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Abstract
Many government support programs for small businesses are designed to pass
through banks and credit unions. However, this poses barriers for minority communities that are less connected to financial institutions for obtaining this support. Using
the latest program for supporting small businesses, the Paycheck Protection Program
(PPP), as an example, we show that there was a large disparity in the density of PPP
enrolled lenders by racial composition of the neighborhood. This difference is both
due to a lower density of lenders in those neighborhoods in general, and by the fact
that the banks and credit unions that do operate there are smaller, are less likely to
have previous relationships with the Small Business Administration, and are less likely
to enroll in the program. More heavily Black neighborhoods have significantly lower
take-up of PPP loans particularly in lower population (more rural) areas where this
disparity is most salient. Through an instrumental variables analysis, we show that
the intensive margin of access to enrolled lenders can explain about 35% of the racial
disparity in take up within the relevant areas. Our results suggest that government
programs that provide “support through banks” can have undesirable distributional
implications.
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Introduction

Many government lending programs for small businesses, such as the Small Business Administration (SBA) 7a and 504 programs, are primarily intermediated by banks and credit
unions. The main avenue of government support for small businesses during the Covid-19 crisis, the Payment Protection Program (PPP), was also designed to be intermediated by third
party lenders, where lenders are tasked for taking in loan applications and loan forgiveness
applications.1 This channel of support has its advantages: banking institutions may have
better connections with their local communities and more resources to quickly distribute
funds than the government agencies, which explains their widespread use as distributors of
government support.
Nevertheless, we show that over-reliance on established financial institutions can have
undesirable distributional implications. In particular, it leaves behind minority communities
which have less access to these financial institutions. Taking the PPP program as an example,
we show that Zip codes with a greater proportion of Black population are more likely to have
no enrolled lenders as well as fewer enrolled lenders, with a 10 percentage point increase in
the Black population in a Zip code correlating with a 1.0% decrease in the likelihood of
having any enrolled lender in their Zip code, and, conditional on having at least one, a 4.1%
decrease in the number of branches of enrolled lenders in their Zip code. This is both because
there are fewer lenders in Black neighborhoods in general and because the lenders that are
there are less likely to enroll because they are smaller, tend to be credit unions, and are less
likely to have previous relationships with the SBA.
The differences in geographical access to financial institutions, which is particularly severe in lower population (more rural) areas, correlates with the lower take-up of PPP loans
in those areas. Furthermore, borrowers in Black neighborhoods that do receive the government support tend to travel further and are more likely to get loans from a “remote” lender.
Therefore, our descriptive results suggest that the unequal distribution of financial institutions across geographical access may be a driver of a differential pass-through of government
support. As an analogy to food deserts, which are well-defined geographical areas with limited access to healthy and affordable foods,2 we study the disparate distribution of financial
institutions in the form of “government support banking deserts,” which we characterize as
geographical areas with limited access to financial institutions that have sufficient scale and
1

PPP loans are structured as loans but are forgivable if the business used at least 60% of the loan for
eligible payroll costs over a span of 24 weeks, among other conditions. Therefore, it is more akin to a grant
for maintaining employment rather than a loan.
2
Food deserts are defined by the USDA: https://www.ers.usda.gov/data-products/food-access-researchatlas/documentation/. Academic studies of food deserts include Walker, Keane, and Burke (2010) and
Allcott et al. (2019).
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experience to intermediate government support programs for small businesses.
To assess the causal effect of the presence of financial institutions in a neighborhood,
we use an instrumental variables approach. More specifically, we use the failure of small
community banks, which tend to be acquired by neighboring larger banks, to instrument
for the entry of a larger bank which is more likely to enroll in the PPP program into the
neighborhood. We find that neighborhoods where their community bank failed, all else
equal, ended up with more enrolled lenders and higher take-up of PPP loans. The failure of
commercial banks in the US are primarily driven by exposure to commercial real estate loans
as well as residential mortgage backed securities (RMBS), and not small business loans, as
examined in Antoniades (2020). More importantly for the validity of our estimates, to the
extent that community bank failures are correlated with an unobserved deterioration of local
economic conditions, it would only make our estimates more conservative since areas with
worse economic conditions have lower take-up of PPP likely because those businesses tend
to close altogether. We find that neighborhoods exposed to past local bank failures have
more enrolled branches in a zipcode, with a 10% increase in the number of enrolled branches
in a Zip code corresponding to 1.2% increase in the take-up of PPP loans. Including the
instrumented versions of access to financial institutions explains 35% of the difference in
PPP take-up among the lower population (more rural) areas.
To be clear, we view the causal effect of geographical proximity to enrolled financial
institutions on PPP take-up as capturing more than the physical costs of travelling further
to reach an enrolled lender, much like how standard models of trade costs captures more than
physical transportation costs.3 In particular, enrolled financial institutions tend to engage
in advertising and promotion of the PPP program both among their existing small business
clients and more broadly, which may increase awareness and decrease misconceptions about
the program’s requirements. Information frictions are an important driver of PPP take-up
among small businesses, as shown in Humphries, Neilson, and Ulyssea (2020). The impact of
the “banking deserts” we study, then, may be due to the alleviation of information frictions
in addition to the physical costs of access.
Our paper is primarily related to the literature on the unequal access to bank branches
and “banking deserts”. Earlier studies, including Dahl and Franke (2017), Hegerty (2016),
Morgan, Pinkovskiy, and Yang (2016) Miller (2015), Kashian, Tao, and Drago (2018), have
documented the existence of areas with little to no bank branches which are more concentrated in poorer areas and areas with a larger minority population. We contribute to this
literature by showing that access to lenders that the disparity in access is increased if we
3

