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Abstract

Using granular data, we describe the dimensions along which bank technologies differ
from fintech competitors and construct a novel measure of a bank’s technology based upon
its technology overlap with fintech firms. We show that a one standard deviation increase
in our financial technology measure is associated with an 8.7 percentage point increase in
transaction-based loans associated with the Paycheck Protection Program (PPP) in 2020Q2.
Technology enables banks to originate outside of their branch market area and in less concen-
trated geographies, but does not crowd out in-market lending that is more associated with
a physical presence. In a difference-in-differences analysis, we show an outsized increase in
small business lending growth in 2020 for mid-sized high tech banks relative to their peers.
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I. Introduction

Financial technology and its role in the financial landscape is prevalent in discussions in the

academic literature,1 popular press,2, and regulatory communities.3 Financial technological

innovations have factored into consolidation and have given new players a means to enter the

lending space.4 An often-discussed implication of these trends is that small and mid-sized

banks, which lack the economies of scale that typically support investments in technology,

may face increasing pressure (Berger, Molyneux, and Wilson (2014)).

Amidst the trend of consolidation, smaller banks have maintained market share in small

business lending, a market where relationship lending models have so far given them a com-

parative advantage. Operating in fewer markets, with fewer layers of management makes it

easier for loan officers at smaller banks to use local knowledge and personal experience with

a borrower to convey soft information for business decisions and underwriting.5 In contrast,

larger banks tend to have a comparative advantage in transactional lending, having devel-

oping automated methods to process hard information submitted in loan applications along

with credit scores. What are the technological capabilities underlying these differences in

lending models? And, if technology leads to more demand for online loan applications and

new entrants in small business lending,6 will smaller banks be ready to compete in terms of
1See Thakor (2020), and references therein.
2E.g., Verhage, Julie and Jennifer Surane. “Big Tech Is Coming for Banking: Experts Predict Fintech’s 2020.”

Bloomberg, 23 Dec. 2019.
3E.g., “The Federal Reserve has committed substantial staff resources to assessing financial innovation related

to our policy and regulatory responsibilities.” Statement for the Record of Staff of the Board of Governors of the
Federal Reserve System, U.S. House of Representatives, 25 June 2019.

4From June 2010 to June 2019, the number of commercial bank branches declined by 6.3 percent (from 82,011
to 76,837) even as total commercial bank assets grew 22 percent (43 percent nominal growth). In this way, banks
transitioned from a physical branch model toward one using information technology and online platforms (see Vives
(2019)).

5The FDIC’s 2018 Small Business Lending Survey Federal Deposit Insurance Corporation (2018) finds that only
11.2 percent of small banks and 22.8 percent of large banks allowed small business borrowers to apply online (as
opposed to at a branch, by telephone, or on-site). Almost half of large banks, but only one in ten small banks,
considered nonbank fintech firms to be a frequent competitor, with neither size class of banks considering nonbank
fintechs to be a top competitor.

6E.g., Verhage, Julie and Jennifer Surane. “Technology is allowing both larger banks and fintech players to move
into more specialized areas, such as small business lending, that heretofore had been the domain of local banks.”
S&P Global The Future of Banking: The Growth of Technology, 13 Feb. 2019.
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transactional lending technology?

Evaluating the ability of smaller banks to compete in the space of transaction-based

lending is complicated first by the measurement of technology, second by the challenge of

controlling for unobservable differences in credit quality across loans, and third by the en-

dogenous decisions of banks to choose technology given the existing lending opportunities.

Our paper uses data previously unexplored in the literature to capture technology and con-

siders an unexpected circumstance where a majority of the small business lending market

became transactional. Features of the lending program highlight the role of efficiently pro-

cessing hard information, rather than differences in monitoring, underwriting, or the interest

rates or fees that banks charge. In this way, our analysis focuses on the role of technology in

automating the processing of loan applications.

