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Abstract

This thesis studies the Paycheck Protection Program (PPP)—a 660 billion dollar small

business loan program enacted in April 2020 in response to the COVID-19 pandemic. The

majority of small businesses could apply for (and receive) a forgivable loan, but I find that

PPP uptake differs dramatically across space. To study this geographic variation, I first

present a theoretical framework for PPP. One key prediction is that even though supply-side

barriers limited PPP uptake in places that had weak banking relationships in the first round,

business human capital should have been able to substitute for bank human capital during

the second round. Second, I use a combination of county and firm-level data to demonstrate

that in line with theory, places that received very little PPP overall had both low bank and

low business human capital. Finally, factors such as COVID-19 impact or political attitudes

were not key determinants in predicting PPP uptake. Consequently, even though PPP was

designed for COVID-19, the distribution of PPP loans was fundamentally about human

capital and institutions rather than pandemic impact.
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Introduction

“It’s a trap like marriage.”

This is not what one wants to hear about a 660 billion dollar relief program. It is,

however, what an Alignable survey respondent said when asked why they did not apply

for the Paycheck Protection Program (PPP).

In March 2020, the COVID-19 pandemic wreaked economic havoc throughout the United

States. One year on, the economic impact on small businesses is far from over. A recent

report published by the Federal Reserve shows that in September/October 2020 almost one-

third of businesses did not believe they would be able to survive without more government

assistance (Federal Reserve Bank, 2021). In March 2021, the Census Pulse Survey reported

that 42% of small businesses expect to need more than six months to return to normal

operations.

One of the main federal assistance programs available small businesses was PPP. As

speed was prioritized in PPP, financial institutions such as banks were used as intermediaries

(called SBA lenders). Small businesses had to apply at a SBA lender and if approved, the

PPP loan was guaranteed by the SBA. Eligible businesses (generally those with less than

500 employees) could apply for a maximum loan size of 2.5 times monthly payroll, capped

at $10 million. If the business spent the loan according to SBA guidelines (e.g., 60% on

payroll), they could later apply for loan forgiveness. Initially, Congress funded the program

for $349 billion and businesses could apply starting April 3, 2020. After a chaotic 13 days,

first round funding was exhausted. Given the unmet demand, Congress decided to re-fund

PPP for a second round with an additional $310 billion, available from April 27, 2020. By
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the end of the program on August 8, 2020 there was still more than $100 billion left over,

suggesting that the amount of aid available exceeded total demand.

The current literature on PPP has studied the impact of PPP on employment outcomes

and how banks distorted the distribution of PPP in the first round (e.g., Bartik et al.,

2020c; Granja et al., 2020). For example, there is general agreement that the use of private

institutions as an intermediary to distribute public funds meant that especially in the first

round (when funds were limited), businesses with stronger banking relationships were

prioritized. However, much less work has been conducted on the broader determinants of

who received PPP at the end of the program and why. There are two main open questions:

first, whether banking relationships mattered at all in the second round when the program

was over-funded. Second, given that the program was over-funded, what factors prevented

or deterred eligible businesses from applying.

To answer these questions I first document significant geographic disparities in PPP

uptake throughout the program, despite the removal of supply-side barriers in the second

round. Intuitively, one may expect places that performed poorly in the first round of PPP

(e.g., missed out due to weak banking relationships) to catch up in the second round.

However, this was not the case. For example, at the county level, the interquartile range of

the proportion of businesses who received PPP was 15 percentage points in the first round.

This increases to 17 percentage points by the end of the program. In addition, the correlation

between first and second round PPP uptake at the county level is 0.424, which suggests that

places which did well in the first round continued to outperform others.

Next, I present a theoretical model of PPP uptake where banks and businesses each

choose the amount of time to invest into PPP. In the model and throughout this thesis,

“business human capital” refers to the level of human capital business owners have. Financial

capacity or size of the banking sector is thought to reflect aggregate banking-specific human

capital, which will be called “bank human capital.” The model makes three key predictions.

First, PPP uptake in the first round should be increasing in bank human capital (represented

by the number of banks) but decreasing in the total number of businesses. This is because
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businesses had to directly compete with one another in the first round when funds were

limited. Second, overall PPP uptake should be increasing in bank human capital and

business human capital. In addition, there is an important substitution effect between bank

and business human capital meaning that even in places with poor banking relationships

(low bank human capital), high human capital businesses were capable of navigating the

program themselves and receiving PPP in the end. Third, even though banks prioritized

clients in the first round, businesses with high human capital should have been able to catch

up in the second round. In sum, places that had low PPP uptake overall should have been

those with both low bank and low business human capital.

Given these theoretical predictions, I use a combination of county and firm-level data to

show that the model predictions agree with empirical data. For example, at the county level,

holding COVID-19 impact and demographics constant, an increase of 10 banks in a county

(bank human capital) predicts a 5–7 percentage point increase in PPP uptake overall. A

10 percentage point increase in the share of college educated individuals (business human

capital) predicts a 3–4 percentage point increase in PPP uptake overall. The interaction

term between the number of banks and educational attainment is consistently negative,

demonstrating the substitution effect between bank and business human capital. In support

of these results, in the firm-level data I also find that location is more predictive of PPP

uptake for low human capital businesses than for high human capital businesses. The

intuition here is that in order to receive PPP, low human capital businesses needed to have

been in areas with many banks or other high human capital businesses who knew how to

navigate the PPP application process.

Finally, I briefly study whether other explanations such as COVID-19 impact, attitudes

towards PPP (e.g., government distrust), and availability of outside aid (e.g., Economic Injury

Disaster Loans) can explain geographic disparities in PPP uptake. I find that the estimated

coefficients on COVID-19 variables are very small and usually insignificant. In addition,

despite the unprecedented size and scale of PPP, past financing behavior is correlated with

PPP uptake, suggesting that fundamental rather than transitive factors (e.g., COVID-19
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shocks) impacted the distribution of PPP.

By studying geographic disparities in PPP uptake, this thesis contributes directly to a

growing body of work on who was left behind during the COVID-19 pandemic, and the

design of federal aid targeting. For example, my research builds on the work of Humphries

et al. (2020) who show that the smallest businesses suffered from information frictions in

PPP. Several studies have shown that PPP employment effects are positive, but small or

imprecise (Autor et al., 2020; Bartik et al., 2020b,c; Chetty et al., 2020; Granja et al., 2020).

Studying geographic disparities allows us to better understand the targeting of PPP which

could help explain the estimated employment effects. Similar to the idea that places with

low bank and low business human capital missed out on PPP, recent work has also shown

that disadvantaged communities suffered more from the pandemic (Berube and Bateman,

2020; Chetty et al., 2020; Fairlie, 2020; Fairlie et al., 2020). Finally, my thesis comments more

generally on the design of federal aid targeting and the outsourcing of public funds to

private institutions. Past literature, such as Bartik et al. (2020a) and Armour (2018), have

discussed how bureaucracy or friction can impact aid programs.

To the best of my knowledge, this thesis is the first to provide a unified framework of

the impact of bank and business human capital on the geographic allocation of PPP loans.

Consider: there were $100 billion dollars left over from PPP. Thus, perhaps everyone who

wanted PPP got it. Instead, this thesis shows that what really happened is everyone who

managed to apply successfully for PPP obtained access to the program. As a result, places

with a small banking sector and low business human capital may have still missed out, even

if they wanted aid.

The rest of the thesis is organized as follows. Chapter 1 provides background on PPP

and the data sources used. Chapter 2 presents geographic disparities in PPP uptake and

motivates the model in Chapter 3. Chapter 4 empirically tests the model and presents the

main results.
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Chapter 1

Background

This chapter provides additional background on the Paycheck Protection Program, contextu-

alizes related literature, and describes the data sources used in this thesis.

1.1 The Paycheck Protection Program

The Paycheck Protection Program (PPP) was a forgivable loan program run by the Small

Business Administration (SBA) from April to August 2020 in response to COVID-19. The

program was enormous in size with a total of almost $660 billion in funding, and the speed

at which it was rolled out made the program even more extraordinary.

There were two rounds of PPP funding. The program was announced as part of the

CARES Act on March 27, 2020 and small businesses could apply for the (original) $349

billion PPP program starting April 3. After only 13 days, all of the initial funding was

depleted. Given such high demand, Congress decided to extend the program and on April

27, PPP was funded with an additional $310 billion. Despite the fact that first round funds

were exhausted quickly, the PPP program concluded on August 8 with $138 billion left over.

One of the primary goals of the program was to help small businesses maintain their

payrolls. Eligible small businesses could apply for a loan of up to 2.5 times monthly payroll,

capped at $100,000 per employee and a total loan size of no more than 10 million. Eligibility

requirements were not difficult to meet—the vast majority of small businesses under 500
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employees should have been eligible to apply.1 Exceptions include businesses that were

already closed or bankrupt by mid-February, businesses that had defaulted on loans in the

past seven years, or business owners who had been convicted of a crime in the past five

years. Almost all legal forms of organization under 500 employees were eligible, including

non-profits, sole-proprietors, and self-employed individuals. To apply, a business needed

to submit a PPP application through one of approximately 4,000 SBA approved lenders.

(These lenders ranged from private banks to Fintechs.) Unlike most SBA or federal loans,

there were no collateral requirements. Businesses could apply to multiple lenders at once

(although each business could only accept one PPP loan in the end).

With regard to the approval process, all PPP lenders had delegated authority from the

SBA, and it was the lender’s responsibility to ensure that the applicant was eligible and

provided accurate documentation. The SBA did not reject loan applications unless the

business had previously defaulted or had a delinquent loan with the SBA. Thus, once the

loan application had been approved by the lender, approval by the SBA should have been

fairly fast and automatic (electronic processing, through their E-Tran system), although the

system experienced severe technical difficulties in the first round and early in the second

round. Once approved, the SBA required lenders to disburse the loan within 10 days. All

loans would be guaranteed by the SBA.

To apply for forgiveness, a business had to submit an application to their lender within

10 months after the end of the “Covered Period.” The Covered Period of a loan was either

24 weeks after receiving a PPP loan or December 31, 2020 (whichever date was earlier). In

addition, as PPP rules were changed on June 5, 2020 (Flex Act, which will be discussed later)

businesses who received their loan prior to June 5, 2020 could choose an eight or 24 week

Covered Period. Forgiveness requirements were also updated throughout the program;

however, as of December 2020, a PPP loan was eligible for forgiveness if the business spent

60% of the funds on payroll and the remainder of the loan on approved expenses such as

1A notable exception is NAICS 72 (Accommodation and Food Services), where any business with less than
500 employees per site was eligible. There were a few other exceptions to the 500 employee cutoff, but as Chetty
et al. (2020) write, aside from NAICS 72, 90% of businesses faced the 500 employee cutoff.
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mortgage or rent. Partial forgiveness was possible, and the exact forgiveness amount also

depended on how well the business maintained their payroll. For example, if salaries or

headcount decreased, forgiveness was reduced. In addition, if the businesses did not want

to apply for forgiveness, the interest rate on the loan would be 1% and the loan would

mature in 2 or 5 years depending on when the loan was issued.2

On paper, the administrative details of PPP sound fairly simple. However, what actually

played out was much messier. First, the scale and timeline of the program were completely

unprecedented and thus the implementation of the program was far from smooth-sailing.

As Treasury Secretary Steven Mnuchin and SBA Administrator Jovita Carranza wrote after

the first round of the program, “the SBA processed more than 14 years’ worth of loans in

less than 14 days” (Mnuchin and Carranza, 2020). Thus, the PPP program was not just a

scaled up version of the SBA’s existing loan programs—it was an utter explosion. The six

days in between the approval of the CARES Act and rollout of the PPP program was not

enough time to carefully design all the new rules. For example, lenders were still receiving

guidance the night before and frustration was running high especially in the early days of

the program when technical infrastructure collapsed.3 For the Treasury and SBA, the focus

was speed and the details would be ironed out later.

Some of these details were minor clarifications, but there were a couple of major changes.

One particularly notable change was the Flex Act on June 5, 2020.4 Initially, the PPP loan

amount was designed to support businesses for two months. As the pandemic unfolded, it

became clear that the crisis would extend well beyond two months and as increasing loan

size was out of the question (the program had already begun and businesses could only

receive one loan), the Flex Act gave businesses more freedom over when and how they

could spend their loans. For example, the Act extended the time businesses had to spend

2Loans issued before June 5, 2020 have a maturity of 2 years. Other loans have a maturity of 5 years.

3As published in the NYTimes, “One day before the federal government’s $349 billion aid program for
small businesses was set to go live, the chief executive of a Minnesota bank was frantically dialing officials in
Washington" (Cowley et al., 2020).

4Like the CARES Act, the Flex Act also had bipartisan support and passed the House 417-1.
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the loan from eight weeks after approval to 24 weeks or December 31, 2020 (whichever one

was earlier). The SBA also lowered the payroll requirement from the initial forgiveness

threshold of 75% to 60%.

Second, loan applications were supposed to be approved on a first-come, first-served

basis to promote fairness. Whether this rule was followed is unclear. Some banks prioritized

existing customers and while this was not a direct violation of the first-come first served

rule, it raises questions over the accessibility of PPP loans. For example, a report published

by the Select Subcommittee on the Coronavirus Crisis in October 2020 claims that the

Treasury gave explicit instructions for lenders to tap into “their existing customer base.” In

addition, the report states that some lenders including JP Morgan Chase, PNC, and Truist

processed large loan applications at over twice the speed than small applications because

the internal application process was different for large businesses (Select Subcommittee on

the Coronavirus Crisis, 2020). Thus, (regardless of intent) lender behavior is one channel

that may have impacted the distribution of PPP loans.

One important note is that if lender behavior had an impact, it likely affected the

intensive margin more than the extensive margin because there was still over $100 billion

left over at the end of program. Namely, lender behavior may have impacted how quickly

loans were approved, but as the program was over-funded in the second round, eligible

small businesses should not have been kept out of the program by large businesses. On the

other hand, usually the smallest businesses are those most in need of funding. Therefore,

it is possible that PPP came too late for many small businesses on the verge of shutting

down in April—an issue that would have been exacerbated by lenders prioritizing other

applications.

1.2 Related Literature

The speed, scale, and special involvement of banks as an intermediary has already drawn

significant research interest for PPP. Given that the program was designed to help businesses

maintain payroll, the impact of PPP on employment has been a key question. Granja et al.
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(2020) exploits variation in PPP exposure—a metric designed to capture bank performance

in the PPP program, as places with higher PPP exposure received more PPP loans in the

first round and received loans earlier in the second round.5 The authors find little evidence

that PPP improved employment outcomes and reject any large positive employment effects.

In particular, they estimate an aggregate increase in employment of 4.5%–6.8%, which

suggests that 90% of workers who benefitted from PPP would not have lost their jobs with

or without the program. Granja et al. (2020) also find that PPP had no significant impact on

business shutdowns, hours worked, unemployment insurance claims, and revenue growth

throughout April. In May, there were (statistically significant but) small positive effects on

hours worked and revenue growth.

Chetty et al. (2020) provide similar estimates to Granja et al. (2020) but use the 500-

employee cutoff and a difference-in-differences design to estimate employment effects.

These authors find that PPP allowed businesses to avoid laying off approximately 1.3 million

employees which equates to approximately $377,000 per layoff avoided—suggesting that

the program was not particularly cost efficient. Like Granja et al. (2020), Chetty et al. (2020)

hypothesize that the reason why we see small employment effects is because PPP loans

were targeted poorly—firms that received PPP loans would not have laid off many workers

regardless. Similar to Chetty et al. (2020), Autor et al. (2020) also use the 500-employee cutoff

to study the impact of PPP on employment using a high-frequency dataset provided by

the payroll company ADP. Their employment estimates are a little lower than Granja et al.

(2020), with an increase in employment of 2%− 4.5% rather than 4.5%− 6.8%. In sum,

Autor et al. (2020); Chetty et al. (2020); Granja et al. (2020) all agree that the employment

effects, estimated using commercial high frequency datasets, are small.

Survey data provides a more optimistic picture. Firm level survey data analyzed by

Bartik et al. (2020c) suggests that PPP increased firm survival expectations by 14 − 30

percentage points. In addition, the impact on employment is positive, although imprecisely

5As certain banks performed more poorly than others, the exogeneity of the instrument comes from the
assumption that some places were kept out of the program due to institutional reasons, rather than PPP demand
or reasons related to outcome variables.
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estimated. Humphries et al. (2020) also uses survey data to highlight the fact that firms who

received PPP loans were more optimistic about their business. While their analysis is not

causal, they find that businesses who received a PPP loan had higher recovery expectations

in the next two years by 12 percentage points.

Assessing the impact of PPP on any outcome variable is difficult especially in the second

round. This is because in the second round businesses were most certainly self-selecting

into the program, whereas in the first round supply side constraints meant that some firms

who wanted PPP missed out. Consequently, the literature has largely converged on using

banking relationships and the instrumental variables (IV) approach (Granja et al., 2020;

Bartik et al., 2020c) or the 500-employee cutoff (Autor et al., 2020; Chetty et al., 2020; Hubbard

and Strain, 2020) to estimate causal effects. The advantage of using banking relationships

is that this allows authors to study small firms, which is important because the majority

of PPP loans went to businesses with less than 100 employees. On the other hand, the

500-employee cutoff approach is cleaner and as Granja et al. (2020) point out, the instrument

becomes much weaker in the second round.

Thus, some authors have used correlation rather than causal analysis. This line of

research has provided extremely valuable insight into where PPP loans were going and how

businesses were spending their loans. For example, similar to Bartik et al. (2020c), Bartik

et al. (2020b) find that states that received more PPP had a faster recovery in hours worked.

Chodorow-Reich et al. (2020) find that businesses who took out a PPP loan significantly

reduced their outstanding debt and non-PPP borrowing, compared to firms that did not

receive PPP.

Aside from the impact of PPP on economic outcomes, the second major area of study

has been assessing whether using banks to target PPP loans was effective—was it a good

idea to outsource the allocation of public funding to the private sector? For example, Bartik

et al. (2020c), Li and Strahan (2020), and Granja et al. (2020) conclude that using banks as an

intermediary distorted the distribution of PPP especially in the first round of the program.

Granja et al. (2020) write that the top 4 banks held 36% of small business loans prior to
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PPP, but distributed less than 3% of total first round loans. Bartik et al. (2020c) also provide

evidence that bank incentives were not aligned with government or public incentives and

that banks exhibited behavior consistent with bailing themselves out. For example, firms

who were hit harder by the pandemic were less likely to be approved, but businesses with

strong banking connections were more likely to be approved. On the theory side, Joaquim

and Netto (2020) provide a theoretical framework for bank incentives. Their paper is in

conversation with Bartik et al. (2020c) who also present a model explaining why banks

may prioritize PPP loans to businesses in their customer base or businesses that have a

low probability of defaulting. Joaquim and Netto (2020) explain the difficulty with an IV

approach as in Bartik et al. (2020c), because if bank incentives are different across space

this analysis may result in biased estimates. All of this work more broadly extends a large

literature on the importance of banking relationships, especially for small businesses (e.g.,

Petersen and Rajan, 1994; Berger and Udell, 1995; Elyasiani and Goldberg, 2004).