Recently, social connectedness is found to be an important explanation for trade costs increasing with
distance, as shown in Bailey et al. (2020).
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expand the definition of “banking deserts” to count only banks that enroll in government
support programs for small businesses. In other words, not only do Black areas have fewer
banks and credit unions, the banks and credit unions that do operate there are less likely to
be able and willing to serve as an intermediary for government programs for small businesses.
We also extend this literature by demonstrating the more tangible consequences of unequal
access, in the form of lower take-up of government support.
We also contribute to the literature on PPP loans. Granja et al. (2020) finds that, due
to selective decisions by large lenders on where to approve Round 1 PPP loans, Round 1
PPP loans flowed to areas that are less hit by the crisis, and that the employment effects
are small in aggregate. We look at disparties in geographical access to banking rather
than selective intermediation by large banks, and focus on PPP enrollement by the end of
Round 2 when the problem of selective intermediation they study is largely resolved.4 More
importantly, we focus on how differences in the presence of enrolled lenders in a neighborhood
causes disparities in access by race, which is a problem distinct from that of larger lenders
selectively choosing which business’ application to process first, and use an instrumental
variables approach to to assess the causal effects of enrolled branches on take-up. Chetty
et al. (2020) also finds that the effect of PPP loans on employment is small. On the other
hand, Bartik et al. (2020c) shows that PPP loans did have a large employment effect for a
sample of smaller businesses. Humphries, Neilson, and Ulyssea (2020) shows that information
frictions are important for explaining the take-up of PPP loans.
Finally, our paper contributes to the broader literature on business behavior during
Covid-19. Bartik et al. (2020a) finds that many small businesses are financially fragile, and
many businesses (about 43%) temporarily closed during the crisis. In terms of re-opening,
Balla-Elliott et al. (2020) finds that Covid-19 demand expectations explain a large part of
re-opening decisions. Bartik et al. (2020b) finds that better educated and higher paid industries are more likely to switch to remote work. We find that PPP take-up by small businesses
is correlated with geographical proximity to enrolled lenders.
The rest of this paper is organized as follows. Section 2 describes our data and summary statistics. Section 3 shows our reduced-form descriptive results on the geographical
distribution of enrolled lenders and correlation with the racial composition of neighborhood.
Section 4 describes our instrumental variables results. Section 5 concludes.
4

Indeed, journalists have reported that PPP take-up by Black congressional districts was lower in Round
1 but entirely caught up by the end of Round 2, suggesting that selective intermediation by large banks was a
temporary problem: https://www.bloomberg.com/graphics/2020-ppp-racial-disparity/. The reason we find
a persistent racial disparity in take-up at the end of Round 2 is by looking at lower population areas where
differences in geographical access to enrolled banks is the greatest, and by conducting analyses at the Zip
code level which more closely approximates racial distributions of neighborhoods.
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2

Data

We use the Federal Deposit Insurance Corporation’s Summary of Deposits (SOD) data to get
information on the branch locations of banks and the National Credit Union Administration
(NCUA)’s Credit Union and Corporate Call Report Data to get information on the branch
locations of credit unions. We merge data on financial institutions with PPP data through
August 08, 2020 and data from the 7(a) and 502 loan programs released by the SBA. The
data includes information about the names and Zip codes of the businesses that took out the
loans as well as the names of the financial institutions. We use a fuzzy matching procedure
to match the name of the financial institutions in the PPP data with the corresponding
entities in the SOD and NCUA Call report data, matching on state as tie-breakers.
We then combine the data on PPP loans with Zip code Business Patterns (ZBP) data
in 2018 from the US Census Bureau to compute the take-up rate of PPP loans by Zip code.
The ZBP includes data on the size distribution of businesses on a Zip code level. Take-up
rate is calculated for each Zip code i using the following equation:
PPP Take-up Ratei =

# of PPP loansi
,
# of small businessesi

(1)

where we replace take-up rates greater than one with one. To make the data comparable,
we take the following approaches. First, since the ZBP excludes businesses from certain
industries as well as self-employed individuals, we remove PPP loan records for businesses
with corresponding features.5 Second, we calculate the zip-level number of small businesses
as the number of businesses in each Zip code with less than 500 employees6 . In addition
to the take-up rate, we also use the ZBP to calculate average employment size of small
businesses and share of businesses in each NAICS-2 industry, both on a Zip code level.
We obtain Zip-level demographic and geographical information from various data sources.
Racial composition is based on 5 year estimates of the American Community Survey (ACS)
from 2014 to 2018 on a census tract level, which we then collapse to a Zip code level using a
crosswalk file provided by the Office of Policy Development and Research of U.S. Department
5

Specifically, we exclude PPP loans taken by business in the following sectors: crop and animal production
(NAICS 111,112), rail transportation (NAICS 482), Postal Service (NAICS 491), pension, health, welfare,
and vacation funds (NAICS 525110, 525120, 525190), trusts, estates, and agency accounts (NAICS 525920),
office of notaries (NAICS 541120), private households (NAICS 814), and public administration (NAICS 92).
We also exclude loans taken by businesses classified as “Self-employed Individuals”
6
According to the eligibility conditions for PPP loans, posted on the SBA website www.sba.gov/
funding-programs/loans/coronavirus-relief-options/paycheck-protection-program, small businesses can apply if their have less than 500 employees, or if they meet the SBA industry size standard
if more than 500. Since the size standard varies across industries defined at a detailed level, our measure
might underestimate the number of small businesses. We correct this bias by controlling for 2-digit NAICS
industry shares of small businesses in each Zip code in our analysis.
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of Housing and Urban Development (HUD). Population density for Zip codes is calculated
using the 2010 Decennial Census and 2013 U.S. Gazetteer files. Distance between Zip codes
is provided by the NBER Zip Code Distance Database. Commuting zones are defined over
counties and cover the entire US, and we obtain their definitions and their population from
the US Department of Agriculture Economics Research Service. Furthermore, we separate
commuting zone populations into three categories:

CZ cat =




1 , if commuting zone population ≤ 515, 013,



2 , if commuting zone population > 515, 013 and ≤ 1, 604, 457,



3 , if commuting zone population > 1, 604, 457,

(2)

where the cut-offs correspond to the 50th and 75th percentiles of commuting zone population by Zip code. We picked this cut-off because more than half of US Zip codes are
rural,7 such that a Zip code in an area with a lower population are more rural and more
“remote” in the sense of having less people within their commuting area. As an example,
Williamstown, MA, a college town located in a rural area, has a Zip code with CZ cat =
1. Amherst, MA, which is also in a small college town but is in the more populated Five
Colleges area, is located in a Zip code with CZ cat = 2. Cambridge, MA has a CZ cat = 3.
Finally, we use the Federal Deposit Insurance Corporation (FDIC)’s Failed Bank List to
construct our instrument. We take the entire list of bank failures before 2020, which includes
the period from October 1, 2000 to December 31, 2019. We then restrict the sample to small
banks that have less than or equal to 10 branches before they failed, which are banks that
are less to have a relationship with SBA and are less likely to enroll in the PPP program.
The historical failure of these small local banks, conditioned on the 2000 number of small
bank branches, are correlated more enrolled branches and more take-up of PPP loans in the
Zip code. Summary statistics for our variables are shown in Table 1.