Launched in the early weeks of the onset of the 2020 COVID-19 pandemic in the United

States, PPP loans are precisely the information-insensitive, transactional loans that extant

theories suggest are the province of larger banks and technology firms (Berger and Udell

(1995), Petersen and Rajan (1995)). In particular, the Small Business Administration (SBA)

guaranteed the full outstanding balance of PPP loans and that guarantee was itself backed by

the full faith and credit of the United States: soft information on creditworthiness provided

no comparative advantage to lenders in terms of underwriting. Furthermore, because funds

were potentially limited and due to pressure from borrowers, PPP lending volume depended

on rapid processing of application materials.7 Although larger banks are generally associated

with higher levels of transaction based lending, banks with less than $10 billion in assets as

of June 2020 made up 40.7 percent share of PPP lending volume and 45.1 percent share of

total PPP loans. These market shares were not only larger than their market share in assets,

but also an even greater share of PPP lending than their collective prior small business loan
7A concern with interpreting PPP lending as a reflection of credit demand is the extent of potentially misreported

loans. In one evaluation of misreporting, Griffin, Kruger, and Mahajan (2023) use several metrics to flag loans as
suspicious, such as especially high compensation relative to the number of employees. Overall, they identify 12.3
percent of PPP loans as suspicious, with substantially higher rates for loans originated by fintechs as well as for loans
originated in the last round of funding. Our analysis focuses on lending differences between banks and does not
include the final round of funding. Thus, to the extent that misreported loans do not align with our interpretation,
we expect that such loans would make up a relatively small share of the loans that form the basis of our analysis.
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portfolio would suggest.8

We argue that the 2020 pandemic is a shock that differentially enhanced the value of

technology for lending. For example, pandemic-related concerns may have increased the

relative value of virtual platforms for borrowers or technology may have been relatively more

valuable for lending due to the information insensitivity of PPP loans. As a June 10, 2020

American Banker article argues, “[w]hen the Small Business Administration rolled out its

Paycheck Protection Program, it set off a fire drill of sorts among bank technology executives,

who had to quickly figure out how to accept applications from borrowers and load them into

the SBA’s system before the money ran out.”9 Our premise is that prior investments in

technology or prior experience with transactional lending would give a lender an edge in the

competitive market to originate PPP loans at the start of the pandemic.

Using the product installation data from the Aberdeen Technology Data Cloud (hereafter

Aberdeen), we compare and contrast technologies used by banks and fintech firms prior to

the pandemic. To our knowledge, we are the first to formally quantify the differences in

technologies used by banks and fintech firms.10 We find that fintech firms are more likely

than banks to use business intelligence software, app development, help desk management

(such as chatbots), and customer relationship management software than their banking peers.

On the other hand, banks are more likely to use local servers, routers, local area networks,

and firewalls than their fintech peers.

Taking the proportion of fintechs using a technology as weights, we then construct a novel

measure of financial technology, which we call the Fintech Similarity Score (hereafter, FSS).

Given that banks have different business models than fintechs, we do not penalize banks

for having technologies that are not used by fintechs. Instead, FSS captures the extent to
8Source: Call Reports.
9Crosman, Penny. “The tech Sunrise Banks used to quickly dole out PPP loans.” American Banker. 10 Jun.

2020.
10Also using Aberdeen, Pierri and Timmer (2020) find that banks with higher technology adoption (measured

primarily through computers per employee) prior to the 2008 financial crisis subsequently had fewer nonperforming
loans. He, Jiang, Xu, and Yin (2022) find that demand for mortgage refinancing can drive greater IT spending. In
contrast, our analysis focuses on the role of technology in meeting credit demand, particularly when underwriting
is a lesser consideration in the context of government guarantees. In addition, we are the first, to our knowledge,
to provide evidence of how a bank’s use of a wide range of technologies can mimic the capabilities of fintechs.
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which banks have the technologies used most commonly by fintech firms. FSS captures the

substance of technology investment more so than the scale. To feature these substantive

differences, we also create component measures for a bank’s similarity to fintech firms within

various categories of technology (e.g., hardware and software).

For our main empirical analysis, we examine whether technology, as of 2019, plays an

important role in understanding the average banks’ PPP lending outcomes in the second

quarter of 2020. We find that our FSS technology measure is strongly associated with more

intensive and more geographically diffuse PPP lending, controlling for an array of 2019 bal-

ance sheet variables (for example, bank size). A one standard deviation increase in FSS is

associated with a 8.7 percentage point increase in PPP loan volume in 2020Q2. Our finding

that technology is associated with reduced loan concentration holds even after controlling for

the geographic concentration of a bank’s deposits and small business lending in 2019.