As alternative financial institutions such as Fintechs were also eligible to be SBA lenders,

Erel and Liebersohn (2020) study whether Fintechs and traditional banks were substitutes

or complements in PPP lending. They find that Fintechs not only disproportionately served

minority populations which were hardest hit by COVID-19, but that the substitution effects

away from Fintechs into banks was small. This suggests that Fintechs played a role in

making PPP more accessible to businesses.

Fewer studies have focused on the PPP program from the business’s perspective, for

example what motivated businesses to apply (or not). Humphries et al. (2020) uses survey

evidence to highlight the fact that information frictions and uncertainty may have prevented

some businesses from applying for and receiving PPP. For institutional reasons, Humphries

et al. (2020) found that the smallest businesses (less than 4.5 fulltime equivalent employees)

waited approximately two days longer for their loan to be processed. They were also less

likely to be aware of PPP, less likely to apply, and also less likely to be approved.

In the PPP literature, my work most closely relates to Humphries et al. (2020). Figuring

out who received a PPP loan and when is also crucial to better understand the impact of
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PPP (on any outcome variable). For example, as Granja et al. (2020) write, PPP went to places

that were least affected by the pandemic in the first round. I study whether there was any

“catch up” in the second round, and if so, this may suggest that even though employment

effects were small as found in Autor et al. (2020); Chetty et al. (2020); Granja et al. (2020),

longer term employment effects may be significant. The fact that individuals self-selected

into PPP (especially in the second round) is problematic for causal analysis. In this thesis I

ask who exactly was this self-selecting group and why did they choose to apply (or not)?

Beyond the direct policy impact, my research also contributes to a literature in public

finance on the question of targeting. Targeting usually comes at a cost, which could be in

the form of “ordeals” such as standing in line or work/training requirements (Nichols and

Zeckhauser, 1982; Besley and Coate, 1992), or administrative costs where the government

tries to directly identify those most in need (Akerlof, 1978). However, more recent work has

shown that the neediest groups are especially difficult to target because these individuals are

usually the ones who are most susceptible to frictions, and have the least ability to navigate

complex systems (Bertrand et al., 2004). For example, Finkelstein and Notowidigdo (2019)

show that the neediest individuals are the least responsive to interventions that encourage

uptake of SNAP. Similarly, Deshpande and Li (2019) study application costs and find that

when an administrative office that processes disability insurance (DI) applications shuts

down, the number of DI applications nearby decrease. Importantly, some of the largest

decreases were in areas with low education and earnings. PPP was not well targeted, and

for good reason, having prioritized speed over targeting. However, as a preview in later

chapters, this thesis will argue that the application costs associated with PPP were much

larger for businesses with low human capital, located in areas with weak financial capacity.

As a result, these businesses were more likely to miss out of PPP, even if they needed aid.

1.3 Data Sources and Exclusions

This section describes the data sources used for the empirical analysis in Chapters 2 and 4.
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PPP Loan Data

The SBA has released all PPP loan data. The version used in this thesis was released on

December 01, 2020. Each observation contains variables including business name, loan

amount, address, industry code, date approved and lender. The data also includes a self-

reported number of jobs saved by the business. To estimate the proportion of businesses

who received PPP by geography, the total number of establishments with less than 500

employees is available from the 2017 Statistics of U.S. Businesses (SUSB) and 2018 County

Business Patterns (CBP).6

There are two caveats with using Census data in the denominator. First, as Census

data is released with a lag, the total number of establishments in 2017/2018 will be smaller

than the number of firms eligible for PPP in 2020. When the proportion of businesses who

received PPP is estimated to be larger than one I interpret this to suggest that most eligible

businesses in the area received PPP. No values were capped and at the county level only 26

out of 3,109 counties had a calculated proportion greater than one. Second, the “universe” of

firms in the Census is smaller than that of the SBA. In particular, the Census excludes certain

NAICS codes and businesses types. To correct for this error, I restricted the SBA dataset to

match the Census sample as closely as possible.7 While this excludes an important group of

businesses who received PPP (such as self-employed individuals) it allows us to minimize

error and focus on Census-recognized legal forms of organization. For further robustness

checks and a more detailed explanation of how the proportion of businesses who received

PPP was calculated, please see Appendix A.1.

6SUSB data was preferred to CBP at the county level because SUSB is the “standard reference source for
small business statistics” (United States Census Bureau, 2020b). In addition, SUSB has a very clear figure for the
number of establishments with less than 500 employees. CBP splits up establishment size (for example < 5
employees, 5-9 employees, . . . ) which can become problematic as some of the data is withheld by the Census.
On the other hand, CBP was useful for county by industry level breakdowns. Overall, the difference between
the two datasets is small.

7I excluded all self-employed individuals in the SBA sample. The following NAICS codes were also excluded
according to Census documentation: 111, 112, 482,491, 525110, 525120, 525190, 525920, 541120, 814, 92.
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Administrative Firm Level Data

2020 Dun and Bradstreet (D&B) data was merged into SBA PPP loan data. D&B is a

comprehensive database of all businesses in the United States, including legally recognized

entities such as corporations; as well as contractors, self-employed individuals, and non-

profits. Each company listing includes information such as estimated sales, employee counts,

industry codes, and location. Hubbard and Strain (2020) also use data from D&B (although

a time-series dataset rather than company listings) in their analysis.

While D&B data has the clear advantage of being able to analyze PPP uptake at the firm

level, comprehensive datasets of company listings such as D&B or ReferenceUSA (used in

Chetty et al. (2020)) are very messy. As Zwick (2020) writes in response to Hubbard and

Strain (2020), this is because D&B data can be slow to update. Other than through explicit

requests, businesses are only removed from the database when D&B determines that the

address or phone number no longer exists (which is a slow process). In addition, given that

so many legal forms of organization are included in D&B (but are not explicitly stated in

the dataset), it is difficult to determine which business were not eligible for PPP. The best

approximation for eligibility is thus to filter on firm size and exclude businesses with more

than 500 employees. By matching on business name and address, the match rate is around

60− 70%, depending on the state. (This match rate is very close to the match rate in Chetty

et al. (2020) who merged SBA PPP data into ReferenceUSA). For a more detailed explanation

of the merge, please see Appendix A.2.

Given the imperfections of D&B data, the firm level analysis should be viewed as a

supplement to results presented in other parts of the paper. In addition, I corroborate D&B

analysis with firm level survey data from Alignable. While the survey data has a smaller

sample size, the responses are more accurate (no merging required).

Banking Data

Summary of Deposits data was provided by the Federal Deposit Insurance Corporation

(FDIC). As June 30, 2020 bank deposits were impacted by COVID-19, I decided to use June
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30, 2019 deposit data, similar to Granja et al. (2020). Bank names in the Summary of Deposits

were matched to PPP lenders using fuzzy matching.8 In total, there were 3949 PPP lenders

excluding credit unions (credit unions are not included in the FDIC data). Of these lenders,

only 189 (4.8%) were unmatched.

COVID-19 and Demographic Data

COVID-19 case rate data was obtained from Opportunity Insights (originally constructed

from the New York Times COVID-19 tracker), using sources from Chetty et al. (2020).9

SafeGraph data was used to track mobility during the pandemic.10 County and ZIP code

demographics such as proportion college educated, median income, population density,

and race were calculated from the 2019 5-year American Community Survey (ACS).11 If

Census microdata was needed, the 2018 5-year ACS was used from IPUMS USA (Ruggles

et al., 2021).

Survey Data

The Small Business Owner data used and referenced in this work was collected through

surveys conducted by Alignable, Inc. Alignable <https://www.alignable.com> is the largest

network and community of Small Business Owners in North America. These Alignable

surveys were also used in Bartik et al. (2020c), and they asked small businesses numerous

questions about PPP from the beginning of April through May, including why businesses

chose not to apply for PPP. The Alignable surveys include business demographics (such

8The match was done using Stata’s “reclink” function, and a minimum match score of 0.9 was used.

9For more information on the Opportunity Insights Economic Tracker, please see https://trackthere
covery.org/.

10SafeGraph is a data company that aggregates anonymized location data from numerous applications in
order to provide insights about physical places, via the Placekey Community. To enhance privacy, SafeGraph
excludes census block group information if fewer than five devices visited an establishment in a month
from a given census block group. For more information on SafeGraph and Placekey, please see https:
//www.safegraph.com/ and https://www.placekey.io/.

11More accurately, all the ZIP code analysis was conducted at the ZIP Code Tabulation Area (ZCTA) level.
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as business size, location, and industry) and also distinguish between the businesses who

applied versus businesses who received PPP.

The 2018 American Business Survey (ABS) was used to estimate business payroll costs

and to study past financing behavior. The ABS sample also includes businesses with more

than 500 employees (who were not eligible for PPP), however given that the majority of

businesses in the U.S. have less than 500 employees (99.7% according to the 2017 SUSB), I

use the ABS as a proxy.

Phase 1 of the Census Small Business Pulse Survey was a weekly survey from April

to June 2020 that asked small businesses several questions about PPP status and how

COVID-19 has impacted their business. The survey’s coverage was targeted towards all

non-farm, single-location, and employer businesses in the Census Business Register with

1-499 employees. Businesses with receipts of less than $1,000 were also excluded. Every

week the Census would reach out to small businesses through email, and in Phase 1 there

were about 885,000 businesses in the sample that could be contacted. The Pulse survey is

useful for corroborating calculated PPP uptake and studying COVID-19 impact at the state

level.

Other Data

2016 U.S. presidential election data was obtained from the MIT Election Data and Science

Lab (2018). The SBA has also released all Economic Injury Disaster Loan (EIDL) and EIDL

Advance data.
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Chapter 2

Geographic Disparities

This chapter analyzes the distribution of PPP loans in both the first and second rounds

of the program. In particular, geography, industry, firm size of the recipients, and loan

amounts will be discussed.

2.1 Geography

This section discusses where PPP was being distributed throughout the program from April

to August 2020. Figure 2.1 shows the percentage of businesses that received PPP by county

on April 16, 2020 (end of the first round) and August 08, 2020 (end of the program).

From Figure 2.1, first round and overall PPP uptake is correlated, despite the removal of

supply-side barriers in the second round when the program was re-funded. At the county

level, the correlation between first and overall PPP uptake is 0.628, meaning that if a county

received more PPP in the first round, they likely did well in PPP overall. It is also worth

noting that the correlation between first round PPP uptake and second round PPP uptake

is 0.424, where the second round PPP rate is defined to be total number of second round

approvals divided by the total number of establishments that did not receive PPP in the

first round.12 This finding implies that there was some “catch up” in the second round, but

12Businesses could not receive more than one PPP loan, so businesses that had already received a loan in the
first round could not apply again.
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(a) First Round (b) Overall

Figure 2.1: Percentage of PPP Received by County

Notes: Figure 2.1 shows the (estimated) geographic distribution of PPP loans at the county level. Source: SBA
PPP data, and 2017 SUSB.

places that did well in the first round also did well in the second. One notable exception is

California—as shown in Figure 2.1, California did significantly better in the second round

of the program. This motivates the question of why some places caught up and others did

not. In addition, the county level break down in Figure 2.1 shows that in some states PPP

distribution was similar across all counties, whereas in the Northeast, PPP is concentrated

on the coasts. To supplement Figure 2.1, Table 2.1 shows summary statistics of PPP uptake

at the county level. Interestingly, the interquartile range at the end of the program is larger

than in the first round.

To better understand the timing of approvals across states, Figure 2.2 shows the pro-

portion of businesses that received PPP by state over time. Similar to Figure 2.1, Figure

2.2 shows that at the end of the first round there were significant geographic disparities

in which states received more PPP. For example, by the end of the first round only 16% of

all Californian businesses had received a PPP loan. In contrast, in states such as Nebraska,

Oklahoma and Mississippi over 40% of eligible businesses had received a PPP loan. Ge-

ographic disparities were widest at the beginning of the second round in early May and

stabilize quickly after the initial flood of second round applications. After mid-May, the

proportion of businesses that received PPP is parallel across states which suggests that

most firms who wanted PPP applied early. This is a surprising result as the course of the
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PPP First Round (%) PPP Second Round (%) PPP Overall (%)
Mean 29.17 51.53 64.81
Std. Dev. 11.30 17.99 16.47
Min 0.00 0.00 0.00
Median 29.52 50.00 65.76
IQR 15.06 19.99 17.37
99th Percentile 54.87 102.50 101.65
Max 77.38 220.75 170.58
Observations 3109 3109 3109

Table 2.1: PPP Uptake Summary (County Level)

Notes: Table 2.1 shows summary statistics for PPP uptake (at the county level). PPP First Round (%) is the total
number of first round approvals divided by the total number of establishments with < 500 employees. PPP
Second Round (%) is the total number of second round approvals divided by the total number of establishments
with < 500 employees less the total number of first round approvals. PPP Overall (%) is the total number of
PPP approvals divided by the total number of establishments with < 500 employees. Source: SBA PPP data,
and 2017 SUSB.

pandemic changed dramatically within each state between April and August.

The most striking part about Figure 2.2 is that while geographic disparities decreased

slightly in the second round across states—with the largest difference being just over 20

percentage points by the end of the program, there is less convergence than expected. A

few states such as California caught up in the second round, but states that did well in the

first round, such as Mississippi, continued to outpace others. This lack of convergence is

not easily explained. The current literature suggests that supply-side issues (for example,

banks prioritizing businesses with existing relationships) were large in the first round. In

the second round, these supply-side barriers were removed (program was over-funded) but

the geographic disparities did not disappear.

As mentioned in Chapter 1, the Flex Act was passed on June 5, 2020. Even so there

is no noticeable increase in PPP uptake in June. This suggests that either the majority of

businesses (that had not applied to PPP by this time) were not aware of the Flex Act, or

very few businesses were on the margin of applying versus not based on how restrictive the

original program rules were. From Alignable survey evidence, conditional on having not

applied for PPP prior to June 13, 2020, only 25.3% of surveyed respondents had heard of the

19



Figure 2.2: Cumulative Proportion of PPP Received by State

Notes: Figure 2.2 shows the uptake of PPP, where each line corresponds to one of 50 states. The horizontal lines
in late April represent the time in-between first and second rounds when Congress was debating whether to
re-fund the program. Source: SBA PPP data, and 2017 SUSB.

Flex Act.13 Of the respondents who had heard of the Flex Act, 21.0% said they intended

to apply before June 30 and 0.7% had already applied—the large majority of businesses

decided to get through the pandemic on their own or had already closed their business.

Figure 2.1 clearly shows geographic disparities in PPP uptake at the county level,

however over-weights places with low economic significance. Thus, Figure 2.3 scales each

county by small business sales. Two patterns emerge—first, counties with a large number of

business sales did “equally” poorly in the first round (as the entire map is a pale green).

Second, conditional on having received very little PPP overall in the program, the county of

interest was most likely economically insignificant/accounted for a small fraction of total

business sales—cities in places such as New York and California did substantially better in

the second round. For example, as shown in Figure 2.4, the 342 counties where less than

13Total sample size: 3,036. Interestingly, of the businesses that had already received PPP (3,672 respondents),
only 33.4% had heard of the Flex Act.
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50% of businesses received PPP (approximately 10% of all counties) only accounts for 0.97%

of total small business sales. Figure 2.4 also illustrates that places that did extremely well in

PPP were not overly large or economically important—there were just over 4% of counties

where more than 90% of businesses received PPP. These counties account for approximately

5% of total small businesses sales.

(a) First Round (b) Overall

Figure 2.3: Proportion of PPP Received by County Scaled by Business Sales

Notes: The left panel in Figure 2.3 shows the proportion of PPP received in the first round by county, with the
map visually scaled by business sales. The right panel is the same as the left panel but for PPP overall (first and
second rounds). Source: SBA PPP data, 2017 SUSB, and 2017 ABS.

2.2 Industry

One plausible explanation for the geographic disparities seen in Section 2.1 is industry

composition. For example, if certain industries over-performed in PPP relative to others,

places with a high proportion of over-performing industries would be expected to have

higher PPP uptake. Contrary to this intuition, Figure 2.5 suggests that industry effects

should be small because for the majority of industries (in both rounds), the share of PPP

loans from that industry correspond roughly to industry shares in the U.S.

One interesting observation from Figure 2.5 is that for some of the largest industries

such as Professional and Retail, the proportion of approved PPP applications is close to

its industry composition in the first round, but diverges overall in the program. Thus, it
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Figure 2.4: CDF of PPP Uptake and Proportion of Small Business Sales (County Level)

Notes: Figure 2.4 shows the cumulative proportion of small business sales accounted for by counties that
received PPP. For example, if we consider all counties where less than 80% of businesses received PPP, then these
counties account for approximately 75% of total small business sales in the U.S. Source: SBA PPP data, 2017
SUSB, and 2017 ABS.

was mostly during the second round when the Professional industry outperformed the Retail

industry. This implies that any explanation for why the divergence happened must be

separate from the behavior of the banking sector in the first round. Two plausible reasons

are: first, the Retail industry did worse than the Professional industry in the second round

due to the COVID-19 retail shutdown. Second, Professional firms were more likely to

understand the program and apply for PPP (higher business human capital). As a preview

into the later chapters, this thesis will argue that the latter explanation is more compelling.

Another way to test whether geographic variation can be explained by industry com-

position is to look within a single industry and see whether PPP uptake still varies across

space. For example, if it turned out that Professional firms in California had the same PPP

uptake as those in Mississippi, then geographic variation in PPP uptake between California

and Mississippi would be in large part due to differences in industry composition. Table

2.2 does not confirm this belief. For the five largest small business industries in the U.S.,

only the geographic variation in Retail is slightly smaller than that across all industries. For
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Figure 2.5: Composition of PPP Loans and U.S. Establishments by Industry

Notes: Figure 2.5 shows how the composition of PPP loans compares to industry composition (of establishments
with < 500 employees) in the U.S. All industries are at the 2-digit NAICS code level. Businesses in Public
Administration (NAICS 92) or in unclassified industries (NAICS 99) were excluded. (Public Administration was
excluded as this sector is not covered by the SUSB). Source: SBA PPP data, and 2017 SUSB.

the Professional, Health, Services and Construction industries, geographic disparities at the

state level actually increase within industries.

Finally, industry composition may matter because loan size was determined by payroll.