3

Descriptive Analysis

3.1

Access to lenders

As a first step, we investigate if there is differential access to financial institutions associated
with racial composition of Zip codes. The primary specification is
Yic = α + βBlack Ratioi + Xi δ + γc + εic
7

Source: http://proximityone.com/zip urban rural.htm
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(3)

where Yic is the outcome variable of Zip code i in country c; Black Ratioi is the share of
Black population in Zip code i; Xi is a vector of Zip code characteristics; and γic are countylevel fixed effects. For the outcome variable Yic , we use a dummy variable of whether the
Zip code contains any lender, as well as log of the number of branches (of any lender). We
thus examine racial disparity in both extensive and intensive margins of access to financial
institutions. To control for other factors (e.g. industrial composition and size) correlated
with racial composition that might affect access, we include the following Zip code-level
variables in the control vector Xi : log number of establishments and squared, log population
and squared, population density, and share of small businesses within each 2-digit NAICS
industry. Standard errors are clustered on the Commuting Zone level.
In addition, we also examine heterogeneity in racial disparity across neighborhoods in
commuting zones with different populations. As described earlier, we categorize Zip codes
into three groups by the population of the respective commuting zones they are located
in. “Low population” areas are Zip codes with a total 2010 population of under 515,013 in
their commuting zone, representing 50% of all Zip codes. “Medium population” areas are
Zip codes with a total population between 515,014 and 1,604,456 in their commuting zone,
representing 25% of all Zip codes. Finally, “high population” areas are Zip codes with a
population over 1,604,457 in their commuting zone, representing 25% of all Zip codes. For
simplicity, these three areas are denoted as CZ group 1, 2, and 3, or “Low population CZ”,
“Medium population CZ”, and “High population CZ”, respectively. We separately estimate
the racial gap in access for these three areas by interacting the coefficient on Black Ratio
with dummies for the different areas in the following specification:
Yic = α +

X

βk {CZ group = k}i × Black Ratioi + Xi δ + γc + εic

(4)

k

where {CZ group = k}i is equal to one if Zip code i is located in one of the group k commuting zones.
Results under Equation (3) and Equation (4) are shown in Table 2. Column (1) shows
that Zip codes with a 10% higher proportion of Black population is 0.77% less likely to contain
any lender. Column (3) repeats the analysis in (1) using log(number of lenders within Zip
code) as the dependent variable, conditional on the number of lenders being greater than
zero, and shows that the gap is even wider in the intensive margin: a 10% higher Black
population share is associated with a 2.1% lower number of branches. Decomposing across
Zip codes by population of their commuting zones in Column (2) demonstrates that this
racial disparity in access is statistically significant for Zip codes in both low density and
medium density commuting zones, and is the strongest for low density areas. The racial
7

gap in the intensive margin is statistically significant for all three CZ groups, as shown in
Column (4) with the most significant gap being in the medium density commuting zones.
To confirm that racial disparity in access is relevant in the context of PPP, Table 3
investigates whether Black Zip codes have worse access specifically to lenders that are enrolled
in the PPP program. Columns (1) and (3) show that the difference in access are larger
(more negative) in magnitude than before, suggesting that Black Zip codes have a even
more pronounced disadvantage when it comes to access to PPP lenders rather than lenders
in general. Decomposing the racial gap across areas with different population density in
columns (2) and (4) shows that the disparity in access to enrolled lenders are greater for the
lower population commuting zones (CZ cat=1) in both the extensive and intensive margins.
Comparing coefficients between Table 2 and 3 shows that the racial disparity is worse
when we look at access to lenders enrolled in the PPP program rather than lenders in general.
By construction, this must be because lenders in more Black neighborhoods are less likely
to enroll. Indeed, Figure 1, which is a bin-scatter plot with the percent of Black residents in
a Zip code on the x-axis and the fraction of bank and credit union branches that enrolled
in PPP in a Zip code on the y-axis, shows that the fraction of lenders branches enrolled in
PPP in a Zip code is negatively correlated with its percent of Black residents.
To verify that the relationship between the percent of residents that are Black and the
probability of lender enrollment holds after we include county fixed effects and our control
variables, we run branch level regressions of lenrollment on lender and Zip code level controls
with standard errors clustered by lender and county and results shown in Table 4. Column (1)
of Table 4 shows that lender enrollment is decreasing in the percent of Black residents in a Zip
code. Column (2) shows that the coefficient relationship between enrollment and the percent
of Black residents is slightly stronger in the lower density commuting zones (CZ cat=1 and
CZ cat=2). Finally, Column (3) of Table 4 shows that the relationship between lender
enrollment and the Black ratio is mostly explained by three additional variables and their
interactions: (i) a dummy variable for whether the lender is a credit union, (ii) a dummy
variable for whether the lender is small (less than 10 branches), and (iii) a dummy variable
for whether the lender is enrolled in either SBA 7(a) or 504 programs. While a small racial
disparity remains, these three variables reduces the coefficient of black ratio on enrollment
by around three-quarters.
In summary, we find that conditional on county and our control variables, Black neighborhoods has fewer financial institutions and the financial institutions that are present are
less likely to enroll. Much of the difference in enrollment can be explained by the fact that
lenders in Black Zip codes are more likely to be smaller, are credit unions, or have no previous relationships with the SBA program. Therefore, much like food deserts which are places
8

with a lack of access to cheap and nutritious foods, we find that Black neighborhoods are
more likely to be in “banking deserts” with a lack of lenders who have sufficient scale and
experience to intermediate government support programs for small businesses.