Banks may access technology along other dimensions, for example, in partnerships or

contracting arrangements with technology providers. In robustness checks, we show that our

results hold when we include alternative measures of bank technology. These alternative

measures encompass spending on external services including data processing and are based

upon expense information available in quarterly financial statements (Call Reports). FSS

and the alternative measures appears to capture distinct aspects of technology, suggesting

that there may be multiple technology pathways for achieving similar outcomes.11

Unlike relationship lending, transaction-based lending does not rely on knowledge about

borrowers that results from close physical proximity. Consequently, we expect that technology-

based lenders lend over a more diffuse geography given a particular number of loans and a set

physical presence in terms of branches. While many banks invested in technology and devel-

oped partnerships during the pandemic, we expect that those with pre-existing investments

would be the most knowledgeable and best positioned for the demands of remote access. Our

primary measure of geographic lending concentration is a Herfindahl-Hirschman Index (HHI)
11For a more general analysis of how investments in various forms of technology each contributed to greater PPP

lending as well as lending at greater distances, in particular for community banks, see Hoople (2021).
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of lender-level PPP county-loan concentration.

To provide an overview of how technology facilitates diffuse lending, Figure I plots kernel

densities of the residuals from a lender-level OLS regression of a banks’ loan concentrations

(HHI) on a quadratic expression of log PPP loans (to control for loan volume) for lenders

with at least 500 loans. We plot residuals for nonbank fintech firms (defined according to

Erel and Liebersohn (2022)), large banks (greater than $50 billion in assets as of year-end

2019), high-technology (top five percent FSS) banks between $1 billion and $10 billion in

assets and low-technology (bottom 50 percent FSS) banks between $1 billion and $10 billion

in assets. Higher density on the left side of the graph indicates that conditional on the number

of loans, loans tend to be more geographically dispersed (lower HHI) for a given lender type.

Conversely, higher density on the right side of the graph indicates that conditional on the

number of loans, PPP loans tend to be more geographically concentrated (higher HHI) for a

given lender type. Fintech firms, which are thought to operate without a comparable physical

presence, have the most geographically dispersed loan portfolios given the number of PPP

loans. Large banks, which tend to operate large branching networks that are expected to

produce some ties between lending and their physical presence, are more concentrated than

fintechs. Banks between $1 billion and $10 billion in assets and in the bottom 50th percent

of FSS are far more geographically concentrated than fintech firms given the number of PPP

loans issued. Perhaps more surprising is that technology-heavy banks (in the top five percent

of our measure) with between $1 billion and $10 billion in assets not only lend more diffusely

than large banks, but also lend nearly as diffusely as fintechs.

Our results suggest that tech-heavy banks appear to operate in the competitive landscape

between fintech firms and traditional banks. While the physical presence of banks plays an

important role in small business lending (as in Bolton, Freixas, Gambacorta, and Mistrulli

(2016)), we provide evidence that technological investments of banks enabled banks to op-

erate more similarly to fintechs. We compare the PPP lending profile of nonbank fintechs

to banks, segmented according to our technology measures. In a result that parallels Figure

I, we find that banks with technological profiles most similar to fintechs issued PPP loans
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at quantities and levels of geographic concentration more similar to the nonbank fintechs

than other banks. Conditional on the quantity of loans, we find that the difference in geo-

graphic loan concentration between banks and nonbank fintechs is reduced by approximately

40 percent when a bank has a technological profile similar to fintechs.

Consistent with our findings regarding the geographic diffusion of lending, we find that

technology is strongly related to the proportion of out-of-area PPP loans made by a bank.

For this paper, we define out-of-area PPP lending as lending in counties or states where a

bank does not have a physical, branch presence. We find that the result is driven primarily

by higher levels of out-of-area lending rather than substitution from in-area lending to out-of-

area lending. Technology does not depress in-market PPP loans overall, as might be expected

if there were an “either-or” decision to provide local relationship-based lending versus more

remote, technological-based loans (or a clear tradeoff between those options).