This means that the benefit of applying for PPP varied depended on whether the business

was capital or labor intensive. PPP would be able to cover a greater share of costs for labor

intensive businesses, and thus it would be unsurprising if labor intensive industries were

more likely to apply for PPP. However, if anything, the opposite is true. We see from Figure

2.5 that the manufacturing industry, a generally capital intensive industry, did exceptionally

well in PPP relative to other industries. Additionally, using ABS data as a proxy for payroll

costs, the correlation between payroll (normalized by revenue) and the proportion of PPP

received is weakly negative. Table 2.3 uses annual payroll normalized by revenue (as a

proxy for costs) and runs a regression to predict PPP uptake. These results show that it
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appears that capital intensive businesses outperformed labor intensive businesses in both in

the first round and overall in the program.14

PPP Overall (%)
Professional Health Services Retail Construction All Industries

Mean 77.99 68.62 73.29 61.00 70.45 72.68
Std. Dev. 10.96 7.05 10.50 5.61 12.46 7.45
Min 55.75 50.80 54.77 48.25 52.93 60.78
Median 76.56 68.27 72.93 60.84 68.30 72.15
Max 106.73 87.42 96.03 72.90 111.99 91.93
IQR 11.80 9.82 16.78 8.09 17.38 8.18
Range 50.98 36.62 41.26 24.66 59.06 31.14

Table 2.2: PPP Geographic Variation Within Industry (State Level)

Notes: Table 2.2 shows geographic variation in overall PPP uptake (at the state level) within the 5 industries
with the largest number of establishments with <500 employees. All of these industries had more than 700,000
establishments in the U.S. with less than 500 employees. Source: SBA PPP data, and 2017 SUSB.

(1) (2) (3) (4) (5) (6)
PPP First Round (%) PPP Overall (%)

Payroll/Revenue -4.6000∗∗∗ -0.8763 -0.9593 -9.7918∗∗∗ -0.8579 -1.2361
(0.9256) (0.5793) (0.9660) (1.7137) (1.0810) (1.5529)

Industry FE No Yes Yes No Yes Yes
State FE No No Yes No No Yes
Observations 939 939 939 939 939 939
Adjusted R2 0.02679 0.2445 0.4615 0.03660 0.3632 0.4419
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 2.3: PPP Uptake vs. Capital and Labor Intensive Firms (State by Industry Level)

Notes: Table 2.3 shows the relationship between PPP uptake and 2018 payroll normalized by revenue (at the
state by industry level). All industries are at the 2-digit NAICS code level. Businesses in Public Administration
(NAICS 92) or in unclassified industries (NAICS 99) were excluded, leaving a total of 19 industries. (Public
Administration was excluded as this sector is not covered by the SUSB). The reason why there are less than 950
observations is due to missing payroll data in the ABS. Payroll is total annual payroll; revenue is total sales,
value of shipments or revenue of employer firms. The ABS is not able to distinguish between businesses with
less than 500 employees. Standard errors are clustered at the state level. Source: SBA PPP data, 2017 SUSB, and
2018 ABS.

14A high payroll/revenue ratio implies that the business is more labor intensive, as payroll is a higher
proportion of business costs.
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2.3 Firm and Loan Size

In total there were approximately total 5.2 million loans given in PPP. After excluding

self-employed individuals and industries not included in the Census (please see Section 1.3),

the total number of loans remaining is 4.78 million loans.15

As published by the Washington Post, “More than half of the money from the Treasury

Department’s coronavirus emergency fund for small businesses went to just 5 percent of the

recipients” (O’Connell et al., 2020b). In this thesis, I focus on businesses choosing whether

or not to apply. Thus, the number of PPP loans distributed becomes more relevant than

the value of loans given.16 In fact, if we look at the number of loans given, we can flip

the Washington Post’s statistic. Approximately 90% of loans were under $200,000 and self

reported employment statistics suggest that 95% of loans went to businesses with less than

50 employees. O’Connell et al. (2020a) write that the number of jobs given in the SBA PPP

data is likely inaccurate, as it is self-reported and could contain administrative errors.17

However, according to the 2017 SUSB, of the 7.8 million establishments in the U.S., 6.5

million had less than 500 employees, 6.1 million had less than 100 employees and 3.7 million

had less than 5 employees. Thus, the idea that the majority of loans went to businesses with

a few employees is reasonable.

Figure 2.6 and Table 2.4 show the distribution of PPP loan sizes. Note that even though

both the first and second rounds were similar in terms of funding available (the first round

was $349 billion and the second round was $310 billion), over twice as many PPP loans

were distributed in the second round. The average loan size was also around $60, 000 in the

second round as opposed to $200, 000. The next section presents a theoretical framework to

model the first and second rounds of PPP.

15The statistics given in this section will focus on the 4.78 million loans, excluding self-employed individuals
and industries not included in the Census.

16In fact, the dollar amount is automatically calculated from payroll. While it is possible that some small
businesses did not apply for the maximum amount, interestingly, on the SBA’s PPP application it asks for 2.5
times average monthly payroll directly.

17I avoid any analysis using SBA firm size data.
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Figure 2.6: PPP Loan Sizes (First and Second Rounds)

Notes: Figure 2.6 shows a histogram (bins = 40) of PPP loans sizes in the program, where the loan size was
reported to be more than one (two observations had a loan size less than one). Source: SBA PPP data.

PPP First Round PPP Second Round PPP Overall
Mean 200,923 60,899 106,734
Std. Dev. 523,825 226,921 358,850
Min 0 0 0
Median 58,700 20,100 25,100
IQR 136,074 37,081 63,206
99th Percentile 2,468,500 714,402 1,463,100
Max 10,000,000 10,000,000 10,000,000
Observations 1,564,744 3,215,477 4,780,221

Table 2.4: PPP Loan Size Summary

Notes: Table 2.4 shows summary statistics for PPP loan sizes. PPP First Round refers to first round approvals
(which ended on April 16, 2020). PPP Second Round refers to second round approvals (between April 27, 2020
and August 08, 2020). PPP Overall refers to both rounds together. Source: SBA PPP data.
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Chapter 3

Theory and Model

This chapter builds a simple model that attempts to explain the geographic disparities

presented in Chapter 2. The model aims to describe the allocation of PPP loans in both the

first and second rounds, and the testable predictions will focus on the substitutability of

bank and business human capital.

As defined in the Introduction, throughout this thesis “business human capital” refers to

the level of human capital business owners have. Financial capacity or size of the banking

sector reflects aggregate banking-specific human capital, which will be called “bank human

capital.” In the model below, business human capital is modelled directly (h), and bank

human capital is reflected by the number of banks (M). Both banks and businesses choose

the amount of time to invest into the PPP program.

3.1 General Setup

The probability of receiving PPP for any individual business is given by:

Pr(get PPP) = Pr(get PPP | apply successfully) · Pr(apply successfully).

Applying successfully means that a business and bank submitted an application with all

the correct paperwork, and that the application would be approved as long as there are PPP

funds available. Thus, Pr(apply successfully) is a function of bank time (tbank), business
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time (tbuss), and business human capital (h). Specifically, I assume Pr(apply successfully) =

P(tbank + tbuss · h), where P′(·) > 0, P′′(·) < 0, P′′′ ≤ 0 and 2|P′′′(·)| ≤ |P′′(·)| on [0, 2].18

The reason why φ := Pr(get PPP | apply successfully) could be less than 1 is because

the entire program is subject to a budget constraint. Consequently, banks need to choose φ

for each application so that the budget constraint holds. As the program was underfunded

in the first round, I assume that the budget constraint binds in the first round. In contrast,

in the second round, the SBA budget was so large ($100 billion left over) that the budget

constraint does not bind. To model the budget constraint, let B be the budget at the bank

level. The reason why assigning each bank a budget of B is reasonable (instead of a SBA-

wide budget) is that since the SBA was completely overwhelmed with PPP applications in

the first round, most banks could only get a small subset their of PPP applications approved

(Cowley et al., 2020). In addition, while it is certainly true that banks did not fully internalize

the national SBA budget constraint in the first round (i.e., no bank allocated their time such

that the perfect number of applications were submitted to hit the budget constraint) it was

very clear from the beginning of the first round that prioritization of certain applications

would be beneficial (as the funds were running out so quickly). Thus, banks were still acting

as if they were constrained by a budget, knowing that only a certain number of applications

would get through.

Banks

There are M banks. All banks are ex-ante identical, and each have a set of business clients

pre-pandemic. Banks prefer their own clients and will receive commission k + s for each

successful PPP application on behalf of their clients. Banks can also serve non-clients and

receive a commission of k. Banks have four choice variables. How much time they invest

into clients tbank,c, how much time they invest into non-clients tbank,−c, and the probability of

getting PPP conditional on applying successfully for client φc and non-clients φ−c. Since

18The assumption on the third derivative is not too restricting. For example, any concave function can be
approximated with a second order Taylor expansion. In addition, the restrictions on the third derivative are
sufficient but not necessary. Please see Appendix B.1 for proof and more details.
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banks receive considerable commission from processing PPP applications and take on very

little risk by giving out loans (as loans are guaranteed by the SBA), we assume that banks

spend all of their time on PPP.

Businesses

There are N businesses. Define bank density to be d = M/N. Let σN businesses be matched

to a bank pre-pandemic (client businesses), which implies that (1− σ)N businesses do not

have a bank (non-client businesses). Each business will choose the amount of time (tbuss,c

or tbuss,−c depending on client status) they want to put into the PPP application process.

Outside earnings for each business is given by the function e(·), where we assume e(·) is

quadratic (i.e., e′(·) > 0, e′′(·) < 0 and e′′′(·) = 0). The marginal impact of business time in

PPP is determined by the level of human capital h, with h ≤ 1. Loan size is given by l.

Optimization Problem

Each client business maximizes earnings

max
tbuss,c

{l · φc · P(tbank,c + tbuss,c · h) + e(1− tbuss,c)} .

Each non-client business maximizes earnings

max
tbuss,−c

{l · φ−c · P(tbank,−c + tbuss,−c · h) + e(1− tbuss,−c)} .

Each bank maximizes total commission from PPP. As all banks are ex-ante identical,

each bank has σN
M clients and (1−σ)N

M non-clients. Thus, banks maximize

max
tbank,c,tbank,−c,

φc,φ−c

{
σN
M
· (k + s) · φc · P(tbank,c + tbuss,c · h)

+
(1− σ)N

M
· k · φ−c · P(tbank,−c + tbuss,−c · h)

}
.
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The (time) budget constraint for the bank is

σN
M
· tbank,c +

(1− σ)N
M

· tbank,−c = 1.

The budget constraint for the SBA loans is

σN
M
· φc · P(tbank,c + tbuss,c · h) +

(1− σ)N
M

· φ−c · P(tbank,−c + tbuss,−c · h) ≤ B.

3.2 Model Predictions

In this section the model is used to understand how PPP uptake differs between the first

round, second round, and overall in the program. All proofs are in Appendix B.1. Recall

that in the first round of PPP, the budget constraint was assumed to bind.

Proposition 1 (Bank Density and First-Round PPP). In the first round of PPP, the share of

businesses receiving PPP is proportional to bank density (d). In other words, the share of businesses

receiving PPP is increasing in the number of banks (M) and decreasing in the number of businesses

(N).

This result is in line with the literature that examines how banks impacted PPP uptake

in the first round (Bartik et al., 2020b; Granja et al., 2020). Intuitively, more banks in the

first round means more aggregate time to process PPP applications. However, as each bank

was budget constrained, the higher the number of businesses the lower the probability of

approval for any individual application.

In contrast to the first round, the budget constraint did not bind in PPP overall (first and

second rounds together). Solving the model without the budget constraint on SBA loans

yields that φc = φ−c = 1.19 In addition, when it comes to the share of businesses receiving

PPP, there is a substitution effect between bank human capital (M) and business human

capital (h).

19If the bank chooses anything different, then they are purposely reducing their commission which cannot
be optimal.
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Proposition 2 (Substitution of Bank and Business Human Captial). Overall in PPP:

(i) The share of businesses receiving PPP is increasing with the number of banks (M) and business

human capital (h).

(ii) The (positive) relationship between business human capital (h) and PPP share is steeper when

the number of banks (M) is low
(

∂2Share PPP
∂h∂M < 0

)
.

Proposition 2 suggests that business human capital can substitute for bank human capital

in places where there are few banks, and vice versa. The intuition behind Proposition 2

is that when M increases, there is more time available for the banks to offer businesses

(each bank has fewer clients and is thus able to spend more time on each application).

More generally, the direct impact of M is through changing bank time spent on PPP. Then,

depending on whether bank and business time are substitutes or complements, businesses

adjust accordingly (this is a second order effect). As long as the interaction between bank

and business time is always smaller than the direct impact of M on bank time, PPP uptake

should increase. PPP uptake is also increasing in human capital as higher human capital

implies that the time businesses spend on PPP more worthwhile (i.e. h · tbuss increases).

As long as the "behavioral effect"
(

h · ∂tbuss
∂h

)
is small, then h · tbuss increases.20 Similar to

above, the second order effect is that banks will adjust their time accordingly, and overall

PPP uptake should increase with human capital. Finally, the substitution effect between

business human capital and the number of banks implies that when the number of banks is

already high, an additional unit of human capital is marginally less important. Intuitively,

this comes from the concavity of P(·) because as M increases, banks will already be putting

more time into each PPP application.

Propositions 1 and 2 both focus on how the share of businesses receiving PPP changes

between the first round and overall in the program. In this last section I extend the model by

20Here I use the same terminology as Feldstein (2008). When the tax rate increases, there are two forces
on federal tax revenue moving in opposite directions (Laffer curve). Feldstein (2008) describes the potential
decrease in federal tax revenue due to a decrease in hours worked as the behavioral response. This is analogous
to the model here—when h increases, there is a direct effect tbuss and a behavioral effect h · ∂tbuss

∂h .
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introducing two types of human capital h1 (high) and h2 (low). The advantage of doing this

is that it allows us to focus on the importance of human capital for individual businesses.

Assume that human capital is uncorrelated with client status, and that the share of

businesses with high human capital is given by γ. Assume also that the bank knows the

value of γ, but cannot observe which businesses are high or low human capital. (Banks

can only choose variables for client and non-clients: φc, φ−c, tbank,c, tbank,−c). Businesses know

both their client and human capital status. If the budget constraint binds, the bank’s problem

becomes

max
{

Bk
M

+ s ·
(

σγN
M
· φc · P(tbank,c + tbuss,c,h1 · h1)

+
σ(1− γ)N

M
· φc · P(tbank,c + tbuss,c,h2 · h2)

)}
.

Notice that the bank does not care how the budget constraint is hit—this means that

if the bank is able to (i.e., conditional on B being small enough), they would prefer to put

zero time into into their non-clients and devote all of their time to their clients. Let K be the

maximum value of

σγN
M
· P
(

M
σN

+ tbuss,c,h1 · h1

)
+

σ(1− γ)N
M

· P
(

M
σN

+ tbuss,c,h2 · h2

)
where tbuss,c,h1 and tbuss,c,h2 both satisfy business first order conditions. The intuition for K is

that it represents the maximum number of client PPP loans for the bank if the bank just

served clients, namely σN
M tbank,c = 1.

Let L be the maximum value of

(1− σ)γN
M

· P(tbuss,−c,h1 · h1) +
(1− σ)(1− γ)N

M
· P (tbuss,−c,h2 · h2)

where again tbuss,c,h1 and tbuss,c,h2 both satisfy business first order conditions. Intuitively, L is

the maximum number of non-client PPP loans for the bank if the bank just served clients.21

21L is not necessarily zero because even if the bank devotes zero effort to non-clients, individual businesses
can still put time into PPP.
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Proposition 3 (Client Status and Human Capital). As the budget (B) increases:

• Case 1: If K ≥ B, then each bank will set φ−c = 0.

• Case 2: If B > K but K + L ≤ B, then φ−c will be greater than zero.

• Case 3: If B > K + L then φc = φ−c = 1.

(i) In each case, the probability of receiving PPP for a high human capital, non-client business

weakly increases.

(ii) The increase in probability of receiving PPP (from Case 1 to any other case) for a high human

capital, non-client business is greater than that for a low human capital, non-client business.

Proposition 3 is important because it shows that as a consequence of banks prioritizing

their own clients in the first round, some high human capital businesses missed out. In

addition, the model predicts that high human capital businesses should have caught up

when the budget constraint was not binding in the second round.
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Chapter 4

Empirical Results

In this chapter, I empirically test the three theoretical predictions in Chapter 3. In the model

above, bank human capital was reflected by the number of banks, and business human

capital was modeled directly. In this empirical section, the number of banks will be used to

measure bank human capital. Education and firm size will be used to estimate business

human capital.

4.1 Differences Between the First and Second Rounds

Almost any measure of banking relationships can explain first-round PPP uptake well.

However, the predictive power and fit becomes much weaker when looking at both rounds

together. This pattern is true of banking variables that capture the innate structure of the

banking sector, as well as banking variables directly related to the PPP program. For example,

bank density or the percentage of businesses whose start source was from a bank/financial

institution (as opposed to for example personal savings) show a strong positive relationship

with PPP uptake in the first round, as predicted in Proposition 1. Similarly, counties which

had many banks that performed well in PPP (where bank performance is calculated outside

of the county) received a large amount of PPP in the first round.22 In line with the first-round

22Bank performance is a measure of how many PPP loans a bank distributed related to their size (share of
deposits held). I adapt the methodology used in Granja et al. (2020), but I restrict bank performance to outside
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literature (Bartik et al., 2020b; Granja et al., 2020), this finding suggests that both the strength

of banking relationships and which particular banks were close to businesses mattered.

Figure 4.1 presents these relationships visually.

One exception to the trends seen in Figure 4.1 is the size of the banking sector, measured

by the number of banks in a county (Figure 4.2).23 In Figure 4.2, the first round displays a

parabolic pattern. This can be reconciled with Figure 4.1 which shows that PPP uptake was

increasing in bank density. Places with only a few banks were unlikely to file applications

quickly enough to compete with many other banks nationally. However, places with a

huge number of banks were also likely to be swamped with applications in the first round.

Thus, the first round was characterized by banking relationships, but more precisely by the

concentration of the banking sector (Proposition 1).

Table 4.1 presents regressions using the number of banks (Columns (1)–(4)) and bank

performance (Columns (5)–(8)) to predict first-round PPP uptake (with and without COVID-

19 and demographic controls). These results support Figures 4.1 and 4.2. Columns (1)–(4)

show that the number of banks is only weakly predictive of first-round PPP uptake (most

likely due to the parabolic pattern and businesses competing for banks). Columns (5)–(8)

the county of interest. Formally,

Per f ormanceb,c =
SharePPPb,−c − ShareDepositsb,−c
SharePPPb,−c + ShareDepositsb,−c

× 0.5

where SharePPPb,−c is the share of total PPP loans made by bank b outside of county c, and ShareDepositsb,−c
is the share of total deposits held at bank b outside of county c. Then,

Bank Per f ormancec = ∑
b∈b(c)

ShareDepositsb,c

∑b∈b(c) ShareDepositsb,c
× Per f ormanceb,c

where Bank Per f ormancec is bank performance in county c. The intuition is that bank performance is a weighted
average of individual bank performances outside the county. b(c) is the set of all banks in county c.