3.2

PPP take-up by racial composition of establishment neighborhood

Given the suggestive evidence that more heavily Black neighborhoods have worse access to
lenders in general as well as PPP lenders in particular, we then examine if this racial gap
translates to a racial disparity in access to support through the PPP program. As a first
step, the simple bin scatter plot in Figure 2 shows a clearly negative correlation between
PPP take-up rate and the share of Black population on a Zip code level. To perform a
more careful descriptive analysis, we again invoke the specifications in equations (3) and (4),
this time using take-up rate as the dependent variable. Our regressions thus estimate the
neighborhood-level relationship between the share of Black population and the fraction of
eligible businesses that end up receiving support through PPP.
Table 5 displays our results on the PPP take-up by racial composition of the establishment
neighborhoods. In columns (1) and (2), we first look at the correlation between share
of Black population and take-up rate without including any of the control variables. We
find that on average, Zip codes with a 10% higher proportion of Black population have a
1.3% lower take-up rate of PPP loans. Separating this effect across Commuting Zone with
different population densities in column (2) shows that the racial disparity is almost entirely
restricted to to the low population and medium population Commuting Zone. Controlling for
neighborhood-level characteristics in columns (3) and (4) makes the coefficients somewhat
smaller in magnitude, but does not take away statistical significance. To put our estimates
in perspective, a small business in an entirely Black Zip code would be 7.4% less likely to
obtain a PPP loan than its counterpart in a Zip code with no Black population, and 21.1%
less likely than its counterpart if it is located in a low population Commuting Zone.
To summarize, controlling for county fixed effects and local characteristics, we find that
small businesses Zip codes with a larger share of Black population are less likely to take up
PPP loans. This effect is the most severe within low-density Commuting Zones, and also
statistically significant within medium-density Commuting Zones. These results suggest that
racial disparity in pass-through of government support does exist, and the relative more rural
areas suffer in particular.
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3.3

Distance to PPP Lender

In Section 3.1, we provided suggestive evidence that Black neighborhoods have fewer lenders
in their own Zip codes, and this applies to both lenders in general and lenders enrolled in the
PPP program. However, one might still wonder if this necessarily implies racial disparity
in access overall. For example, if a Black neighborhood has a comparable number of PPP
lenders in nearby Zip codes, then it could have similar levels access to lenders despite the
lack of financial institutions within the neighborhood itself.
To verify if the racial gap in access extends beyond the neighborhood level, we analyze
“remoteness” of PPP loans by calculating the distance between each small business in the
PPP data and the lender from which it acquired the loan. Since for each loan, we only
observe the bank or credit union, rather than the specific branch that provided the support,
we estimate the distance of each business to its lender by computing the distance between
Zip code of the business and Zip code of the closest branch of the lender. Based on this
distance measure, we define a loan as “remote” if the business is more than 100 miles away
from the lender.
Figure 3 shows the correlation between distance to PPP lender and the proportion of
Black population on a Zip code level through two bin scatter plots. Panel (a) shows that Zip
codes with a higher Black share have a higher share of “remote” PPP loans on average. This
indicates that in more heavily Black neighborhoods, a higher fraction of businesses obtained
PPP loans from lenders more than 100 miles away. Panel (b) shows that, even if we only
inspect the non-remote loans, businesses in Zip codes with a higher ratio of Black population
obtain loans from lenders that are further away.
To more systematically analyze the relationship between racial composition and remoteness of PPP loans, we conduct loan-level regressions using the following specifications:
Ybiz = α + βBlack Ratioi + Xi δ + γc + εbiz
Ybiz = α +

X

βk {CZ group = k}i × Black Ratioi + Xi δ + γz + εbiz

(5)
(6)

k

where Ybiz is the outcome variable for a loan taken by business b in Zip code i and county z; γc
are county fixed effects. Like before, we control for a vector of Zip code-level characteristics
Xi , and interact the coefficient on Black Ratio with dummies for different Commuting Zone
population groups to investigate heterogeneity in the racial gap. For the outcome variable,
we use a dummy variable equal to one if the PPP lender is remote, as well as log distance
of business to its lender.
Results for regressions in equations 5 and 6 are shown in Table 6 Column (1) shows that
10

a 10% higher ratio of Black population in the Zip code in which a business is located is
associated with a 1.2 percentage point increase in the likelihood of the lender to be remote.
Column (2) shows that within all Commuting Zone groups, businesses in Black Zip codes are
more likely to acquire PPP loans from a remote lender. As we turn to the intensive margin of
distance, column (3) reveals that business in Black Zip codes travel further overall: businesses
in a Zip code with a 10% higher Black ratio are on average 3.7% further away from their
lenders. Column (4) confirms that this racial disparity is statistically significant regardless
of population density of the Commuting Zone.

4

Instrumental Variables estimates

Give the descriptive evidence in Section 3, which suggests that more heavily Black Zip codes
have (1) worse access to lenders in general and particularly PPP lenders and (2) take up
PPP loans at a lower rate, we now attempt to establish a connection between access to
lenders and pass-through of PPP support, and show how this connection can explain the
racial disparity in take-up. Ideally, we would like to run the following regressions:
X
X
βk1 {CZ group = k}i ×Black Ratioi +Xi δ 1 +γc1 +εiz
γk1 {CZ group = k}i ×Enrollmenti +
Takeupiz = α1 +
k

k
0

Takeupiz = α +

X

βk0 {CZ

0

group = k}i × Black Ratioi + Xi δ +

γc0

+ εiz

(7)
(8)

k

In equation 7, we regress PPP take-up rate of Zip code i in Commuting Zone z on a Zipcode level enrollment variable as well as the ratio of Black population, allowing for different
coefficients across Commuting Zones with different population densities. For the enrollment
variable, we use indicators on both extensive and intensive margins, i.e. a dummy variable for
whether the Zip code contains a PPP-enrolled lender, and log of the number of PPP-enrolled
lenders. The estimated coefficient β̂k1 measures the relationship between enrollment of local
lenders in the PPP program and take-up of PPP loans for each CZ group k. Moreover, by
comparing the estimated coefficient on Black Ratio across Equation 7 and Equation 8, β̂k1
and β̂k0 , we can also gauge the extent to which local access can explain the racial disparity
in the pass-through of PPP support.
However, the specification in Equation 7 is prone to endogeneity, since PPP enrollment
is likely correlated with other local factors contained in the error term εiz that might affect
PPP take-up. For example, better local economic conditions would prompt banks in general
(including PPP-enrolled ones) to establish more branches in the corresponding Zip codes,
and simultaneously lead to higher PPP take-up rate since local businesses are more resilient
11