As technology is an endogenous choice by banks, the estimated relationships from the

cross-sectional regressions between PPP lending and bank technology are not necessarily

causal. For example, differences in PPP lending during the pandemic may reflect pre-existing

differences in lending strategies across banks based on omitted factors correlated with bank

technologies. To address this endogenous technology adoption concern, we adopt a difference-

in-differences approach, comparing loan growth and loan concentration for banks across tech-

nologies, before and after the onset of the pandemic. For the analysis, we rely on publicly

available Community Reinvestment Act (CRA) data on small loans to businesses for mid-sized

banks ($1.284 billion to $10 billion in assets).12 The data include both the subset of PPP

loans meeting the definition of small business loans for reporting as well as loans made in 2020

outside of the PPP. Our year-by-year estimates (for several years prior to the pandemic) are

consistent with the parallel trends assumption that underlies our PPP analysis. Furthermore,

we find that in 2020, the number of small business loans made by high-tech midsized banks

increased by approximately 45 percent relative to their lower technology peers. In addition,

we find that in 2020, the concentration of high-tech banks’ small business lending relative to
12The CRA data are not available for smaller institutions.
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their respective deposit footprints decreased (dispersion increased) relative to their peers.

This research aims to fill a knowledge gap by presenting multiple, quantitative measures

of a bank’s technical capacity that are not specific to a single technology. Prior innovations

studied in the literature include the adoption of Automated Teller Machines (Saloner and

Shepard, 1995) and transactional bank websites (DeYoung, Lang, and Nolle, 2007). These

innovations and others have become widespread and may have contributed to consolidation

and to geographic expansion of banks, through affiliates ((Berger, 2003) (Berger and DeYoung,

2006)). Early adoption varied with the characteristics of a bank (for example, size, extent

of branch network, and deposit mix). Other research infers the importance of technology by

measuring, for example, the market share of Fintech firms Buchak, Matvos, Piskorski, and

Seru (2018). Our research introduces a measure of technology relevant for both non-banks

and banks and compares it alongside other measures of technical capacity.

Our paper relates to existing research on the channels through which the banking system,

and financial system more generally, responded to the pandemic and associated government

programs. Li, Strahan, and Zhang (2020) show that most of the aggregate deposit inflows in

2020Q1 are attributable to credit-line drawdowns at the largest banks. More closely related

to this paper, Li and Strahan (2021) and Lopez and Spiegel (2023) find that traditional

measures of relationship lending (for example, smaller bank size, prior experience in small

business lending, higher loan commitments, and higher core deposits) predict PPP lending.

Erel and Liebersohn (2022) show that fintechs help pick up slack in PPP lending where

there exist fewer bank branches and Howell et al. (2021) show that Black-owned businesses

were particularly likely to borrow from fintechs. In contrast, we study the role of technology

in meeting bank PPP demand, while also controlling for some of the balance sheet factors

included in previous empirical work. Complementing Li and Strahan (2021), we find that

while local relationships mattered for in-area PPP lending, technology is a critical feature to

understand the ability of smaller banks to capture shares of PPP lending above and beyond

their pre-existing shares of small-business lending. We argue that technology can explain up

to about one sixth of high-tech banks’ PPP loan share.
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The rest of the paper is organized as follows. Section II provides some background.

Section III discusses the measures of bank technology used throughout the paper. Section

IV examines the relationship between bank technology and PPP lending and compares the

PPP lending profile of nonbank fintech lenders to bank PPP lenders. Section V examines the

proportion of PPP loans supplied by different segments of the market based on local bank

technology. Section VI discusses the difference-in-differences analysis. Section VII concludes.

II. Background

On January 21, 2020, the Center for Disease Control confirmed the first COVID case in the

United States. As awareness of the scale of the pandemic grew, individuals took actions to

reduce their individual exposures to the virus and local and state governments took measures

to reduce the spread of the virus and the burdens on public health systems. Subsequently,

states and territories issued mandatory stay-at-home orders, with the first territory issuing an

order on March 15 (Puerto Rico) and the first state order issued on March 19 (California), with

other states following suit.13 By the end of the first quarter in 2020, the federal government

of the United States mounted an initial fiscal response.