23First, number of banks was used instead of the number of SBA lenders because there is some argument to
be made that places with zero SBA lenders but one financial institution are still better connected than those
with zero financial institutions. Nevertheless, the difference should be small as the vast majority of financial
institutions were eligible PPP lenders. For example, in over 50% of counties, more than 99% of deposits were
held by SBA lenders. In over 75% of counties, more than 84% of deposits were held by SBA lenders. Second, I
chose to use the number of unique banks instead of branches because the number of branches has an extremely
long upper tail. In contrast, for the number of banks at the county level, the median is 6 and the 95th percentile
is 24. Finally, the correlation between the number of branches and the number of banks is 0.812 at the county
level, so the difference should be small.
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(a) Bank Density (First Round) (b) Bank Density (Overall)

(c) % Start Source Bank (First Round) (d) % Start Source Bank (Overall)

(e) Bank Performance (First Round) (f) Bank Performance (Overall)

Figure 4.1: Banking Relationships and the Percentage of PPP Received by County

Notes: Figure 4.1 shows a series of binscatter plots (bins = 40) between PPP uptake and bank density, the
percentage of businesses whose start source was from a bank/financial institution, and bank performance using
a metric adapted from Granja et al. (2020). The left column presents results for the first round, and the right
column presents results overall in the program. Source: SBA PPP data, 2017 SUSB, 2019 FDIC Share of Deposits,
and 2017 ABS.
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show a consistently positive coefficient on bank performance, agreeing with the intuition

that which banks were in which county mattered in the first round.

The model in Chapter 3 also predicted that PPP uptake overall should be increasing

with the number of banks and business human capital (Proposition 2). The right column of

Figure 4.2 demonstrates that there is a positive relationship between overall PPP uptake and

the number of banks.24 Figure 4.3 shows that overall PPP uptake was also increasing with

business human capital, as wanted. It is true that generally places with a large number of

banks also have higher educational attainment. In the data, the correlation (at the county

level) between college educational attainment and the size of the banking sector is 0.560.

Thus, the fact that Figure 4.2 and Figure 4.3 look similar is not wholly unexpected, but

the correlation is low enough such that the size of the banking sector and business human

capital can each explain some new variation.

(a) First Round (b) Overall

Figure 4.2: Proportion of PPP Received by County and Number of Banks

Notes: Figure 4.2 shows a binscatter (bins = 20) between PPP uptake and the number of banks at the county
level. The left column presents results for the first round, and the right column presents results overall in the
program. The number of bins is smaller than in Figure 4.1. This is because for the number of banks at the
county level, the 95th percentile is 24. Source: SBA PPP data, and 2019 FDIC Share of Deposits.

As the probability of approval conditional on applying was less than one in the first

round, Proposition 3 predicted that first, business human capital would be more useful

24 The scale of the y-axis in the right column of Figure 4.2 is much larger than the scale in the left column. In
addition, counties with zero banks are an interesting group. Only 15 (out of over 3,000) counties in the dataset
fell into this category, and in 40% of these counties PPP uptake was zero.
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(a) First Round (b) Overall

Figure 4.3: Proportion of PPP Received by County and Business Human Capital

Notes: Figure 4.3 shows a binscatter (bins = 40) between PPP uptake and business human capital (as proxied
by education) at the county level. The left column presents results for the first round, and the right column
presents results overall in the program. Source: SBA PPP data, and 2019 5yr ACS.

for predicting PPP uptake in the second round than in the first round. Second, the model

argues that the vast majority of the “catch up” in the second round should have been in high

business human capital areas (for example, cities). Figure 4.3 agrees with this hypothesis—as

shown by the parabolic shape, high human capital capital places were locked out of PPP

in the first round but managed to eventually catch up. To support this analysis, Table 4.2

shows a regression model predicting second-round PPP uptake. Second-round PPP uptake

is defined to be the total number of second round approvals divided by the total number of

eligible establishments that had not already received PPP in the first round.

Columns (1)–(4) run the same specification as Columns (1)–(4) in Table 4.1 but for the

second round instead of the first round. First, Columns (1) and (2) show that holding the

number of banks constant, a 10 percentage point increase in college educational attainment

predicts a 2–5 percentage point increase in second-round PPP. This decreases slightly once

COVID-19 and demographics are controlled for (although some demographics such as

median income are positively correlated with education). We can also compare the the size

of the estimated coefficients on education in Columns (1)–(4) in Table 4.2 to those in Table

4.1. Not only are the estimated education coefficients twice the size in the second round,

but the coefficients also become significant, exactly in line with Proposition 3. This implies
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that business human capital was less important in the first round (due to the fact that the

program was under-funded anyway), but became important in the second round (when the

program was over-funded). Second, the coefficient on the number of banks is significant

and clearly positive (as opposed to those in Table 4.1), which agrees with Proposition

2. Intuitively, in the second round, banks were no longer swamped with applications so

businesses were not competing with each other directly—it was bank access that mattered,

not bank density. Thus, not only was PPP uptake in the second round increasing with

the number of banks and education/business human capital, but both variables become

important in the second round, as predicted in Propositions 2 and 3.

To study PPP catch up, Columns (5)–(8) present results when first-round PPP uptake is

added to the regression.25 In particular, holding all else constant, an additional 10 percentage

points in first-round PPP uptake predicts a 5 percentage point increase in second-round

PPP. As PPP ran out of money in the first round, one explanation for this is that places that

did well in the first round simply continued processing their PPP applications. However,

what is particularly interesting is holding first-round PPP performance constant, counties with

higher educational attainment still did better in the second round of PPP than those with

low education/business human capital (Proposition 3). This is reflected by the positive

coefficient on education in Columns (5)–(8). The next section studies why this was the

case, and whether the size of the banking sector (bank human capital) and business human

capital were complements or substitutes.

25There may be some downward bias and measurement error, but note that second-round PPP uptake is
not first-round PPP uptake subtracted from overall PPP uptake. Instead it is the total number of second round
approvals divided by the number of establishments that had not already received PPP in the first round. (Thus,
the second-round PPP uptake variable has a range from 0% to 100%).

39



(1) (2) (3) (4) (5) (6) (7) (8)
PPP First Round (%)

Number of Banks -0.09588 -0.04423 0.01722 -0.06603
(0.0644) (0.0348) (0.0813) (0.0428)

Bank Performance (First Round) 27.3197∗∗∗ 16.5503∗∗∗ 27.5644∗∗∗ 17.6607∗∗∗

(2.2594) (1.3950) (2.3144) (1.3386)

College Educated (%) 0.0653 0.1439∗∗∗ 0.1314∗ 0.1364∗∗∗ 0.1678∗∗∗ 0.2056∗∗∗ 0.2079∗∗∗ 0.1662∗∗∗

(0.0498) (0.0310) (0.0527) (0.0218) (0.0296) (0.0250) (0.0433) (0.0222)

COVID Case Rate 04/16 -0.0043 -0.0037 -0.0030 -0.0023
(0.0028) (0.0026) (0.0018) (0.0020)

Log Population Density -0.6931 0.5140 0.2552 0.9782∗∗∗

(0.7016) (0.3281) (0.3777) (0.2179)

Share Black -0.0239 -0.0425 0.0014 -0.0561∗

(0.0544) (0.0274) (0.0362) (0.0224)

Log Median Income -3.3237 -1.4098 -2.7753 -2.3438
(3.6044) (1.7991) (2.5012) (1.8748)

State FE No Yes No Yes No Yes No Yes
Observations 3059 3059 3057 3057 2899 2899 2899 2899
Adjusted R2 0.003642 0.4518 0.02118 0.4580 0.2983 0.5262 0.3025 0.5362
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 4.1: First-Round PPP Uptake (County Level)

Notes: Table 4.1 shows the relationship between first-round PPP uptake and the number of banks, bank performance, and education, with and without
COVID-19 and demographic controls. All variables are at the county level. PPP First Round (%) is the total number of first round approvals divided by the
total number of establishments with < 500 employees. Bank performance is a weighted average of how well banks in a county performed in PPP relative to
their size. There are fewer observations for bank performance as some banks do not have branches outside of a single county. For a formal explanation of
bank performance, please see Footnote 22. The COVID case rate is the (total) number of confirmed COVID-19 cases per 100,000 people. April 16, 2020 was
chosen as this was the last day of the first round. Standard errors are clustered at the state level. Source: SBA PPP data, 2017 SUSB, 2019 FDIC Share of
Deposits, 2019 5yr ACS, and Opportunity Insights.
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(1) (2) (3) (4) (5) (6) (7) (8)
PPP Second Round (%)

Number of Banks 0.4991∗∗∗ 0.3365∗∗∗ 0.2635∗∗∗ 0.1427∗∗ 0.5526∗∗∗ 0.3598∗∗∗ 0.2617∗∗∗ 0.1816∗∗∗

(0.0789) (0.0509) (0.0691) (0.0436) (0.0746) (0.0489) (0.0591) (0.0377)

College Educated (%) 0.2387∗∗ 0.4964∗∗∗ 0.2145∗∗∗ 0.2544∗∗∗ 0.2023∗∗ 0.4203∗∗∗ 0.1328∗ 0.1806∗∗∗

(0.0691) (0.0325) (0.0581) (0.0385) (0.0699) (0.0347) (0.0524) (0.0375)

PPP First Round (%) 0.5585∗∗∗ 0.5286∗∗∗ 0.5940∗∗∗ 0.5261∗∗∗

(0.0859) (0.0693) (0.0778) (0.0680)

COVID Case Rate 08/08 0.0024∗∗∗ 0.0002 0.0023∗∗∗ 0.0002
(0.0006) (0.0004) (0.0006) (0.0004)

Log Population Density 0.7407 1.5843∗ 1.1873 1.3375∗

(0.9008) (0.6727) (0.6083) (0.6060)

Share Black 0.2019∗ 0.0690 0.2304∗∗ 0.0986∗

(0.0950) (0.0527) (0.0741) (0.0436)

Log Median Income 7.7525 12.8552∗∗∗ 9.9835∗∗∗ 13.7397∗∗∗

(3.9558) (2.4107) (2.7988) (2.4135)
State FE No Yes No Yes No Yes No Yes
Observations 3059 3059 3057 3057 3059 3059 3057 3057
Adjusted R2 0.1217 0.4099 0.2026 0.4323 0.2475 0.4719 0.3433 0.4934
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 4.2: Second-Round PPP Uptake (County Level)

Notes: Table 4.2 shows the relationship between second-round PPP uptake and the number of banks, education, and first-round PPP uptake, with and
without COVID-19 and demographic controls. All variables are at the county level. PPP First Round (%) is the total number of first round approvals divided
by the total number of establishments with < 500 employees. PPP Second Round (%) is the total number of second round approvals divided by the total
number of establishments with < 500 employees less the total number of first round approvals. The COVID case rate is the (total) number of confirmed
COVID-19 cases per 100,000 people. August 08, 2020 was chosen as this was the last day of the second round. Standard errors are clustered at the state level.
Source: SBA PPP data, 2017 SUSB, 2019 FDIC Share of Deposits, 2019 5yr ACS, and Opportunity Insights.
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4.2 Substitution Between Bank and Business Human Capital

The key question in this section is how bank and business human capital interact with each

other. Proposition 2 predicts that there should be a substitution effect between bank and

business human capital. To empirically test this, bank human capital will be proxied by the

number of banks at the county level (size of the banking sector) and business human capital

will be measured by educational attainment at the college level.

The economics behind a substitution effect is clear. In places where there is low business

human capital, the size of the banking sector could replace lack of business initiative.

Banks could also encourage businesses to apply by reaching out to their customer base.

Location (e.g., how many banks are in the area) should have influenced PPP uptake for low

human capital businesses. On the other hand, in places with a small banking sector, high

human capital businesses should have still received PPP because even if they missed out in

the first round, these businesses were more likely to know how to navigate the program,

submit a successful application, and get through in the second round. High human capital

businesses may have also been more likely to switch banks if they realized their own bank

was incompetent or slow at processing PPP loans. Location should not have been important

for high human capital businesses. Thus, the key hypothesis is places that had low PPP

uptake overall must have had both low bank and low business human capital. Figure 4.4 visually

demonstrates this result.

Figure 4.4 is the central figure in this thesis, and most clearly demonstrates Proposition

2. The figure shows that the proportion of PPP received overall is positively correlated

with bank human capital (positive slopes). In addition, as shown by the y-intercept of

each education group, PPP uptake is also increasing in business human capital. Most

importantly, Figure 4.4 shows that as education/business human capital increases, the slope

of the relationship between the number of banks and PPP uptake decreases. This implies

that bank human capital matters much less when business human capital is high, suggesting a

substitution effect.

Figure 4.5 shows the same graph but for the first round. Comparing Figure 4.5 with
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Figure 4.4: Overall PPP Uptake and Bank Human Capital, Conditional on Business Human Capital

Notes: Figure 4.4 shows the relationship between overall PPP uptake and bank human capital (at the county
level). Bank human capital is proxied for by the number of banks. Business human capital is proxied for by
education level. The binscatter is constructed with bins = 15 to reduce clutter. For more information on counties
with zero banks, please see Footnote 24. Source: SBA PPP data, 2019 FDIC Share of Deposits, and 2019 5yr ACS.

Figure 4.4 demonstrates that this explanation for the program overall—that substitution of

bank and business human capital drove PPP allocation—does not apply for the first round.

In sum, by re-funding PPP, Congress ensured that businesses who missed out could receive

funding. If a business was in a place with low bank human capital, high business human

capital could make up for it in the second round. However, perhaps contrary to expectation,

re-funding the program did not make PPP “catch up” universal. Instead, low human capital

businesses in places with a small number of banks were still left behind, despite the $100

billion dollars left over at the end.

Tables 4.3 and 4.4 present regressions of PPP uptake on bank and business human capital,

with and without COVID-19 and demographic controls. Both tables repeat the specification
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Figure 4.5: First-Round PPP Uptake and Bank Human Capital, Conditional on Business Human Capital

Notes: Figure 4.5 shows the relationship between first-round PPP uptake and bank human capital (at the county
level). Bank human capital is proxied for by the number of banks. Business human capital is proxied for by
education level. The binscatter is constructed with bins = 15 to reduce clutter. Source: SBA PPP data, 2019
FDIC Share of Deposits, and 2019 5yr ACS.

in Columns (1)–(4) of Tables 4.1 and 4.2 but with an interaction term between the number of

banks and education. Columns (1) and (2) in both Tables 4.3 and 4.4 analyze the first round

of the program. Notice that generally, the first-round coefficients on bank size and education

are small compared to those overall in the program. In the models with no state fixed

effects, the adjusted R2 for PPP overall is also 4–5 times higher than that for the first round,

suggesting that this empirical model about the substitution between bank and business

human capital is more compelling for the program overall rather than in the first round. In

addition, as shown in Column (1) of Table 4.4, PPP uptake is increasing with the number of

banks and decreasing in population density (although the latter is imprecisely estimated).

As population density is a good proxy for the number of establishments (correlation is
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0.800), in this specification PPP uptake is also decreasing with the number of establishments,

in line with Proposition 1.

Columns (3) and (4) in both tables analyze the second round of the program only.

Columns (3) and (4) in Table 4.3 show that education is estimated to have had about twice

the impact in the second round (compared to the first round), with a 10 percentage point

increase in college education predicting an additional 3–6 percentage point increase in

second-round PPP, as opposed to 2–3 percentage points in the first round. This is in line

with Proposition 3 which argued that high human capital areas caught up in the second

round. Once COVID-19 and demographics are controlled for, the education coefficients

are more similar in size for both rounds (this may be explained by the fact that some of

the demographics such as median income are correlated with education). In addition,

while imprecisely estimated, the coefficient on population density for the second round in

Table 4.4 is more positive compared to the first round. This suggests that places with high

population density caught up in the second round, likely corresponding to cities.

Finally, Columns (5) and (6) in both tables present results for PPP uptake overall.

Table 4.4 shows that even after holding constant COVID-19 impact and demographics, an

additional 10 banks in a county predicts a 5–7 percentage point increase in PPP uptake

overall. A 10 percentage point increase in the percent college educated predicts a 3–4

percentage point increase in PPP uptake overall. Importantly, the negative coefficient on

the interaction term in both tables demonstrates that the marginal gain of an additional

unit of education (business human capital) is lower for counties with a large banking sector.

This shows a substitution effect between bank and business human capital, consistent with

Proposition 2.
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(1) (2) (3) (4) (5) (6)
PPP First Round (%) PPP Second Round (%) PPP Overall (%)

Number of Banks 0.3814∗ 0.4282∗∗∗ 0.8266∗∗∗ 0.7743∗∗∗ 0.8879∗∗∗ 0.8463∗∗∗

(0.1575) (0.0998) (0.1794) (0.1109) (0.1775) (0.0961)

College Educated (%) 0.1853∗∗ 0.2615∗∗∗ 0.3212∗∗∗ 0.6054∗∗∗ 0.3304∗∗∗ 0.5755∗∗∗

(0.0562) (0.0417) (0.0883) (0.0443) (0.0773) (0.0480)

Number of Banks X College Educated (%) -0.0137∗∗∗ -0.0134∗∗∗ -0.0094∗ -0.0125∗∗∗ -0.0149∗∗∗ -0.0167∗∗∗

(0.0033) (0.0024) (0.0041) (0.0024) (0.0038) (0.0023)
State FE No Yes No Yes No Yes
Observations 3059 3059 3059 3059 3059 3059
Adjusted R2 0.01937 0.4665 0.1244 0.4149 0.1101 0.4789
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 4.3: PPP Uptake vs. Bank and Business Human Capital (County Level, No COVID & Demographic Controls)

Notes: Table 4.3 shows the relationship between PPP uptake and bank and business human capital. All variables are at the county level. Bank human capital
is proxied by the number of banks. Business human capital is proxied by college education. PPP First Round (%) is the total number of first round approvals
divided by the total number of establishments with < 500 employees. PPP Second Round (%) is the total number of second round approvals divided by the
total number of establishments with < 500 employees less the total number of first round approvals. PPP Overall (%) is the total number of PPP approvals
divided by the total number of establishments with < 500 employees. Standard errors are clustered at the state level. Source: SBA PPP data, 2017 SUSB, 2019
FDIC Share of Deposits, and 2019 5yr ACS.
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(1) (2) (3) (4) (5) (6)
PPP First Round (%) PPP Second Round (%) PPP Overall (%)

Number of Banks 0.5938∗∗ 0.4264∗∗∗ 0.6081∗∗∗ 0.4375∗∗∗ 0.7413∗∗∗ 0.5307∗∗∗

(0.1699) (0.1058) (0.1393) (0.1057) (0.1335) (0.0917)

College Educated (%) 0.2857∗∗∗ 0.2685∗∗∗ 0.3066∗∗∗ 0.3338∗∗∗ 0.3485∗∗∗ 0.3618∗∗∗

(0.0619) (0.0315) (0.0715) (0.0444) (0.0693) (0.0372)

Number of Banks X College Educated (%) -0.0157∗∗∗ -0.0129∗∗∗ -0.0094∗∗ -0.0077∗∗ -0.0147∗∗∗ -0.0121∗∗∗

(0.0033) (0.0024) (0.0030) (0.0024) (0.0026) (0.0018)

COVID Case Rate 04/16 -0.0036 -0.0032
(0.0027) (0.0025)

COVID Case Rate 08/08 0.0024∗∗∗ 0.0003 0.0018∗∗ 0.0002
(0.0006) (0.0004) (0.0006) (0.0003)

Log Population Density -0.9814 0.0554 0.5742 1.3100 0.3546 1.3261∗

(0.7137) (0.3449) (0.9142) (0.6996) (1.0730) (0.5991)

Share Black -0.0134 -0.0352 0.2096∗ 0.0737 0.1247 0.0408
(0.0529) (0.0270) (0.0946) (0.0528) (0.0870) (0.0498)

Log Median Income -3.7567 -1.4552 7.5330 12.8452∗∗∗ 3.3079 8.4258∗∗∗

(3.5586) (1.8702) (3.8915) (2.3920) (4.4812) (1.9455)
State FE No Yes No Yes No Yes
Observations 3057 3057 3057 3057 3057 3057
Adjusted R2 0.04079 0.4702 0.2053 0.4339 0.1589 0.4939
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 4.4: PPP Uptake vs. Bank and Business Human Capital (County Level, With COVID & Demographic Controls)

Notes: Table 4.4 shows the relationship between PPP uptake and bank and business human capital, with and without COVID-19 and demographic controls.
All variables are at the county level. Bank human capital is proxied by the number of banks. Business human capital is proxied by college education. PPP
First Round (%) is the total number of first round approvals divided by the total number of establishments with < 500 employees. PPP Second Round (%)
is the total number of second round approvals divided by the total number of establishments with < 500 employees less the total number of first round
approvals. PPP Overall (%) is the total number of PPP approvals divided by the total number of establishments with < 500 employees. The COVID case rate
is the (total) number of confirmed COVID-19 cases per 100,000 people. April 16, 2020 and August 08, 2020 were chosen as these were the last days of the first
and second round respectively. Standard errors are clustered at the state level. Source: SBA PPP data, 2017 SUSB, 2019 FDIC Share of Deposits, 2019 5yr ACS,
and Opportunity Insights.
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4.3 Firm-Level Analysis

The purpose of this section is to the supplement the county-level analysis above using

firm-level data. I use two main sources of firm-level data (acknowledging that neither is

perfect). First, SBA PPP data was matched onto Dun & Bradstreet (D&B) administrative

data. This enables the empirical model to control for individual business sales and proxy

individual business human capital using business size. Second, I use Alignable survey data

because even though the sample size is much smaller than D&B, no matching is required.