to the Covid shock and less likely to shut down. This would generate an upward bias in our
estimate of the association between enrollment and take-up, γ̂k1 .
Therefore, to assess the causal effect of local access to PPP-enrolled lenders on take-up,
we use the failure of small community banks, defined as banks with fewer than 10 branches,
to proxy for PPP enrollment of local banks. Specifically, we define a dummy variable that
is equal to 1 if the Zip code contains at least one branch of a failed bank. The rationale
for choosing this instrument is that failed branches tend to be acquired by larger financial
institutions, which are more likely to enroll in the PPP compared to small lenders. As
a result, Zip codes with branches of failed banks should have more PPP-enrolled lenders
relative to those without, after controlling for other local characteristics.
Regarding external validity of the instrument, Antoniades (2020) has shown that the
failure of commercial banks in the US is primarily driven by exposure to commercial real
estate loans as well as residential mortgage backed securities (RMBS), and not small business
loans. In other words, bank failures are likely driven by shocks uncorrelated with local
conditions of small businesses that would affect take-up of PPP loans. Moreover, even if
bank failures are indeed driven by deteriorating local economic conditions, small businesses
in neighborhoods with failed bank branches should be more likely to close down during the
pandemic, and thus lead to a lower take-up rate in their Zip codes. In line with this argument,
Table 10 in the Appendix shows that Zip codes with branches of failed banks have higher
claim rate for unemployment insurance (UI) prior to Covid-19, in February 2020, though it is
not statistically significant, and Zip codes with higher UI claim rate in February are strongly
correlated with a lower PPP take-up rate. Therefore, if anything, using this instrument
would generate a downward bias on our estimated impact of access on PPP take-up.
Using the proposed instrument, we supplement the main regression in Equation 7 with
a first-stage regression:
Enrollmentic = κ + ρ{Has Failed Branch}i + Xi µ + ϕc + ξic

(9)

where Enrollmentic is an enrollment variable of Zip code i in county c, and {Has Failed Branch}i
is a dummy variable equal to one if Zip code i contains at least one failed bank branch.
Results for the first stage IV regression are shown in Table 7. As previously discussed,
for the enrollment variable, we use both a dummy variable for whether a Zip code contains
any PPP-enrolled lender, and log number of PPP-enrolled lenders a Zip code. Column (1)
shows that neighborhoods with branches of failed banks are in fact less likely to have any
PPP-enrolled lender, though the effect is statistically insignificant. One possible explanation
for this is that Zip codes with failed banks and no PPP-enrolled banks ex-ante are simply
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economically unattractive for big banks to enter through acquisitions. On the other hand,
column (2) shows that, conditional on a Zip code containing at least one PPP-enrolled lender,
Zip codes with at least one failed bank branch have a 8.1% higher number of enrolled lenders.
This confirms the internal validity of our instrument for the intensive margin of access to
PPP lenders.
For the second stage of the IV regression, we first run simpler specifications that isolate
the impact of local access to enrolled lenders on PPP take-up:
Takeupic = α + γEnrollmenti + Xi δ 1 + γc + εic
Takeupic = α +

X

γk {CZ group = k}i × Enrollmenti + Xi δ + γc + εic

(10)
(11)

k

Results for Equation 10 and Equation 11 are shown in Table 8. Column (1) shows that
doubling the number of PPP-enrolled lenders in a Zip code would lead to an increase of
12.3 percentage points in the take-up rate of PPP loans. Column (2) examines this effect
separately for areas with different population densities, and finds the magnitude to vary
between 8.1 and 12.5 percentage points. These results show that local access to particular
lenders does matter for actual pass-through of government support through PPP loans.
Finally, we run the regressions in Equation 7 and Equation 8 to examine the explanatory
power of access to PPP lenders for racial disparity in PPP take-up. For the second stage
regression in Equation 7, we proxy for enrollment using our instrument. Table 9 displays
the results. Column (1) corresponds to Equation 8, which only includes Black ratio on the
right hand side; column (2) corresponds to Equation 7, which includes both Black ratio and
log number of PPP-enrolled lenders as regressors. Comparing across the two columns, the
coefficient on Black Ratio, which measures the racial disparity in take-up, decreases for both
low density and medium density CZs after controlling for number of enrolled lenders. More
specifically, the results suggest that access to enrolled lenders can explain 37.8% of the racial
gap in low density areas, and 54.3% of the racial gap in medium density areas.

5

Conclusion

Many government support programs are designed to be intermediated by banks and credit
unions. We show that one drawback of this design is that it exacerbates the distributional
effects of “government support banking deserts”. All else equal, neighborhoods with a greater
share of Black population have fewer lenders, and the lenders that are present there are less
likely to enroll in the PPP program. We show using an instrumental variables approach that
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the significantly lower take up rate of Black neighborhoods in lower population areas can be
partially explained by this difference in access to enrolled lenders. Our results suggest that
alternative implementations of government support programs, e.g. by combining “support
through banks” with more outreach centers in banking deserts, or providing more incentives
for small lenders in minority neighborhoods to participate in SBA programs, may improve
the distributional impact of government support for small businesses.
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Tables and Figures
Table 1: Summary statistics of our variables

Bank Presence
Has Branch
Log(Branch)
Has Enrolled
Log(Enrolled)
Small Bank #
has failed branch
Demographics
black ratio
Log(Establishments)
Log(Population)
Population Density
PPP
Takeup
Remote
log(Miles)