On March 27, 2020, Congress passed the CARES Act, which included the Paycheck Pro-

tection Program (PPP) offering $349 billion in aid to small businesses and administered by

the Small Business Administration. The PPP has a number of important institutional details

relevant for understanding the factors that drove bank and non-bank participation in the

program. Demand for PPP loans at the onset of the program was high and initial funds were

dispersed entirely between April 3 and April 16, 2020 (Phase 1). On April 24 the program was

extended to $669 billion by the Paycheck Protection Program and Health Care Enhancement

Act (Phase 2).14 Lenders participating in the SBA 7(a) lending program at the time of PPP
13Source: Centers for Disease Control and Prevention.
14In addition, the CARES Act provided direct stimulus payments of up to $1,200 per adult in households earning

less than $99,000 per year. Although the passage of the bill was in the first quarter of 2020, the first stimulus checks
were sent April 13, 2020, and the PPP was opened on April 3, 2020.
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were automatically approved to make PPP loans on a delegated basis. The CARES Act also

enabled the SBA Administrator and Secretary of the Treasury to authorize additional lenders

to meet borrower demand. As a result of the institutional features of the program, Phase

1 PPP lenders were predominantly banks (Erel and Liebersohn (2022)) and prior SBA 7(a)

participation was a key determinant in PPP lender participation (Lopez and Spiegel (2023),

Granja, Makridis, Yannelis, and Zwick (2022)). Given the minimal role of fintechs in Phase

1, we focus on 2020Q2 PPP data overall (including both phases) to facilitate comparisons

between banks and fintechs. We end in 2020Q2 to minimize the role of technology adoption

decisions made as a result of the pandemic. However, the main results are similar using

Phase 1 PPP data. Moreover, we account for prior SBA 7(a) lending. In most cases, the FSS

measure appears orthogonal to many other drivers of PPP lending.

Collectively, the pandemic and associated government responses are associated with un-

precedented increases to commercial and industrial lending reported on banks’ Call Reports.

Figure II plots quarterly C&I lending growth from 2000Q2 until 2020Q2. Bank C&I lending

grew by $343 billion (15.5 percent) in 2020Q1 and by $146 billion (5.7 percent) in 2020Q2.

The first quarter growth is attributable to credit-line drawdowns at the largest banks Li,

Strahan, and Zhang (2020). The second quarter includes $482 billion in lending supported

by PPP. The distribution of PPP lending across banks was uneven, resulting in substantially

greater growth in the highest percentiles of C&I lending (see Figure III).15 In 2020Q2, the

median bank’s C&I lending growth increased by over 42 percentage points relative to the me-

dian bank’s lending growth one year prior: in the prior four years, the increase in the median

bank’s CI lending growth never exceeded 1 percentage point. We argue that reduced interest

for in-person banking brought about by the pandemic, combined with the PPP, advantaged

technology banking solutions relative to physical branches.
15The Call Reports do not distinguish PPP by loan type. However, Federal Register Vol. 85, No. 98 suggests

that most PPP loans were expected to be commercial and industrial lending, with the remainder as agricultural
loans and all other loans.
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III. Data

Our analysis sample of banks derives from quarterly Call Report data, which is also the source

for bank full time employment as well as bank balance sheet or financial stock variables

including core deposits, equity, C&I lending, loan commitments, and assets for 2019. We

consider a set of active banks in 2020Q2. Bank branch locations and the number of branches

derive from FDIC Summary of Deposits (SOD) data, reported as of June 30, 2019. We

link these data to PPP loan-level data, data on financial technology, and data on location

characteristics to assemble our analysis dataset.

A. PPP loan-level data

To analyze the role of technology in PPP lending, we use SBA data on the location and

lender names for all PPP loans. To match with Call Report data and to minimize the role

of ex-post technology decisions by the bank, we restrict attention to PPP loans made by

June 30, 2020.16 SBA data does not include a unique institution identifier. Consequently, we

match the names of lenders in the PPP data to Call Report names. In addition, we verify

matches by cross-referencing the number of loans by institution reported in the Call Reports

to the number observed in the SBA data.17 We use the loan-level PPP data, by institution,

to construct several measures of lending described in more detail in Section IV.