In addition, multiple Alignable surveys were conducted through April and May, and the

size of the estimated coefficients can provide insight into PPP distribution. For ease of

interpretation, only bivariate (OLS) regression results will be presented in the main text,

some alternative specifications are in Appendix C.1.

Dun & Bradstreet

For practical purposes, a subset of 2020 Dun & Bradstreet (D&B) was used, restricted to

California, New York, and Illinois.26 Two specifications will be presented. First, I study the

substitutability between bank and business human capital at the ZIP code level (instead of

the county level), using the number of banks and educational attainment in each ZIP code.

Second, I study the importance of individual business human capital.

Table 4.5 presents a model very similar to Columns (5) and (6) of Tables 4.3 and 4.4, with

the added benefit of being able to control for individual firm-level characteristics such as

sales and employees.27 While the coefficients on the number of banks and education (at the

ZIP code level) are smaller due to the nature of D&B,28 the coefficients are most certainly

positive across all specifications even when demographics are controlled for. In addition, the

26These three states were chosen as they are large and provide a reasonable representation for many parts of
the U.S.

27COVID-19 was not included as this data is only available at the county level (not compatible with county
fixed effects).

28Reasons for this are discussed in Appendix A.2. The most likely reason is because D&B data contains
many non-Census recognized legal forms of organization.
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interaction term is consistently negative, again demonstrating a substitution effect between

bank and business human capital. Thus, bank human capital matters less in places where

human capital is high and vice-versa. These results agree with the county-level analysis

above, and support the predictions made in Proposition 2.

Let business size proxy for individual business human capital. One reason for this

is because the more employees a business has, the more likely there exists someone at

the business who knows how to file a PPP application. In support of using business size,

Humphries et al. (2020) found that the smallest businesses faced the largest information

frictions. Table 4.6 shows a regression model similar Table 4.5, but where the interaction

term is between individual business human capital and ZIP code level business human

capital. Again, the coefficients on college education and number of banks (at the ZIP code

level) are positive across all specifications (Proposition 2). In addition, the interaction term

is consistently negative. This implies that holding all else constant, the impact of a marginal

increase in individual business human capital decreases with ZIP code level business human

capital. In other words, ZIP code level business human capital can substitute for (lack of)

individual business human capital and vice-versa. One explanation for this is that if a low

human capital business is surrounded by high human capital businesses, they are much

more likely to find out about PPP. Thus, they are also more likely to apply for the program

successfully. In other words, being a large business (with high human capital) mattered for

PPP uptake in low human capital areas.

In both Tables 4.5 and 4.6, the coefficient on individual business sales is positive across

all specifications. In addition, the coefficient on individual business human capital (log

employees) is positive once industry fixed effects are controlled for. Thus, in agreement

with Humphries et al. (2020), holding all else constant, larger businesses are predicted to

have a higher probability of receiving PPP.
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(1) (2) (3) (4) (5) (6)
Received PPP Overall, (Ind. Probability Represented As %)

Log Sales (ind.) 17.6725∗∗∗ 17.4882∗∗∗ 14.3225∗∗∗ 17.5358∗∗∗ 17.4540∗∗∗ 14.2918∗∗∗

(0.1362) (0.1356) (0.1188) (0.1363) (0.1348) (0.1185)

Log Employees (ind.) -1.2435∗∗∗ -1.1866∗∗∗ 1.4213∗∗∗ -1.1874∗∗∗ -1.1736∗∗∗ 1.4372∗∗∗

(0.0428) (0.0417) (0.0453) (0.0423) (0.0419) (0.0454)

Number of Banks (zip) 0.2524∗∗∗ 0.2830∗∗∗ 0.2713∗∗∗ 0.2440∗∗∗ 0.2304∗∗∗ 0.2228∗∗∗

(0.0375) (0.0325) (0.0277) (0.0366) (0.0343) (0.0296)

College Educated (%, zip) 0.0269∗∗∗ 0.0261∗∗∗ 0.0333∗∗∗ 0.0444∗∗∗ 0.0295∗∗∗ 0.0333∗∗∗

(0.0047) (0.0047) (0.0042) (0.0057) (0.0059) (0.0054)

Number of Banks (zip) X College Educated (%, zip) -0.0040∗∗∗ -0.0042∗∗∗ -0.0040∗∗∗ -0.0038∗∗∗ -0.0036∗∗∗ -0.0034∗∗∗

(0.0007) (0.0006) (0.0005) (0.0007) (0.0006) (0.0005)

Log Population Density (zip) -0.2302∗∗∗ -0.0434 -0.0539
(0.0307) (0.0530) (0.0508)

Share Black (zip) -0.0309∗∗∗ -0.0346∗∗∗ -0.0338∗∗∗

(0.0028) (0.0036) (0.0032)

Log Median Income (zip) -1.2581∗∗∗ -0.9802∗∗∗ -0.7409∗∗

(0.2076) (0.2720) (0.2628)
County FE No Yes Yes No Yes Yes
Industry FE No No Yes No No Yes
Observations 6.333e+06 6.333e+06 6.333e+06 6.325e+06 6.325e+06 6.325e+06
Adjusted R2 0.0560 0.0574 0.0699 0.0564 0.0576 0.0700
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 4.5: PPP Uptake and Bank and Business Human Capital (Firm Level: CA, NY, IL)

Notes: Table 4.5 shows the relationship between overall PPP uptake and bank and business human capital, with and without demographic controls. The
parentheses next to the independent variables represent the level of the data, where “ind.” means that the variable is at the individual firm level and “zip”
refers to the ZIP code level. Bank human capital is proxied by the number of banks. Business human capital is proxied by college education. PPP Overall
(%) is the predicted probability (in percentage points) of receiving PPP sometime during the two rounds of the program. (Thus, in the OLS regression the
outcome variable is binary, either 0 or 100). For the corresponding logit specification and more details on the Dun & Bradstreet data, please see Appendix A.2
and Appendix C.1. Standard errors are clustered at the ZIP code level. Source: SBA PPP data, 2020 Dun & Bradstreet, 2019 FDIC Share of Deposits, and 2019
5yr ACS.
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(1) (2) (3) (4) (5) (6)
Received PPP Overall, (Ind. Probability Represented As %)

Log Sales (ind.) 17.6286∗∗∗ 17.4497∗∗∗ 14.3088∗∗∗ 17.4906∗∗∗ 17.4157∗∗∗ 14.2770∗∗∗

(0.1373) (0.1363) (0.1185) (0.1377) (0.1355) (0.1184)

Log Employees (ind.) -0.0670 -0.0268 2.4248∗∗∗ 0.0070 -0.0038 2.4520∗∗∗

(0.1043) (0.0991) (0.0939) (0.1029) (0.0990) (0.0937)

College Educated (%, zip) 0.0299∗∗∗ 0.0282∗∗∗ 0.0333∗∗∗ 0.0485∗∗∗ 0.0372∗∗∗ 0.0386∗∗∗

(0.0025) (0.0032) (0.0030) (0.0043) (0.0052) (0.0050)

Log Employees (ind.) X College Educated (%, zip) -0.0280∗∗∗ -0.0276∗∗∗ -0.0243∗∗∗ -0.0284∗∗∗ -0.0278∗∗∗ -0.0245∗∗∗

(0.0019) (0.0019) (0.0017) (0.0019) (0.0019) (0.0017)

Number of Banks (zip) 0.0547∗∗ 0.0762∗∗∗ 0.0754∗∗∗ 0.0542∗∗ 0.0506∗∗ 0.0518∗∗∗

(0.0191) (0.0172) (0.0152) (0.0186) (0.0169) (0.0148)

Log Population Density (zip) -0.2137∗∗∗ -0.0227 -0.0340
(0.0298) (0.0527) (0.0506)

Share Black (zip) -0.0346∗∗∗ -0.0397∗∗∗ -0.0387∗∗∗

(0.0027) (0.0035) (0.0031)

Log Median Income (zip) -1.2675∗∗∗ -1.1200∗∗∗ -0.8760∗∗∗

(0.2079) (0.2761) (0.2655)
County FE No Yes Yes No Yes Yes
Industry FE No No Yes No No Yes
Observations 6.333e+06 6.333e+06 6.333e+06 6.325e+06 6.325e+06 6.325e+06
Adjusted R2 0.0560 0.0574 0.0699 0.0564 0.0577 0.0701
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 4.6: PPP Uptake and Individual Business Human Capital (Firm Level: CA, NY, IL)

Notes: Table 4.6 shows the relationship between overall PPP uptake and individual business human capital, with and without demographic controls. The
parentheses next to the independent variables represent the level of the data, where “ind.” means that the variable is at the individual firm level and “zip”
refers to the ZIP code level. Individual business human capital is proxied for using firm size (log employees). PPP Overall (%) is the predicted probability (in
percentage points) of receiving PPP sometime during the two rounds of the program. (Thus, in the OLS regression the outcome variable is binary, either 0 or
100). For the corresponding logit specification and more details on the Dun & Bradstreet data, please see Appendix A.2 and Appendix C.1. Standard errors
are clustered at the ZIP code level. Source: SBA PPP data, 2020 Dun & Bradstreet, 2019 FDIC Share of Deposits, and 2019 5yr ACS.
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Alignable

Using the Alignable survey data from Bartik et al. (2020c), a similar specification to Columns

(1)–(3) in Table 4.5 is presented in Tables 4.7 and 4.8. PPP is regressed against business size,

number of banks (ZIP code level), and educational attainment (ZIP code level), along with

an interaction term to study the substitution between bank and business human capital.29

There are two special features about the Alignable data. First, Alignable ran three separate

surveys in late April, early May, and late May. This allows us to compare the size of the

coefficients across time. The late April survey ended on April 29, 2020, and the second

round of PPP started on April 27, 2020. Thus, most of the late April responses should

correspond with the first round of PPP. Second, Alignable asked businesses whether they

applied for PPP (as opposed to just having received PPP). Table 4.7 presents results for

having applied for PPP, and Table 4.8 presents results for having received PPP at the time of

the survey. The same specifications in Tables 4.7 and 4.8 with demographic controls are in

Appendix C.1.

First, both the probability of applying and receiving PPP is increasing in business size as

measured by the number of employees (individual business human capital). Moreover, it is

particularly interesting that the size of the coefficient on employee number stays roughly the

same across time when looking at PPP applications (Table 4.7). In contrast, when looking at

which businesses received PPP (Table 4.8), the size of the coefficient on employee number is

much smaller in late April (Columns (1) and (4)) compared to in May. This agrees with the

hypothesis that high human capital businesses were able to navigate the PPP application

process, but that some may have missed out in the first round due to banks prioritizing

clients (Proposition 3).30

Second, in agreement with the county level and D&B analysis above, Table 4.8 supports

29Unlike D&B, Alignable does not contain information on business sales. However, as discussed in Bartik
et al. (2020b), Alignable respondents were generally quite small with the average business having less than 10
employees in January 2020.

30It may be true that bank clients are also generally larger businesses. However the average business size in
the Alignable survey data is very small. Thus, the idea that high human capital small businesses were left out
could still hold, please see Footnote 29.
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the idea that there was a substitution effect between bank and business human capital

overall in the program (Proposition 2). Especially in late May (Columns (3) and (6)), PPP

uptake is increasing in the number of banks and educational attainment at the ZIP code level.

The interaction term is also negative. Comparing within Columns (1)–(3) and Columns

(4)–(6) in Table 4.8, the idea that bank and business human capital were substitutes is much

more compelling later in the program (as opposed to the first round). The coefficients on the

number of banks, education, and the interaction term not only increases in size, but becomes

more precisely estimated. In terms of applications filed (instead of approvals), Table 4.7

shows that there is less evidence for substitution between bank and business human capital.

Even though the coefficients on the interaction term are negative, the estimates are not

significant and appear to be smaller in magnitude compared to those in Table 4.8. Instead,

human capital variables (number of employees, college education) are more predictive

of applying. Intuitively this makes sense—more capable businesses were more likely to

apply/complete the application process, but banks had control over when PPP was received.
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(1) (2) (3) (4) (5) (6)
PPP Applied (%)

Late April Early May Late May Late April Early May Late May
Log Employees Jan (ind.) 12.493∗∗∗ 12.457∗∗∗ 12.658∗∗∗ 12.121∗∗∗ 11.868∗∗∗ 11.862∗∗∗

(0.5120) (0.2764) (0.4323) (0.6031) (0.2873) (0.4550)

Number of Banks (zip) 0.6977∗ 0.5840∗∗ 0.2807 0.6807∗ 0.7254∗∗ 0.3826
(0.2802) (0.1926) (0.2117) (0.2852) (0.2186) (0.1980)

College Educated (%, zip) 0.1236∗∗ 0.1555∗∗∗ 0.1193∗∗ 0.1524∗∗ 0.1437∗∗∗ 0.1140∗∗

(0.0448) (0.0284) (0.0362) (0.0441) (0.0279) (0.0364)

Number of Banks (zip) X College Educated (%, zip) -0.0049 -0.0065 0.0008 -0.0058 -0.0082∗ -0.0014
(0.0044) (0.0033) (0.0038) (0.0047) (0.0039) (0.0035)

State FE No No No Yes Yes Yes
Industry FE No No No Yes Yes Yes
Observations 8672 19895 13101 8166 17810 11979
Adjusted R2 0.09954 0.1069 0.09837 0.1241 0.1268 0.1232
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 4.7: PPP Applied and Bank and Business Human Capital (Firm Level: Alignable)

Notes: Table 4.7 shows the relationship between PPP application in the Alignable data and bank and business human capital. The parentheses next to the
independent variables represent the level of the data, where “ind.” means that the variable is at the individual firm level and “zip” refers to the ZIP code
level. Bank human capital is proxied by the number of banks. Business human capital is proxied by college education. PPP Applied (%) is the predicted
probability (in percentage points) of applying for PPP sometime during the two rounds of the program. (Thus, in the OLS regression the outcome variable is
binary, either 0 or 100). For the same specification with demographic controls, please see Appendix C.1. The dates of the Alignable Surveys were: Late April:
April 25, 2020–April 29, 2020. Early May: May 09, 2020–May 19, 2020. Late May: May 15, 2020–June 01, 2020. Standard errors are clustered at the state level.
Source: Alignable, 2019 FDIC Share of Deposits, and 2019 5yr ACS.
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(1) (2) (3) (4) (5) (6)
PPP Received (%)

Late April Early May Late May Late April Early May Late May
Log Employees Jan (ind.) 10.094∗∗∗ 15.163∗∗∗ 16.384∗∗∗ 10.361∗∗∗ 14.855∗∗∗ 15.792∗∗∗

(0.6674) (0.2941) (0.4254) (0.6332) (0.3435) (0.4755)

Number of Banks (zip) 0.1519 0.6838∗∗∗ 0.6972∗∗ 0.3061 0.8099∗∗∗ 0.7234∗∗

(0.1965) (0.1825) (0.2051) (0.2014) (0.1907) (0.2346)

College Educated (%, zip) 0.0340 0.1295∗∗∗ 0.2242∗∗∗ 0.0410 0.1076∗∗∗ 0.1836∗∗∗

(0.0339) (0.0288) (0.0352) (0.0398) (0.0221) (0.0374)

Number of Banks (zip) X College Educated (%, zip) -0.0016 -0.0084∗ -0.0092∗ -0.0037 -0.0097∗∗ -0.0096∗

(0.0043) (0.0035) (0.0042) (0.0044) (0.0034) (0.0047)
State FE No No No Yes Yes Yes
Industry FE No No No Yes Yes Yes
Observations 8672 19895 13101 8166 17810 11979
Adjusted R2 0.09731 0.1631 0.1677 0.1190 0.1810 0.1856
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 4.8: PPP Received and Bank and Business Human Capital (Firm Level: Alignable)

Notes: Table 4.8 shows the relationship between receiving PPP in the Alignable data and bank and business human capital. The parentheses next to the
independent variables represent the level of the data, where “ind.” means that the variable is at the individual firm level and “zip” refers to the ZIP code
level. Bank human capital is proxied by the number of banks. Business human capital is proxied by college education. PPP Received (%) is the predicted
probability (in percentage points) of receiving PPP sometime during the two rounds of the program. (Thus, in the OLS regression the outcome variable is
binary, either 0 or 100). For the same specification with demographic controls, please see Appendix C.1. The dates of the Alignable Surveys were: Late April:
April 25, 2020–April 29, 2020. Early May: May 09, 2020–May 19, 2020. Late May: May 15, 2020–June 01, 2020. Standard errors are clustered at the state level.
Source: Alignable, 2019 FDIC Share of Deposits, and 2019 5yr ACS.
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4.4 Other Explanations

While bank and business human capital (and the substitution between them) explain

geographic variation well, it is, by no means, the only explanation. In this section, I briefly

analyze how COVID-19 impact, attitudes towards PPP (such as government distrust), and

availability of outside aid may have impacted PPP uptake.