Mean

10th

Median

90th

N

0.69
1.06
0.64
0.98
0.76
0.04

0
0
0
0
0
0

1
1.10
1
0.69
1
0

1
2.40
1
2.20
2
0

28,969
19,951
28,969
18,667
35,224
35,442

0.10
3.84
7.66
4.81

0.00
1.39
5.21
2.05

0.03
3.69
7.84
4.49

0.29
6.58
10.29
8.13

34,716
35,224
34,716
30,458

0.57
0.10
0.76

0.13
0
0

0.59
0
0

1
1
3.02

35,244
4,277,654
3,835,219

Note: this table shows the summary statistics of our Zip code level and PPP loan level samples. “Has
Branch” is an indicator variable that is equal to one if a Zip code contains any branch, and “Log(Branch)” is
the log number of branches (conditional on the number of branches being more than zero). “Has Enrolled”
is an indicator variable that is equal to one if a Zip code contains any branch from a lender that enrolled in
the PPP program, and “Log(Enrolled)” is the log number of branches from enrolled lenders (conditional on
it being greater than zero). “Small Bank #” is the number of small banks (banks with less than or equal
to 10 branches) operating in the Zip code in 2000 which we condition on in our failed small bank analysis,
and “has failed branch” is an indicator variable for whether a Zip code was exposed to the failure of a small
bank between October 2000 to 2019. In terms of demographics, “black ratio” is the ratio of the population
that is Black in a Zip code. “Log(Establishments)” is the log of number of small business establishments
reported in in a ZBP data. “Log(Population)” is the log of the total population in a Zip Code Tabulation
Area (ZCTA), and “Population Density” is the population density in a ZCTA. Finally, for PPP variables,
“Takeup” is the ratio of loans taken out in a Zip code to the number of small establishments in the ZCTA.
“Remote” is an indicator variable for whether the loan take out is from a remote lender (a lender whose
nearest branch is more than 100 miles away). “Log(Miles)” is the log of 1 + number of miles from the small
business to the nearest branch of their PPP lender, conditional on the number of miles being less than 100.
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Table 2: Access to Lenders in Zip Code

(1)
Has Branch

(2)
Has Branch

-0.0774∗∗∗
(0.0215)

black ratio

(3)
Log(Branch)

(4)
Log(Branch)

-0.210∗∗∗
(0.0455)

CZ cat=1 × black ratio

-0.219∗∗∗
(0.0507)

-0.185∗∗
(0.0792)

CZ cat=2 × black ratio

-0.0864∗∗∗
(0.0332)

-0.176∗∗∗
(0.0610)

CZ cat=3 × black ratio

-0.0212
(0.0325)

-0.249∗∗∗
(0.0756)

0.0293
(0.0365)

0.0273
(0.0363)

0.259∗∗∗
(0.0509)

0.287∗∗∗
(0.0523)

2-digit NAICS controls

Yes

Yes

Yes

Yes

Log(Establishments) controls

Yes

Yes

Yes

Yes

Log(Population) controls

Yes

Yes

Yes

Yes

Population density

Yes

Yes

Yes

Yes

28136

27249

19237

18449

Yes

Yes

Yes

Yes

Constant

Observations
County FE

Robust standard errors clustered by county Zone in parentheses.
∗

p < 0.1,

∗∗

p < 0.05,

∗∗∗

p < 0.01

Note: This table shows OLS regressions of the presence of lenders (banks and credit union branches) in a Zip
code. Column (1) is a regression of “Has Branch” on the ratio of Black population in the Zip code, black ratio,
with controls for the shares of 2-digit NAICS industry presence, log number of small establishments in the Zip
code and squared, log population and squared, population density, as well as county fixed effects. Column (2)
is the same regression but with black ratio interacted with our three categories of commuting zone population.
Columns (3) and (4) are the same regressions but on the intensive margin of the log number of branches in
a Zip code, conditional on it being greater than zero.
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Table 3: Access to Enrolled Lenders in Zip Code

(1)
Has Enrolled

(2)
Has Enrolled

-0.104∗∗∗
(0.0226)

black ratio

(3)
Log(Enrolled)

(4)
Log(Enrolled)

-0.414∗∗∗
(0.0461)

CZ cat=1 × black ratio

-0.246∗∗∗
(0.0500)

-0.489∗∗∗
(0.0821)

CZ cat=2 × black ratio

-0.101∗∗∗
(0.0388)

-0.407∗∗∗
(0.0661)

CZ cat=3 × black ratio

-0.0530
(0.0324)

-0.415∗∗∗
(0.0716)

-0.0377
(0.0343)

-0.0295
(0.0355)

0.440∗∗∗
(0.0606)

0.486∗∗∗
(0.0607)

2-digit NAICS controls

Yes

Yes

Yes

Yes

Log(Establishments) controls

Yes

Yes

Yes

Yes

Log(Population) controls

Yes

Yes

Yes

Yes

Population density

Yes

Yes

Yes

Yes

28136

27249

18138

17376

Yes

Yes

Yes

Yes

Constant

Observations
County FE

Robust standard errors clustered by county in parentheses.
∗

p < 0.1,

∗∗

p < 0.05,

∗∗∗

p < 0.01

Note: This table shows OLS regressions of the presence of lenders (banks and credit union branches) enrolled
in the PPP program in a Zip code. Column (1) is a regression of “Has Enrolled” on the ratio of Black
population in the Zip code, black ratio, with controls for the shares of 2-digit NAICS industry presence,
log number of small establishments in the Zip code and squared, log population and squared, population
density, as well as county fixed effects. Column (2) is the same regression but with black ratio interacted
with our three categories of commuting zone population. Columns (3) and (4) are the same regressions but
on the intensive margin of the log number of enrolled lender branches in a Zip code, conditional on it being
greater than zero.
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Figure 1: Fraction of Branches in Zip Code Enrolled in PPP vs Ratio of Residents that are
Black

Fraction of lender branches that enrolled in PPP
.75
.8
.85
.9

Lender Enrollment vs. Black Ratio By Zip Code

0

.2

.4
Black Ratio in Zip Code

.6

.8

Note: This figure shows a bin-scatter plot of the fraction of bank and credit union branches in a Zip code
that enrolled in the PPP program on the y-axis and the ratio of residents in the Zip code that are Black on
the x-axis.
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Table 4: Probability of Enrollment by Zip Code
(1)
Fraction of Branches Enrolled

(2)
Fraction of Branches Enrolled

-0.193∗∗∗
(0.0204)

black ratio

CZ cat=1 × black ratio

-0.285∗∗∗
(0.0472)