B. Fintech similarity score

Aberdeen’s Product Install table provides information on the vendors and products installed

at the establishment level (as defined by Dun & Bradstreet, a business information com-

pany) for firms across the United States. Aberdeen (formerly Harte-Hanks and more recently

Spiceworks Ziff Davis) uses web-mining of businesses and employee profiles for data collection
16The program ran until August 2020. As of June 30, 2020, 4.89 million loans were made under PPP. As of

August 8, 2020, 5.21 million were made. Source: Treasury PPP Reports, June 30, 2020 and August 8, 2020. The
program was reopened on January 11, 2021 and ended May 31, 2021, comprising an additional 6.68 million loans.

17Because loans could be withdrawn, the numbers are not expected to match entirely. We drop observations that
differ by more than 300 percent from the PPP data to the Call Report data.
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and redistributes it for marketing purposes. The range of products covered includes software,

hardware, and communications technologies. While other papers have used Aberdeen data IT

expenditures (Pierri and Timmer (2020); He, Jiang, Xu, and Yin (2022)), to the best of our

understanding this is the first paper to make use of the Product Install tables. The Product

Install table is highly granular, with establishment level data on products or models, along

with the product class, subclass, and manufacturer.18 Our analysis focuses on subclasses,

which are more granular than classes but more aggregate and more consistently coded than

subclass/manufacturer pairings. We find a similar pattern of results whether we examine

product installs by class, subclass, or subclass/manufacturer.

To link banks to establishments, we match the Site Description table, which provides an

establishment’s business name, address and industry information, to the FDIC SOD data on

bank branches.19 Our matching algorithm ultimately covers 95 percent of all banks (i.e. 95

percent of banks have at least one branch that matches to an Aberdeen establishment). We

aggregate establishments with the assumption that a product in use at any establishment is

available for that bank as a whole.

In addition, we identify nonbank fintech firms’ names from CB Insights 2018, 2020 Forbes

50, American Banker, Medium, and Crunchbase and obtain address information via their

websites.20 We restrict attention to 76 fintech firms from the sources, as those relating

to consumer finance, business finance, digital banking-related services, or similar lines of

businesses based on classification from the source or through a review of the firm’s website.

We then use a similar name and address matching method to match the fintech firms with the

Aberdeen Site Description to link them to the Product Install table. Aberdeen data include

a website address, which we use as an additional matching characteristic. We link 47 fintech
18A hierarchical example of hardware product is: Server, Mainframe and data integration (class), Other Server

Manufacturer (subclass), IBM (manufacturer), z Mainframe (model). A hierarchical example of software product
is: Digital advertising (class), Web Technology (subclass), Google (manufacturer), Google AdWords (model).

19Matching is limited to 2019 for both Aberdeen and SOD. Aberdeen establishments are limited to those with
a 2-digit SIC code of 60, which includes banks and savings institutions. We standardized names and addresses in
both data files. Matching was done in five passes, starting with the key name, street, city, state, zip, and then
relaxing some elements of the key. We used a Jaro-Winkler string distance comparator to match name fields.

20For example, Kabbage, a business lender based in Atlanta, GA (see CB Insights 2018).
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firms to Aberdeen establishment data.

To illustrate differences and similarities in the use of technology between fintechs and

banks, we compute the average use rate for each subclass of products by banks and fintechs.

From among 183 technology subclasses held by at least one bank, Table I lists the seven

technology subclasses used most and least by fintechs, relative to banks, as well as seven

intermediate cases (in the middle of the table). The technology with the greatest disparity

is “Help Desk Management”, a software product used by about three quarters of fintechs

and one in twenty banks. Some instances of this technology are for a chatbot to automate

customer experience or for an AI-engine that personalizes web content. Other top subclasses

for fintechs include business intelligence (e.g. search, analysis, and machine learning), col-

laboration/integration software (e.g. virtual conferencing, and monitoring web traffic), App

development, customer relationship management software, and other business intelligence

software for big data and cloud computing.

At the other end of the spectrum are technologies used at least as much, and sometimes

more, at banks as at fintechs. These seven include: local area network (LAN), firewall, router,

server, and accounting software technologies. Lastly, the seven intermediate technologies

include network management and data center software as well as other widely-used business

applications. See Appendix Table A.XVI for manufacturer and product examples of each of

these cases.