COVID-19 Impact

There is consensus in the literature that PPP was poorly targeted (e.g., Bartik et al., 2020c;

Chetty et al., 2020; Granja et al., 2020). Congress likely knew this, and decided to trade off

targeting for speed. Without making any normative claims, one consequence of this decision

was that PPP funds did not go to places that were hit hardest by the pandemic. Granja et al.

(2020) write that this was particularly evident in the first round, where places with more

business shutdowns received less PPP. In addition, they find that the negative relationship

between shutdowns and PPP overall flattens, but does not turn positive.

In most of the analysis above, COVID-19 impact was controlled for using cases per

100,000 people. The results largely agree with Granja et al. (2020). Tables 4.1 and 4.4 both

show that the coefficient on the COVID-19 case rate at the end of the first round (April

16, 2020) is negative and imprecisely estimated. In contrast, most of the estimates on the

COVID-19 case rate at the end of the program (August 08, 2020) are weakly positive—an

unsurprising result given that Bartik et al. (2020c) found that businesses which were hit

harder by COVID-19 were more likely to apply for PPP. Thus, these businesses should have

managed to get their applications through in the second round.

In addition, the coefficients on the COVID-19 case rate are extremely small. For example,

Column (4) of Table 4.1 shows that holding all else constant, if the COVID-19 case rate in

April increases by 100 cases per 100,000 people, then this predicts that first PPP uptake in a

county will decrease by 0.3 percentage points. This is tiny—the average COVID-19 case rate

on April 16, 2020 (across all counties) was 82 cases per 100,000 people. A similar coefficient

is estimated in Table 4.4, which presents the regression model demonstrating substitution
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effects between bank and business human capital. The COVID-19 case rate in August is

equally poor at predicting PPP uptake in the second round or overall. For example, in

both Table 4.2 and Table 4.4 the estimated coefficients are around 0.0003 with state fixed

effects. This suggests that if the COVID-19 case rate in August increases by 1,000 cases

per 100,000 people, then PPP uptake in a county is predicted to increase by 0.3 percentage

points. The average COVID-19 case rate on April 08, 2020 (across all counties) was 1,122

cases per 100,000 people. Even without state fixed effects, a coefficient of around 0.002 is

quite small. Figure 2.2 also shows that PPP applications did not track COVID-19 severity.

There are many possible reasons for why PPP uptake does not correlate well with

COVID-19 impact. In the first round, PPP funds (weakly) went to areas that were hit less

hard by the pandemic. One possible explanation is that businesses in places that were hit

hard early on (such as New York) were too busy shutting down to apply for PPP. However,

as the vast majority of banks were flooded with PPP applications, the idea that banks

distorted PPP approvals in the first round (Bartik et al., 2020c; Granja et al., 2020) is much

more compelling. The second round is more difficult to explain. One may expect that once

supply-side barriers were removed in the second round, COVID-19 would exhibit a strong

positive correlation with PPP. This is because businesses hit hardest by the pandemic had a

large incentive to apply (if the alternative was to shut down). However, the lack of predictive

power COVID-19 impact has on PPP uptake is less surprising once we consider who would

benefit from PPP. It is unclear that anyone should have optimally self-selected out of PPP.

A businesses who was struggling during the pandemic had every reason to apply, as they

were in need of funding. A business who was doing well during the pandemic should have

also considered applying, as the loans were forgivable.

COVID-19 cases are not a perfect measure of COVID-19 impact. As a robustness

check, one option could be to look at COVID-19 shutdown policies. However, many of

these policies were politically motivated (and later lifted). It also appears that state-wide

lockdowns had a small impact on consumer activity (Goolsbee and Syverson, 2021; Glaeser

et al., 2020). Instead, Figure 4.6 shows the relationship between PPP uptake and mobility
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(from SafeGraph) to capture economic activity in an area. Social distancing was measured

by the amount of time spent at home on April 16, 2020 or August 8, 2020, divided by the

amount of time spent at home one year earlier. Places with more social distancing did worse

in the first round, but there is a positive correlation in the second round. These results are

in line with the findings of Granja et al. (2020) who also study social distancing and state

shutdowns.

(a) First Round (b) Overall

Figure 4.6: Proportion of PPP Received by County and Social Distancing

Notes: Figure 4.6 shows a binscatter (bins = 40) between PPP uptake and social distancing at the county level.
Social distancing is calculated as the median time spent at home on April 16, 2020 (or August 08, 2020), divided
by the median time spent at home on April 16, 2019 (or August 08, 2019). SafeGraph data is given at the Census
block group level—to aggregate up to the county level, the median of all Census block groups in a county was
taken. Thus, the final calculation is a median of a median. The left column presents results for the first round,
and the right column presents results overall in the program. Source: SBA PPP data, 2017 SUSB, and SafeGraph
Social Distancing Metrics.

Extending the work of Granja et al. (2020), one question raised in the beginning of this

thesis was whether certain industries received less PPP due to the fact that they were hit

harder by COVID-19 (and suffered more closures), or due to a lack of human capital. For

example, retail firms may have received relatively less PPP than professional firms because

more retail firms shut down. Another possible explanation is that retail workers have

on average, lower education levels than professional ones. In addition to all the analysis

above, another way to test these hypotheses is to look at the Pulse Census Survey which

asked businesses about COVID-19 impact throughout May and June. The ACS can be used

to estimate the average education level of employees in the respective state and industry.
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Running a regression of PPP uptake overall against COVID-19 impact and education (Figure

4.7) I find that first, including COVID-19 impact in the regression does not explain away the

(positive) relationship between industry education and PPP uptake. Second, the coefficient

on COVID-19 impact is more likely to be insignificant from zero, although including state

and industry fixed effects leads to imprecise estimates on both.31

(a) PPP Overall, No Fixed Effects (b) PPP Overall, State and Industry Fixed Effects

Figure 4.7: Proportion of PPP Received Overall and COVID-19 Impact

Notes: The left panel in 4.7 shows regression coefficients when overall PPP uptake (at the state by industry
level) is regressed against the percent college educated and COVID-19 impact (both at the state by industry
level), without any fixed effects. The right panel in 4.7 shows the same regression as the left panel, with state
and industry fixed effects. Percent college educated is the proportion of employees (in the state and industry)
who have a college degree. COVID-19 impact is the proportion of businesses in the Pulse survey who said (in a
certain week) that COVID-19 has had a “large negative effect” on their business. The Pulse survey is sparse
for some industries, which could lead to large standard errors, please see Footnote 31. Standard errors were
clustered at the state level, and the error bars show standard errors. Source: SBA PPP data, 2017 SUSB, Pulse
Survey, and 2018 5yr ACS.

31Even though the “units” of COVID Impact and education are the same in this regression (both are
proportions), the size of the coefficients are not directly comparable. This is because the two variables are
measuring fundamentally different things. Percent college educated is the proportion of employees (in the state
and industry) who have a college degree. COVID-19 impact is the proportion of businesses in the Pulse survey
who said (in a certain week) that COVID-19 has had a “large negative effect” on their business. With regard to
the standard errors and estimated results, one issue with the Pulse data is that it is sparse. Out of 950 state by
industry pairs (19 industries excluding Public Administration), the average week only had 275 pairs.
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Attitudes Towards PPP

Given the fast and unprecedented roll-out of the program, factors such as fear of debt,

distrust in the government, and changing program rules may have influenced the geographic

distribution of PPP loans. There is a large amount of anecdotal evidence here, in both survey

data and the popular media. For example, when asked why their business did not to apply

for PPP, some Alignable survey respondents said, “Socialism is the bane of our existence.”

Others said, “Debt is a form of slavery,” or simply “Don’t trust the government.” Heads

were also turned when news outlets reported bizarre headlines such as, “Florida man uses

COVID-19 PPP loan to purchase Lamborghini Huracan sports car” (McKee, 2021).

While attitudes towards the program may seem separate from any discussion on bank

and business human capital, the evidence presented in this section supplements the central

thesis that business human capital could substitute for bank human capital in PPP overall.

This is because skepticism towards PPP usually suggests a lack of understanding, and

difficulty navigating the rules of the program. In the Alignable survey data, the most

popular reason (37%) for not applying was because the business said that they did not have

any employees. However, these business may have still been eligible (the loan amount would

have been calculated off net profits instead of payroll). Even if we assume that all businesses

were correct about their eligibility status, 20% of businesses did not apply because they

believed they would not receive any money, and 12% did not trust the loan to be forgiven.

Both of these responses are related to misunderstanding/mistrust in the program. 9% of

businesses reported that their business was going well, so did not apply for PPP. Only 2%

said that they had too few customers. The fact that only a small fraction of businesses cited

business conditions as a reason for not applying is in line with the previous COVID-19

section—pandemic impact is a poor predictor of PPP loan uptake. Finally, 1% of businesses

laid off employees instead of applying for a loan.32

With regard to government distrust, any measure of government distrust is highly

correlated with demographics and political party. For example, in a Pew Research Center

32The remaining respondents listed “other,” and explained in writing.
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survey conducted at the end of 2018, researchers found that among respondents with less

than high school education, 43% had low trust in the government. This number decreases

to 24% among those with a Bachelor’s degree. Income and race show similar patterns,

with low income individuals having less trust than high income earners. Black or Hispanic

individuals have less trust than whites (Rainie et al., 2019). (Both income and race were

controlled for in the results presented in Chapter 4.) Consequently, business human capital

as measured by education, is most likely already accounting for some distrust in the

government.

It is worth noting that the low government trust idea is slightly different from not

applying for PPP because a business owner did not know how to fill out forms. The

outcome is the same—low human capital businesses in places with low bank human capital

miss out of the program, but the channel is a slightly different. For some low human capital

businesses, they did not apply because they did not know how to navigate the paperwork

(direct reflection of education). For other low human capital businesses, it may have been

the case that they knew how to apply for PPP, but had no trust in the government.

Trust in the government also fluctuates depending on the party in control (Keele, 2005;

Pew Research Center, 2019). Namely, Democrats have more trust in the government when

there is a Democratic president in office, and similarly for Republicans. Given that nothing

in the program’s design favored businesses in certain political areas, government distrust

(as captured by political affiliation) should have had no bearing on PPP uptake overall.

As shown in Figure 4.8, even though Republican counties received more PPP in the first

round, this was an unintentional consequence of the strong community banking sector in

Republican areas, and not a direct product of the program’s design (Dorning et al., 2020; Liu

and Volker, 2020; Weissmann, 2020). The figure also shows that in the second round of PPP,

some high business human capital (i.e., fairly Democratic and urban) counties caught up, as

banks processed all of their pent-up applications from the first round.

On the opposite end of government distrust, there is also the very interesting issue of

whether reputational concerns dissuaded eligible businesses from applying. For example,
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(a) First Round (b) Overall

Figure 4.8: Proportion of PPP Received by County and 2016 Trump Share

Notes: Figure 4.8 shows a binscatter (bins = 40) between PPP uptake and 2016 Trump share at the county level.
The left column presents results for the first round, and the right column presents results overall in the program.
Source: SBA PPP data, and MIT Election Data and Science Lab.

Shake Shack and several other publicly traded companies faced severe public criticism for

taking PPP aid (Toh, 2020). Cororaton and Rosen (2020) find that of all the public firms

eligible for PPP, 46.1% decided to participate in the program, but 13.5% of public firms

who received PPP ended up returning their loans. On the other hand, while reputational

concerns may have been salient for large, publicly funded firms, reputation was unlikely

to be important for the majority of eligible businesses. As Cororaton and Rosen (2020)

write, only around 800 public firms received PPP, accounting for 0.3% of total PPP funds (in

dollar terms). In addition, as shown in Chapter 2, the majority of PPP loans went to small

businesses with less than 100 employees.

As a final note, it is also possible that some businesses had no attitude towards PPP

because they had no idea the program was available. While this is certainly possible in

the first round—in fact Humphries et al. (2020) write that the smallest businesses were less

likely to be aware of PPP—by the time PPP ended in August, the vast majority of eligible

businesses should have been aware of the program. This is because PPP and the CARES

Act were heavily publicized, and there were still plenty of funds remaining in June and July.
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Availability of Outside Aid

It is possible that businesses who did not apply to PPP received funding elsewhere, or took

advantage of the generous unemployment insurance (UI) program available at the time.33

For example, the SBA ran the Economic Injury Disaster Loans and Advance Program (EIDL)

concurrently with PPP. EIDL loans were not forgivable and financed at an interest rate of

3.75%. There were no restrictions on how EIDL loans could be spent. In addition, businesses

could request an EIDL advance which was a grant of $1,000 per employee, up to $10,000.

(Whether a business received an EIDL advance was not contingent on having their EIDL

loan application approved.) One key difference between the EIDL program and PPP was

that businesses had to apply through the SBA instead of a financial institution. Businesses

could apply for both the EIDL advance and PPP loan, although PPP forgiveness would be

reduced by the EIDL advance amount. In terms of the size of the program, $20 billion was

given in EIDL advances and there were approximately 3.9 million approvals by May 3, 2020.

(For PPP, by August 08, 2020, there were approximately 5.2 million loans made.) I restrict

my analysis of EIDL to all applications approved prior to May 3, 2020, as it was mostly

agricultural businesses who received EIDL after this time.

As shown in Figure 4.9, compared with first-round PPP, EIDL advance uptake is more

positively correlated with PPP uptake overall. First, this agrees with the prior intuition that

first-round PPP uptake was distorted by banking relationships (banks played no part in the

distribution of EIDL funds). Second, the fact that overall PPP uptake is positively correlated

with EIDL is interesting—it suggests businesses were not substituting between EIDL and

33The Federal Pandemic Unemployment Compensation program was implemented by the CARES Act
alongside PPP, and increased UI benefits by $600. Altonji et al. (2020) find that even though in some cases UI
benefits were more generous than wages, they find no evidence that places with more generous UI were more
likely to lay off workers. In addition, Granja et al. (2020) write that as many businesses seemed to use their PPP
loan for savings or to strengthen financial balance sheets (Chodorow-Reich et al., 2020), it seems unlikely that
PPP was a successful substitute to UI, if the goal was to pay workers affected by the pandemic. The conflicted
messaging sent out by the federal government through the CARES Act is interesting—on one hand, the PPP
aims to dissuade businesses from laying off workers. On the other hand, the fact that UI was so generous
gave businesses an extra incentive to lay off workers. Granja et al. (2020) also believe that the generosity of UI
does not account for the small employment effects seen in the PPP program. (These results are a little tricky
to interpret because even in places that had low replacement rates, the additional $600 was significant in size.
Thus, in reality, all states had very generous UI during PPP.)
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(a) First Round (b) Overall

Figure 4.9: Proportion of PPP Received by County and EIDL Advance Uptake

Notes: Figure 4.9 shows a binscatter (bins = 40) between PPP uptake and EIDL advance uptake at the county
level. The left column presents results for the first round, and the right column presents results overall in the
program. To estimate the share of businesses receiving the EIDL advance, CBP data was used in the denominator
as this allows one to estimate the number of non-agricultural establishments with less than 500 employees. As
the EIDL data does not contain any information on business type of business industry, this implies that the
universe of businesses in the denominator (Census) is much smaller than the universe of businesses eligible for
EIDL. Thus, these figures should be seen as a rough (over) estimate only. Source: SBA PPP data, SBA EIDL
Advance data, 2017 SUSB, and 2018 CBP.

PPP. Places that received no PPP simply received very little assistance from the SBA. One

hypothesis to explain this evidence is that there may be some fundamental factor about

willingness to seek aid which is driving low PPP uptake in certain counties.

To briefly test this hypothesis—that fundamental factors (such as human capital) had a

larger role than temporary shocks (such as COVID-19 impact) in the geographic distribution

of PPP loans—I look at past business borrowing behavior using the 2018 ABS. The ABS

survey asked businesses whether they needed financing, and if so, whether they actually

ended up applying for financial assistance. The data is slightly sparse with only 1,778 data

points (approximately 55% of all counties), however the analysis may still be useful for

explaining PPP uptake in a subset of places.

Table 4.9 shows a regression model between the proportion of businesses who received

PPP and financial conditions/behavior in 2017 (with and without controls for COVID-19

and demographic variables). Columns (1), (3), (5), (7) show that whether or not a business

needed financing in 2017 is not predictive of PPP loan uptake. This is expected—2017 was a
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long time before PPP (not to mention, there was also a pandemic in between). However,

Columns (2), (4) and (8) show that if a county had a large share of businesses who did

not apply for financing conditional on needing financing in 2017, the predicted share of

businesses who received PPP loans decreases. In particular, Columns (8) estimates that

at the county level, if there is a 10 percentage point increase in the percentage of firms

who did not apply for financing (conditional on needing it), then PPP uptake overall is

predicted to decrease by approximately 0.7 percentage points. While this is not a huge

amount, the fact that 2017 financing behavior can predict PPP uptake at a significant level is

quite remarkable.