CZ cat=2 × black ratio

-0.198∗∗∗
(0.0412)

CZ cat=3 × black ratio

-0.172∗∗∗
(0.0264)
0.722∗∗∗
(0.0548)

0.746∗∗∗
(0.0537)

2-digit NAICS controls

Yes

Yes

Log(Establishments) controls

Yes

Yes

Log(Population) controls

Yes

Yes

Population density

Yes

Yes

19237

18449

Yes

Yes

Constant

Observations
County FE

Robust standard errors clustered by lender and county in parentheses.
∗

p < 0.1,

∗∗

p < 0.05,

∗∗∗

p < 0.01

Note: This table shows OLS regressions on branch enrollment. Column (1) is a regression of enrollment on
the ratio of residents in a Zip code that are Black (“black ratio”) controlling for shares of 2-digit NAICS
industries in a Zip code, log number of small establishments in a Zip code, log population in a Zip code,
population density, and county fixed effects. Column (2) is the same regression but interacted with categories
of commuting zone population. Column (3) is the same regression but adds additional controls for whether
the lender is a credit union, whether it is small (less than or equal to 10 branches), whether it is enrolled in
the SBA 7a or 504 programs, and interactions of those variables.
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Figure 2: Fraction of small establishments in Zip code getting PPP loans vs. share of Black
population in Zip code, binscatter plot

.54

PPP Take-up Rate
.56
.58

.6

.62

PPP Take-up Rate vs. Black Ratio By Zip Code

0

.2

.4
Black Ratio in Zip Code

.6

.8

Note: This figure shows a bin-scatter plot of the fraction of small establishments in a Zip code that took out
a PPP loan on the y-axis and the ratio of residents in the Zip code that are Black on the x-axis.
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Table 5: Fraction of small establishments in a Zip code getting loans, by categories of
commuting zone population

(1)
Takeup Rate

(2)
Takeup Rate

-0.131∗∗∗
(0.0342)

black ratio

(3)
Takeup Rate

(4)
Takeup Rate

-0.0738∗∗∗
(0.0277)

CZ cat=1 × black ratio

-0.355∗∗∗
(0.0351)

-0.211∗∗∗
(0.0302)

CZ cat=2 × black ratio

-0.219∗∗∗
(0.0325)

-0.124∗∗∗
(0.0236)

CZ cat=3 × black ratio

-0.00799
(0.0545)

-0.0138
(0.0445)

0.589∗∗∗
(0.00335)

0.596∗∗∗
(0.00236)

0.215∗∗∗
(0.0166)

0.223∗∗∗
(0.0161)

2-digit NAICS controls

No

No

Yes

Yes

Log(Establishments) controls

No

No

Yes

Yes

Log(Population) controls

No

No

Yes

Yes

Population density

No

No

Yes

Yes

34716

33453

30362

29419

Yes

Yes

Yes

Yes

Constant

Observations
County FE

Robust standard errors clustered by county in parentheses.
∗

p < 0.1,

∗∗

p < 0.05,

∗∗∗

p < 0.01

Note: This table shows OLS regressions on the PPP take-up rate in a Zip code. Column (1) is a regression
of PPP take-up on the ratio of residents in a Zip code that are Black (“black ratio”) controlling only for
county fixed effects. Column (2) is the same regression but interacted with categories of commuting zone
population. Column (3) adds additional controls for shares of 2-digit NAICS industries in a Zip code, log
number of small establishments in a Zip code, log population in a Zip code, and the population density.
Column (4) is the same regression as Column (3) but interacted with our three categories of commuting zone
density.
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Figure 3: Distance Travelled to PPP Lender by Black Ratio in Zip Code
(b) Conditional on Non-Remote, Log Miles to
PPP Lender

(a) Share of PPP Loans from Remote Lender

PPP Log Miles Travelled vs. Black Ratio By Zip Code

.05

.1

Remote

.15

Log Miles Travelled, Conditional on Non-Remote
.6
.8
1
1.2

.2

PPP Remote Lender vs. Black Ratio By Zip Code

0

.2

.4
Black Ratio in Zip Code

.6

.8

0

.2

.4
Black Ratio By Zip Code

.6

Note: This figure shows a bin-scatter plot at the PPP loan level of whether the loan was taken out with
a remote lender (a lender that is more than 100 miles away from the small business) and on the log miles
travelled to the lender (the distance between the business and the nearest lender branch) on the y-axes, and
the ratio of residents in the Zip code that are Black on the x-axis.
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Table 6: Distance to PPP Lender Regressions

(1)
Remote

(2)
Remote

0.119∗∗∗
(0.0288)

black ratio

(3)
Log(Miles)

(4)
Log(Miles)

0.286∗∗∗
(0.0283)

CZ cat=1 × black ratio

0.0454∗∗∗
(0.00789)

0.404∗∗∗
(0.0800)

CZ cat=2 × black ratio

0.0606∗∗∗
(0.0114)

0.217∗∗∗
(0.0554)

CZ cat=3 × black ratio

0.165∗∗∗
(0.0398)

0.280∗∗∗
(0.0348)

0.140∗∗∗
(0.0216)

0.119∗∗∗
(0.0179)

3.183∗∗∗
(0.165)

2.994∗∗∗
(0.164)

2-digit NAICS controls

Yes

Yes

Yes

Yes

Log(Establishments) controls

Yes

Yes

Yes

Yes

Log(Population) controls

Yes

Yes

Yes

Yes

Population density

Yes

Yes

Yes

Yes

4236705

3794007

3794576

3424736

Yes

Yes

Yes

Yes

Constant

Observations
County FE

Robust standard errors clustered by county in parentheses.
∗

p < 0.1,

∗∗

p < 0.05,

∗∗∗

p < 0.01

Note: Column (1) of this table displays the result of an OLS regression on an indicator variable for whether
the loan is taken out with a remote lender (a lender whose nearest branch is more than 100 miles away)
and the ratio of Black residents in the Zip code (“black ratio”), controlling for 2-digit NAICS shares, log
number of establishments in a Zip code and squared, log population and squared, population density, and
county fixed effects. Column (2) is the same regression but with black ratio interacted with our categories of
commuting zone density. Column (3) is the same regression as Column (1) but with the dependent variable
changed to log 1 + number of miles to the nearest branch of the PPP lender. Column (4) is the same
regression as Column (2) but with the dependent variable changed to log 1 + number of miles to the nearest
branch of the PPP lender.
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Table 7: Instrumental variables first stage estimates

