial RD estimators in (3.6) (Columns (1) and (2)) and in (3.7) (Columns (3)-(6)). Tracts with a MFI ratio within 2% radius around the cutoff point
of 80% are excluded from the sample. Reported bandwidths are percentage points of the MFI ratio. Standard errors in parentheses. Significance levels are
**%1%, **5%, and *10%.

5 Conclusion

Do government initiatives that support credit access to marginalized groups of borrowers have any economic
impact on the borrowers? We answer this question by providing evidence of the positive impact of CRA’s
small business lending program on the trade credit score of businesses located in low- and moderate-income
communities. We conclude that, in the absence of regulatory policies, small businesses that face financial
constraints will mostly rely on trade credit. The higher dependence on trade credit and the longer duration
of trade payments is likely to aggravate the financial costs of these firms. The CRA-induced surge in loans
eases the financial constraints and impels small businesses to pay back trade credit using the relatively
cheaper bank loans. The effect is more pronounced among firms located in areas with low bank competition
due to the higher intensity of financial constraints. Moreover, the effect is observed predominantly among
firms operating in sectors that display higher dependency on trade credit.

The findings of the study lead us to some policy recommendations. Specifically, government interven-
tion programs, like the CRA, are necessary to ameliorate the small businesses’ financial costs especially
in areas where local bank competition is insufficient to reduce financial constraints. A logical derivation

from our findings is that any initiative to promote local bank competition should have similar to the CRA
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beneficial consequences. In general, our findings imply that the dilemma about regulation or competition is
over-simplistic and that a combination of both may lead to an improvement in the economic welfare of the
local communities.

Although our paper sheds some new light on two important relationships, namely between bank and
trade credit and between regulation and competition, it raises a number of interesting issues for future
research. Further investigation is warranted on disentangling the total effect of the CRA into the effect it
has on the suppliers of trade credit and on those who demand credit. Our findings suggest that suppliers’
cash flow will display a positive effect too, following the shortening of trade credit period. However,
the ultimate effect on the trade credit suppliers should take into consideration potential losses from the
earlier payment discounts or from the elimination of late-payment fees. Furthermore, our paper has focused
on bank competition ignoring non bank lenders. In principle, the burgeoning online marketplace lending
offers an alternative source of funding that could render the need for CRA less pronounced. However,
online marketplace lending is less likely to address the credit needs of borrowers with high screening costs
like small businesses in low- and moderate-income communities or minority-owned businesses, therefore a
separate study is required to examine the net effect. Finally, further research is warranted on other economic
impacts of the CRA on small businesses. Generally, our empirical investigation sets the stage for more
research on the assessment of programs similar to the CRA based on their economic outcomes, such as

unemployment or economic growth, rather than their outputs like the volume of loans.

A Appendix: Derivations for the theoretical model

Let the bank index ¢, ¢ = 1, ..., n, be increasing in a clockwise direction around the market’s circle. Bank ¢

chooses its loan rate 7, ; to maximize profits:
max Lz (TL,i —Tp — CL) (Al)

TL,i

where L; is the quantity of loans made by bank 7 to small businesses.
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A.1 Competitive equilibrium

When parameters are such that banks compete with neighboring banks so that no trade credit is used by
small businesses, we can determine L; as follows. Suppose a firm is located at distance x_ € [0, %] from
bank 7 and a distance (% — x_) from bank 7 — 1. Then the firm is indifferent between borrowing from these
two banks if

1
TLi + tLLC, =TL,i-1 -+ tL (ﬁ — I) . (A2)

Similarly, another firm located a distance z; € [0, %] from bank i and (% — z) from bank ¢ + 1 is

indifferent from borrowing from these two banks when

1
i ttoxy =rpg +1iL (ﬁ — JC+) . (A.3)

Given that these firms have lower costs of borrowing from banks than the trade credit rate rp, the quantity

borrowed from bank 7’s is

rLi— +r i B B
Li=(z_+2,)B= <M - m) T (A.4)
2 tL n
Using equation (A.4) in (A.1), the first order condition leads to
1 TLio1+7TLi t
TL: == M+TF+CL+—L . (AS)
2 2 n

For a symmetric Bertrand-Nash equilibrium where r1; = rp ;1 = 7141, equation (A.5) implies r;, =
re+cp + %, which is equation (3) in the text. This equilibrium can hold only if a firm mid-way between
any two banks obtains a lower cost from bank borrowing than from trade credit, which is equation (4) in

the text.

A.2 Local monopoly equilibrium

The competitive equilibrium cannot hold if equation (4) in the text is violated such that some small busi-

nesses furthest from banks prefer to borrow using trade credit. When a firm’s borrowing alternative is trade
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credit rather than another bank’s loan, a firm that is a distance x from bank 7 will be indifferent between

bank loan borrowing and trade credit when
rri+xtp =rr. (A.6)

Given that firms within this distance x on both sides of bank ¢ will prefer loans to trade credit, the demand
for bank 7’s loans equals

L= 2B =2p L "Li

A7
0 (A7)
Substituting (A.7) in (A.1), the first order condition leads to 7, ; = % (rq + rp + cp) which is equation (6)

in the text. Substituting this value of r, ; into (A.7) implies

rr —Trp —CL
B—— .

Li -
tr,

(A.8)

Summing equation (A.8) over the n banks gives banks’ share of total small business borrowing, > | L;/B,
which is equation (7) in the text. Since this share must be less than 1 for banks to actually compete with

trade creditors and not their neighboring banks, we obtain equation (8) in the text.

A.3 Kinked equilibrium

Based on equation (A.4), for the competitive equilibrium one sees that the elasticity of demand for bank
i’s loans is OL;/0r,; = —B/ty,. For the local monopoly equilibrium, equation (A.7) implies OL;/0rp,; =
—2B/tr. As discussed in Salop (1979), this difference in elasticities creates a “kink” in the demand for
bank i’s loans at the point where L; = B/n as one moves from the local monopoly equilibrium to one
where banks’ local markets touch around the market circle. Given that L, = B/n but where parameters are
such that neither the local monopoly nor the competitive equilibrium can hold, the loan rate, r;, = ro — ;—fl,

is therefore the profit-maximizing loan rate consistent with L; = B/n.
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