Consequently, despite the fact that the PPP program was much larger in scale and vastly

different from any past loan program, this model suggests that willingness to apply for

PPP could weakly reflect past financing behavior. In fact, the evidence in this section also

indirectly supports the bank and business human capital explanation as opposed to COVID-

19 driving PPP uptake. Namely, if COVID-19 impact was driving geographic disparities in

PPP, there is no way 2017 financing behavior (which was measured long before COVID-19

hit) should be predictive of 2020 PPP uptake.
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(1) (2) (3) (4) (5) (6) (7) (8)
PPP First Round (%) PPP First Round (%) PPP Overall (%) PPP Overall (%)

Need Financing 2017 (%) -0.0118 -0.0157 -0.0534 -0.0252
(0.0312) (0.0312) (0.0421) (0.0407)

Need Financing, Not Apply 2017 (%) -0.1593∗∗∗ -0.1266∗∗∗ 0.0141 -0.0777∗∗∗

(0.0157) (0.0164) (0.0195) (0.0190)

COVID Case Rate 04/16 -0.0041∗∗∗ -0.0044∗∗∗

(0.0009) (0.0008)

COVID Case Rate 08/08 0.0023∗∗∗ 0.0025∗∗∗

(0.0003) (0.0004)

College Educated (%) 0.1586∗∗∗ 0.1996∗∗∗ 0.2807∗∗∗ 0.2639∗∗∗

(0.0295) (0.0330) (0.0364) (0.0381)

Log Population Density -0.9494∗∗∗ -1.3677∗∗∗ 0.7174∗∗ 0.4923
(0.1716) (0.2126) (0.2383) (0.2569)

Share Black -0.0248 -0.0223 0.1014∗∗∗ 0.1449∗∗∗

(0.0152) (0.0199) (0.0252) (0.0339)

Log Median Income -3.8827∗∗ -5.0712∗∗∗ 4.5968∗∗ 7.6083∗∗∗

(1.2510) (1.3920) (1.6338) (1.6532)

Constant 29.9603∗∗∗ 35.1164∗∗∗ 73.0195∗∗∗ 91.4317∗∗∗ 67.0340∗∗∗ 67.4500∗∗∗ 4.0284 -25.7385
(0.5110) (0.5774) (13.1263) (14.6757) (0.6919) (0.7289) (17.0720) (17.3536)

Observations 2887 1778 2887 1778 2887 1778 2887 1778
Adjusted R2 -0.000 0.056 0.033 0.115 0.000 -0.000 0.148 0.204
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 4.9: PPP Uptake and Past Financing Behavior (County Level)

Notes: Table 4.9 shows the relationship between PPP uptake and past financing behavior, with and without COVID-19 and demographic controls. All
variables are at the county level. PPP First Round (%) is the total number of first round approvals divided by the total number of establishments with < 500
employees. PPP Overall (%) is the total number of PPP approvals divided by the total number of establishments with < 500 employees. The COVID case rate
is the (total) number of confirmed COVID-19 cases per 100,000 people. April 16, 2020 and August 08, 2020 were chosen as these were the last days of the first
and second round respectively. Source: SBA PPP data, 2017 SUSB, 2018 ABS, 2019 5yr ACS, and Opportunity Insights.
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Conclusion

This thesis has used (the substitution of) bank and business human capital to explain the

distribution of PPP funds in both the first and second rounds of the program. By presenting

a theoretical framework and supporting the predictions with county and firm-level data,

I find that places that had low bank and low business human capital still missed out on

PPP despite the fact that the program was re-funded in late April. Banking relationships

and bank human capital mattered—and not just for the first round of PPP. In fact, bank

human capital was especially important in counties with low business human capital. In

contrast, many places with high business human capital were able to get PPP regardless of

the banking sector, catching up in the second round if they missed out in the first round.

In December 2020, PPP was re-funded (for a third time) with $284 billion. The rollout so

far has been slower than in the previous rounds precisely because the Treasury and SBA

have decided to take a more targeted approach (SBA, 2021). Nevertheless, even the slower

rollout has faced challenges, with banks and financial institutions struggling to make change

quickly and implement new rules, again highlighting some tension between private and

public institutions (Cowley, 2021). Future work could include studying the third tranche of

PPP, as well as which businesses applied for loan forgiveness.

In the broader policy debate, the key question that arises when implementing programs

like PPP is the tradeoff between targeting and speed, especially in times of crisis. My results

can be interpreted to support both sides of the argument. On one hand, my results show

that despite the lack of targeting, places with low bank and low business human capital still

missed out. On the other hand, one could also argue that targeting would have severely
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slowed down the roll-out of the program, and if businesses had to jump through many

hoops to get PPP funding, then even more low human capital businesses would have been

left out. One can only hope that we will take the lessons learned from PPP, and create

institutions to distribute funds such that even fewer businesses are left behind next time.
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Appendix A

Appendix to Chapter 1

A.1 Calculation of PPP Uptake

The 2017 SUSB includes aggregated data on all employer businesses in the United States.

The information comes from the Census’s Business Register which is constructed using

Employer Identification Numbers from the Internal Revenue Service. There are several

important exclusions—self-employed individuals are not covered, and neither are industries

with the following NAICS codes: 111, 112, 482,491, 525110, 525120, 525190, 525920, 541120,

814, 92. Most government establishments are also excluded.34

Thus, in order to calculate PPP uptake at the county level, I had to account for differences

between the universe of businesses who were eligible for PPP and the SUSB universe. For

SUSB I only include establishments with less than 500 employees. Similar to Granja et al.

(2020), I use establishments instead of firms as businesses with more than one physical

location were sometimes eligible for more than one PPP loan.35 For the SBA PPP data, I

excluded all self-employed individuals and businesses listed in the above NAICS industries.

In total, there were 4.78 million PPP loans after this cleaning process. (In the raw SBA PPP

34For more information on the 2017 SUSB, please see https://www.census.gov/programs-surveys/
susb/technical-documentation/methodology.html.

35For more information on eligibility requirements, please see https://www.sba.gov/sites/default/
files/2020-04/Paycheck-Protection-Program-Frequently-Asked-Questions_04%2024%202
0.pdf.
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data there were approximately 5.2 million PPP loans).

I also tested whether there were differences in the analysis from just excluding self-

employed individuals, and only including explicitly recognized Census legal forms of

organization.36 In the latter option, all business types in the PPP data that were not

corporations, subchapter S corporations, sole proprietors, partnerships, non-profits, limited

liability companies or partnerships, trusts, or cooperatives were excluded. I found that this

makes very little difference, simply because the other business types are small. For example,

the above sample has 4.6 million loans (which corresponds to 96.4% of the previous sample

where only self-employed individuals were excluded). I decided to use the PPP data where

only self-employed individuals were excluded (4.78 million observations) because Census

defined legal forms of organization can be opaque (there is an ambiguous “Other” category).

In sum, all the PPP uptake calculations at the county level are restricted to the universe of

establishments recognized by the Census, not the full universe of all PPP eligible businesses

(the latter of which includes self-employed individuals etc.).

In order to check that calculating PPP uptake this way was reasonable, I corroborated

these numbers with the Small Business Pulse Survey (SBPS). The SBPS was run by the Census

and asked businesses whether they applied for and received PPP. The target population of

this survey is very similar to the one constructed above—businesses in the Census Business

Register with less than 500 employees. Figure A.1 shows that the calculations from SBA PPP

data roughly agree with SBPS. Note that the SBPS also has a sizeable error—PPP ended on

August 8 2020, yet the survey answers after this time still exhibit some variation. In addition,

we may expect there to be some lag between administrative SBA data and surveyed answers.

36Census recognized legal forms of organization can be found here: https://www.census.gov/progr
ams-surveys/susb/technical-documentation/data-user-resources/legal-form-of-organ
ization.html.
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A.2 Dun and Bradstreet–SBA Merge

About Dun & Bradstreet Data

The universe of businesses in Dun and Bradstreet (D&B) is very different from that of

the Census (such as the 2017 SUSB). The SUSB covers a total of approximately 8 million

establishments (6 million single-unit and 1.8 million multi-unit establishments). For example,

California is reported to have around 810,000 employer establishments with less than 500

employees. In contrast, D&B reports approximately 3.7 million businesses in California with

less than 500 employees. There are two reasons for these differences. First, the universe of

D&B businesses is much larger, and includes nonemployer businesses and self-employed

professionals. The 2018 Census Nonemployer Statistics (NES) reports that there were

approximately 3.5 million nonemployer establishments in California, which means that

nonemployers account for the vast majority of the difference between D&B and SUSB. As

stated by the Census, “The majority of all business establishments in the United States are

nonemployers, yet these firms average less than 4 percent of all sales and receipts nationally”

(United States Census Bureau, 2020a). In this thesis I avoid using the NES as unlike SUSB

and CBP, there is no data available on firm size, the dataset is less standard, and the NES

only accounts for a tiny portion U.S. of economic activity. The second reason why D&B

and Census sources differ is because unlike the Census which has a Business Register

constructed from tax records, a business is added to D&B through direct contact with the

business or through country business registries. Removal of a business occurs through

explicit request or checking that an address/phone number is no longer valid. Thus, D&B is

likely to be comprehensive, but very slow to update. As a result, the calculated proportion

of business who receive PPP will be much lower in D&B compared to the county-level

calculations.

Not all establishments in the D&B sample were eligible for PPP, and D&B does not

provide information on business type (e.g., corporation, PO Boxes, government entities).

Thus, the sample was limited to all businesses with less than 500 employees, non-branch
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locations, non-subsidiaries, and companies with business names, in order to approximate

for PPP-eligible businesses. (The entire SBA PPP dataset was used in the merge—was not

restricted to the 4.78 million loans used in the county-level analysis).

Merge

The merge between D&B and SBA PPP data was done in a three step process. First, for each

SBA business name, a Levenshtein Distance was calculated between all D&B names inside

the SBA business’s ZIP code.37 If there existed a D&B business with a match score of 90 or

higher, the SBA business would be matched to the D&B business with the highest match

score. Next, for all remaining unmatched businesses, the same process would be repeated

between SBA names and D&B secondary business names. For all remaining unmatched

businesses, a final match would be done with business addresses. For the address match, an

exact match was needed with a D&B address in the same ZIP code. The match rates were

CA: 69.4%, NY: 66.7%, and IL: 61.9%.

37All the firm level matching was done using Python’s “FuzzyWuzzy” library, https://pypi.org/proje
ct/fuzzywuzzy/.
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Figure A.1: Pulse Survey Answers and Calculated PPP Uptake

Notes: Figure A.1 shows how Pulse survey answers and calculated PPP uptake differ. The survey was run
weekly, with Phase 1 from April-June. Phase 2 started in August. The frequency shown here is every two weeks.
The red line is the 45-degree line. Source: SBA PPP data, Pulse Survey.
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Appendix B

Appendix to Chapter 3

B.1 Proofs

Proof of Proposition 1

Statement. In the first round of PPP, the share of businesses receiving PPP is proportional to bank

density (d). In other words, the share of businesses receiving PPP is increasing in the number of

banks (M) and decreasing in the number of businesses (N).

Proof. If the budget constraint binds, each bank distributes B loans. Thus, the share of

businesses receiving PPP is given by BM
N = Bd, which is proportional to M and inversely

proportional to N as wanted.

Proof of Proposition 2

Statement. Overall in PPP:

(i) The share of businesses receiving PPP is increasing with the number of banks (M) and business

human capital (h).

(ii) The (positive) relationship between business human capital (h) and PPP share is steeper when

the number of banks (M) is low
(

∂2Share PPP
∂h∂M < 0

)
.
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Proof. (i) Let tc := tbank,c + tbuss,c · h and t−c := tbank,−c + tbuss,−c · h = M
(1−σ)N −

σ
1−σ tbank,c +

tbuss,−c · h. The first order conditions for the client business, non-client business and

bank respectively are

lhP′(tc) = e′(1− tbuss,c) (B.1)

lhP′ (t−c) = e′(1− tbuss,−c) (B.2)

(k + s)P′(tc) = kP′ (t−c) . (B.3)

Using the implicit function theorem and differentiating with respect to M yields

lhP′′(tc)

(
∂tc

∂M

)
= e′′(·)

(
−∂tbuss,c

∂M

)
(B.4)

lhP′′(t−c)

(
∂t−c

∂M

)
= e′′(·)

(
−∂tbuss,−c

∂M

)
(B.5)

(k + s)P′′(tc)

(
∂tc

∂M

)
= kP′′(t−c)

(
∂t−c

∂M

)
. (B.6)

From (B.6) it is clear that ∂tc
∂M must have the same sign as ∂t−c

∂M . Suppose for the sake of

contradiction that both were negative. Then (B.4) and (B.5) implies that ∂tbuss,c
∂M > 0 and

∂tbuss,−c
∂M > 0. As

∂tc

∂M
=

∂tbank,c

∂M
+

∂tbuss,c

∂M
· h

if ∂tc
∂M < 0, then we need ∂tbank,c

∂M < 0. However, as

∂t−c

∂M
=

1
(1− σ)N

− σ

1− σ

∂tbank,c

∂M
+

∂tbuss,−c

∂M
· h

if ∂tbank,c
∂M < 0 and ∂tbuss,−c

∂M > 0, then ∂t−c
∂M > 0, a contradiction. Thus, both ∂tc

∂M and ∂t−c
∂M

have to be positive.

As Share PPP = σP(tc) + (1− σ)P(t−c), this implies that ∂Share PPP
∂M > 0 as wanted.

One interesting corollary (which will be used later to show that the cross-partial is

negative) is that as ∂tc
∂M > 0 and ∂t−c

∂M > 0, (B.4) and (B.5) imply that both ∂tbuss,c
∂M and

∂tbuss,−c
∂M are negative.
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Similarly, using the implicit function theorem and differentiating with respect to h

yields

lP′(tc) + lhP′′(tc)

(
∂tc

∂h

)
= e′′(·)

(
−∂tbuss,c

∂h

)
(B.7)

lP′(t−c) + lhP′′(t−c)

(
∂t−c

∂h

)
= e′′(·)

(
−∂tbuss,−c

∂h

)
(B.8)

(k + s)P′′(tc)

(
∂tc

∂h

)
= kP′′(t−c)

(
∂t−c

∂h

)
. (B.9)

Using the same logic as above, from (B.9) it is clear that ∂tc
∂h must have the same sign

as ∂t−c
∂h . Suppose for the sake of contradiction that both were negative. Then (B.7) and

(B.8) implies that ∂tbuss,c
∂h > 0 and ∂tbuss,−c

∂h > 0. As

∂tc

∂h
=

∂tbank,c

∂h
+ tbuss,c +

∂tbuss,c

∂h
· h

if ∂tc
∂h < 0, then we need ∂tbank,c

∂h < 0. However, as

∂t−c

∂h
= − σ

1− σ

∂tbank,c

∂h
+ tbuss,−c +

∂tbuss,−c

∂h
· h

if ∂tbank,c
∂h < 0 and ∂tbuss,−c

∂h > 0, then ∂t−c
∂h > 0, a contradiction. Thus, both ∂tc

∂h and ∂t−c
∂h

have to be positive.

As Share PPP = σP(tc) + (1− σ)P(t−c), this implies that ∂Share PPP
∂h > 0 as wanted.

(ii) To show the second half of the proposition (i.e., that ∂2Share PPP
∂h∂M < 0) notice first that

∂2Share PPP
∂h∂M

= σP′′(tc)
∂tc

∂M
∂tc

∂h
+ σP′(tc)

∂2tc

∂h∂M

+ (1− σ)P′′(t−c)
∂t−c

∂M
∂t−c

∂h
+ (1− σ)P′(t−c)

∂2t−c

∂h∂M
.

From above, the first and third terms are negative. To sign the second and fourth

terms, apply the implicit function theorem again to (B.7), (B.8), (B.9) by differentiating
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with respect to M.

lP′′(tc)
∂tc

∂M︸ ︷︷ ︸
<0

+lhP′′′(tc)
∂tc

∂M
∂tc

∂h
+ lhP′′(tc)

∂2tc

∂h∂M
= e′′(·)

(
−∂2tbuss,c

∂h∂M

)
(B.10)

lP′′(t−c)
∂t−c

∂M︸ ︷︷ ︸
<0

+lhP′′′(t−c)
∂t−c

∂M
∂t−c

∂h
+ lhP′′(t−c)

∂2t−c

∂h∂M
= e′′(·)

(
−∂2tbuss,−c

∂h∂M

)
(B.11)

(k + s)P′′′(tc)
∂tc

∂M
∂tc

∂h
+ (k + s)P′′(tc)

∂2tc

∂h∂M
= kP′′′(t−c)

∂t−c

∂M
∂t−c

∂h

+ kP′′(t−c)
∂2t−c

∂h∂M

(B.12)

From (B.12), P′′′(tc)
∂tc
∂M

∂tc
∂h + P′′(tc)

∂2tc
∂h∂M has the same sign as P′′′(t−c)

∂t−c
∂M

∂t−c
∂h +

P′′(t−c)
∂2t−c
∂h∂M . Suppose that both were non-negative. Then as P′′′(·) ≤ 0 and P′′(·) > 0,

it must be the case that both ∂2tc
∂h∂M and ∂2t−c

∂h∂M are non-positive. (The first derivatives are

all positive are shown previously). Thus, it must be the case that ∂2Share PPP
∂h∂M < 0 as

wanted.

If instead both P′′′(tc)
∂tc
∂M

∂tc
∂h + P′′(tc)

∂2tc
∂h∂M and P′′′(t−c)

∂t−c
∂M

∂t−c
∂h + P′′(t−c)

∂2t−c
∂h∂M were

negative, then (B.10), (B.11) imply that ∂2tbuss,c
∂h∂M < 0 and ∂2tbuss,−c

∂h∂M < 0. As

∂2tc

∂h∂M
=

∂2tbank,c

∂h∂M
+

∂tbuss,c

∂M
+

∂2tbuss,c

∂h∂M
· h

and

∂2t−c

∂h∂M
= − σ

1− σ

∂2tbank,c

∂h∂M
+

∂tbuss,−c

∂M
+

∂2tbuss,−c

∂h∂M
· h

this implies that the only term that could possibly be positive in ∂2Share PPP
∂h∂M is

σP′(tc)

(
∂2tbank,c

∂h∂M

)
− σP′(t−c)

(
∂2tbank,c

∂h∂M

)
= σ

(
∂2tbank,c

∂h∂M

) (
P′(tc)− P′(t−c)

)
.

From (B.3) we know that P′(tc) < P′(t−c). Thus, if ∂2tbank,c
∂h∂M ≥ 0 we have that ∂2Share PPP

∂h∂M <

0 as wanted. The only case left to consider is if ∂2tbank,c
∂h∂M < 0. To show that the cross-

partial is negative we will show that∣∣∣∣σ(∂2tbank,c

∂h∂M

) (
P′(tc)− P′(t−c)

)∣∣∣∣ ≤ ∣∣∣∣σP′′(tc)
∂tc

∂M
∂tc

∂h

∣∣∣∣ (B.13)
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which is the first term in ∂2Share PPP
∂h∂M (then ∂2Share PPP

∂h∂M will be negative overall because

the positive term is cancelled out).