(1)
Has Enrolled

(2)
Log(Enrolled)

has failed branch

-0.00304
(0.00886)

0.0910∗∗∗
(0.0151)

Constant

-0.0582∗
(0.0320)

0.289∗∗∗
(0.0605)

2-digit NAICS controls

Yes

Yes

Log(Establishments) controls

Yes

Yes

Log(Population) controls

Yes

Yes

Population density

Yes

Yes

Small Bank # controls

Yes

Yes

27957

17553

Yes

Yes

Observations
County FE

Robust standard errors clustered by county in parentheses.
∗

p < 0.1,

∗∗

p < 0.05,

∗∗∗

p < 0.01

Note: this table shows our first stage regressions of an indicator variable for whether a Zip code has an
enrolled lender in Column (1), and the log number of enrolled branches (conditional on there being at least
one) in Column (2). We control for 2-digit NAICS shares, log number of small establishments and squared,
log population and squared, population density, and the 2000 number of small banks in the Zip code and
squared, and county fixed effects.
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Table 8: Instrumental Variables Second Stage Estimates

(1)
Takeup

(2)
Takeup

0.128∗∗
(0.0503)

Log(Enrolled)

CZ cat=1 × Log(Enrolled)

0.125∗∗
(0.0585)

CZ cat=2 × Log(Enrolled)

0.155∗∗∗
(0.0539)

CZ cat=3 × Log(Enrolled)

0.134∗∗
(0.0527)

2-digit NAICS controls

Yes

Yes

Log(Establishments) controls

Yes

Yes

Log(Population) controls

Yes

Yes

Population density

Yes

Yes

Small Bank # controls

Yes

Yes

17553
36.48

16793
10.84

Yes

Yes

Observations
First stage F-stat
County FE

Robust standard errors clustered by county in parentheses.
∗

p < 0.1,

∗∗

p < 0.05,

∗∗∗

p < 0.01

Note: this table shows our second stage regressions of take up on the log number of enrolled branches
(conditional on there being at least one) in Column (1), and the log number of enrolled branches (conditional
on there being at least one) interacted with our Commuting Zone population category in Column (2). We
control for 2-digit NAICS shares, log number of small establishments and squared, log population and
squared, population density, the 2000 number of small banks in the Zip code and squared, and county fixed
effects.

25

Table 9: Instrumental Variables Implication

(1)
Takeup

(2)
Takeup

CZ cat=1 × black ratio

-0.233∗∗∗
(0.0304)

-0.150∗∗∗
(0.0408)

CZ cat=2 × black ratio

-0.0694∗∗∗
(0.0232)

-0.0202
(0.0293)

CZ cat=3 × black ratio

0.0633
(0.0520)

0.111∗∗
(0.0563)

CZ cat=1 × Log(Enrolled)

0.120∗∗
(0.0585)

CZ cat=2 × Log(Enrolled)

0.147∗∗∗
(0.0540)

CZ cat=3 × Log(Enrolled)

0.131∗∗
(0.0534)
0.413∗∗∗
(0.0467)

Constant

2-digit NAICS controls

Yes

Yes

Log(Establishments) controls

Yes

Yes

Log(Population) controls

Yes

Yes

Population density

Yes

Yes

Small Bank # controls

Yes

Yes

16793

16793
10.73

Yes

Yes

Observations
First stage F-stat
County FE

Robust standard errors clustered by county in parentheses.
∗

p < 0.1,

∗∗

p < 0.05,

∗∗∗

p < 0.01

Note: Column (1) of this table is an OLS regression of take-up on the ratio of the population that is Black
(“black ratio”) interacted with our categorical variable for Commuting Zone density within the Zip codes
with at least one enrolled lender, controlling for 2-digit NAICS shares, log number of small establishments
and squared, log population and squared, population density, the 2000 number of small banks in the Zip
code and squared, and county fixed effects. Column (2) is the second stage of an IV regression that adds in
the log of the number of enrolled branches interacted with our categories of Commuting Zone population.
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Molly Schnell. 2019. “Food Deserts and the Causes of Nutritional Inequality*.” The
Quarterly Journal of Economics 134(4): 1793–1844. ISSN 0033-5533. doi:10.1093/qje/
qjz015.
Available at https://doi.org/10.1093/qje/qjz015.
Antoniades, Adonis. 2020. “Commercial bank failures during the Great Recession: The real
(estate) story.” Available at SSRN 2325261.
Bailey, Michael, Abhinav Gupta, Sebastian Hillenbrand, Theresa Kuchler, Robert J Richmond, and Johannes Stroebel. 2020. “International trade and social connectedness.” Tech.
rep. National Bureau of Economic Research.
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A

Additional Tables and Figures
Table 10: Failed branch and pre-COVID unemployment insurance claim rate
(1)
Feb UI Rate
0.00242
(0.00218)

has failed branch

(2)
Takeup Rate

-0.0979∗∗∗
(0.0364)

claim rate feb
0.242∗∗∗
(0.00899)

0.213∗∗∗
(0.0238)

2-digit NAICS controls

Yes

Yes

Log(Establishments) controls

Yes

Yes

Log(Population) controls

Yes

Yes

Population density

Yes

Yes

Yes
13329
Yes

Yes
13329
Yes

Constant

Small Bank # controls
Observations
Commuting Zone FE

Robust standard errors clustered by County FIPS in parentheses.
∗
p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Note: Column (1) of this table is an OLS regression of the Zip code-level unemployment claim rate in
February 2020 on a dummy variable that is equal to one if the Zip code contains at least one branch of a
failed small bank, where a small bank is defined as a bank with fewer than 10 branches. Column (2) of this
table is an OLS regression of the Zip code-level take-up rate on the unemployment claim rate in Febraury
2020. Both regressions control for 2-digit NAICS shares, log number of small establishments and squared,
log population and squared, population density, the 2000 number of small banks in the Zip code and squared,
and Commuting Zone fixed effects.
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