From Taylor’s theorem (with remainder),

P′(t−c) = P′(tc) + P′′(tc)(t−c − tc) +
P′′′(k)

2
(t−c − tc)

2

where k is between t−c and tc. Thus,

P′(tc)− P′(t−c)︸ ︷︷ ︸
<0 by (B.3)

+
P′′′(k)

2
(t−c − tc)

2︸ ︷︷ ︸
≤0 by P′′′(·)≤0

= P′′(tc)(tc − t−c)︸ ︷︷ ︸
<0 by (B.3) and P′′(·)<0

which implies,

∣∣P′(tc)− P′(t−c)
∣∣ ≤ ∣∣P′′(tc)(tc − t−c)

∣∣ ≤ 2
∣∣P′′(tc)

∣∣ (B.14)

where the last inequality follows from the fact that tc, t−c ∈ [0, 2]. Returning back to

our original assumption, that P′′′(tc)
∂tc
∂M

∂tc
∂h + P′′(tc)

∂2tc
∂h∂M < 0, as we have ∂2tbank,c

∂h∂M < 0

this certainly means that ∂2tc
∂h∂M < 0. As P′′(tc) < 0 the second term is positive, this

implies that we must have∣∣∣∣P′′′(tc)
∂tc

∂M
∂tc

∂h

∣∣∣∣︸ ︷︷ ︸
∗

>

∣∣∣∣P′′(tc)
∂2tc

∂h∂M

∣∣∣∣ ≥ ∣∣∣∣P′′(tc)
∂2tbank,c

∂h∂M

∣∣∣∣ (B.15)

where the second inequality follows because ∂2tc
∂h∂M =

∂2tbank,c
∂h∂M +

∂tbuss,c
∂M +

∂2tbuss,c
∂h∂M · h and all

three terms are negative. As we assumed in the beginning that 2|P′′′(·)| ≤ |P′′(·)| this

means that we must have ∣∣∣∣ ∂tc

∂M
∂tc

∂h

∣∣∣∣ > 2
∣∣∣∣∂2tbank,c

∂h∂M

∣∣∣∣ . (B.16)

This is because if not, then ∗ ≤ (1/2)|P′′(tc)|
∣∣∣ ∂tc

∂M
∂tc
∂h

∣∣∣ ≤ |P′′(tc)|
∣∣∣ ∂2tbank,c

∂h∂M

∣∣∣, contradicting
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(B.15). Thus, combining (B.14) and (B.16), we have that∣∣∣∣σ(∂2tbank,c

∂h∂M

) (
P′(tc)− P′(t−c)

)∣∣∣∣ ≤σ

∣∣∣∣∂2tbank,c

∂h∂M

∣∣∣∣ 2
∣∣P′′(tc)

∣∣
<σ

∣∣∣∣ ∂tc

∂M
∂tc

∂h

∣∣∣∣ ∣∣P′′(tc)
∣∣

showing (B.13), as wanted. Thus, the cross-partial is always negative.

Proof of Proposition 3

Statement. As the budget (B) increases:

• Case 1: If K ≥ B, then each bank will set φ−c = 0.

• Case 2: If B > K but K + L ≤ B, then φ−c will be greater than zero.

• Case 3: If B > K + L then φc = φ−c = 1.

(i) In each case, the probability of receiving PPP for a high human capital, non-client business

weakly increases.

(ii) The increase in probability of receiving PPP (from Case 1 to any other case) for a high human

capital, non-client business is greater than that for a low human capital, non-client business.

Proof. Case 1: By setting φ−c = 0, the commission earned by the bank is the maximum

amount possible, B(k+s)
M . If the bank does not set φ−c = 0, then from the budget constraint

we must have

σγN
M
· φc · P(tbank,c + tbuss,c,h1 · h1) +

σ(1− γ)N
M

φc · P(tbank,c + tbuss,c,h2 · h2) < B

so commission earned by the bank is less than B(k+s)
M . Thus, φ−c = 0 must be optimal

behavior.

Case 2: As K + L ≤ B the bank will still put zero time into serving non-clients—this is
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optimal because conditional on hitting the budget constraint, banks only want to maximize

σγN
M
· P(tbank,c + tbuss,c,h1 · h1) +

σ(1− γ)N
M

· P(tbank,c + tbuss,c,h2 · h2).

As B > K, the bank will need to set φc = 1 (as the bank is able to) and they are also forced

to set φ−c to be greater than zero (otherwise the budget constraint won’t bind).

Case 3: When B = K + L, banks are able to set φ−c = φc = 1 without overshooting the

budget constraint. By setting φ to anything else, banks would be purposely decreasing their

commission (as seen in the bank’s original optimization problem).

Note: One caveat to the above analysis is concerns over how tbuss changes when tbank

increases. For example, if tc,h1
:= tbank,c + tbuss,c,h1 · h1 decreases when tbank,c goes up then

the logic in Case 2 no longer holds as banks will not want to put all their time into serving

clients. (The reason why tc,h1 might go down is because the optimal tbuss,c,h1 changes when

tbank,c changes). However, this will never be the case as e(·) is concave. For example, the first

order condition for a high human capital client business (the other cases are analogous) is

lh1P′(tc,h1) = e′(1− tbuss,c,h1).

Suppose for contradiction that tbank,c increases, but tc,h1 decreases. As tc,h1 decreases but tbank,c

increases, this implies that tbuss,c,h1 must decrease. However, now we have a contradiction

because if tbuss,c,h1 decreases e′(1− tbuss,c,h1) decreases but lh1P′(tc,h1) increases as P′′(·) < 0.

(i) The probability of receiving PPP for a high human capital, non-client business is

φ−c · P(tbank,−c + tbuss,−c,h1). As tbank,−c = 0 for both Case 1 and Case 2, P(tbank,−c +

tbuss,−c,h1) is weakly increasing throughout the three cases. As φ−c is also weakly

increasing, it is clear that this probability weakly increases as well.

(ii) With regard to the increase in probability for high human capital, non-client businesses

versus low human capital, non-client businesses the argument can be made by looking

at both first order conditions. (Note that the probability of receiving PPP for non-clients

is zero in Case 1. Thus, to show the proposition only levels need to be compared).
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Let t−c,h1
:= tbank,−c + tbuss,−c,h1 · h1 and t−c,h2

:= tbank,−c + tbuss,−c,h2 · h2. We want to

show that P(t−c,h1) > P(t−c,h2). From the first order conditions,

lh1P′(tbank,−c + tbuss,−c,h1 · h1) =e′(1− tbuss,−c,h1)

lh2P′(tbank,−c + tbuss,−c,h2 · h2) =e′(1− tbuss,−c,h2).

Suppose for the sake of contradiction that tbuss,−c,h1 · h1 ≤ tbuss,−c,h2 · h2. As h1 > h2,

this implies that tbuss,−c,h1 < tbuss,−c,h2 . Using the fact that P′′(·) < 0, e′′(·) < 0 and the

first order conditions above this implies both

lh1P′(tbank,−c + tbuss,−c,h1 · h1) = e′(1− tbuss,−c,h1) < e′(1− tbuss,−c,h2)

lh1P′(tbank,−c + tbuss,−c,h1 · h1) > lh2P′(tbank,−c + tbuss,−c,h2 · h2) = e′(1− tbuss,−c,h2)

which is clearly a contradiction. Thus, it must be the case that tbuss,−c,h1 · h1 >

tbuss,−c,h2 · h2 ⇒ t−c,h1 > t−c,h2 ⇒ P(t−c,h1) > P(t−c,h2) as wanted.
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Appendix C

Appendix to Chapter 4

C.1 Firm Level Analysis: Additional Specifications

Dun and Bradstreet

Tables C.1 and C.2 supplement Tables 4.5 and 4.6 in the main text. The same specification is

run, except Tables C.1 and C.2 present a logit regression. In Table C.1 all of the estimated

coefficients on the number of banks and education at the ZIP code level are positive. In

addition, the interaction term is consistently negative, supporting the main text. Similarly,

in Table C.2, the coefficients on the number of banks and college education at the ZIP

code level are positive, and the interaction term between firm size and college education is

negative, as wanted.

Alignable

Tables C.3 and C.4 supplement Tables 4.7 and 4.8 by running the same specification (OLS),

but controlling for demographics at the ZIP code level. Similar inferences can be made for

the results with and without demographic controls.
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(1) (2) (3) (4) (5) (6)
Received PPP Overall (Probability)

Log Sales (ind.) 1.3713∗∗∗ 1.3544∗∗∗ 1.1011∗∗∗ 1.3571∗∗∗ 1.3503∗∗∗ 1.0976∗∗∗

(0.0093) (0.0088) (0.0089) (0.0090) (0.0088) (0.0088)

Log Employees (ind.) -0.1049∗∗∗ -0.0995∗∗∗ 0.0477∗∗∗ -0.0987∗∗∗ -0.0977∗∗∗ 0.0494∗∗∗

(0.0038) (0.0037) (0.0035) (0.0038) (0.0037) (0.0036)

Number of Banks (zip) 0.0276∗∗∗ 0.0312∗∗∗ 0.0300∗∗∗ 0.0266∗∗∗ 0.0252∗∗∗ 0.0244∗∗∗

(0.0039) (0.0034) (0.0030) (0.0038) (0.0036) (0.0032)

College Educated (%, zip) 0.0031∗∗∗ 0.0032∗∗∗ 0.0039∗∗∗ 0.0049∗∗∗ 0.0034∗∗∗ 0.0039∗∗∗

(0.0005) (0.0005) (0.0005) (0.0006) (0.0006) (0.0006)

Number of Banks (zip) X College Educated (%, zip) -0.0005∗∗∗ -0.0005∗∗∗ -0.0004∗∗∗ -0.0004∗∗∗ -0.0004∗∗∗ -0.0004∗∗∗

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Log Population Density (zip) -0.0250∗∗∗ -0.0050 -0.0068
(0.0032) (0.0054) (0.0053)

Share Black (zip) -0.0045∗∗∗ -0.0049∗∗∗ -0.0047∗∗∗

(0.0004) (0.0004) (0.0004)

Log Median Income (zip) -0.1286∗∗∗ -0.1074∗∗∗ -0.0880∗∗

(0.0216) (0.0282) (0.0278)
County FE No Yes Yes No Yes Yes
Industry FE No No Yes No No Yes
Observations 6.333e+06 6.333e+06 6.333e+06 6.325e+06 6.325e+06 6.325e+06
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table C.1: PPP Uptake and Bank and Business Human Capital (Logit, Firm Level: CA, NY, IL)

Notes: Table C.1 shows the relationship between overall PPP uptake and bank and business human capital, with and without demographic controls. A logit
model is used and the raw coefficients are reported here. The parentheses next to the independent variables represent the level of the data, where “ind.”
means that the variable is at the individual firm level and “zip” refers to the ZIP code level. Bank human capital is proxied by the number of banks. Business
human capital is proxied by college education. PPP Overall is the predicted probability of receiving PPP sometime during the two rounds of the program. (In
the logit regression the outcome variable is binary, either 0 or 1). For the corresponding OLS specification and more details on the Dun & Bradstreet data,
please see Appendix A.2 and Table 4.5. Standard errors are clustered at the ZIP code level. Source: SBA PPP data, 2020 Dun & Bradstreet, 2019 FDIC Share of
Deposits, and 2019 5yr ACS.
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(1) (2) (3) (4) (5) (6)
Received PPP Overall (Probability)

Log Sales (ind.) 1.3658∗∗∗ 1.3499∗∗∗ 1.0994∗∗∗ 1.3517∗∗∗ 1.3461∗∗∗ 1.0960∗∗∗

(0.0094) (0.0088) (0.0088) (0.0092) (0.0088) (0.0088)

Log Employees (ind.) 0.0014 0.0042 0.1429∗∗∗ 0.0089 0.0071 0.1456∗∗∗

(0.0079) (0.0075) (0.0077) (0.0078) (0.0075) (0.0077)

College Educated (%, zip) 0.0032∗∗∗ 0.0031∗∗∗ 0.0037∗∗∗ 0.0050∗∗∗ 0.0040∗∗∗ 0.0043∗∗∗

(0.0003) (0.0004) (0.0004) (0.0005) (0.0005) (0.0005)

Log Employees (ind.) X College Educated (%, zip) -0.0025∗∗∗ -0.0025∗∗∗ -0.0023∗∗∗ -0.0025∗∗∗ -0.0025∗∗∗ -0.0023∗∗∗

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Number of Banks (zip) 0.0054∗∗ 0.0080∗∗∗ 0.0081∗∗∗ 0.0054∗∗ 0.0052∗∗ 0.0055∗∗∗

(0.0020) (0.0018) (0.0016) (0.0020) (0.0018) (0.0016)

Log Population Density (zip) -0.0228∗∗∗ -0.0025 -0.0044
(0.0031) (0.0054) (0.0053)

Share Black (zip) -0.0049∗∗∗ -0.0055∗∗∗ -0.0053∗∗∗

(0.0003) (0.0004) (0.0004)

Log Median Income (zip) -0.1292∗∗∗ -0.1229∗∗∗ -0.1024∗∗∗

(0.0217) (0.0287) (0.0281)
County FE No Yes Yes No Yes Yes
Industry FE No No Yes No No Yes
Observations 6.333e+06 6.333e+06 6.333e+06 6.325e+06 6.325e+06 6.325e+06
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table C.2: PPP Uptake and Individual Business Human Capital (Logit, Firm Level: CA, NY, IL)

Notes: Table C.2 shows the relationship between overall PPP uptake and individual business human capital, with and without demographic controls. A logit
model is used and the raw coefficients are reported here. The parentheses next to the independent variables represent the level of the data, where “ind.”
means that the variable is at the individual firm level and “zip” refers to the ZIP code level. Individual business human capital is proxied for using firm size
(log employees). PPP Overall is the predicted probability of receiving PPP sometime during the two rounds of the program. (In the logit regression the
outcome variable is binary, either 0 or 1). For the corresponding OLS specification and more details on the Dun & Bradstreet data, please see Appendix A.2
and Table 4.6. Standard errors are clustered at the ZIP code level. Source: SBA PPP data, 2020 Dun & Bradstreet, 2019 FDIC Share of Deposits, and 2019 5yr
ACS.
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(1) (2) (3) (4) (5) (6)
PPP Applied (%)

Late April Early May Late May Late April Early May Late May
Log Employees Jan (ind.) 12.416∗∗∗ 12.434∗∗∗ 12.624∗∗∗ 12.052∗∗∗ 11.818∗∗∗ 11.831∗∗∗

(0.5178) (0.2782) (0.4421) (0.6081) (0.2848) (0.4623)

Number of Banks (zip) 0.5761∗ 0.4084∗ 0.2593 0.5768 0.6049∗∗ 0.3882
(0.2682) (0.1725) (0.2117) (0.2874) (0.2078) (0.2056)

College Educated (%, zip) 0.1063 0.0779 0.1109 0.1484 0.1262∗∗ 0.1494∗

(0.0671) (0.0429) (0.0571) (0.0790) (0.0466) (0.0612)

Number of Banks (zip) X College Educated (%, zip) -0.0042 -0.0049 0.0001 -0.0050 -0.0072 -0.0025
(0.0043) (0.0029) (0.0036) (0.0049) (0.0036) (0.0036)

Log Population Density (zip) 0.9889∗ 1.3059∗∗∗ 0.7637∗ 0.8097 0.8317∗∗∗ 0.5259
(0.3974) (0.2046) (0.3059) (0.4541) (0.2236) (0.2950)

Share Black (zip) -0.0141 -0.0705∗∗ 0.0095 0.0038 -0.0188 0.0101
(0.0326) (0.0245) (0.0358) (0.0393) (0.0374) (0.0372)

Log Median Income (zip) -0.7824 1.3715 0.1095 -1.1163 -0.6039 -1.8705
(2.3566) (1.7789) (2.4138) (2.7789) (2.0338) (2.5622)

State FE No No No Yes Yes Yes
Industry FE No No No Yes Yes Yes
Observations 8655 19852 13071 8151 17775 11954
Adjusted R2 0.09993 0.1085 0.09901 0.1243 0.1272 0.1241
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table C.3: PPP Applied and Bank and Business Human Capital (Firm Level: Alignable, With Demographics)

Notes: Table C.3 shows the relationship between PPP application in the Alignable data and bank and business human capital, with demographic controls.
The parentheses next to the independent variables represent the level of the data, where “ind.” means that the variable is at the individual firm level and “zip”
refers to the ZIP code level. Bank human capital is proxied by the number of banks. Business human capital is proxied by college education. PPP Applied
(%) is the predicted probability (in percentage points) of applying for PPP sometime during the two rounds of the program. (Thus, in the OLS regression the
outcome variable is binary, either 0 or 100). For the same specification without demographic controls, please see Table 4.7. The dates of the Alignable Surveys
were: Late April: April 25, 2020–April 29, 2020. Early May: May 09, 2020–May 19, 2020. Late May: May 15, 2020–June 01, 2020. Standard errors are clustered
at the state level. Source: Alignable, 2019 FDIC Share of Deposits, and 2019 5yr ACS.
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(1) (2) (3) (4) (5) (6)
PPP Received (%)

Late April Early May Late May Late April Early May Late May
Log Employees Jan (ind.) 10.168∗∗∗ 15.194∗∗∗ 16.394∗∗∗ 10.410∗∗∗ 14.855∗∗∗ 15.818∗∗∗

(0.6711) (0.2978) (0.4265) (0.6335) (0.3441) (0.4825)

Number of Banks (zip) 0.3083 0.6567∗∗∗ 0.7426∗∗∗ 0.4162∗ 0.7884∗∗∗ 0.7283∗∗

(0.2004) (0.1862) (0.2064) (0.1949) (0.1906) (0.2461)

College Educated (%, zip) 0.1942∗∗∗ 0.1575∗∗∗ 0.2596∗∗∗ 0.1630∗∗ 0.1406∗∗∗ 0.1989∗∗∗

(0.0509) (0.0290) (0.0587) (0.0551) (0.0319) (0.0546)

Number of Banks (zip) X College Educated (%, zip) -0.0037 -0.0080∗ -0.0101∗ -0.0054 -0.0096∗∗ -0.0104∗

(0.0041) (0.0034) (0.0041) (0.0042) (0.0034) (0.0047)

Log Population Density (zip) -1.5255∗∗∗ -0.1149 -0.2894 -1.1402∗∗ -0.1633 -0.0516
(0.3196) (0.2739) (0.2645) (0.3468) (0.2235) (0.2959)

Share Black (zip) -0.0766 -0.1686∗∗∗ -0.1155∗∗ -0.0754 -0.1210∗∗∗ -0.1330∗∗

(0.0435) (0.0217) (0.0366) (0.0439) (0.0299) (0.0425)

Log Median Income (zip) -7.5997∗∗∗ -3.5093∗∗ -2.3807 -6.7308∗∗ -3.2643∗∗ -1.9619
(1.9967) (1.0999) (2.3168) (2.4399) (1.0581) (2.4373)

State FE No No No Yes Yes Yes
Industry FE No No No Yes Yes Yes
Observations 8655 19852 13071 8151 17775 11954
Adjusted R2 0.1038 0.1651 0.1694 0.1223 0.1814 0.1871
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table C.4: PPP Received and Bank and Business Human Capital (Firm Level: Alignable, With Demographics)

Notes: Table C.4 shows the relationship between receiving PPP in the Alignable data and bank and business human capital, with demographic controls. The
parentheses next to the independent variables represent the level of the data, where “ind.” means that the variable is at the individual firm level and “zip”
refers to the ZIP code level. Bank human capital is proxied by the number of banks. Business human capital is proxied by college education. PPP Received
(%) is the predicted probability (in percentage points) of receiving PPP sometime during the two rounds of the program. (Thus, in the OLS regression the
outcome variable is binary, either 0 or 100). For the same specification without demographic controls, please see Table 4.8. The dates of the Alignable Surveys
were: Late April: April 25, 2020–April 29, 2020. Early May: May 09, 2020–May 19, 2020. Late May: May 15, 2020–June 01, 2020. Standard errors are clustered
at the state level. Source: Alignable, 2019 FDIC Share of Deposits, and 2019 5yr ACS.
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