The seven technologies disproportionately used by fintechs reflect web-based marketing,

remote capture of borrower information, automated decision making and cloud computing

capabilities, all of which are central to the transactional and scalable business model of those

nonbank lenders. The seven bank-centric technologies are perhaps indicative of an emphasis

on a fixed physical office space and an emphasis on data security. The seven intermediate

technologies are typical of office environments (though they are still more often used at fintechs

than at banks).

The fintech use rates enter the into our univariate measure of bank technology as weights

for those technology subclasses so that banks receive a higher score when they operate tech-
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nologies used by a larger proportion of fintechs. For each bank, we construct the Fintech

Similarity Score, or FSS, as:

FSS =
∑S

s ws max
p∈Ps

Ip (1)

ws = 1
F

∑F
f max

p∈Ps

Ip. (2)

Aberdeen has P products (e.g. Concur Travel - an online booking tool), indexed p, with each

product belonging to one of S technology subclasses (e.g. ERP - Enterprise resource planning

- software), indexed s. The indicator Ip equals one for a bank or fintech using product p (and

zero otherwise), so max
p∈Ps

Ip = 1 if the entity uses any of the Ps products in subclass s. There

are F fintech firms, indexed f . Subclass weights, ws, give the share of fintechs with a product

in a subclass, a gauge of the importance of those products for financial technology (see Table

I). High scores correspond to a bank being more aligned with the technologies that are more

prevalent among fintech firms (there is no penalty for having other technologies not present

in fintech firms).

C. Local economic factors

In addition to bank employment, the bank balance sheet variables, and number of branches,

we include as control variables two location-based measures to capture a bank’s exposure

to the local PPP loan demand and the local economic disruption from the pandemic. Both

measures are applied based on the counties in which a bank operates its branches. The PPP

loan demand measure is constructed for each bank-county as the total number of competitor

PPP loans made in that county divided by the total number of 2019 competitor deposits in

that county.

Regarding shocks to labor demand because of COVID, which varied widely across indus-

tries, we construct the following economic exposure variable. We first construct a county-level
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exposure to national industry employment growth from 2019Q2 to 2020Q2.21 That is,

Exposurec,2020Q2 =
∑

i

zi,c,2019Q2 · gi,2019Q2−2020Q2 (3)

where industry i represents a three-digit NAICS code, zi,c,2019Q2 is the employment share of

industry i in county c in 2019Q2, and gi,2019Q2−2020Q2 represents the national employment

growth for industry i from 2019Q2 to 2020Q2. County-level employment by industry comes

from the Quarterly Workforce Indicators (QWI) data from the U.S. Census Bureau. Employ-

ment growth is sourced from the Bureau of Labor Statistics, Quarterly Census of Employ-

ment and Wages. We exclude counties with less than 10,000 people, as the censoring of small

employment values becomes an issue in small counties for calculating county-industry em-

ployment shares. Ex-ante exposure to industries that were hard hit by the pandemic strongly

predicts subsequent employment outcomes.22 For each bank, we construct the bank-specific

labor demand shocks by taking a deposit-weighted average of the county level exposure vari-

able.

D. Summary statistics

Of the 4,092 banks that had the specified characteristic variables for our analysis from Call

Reports and local economic factors, we calculate FSS for 3,384 banks that match to at least

one Aberdeen site and also have data in the Product Install Table for computing FSS. Our

analysis mostly focuses on the intensive margin of PPP use. In Table II we present summary

statistics for the 87.5 percent of these banks (2,961 in total) that had at least one PPP loan in

2020Q2. Financial stock variables are measured as the average quarterly balance over 2019,

branches are measures as of the June 2019 SOD, financial flow variables are measured as the
21This is effectively a Bartik instrument. Due to seasonality, especially for harder hit retail and travel industries,

this measure is preferred to quarterly employment growth.
22In unreported results, we regress year-on-year Q2 actual employment growth on predicted employment growth

using the industry exposure measure. The coefficient on the predicted employment growth measure is approximately
0.5 and the F-statistic is about 40 both with and without state fixed effects and demographic controls - indicating
that our exposure measure is associated with changes in local economic outcomes, as expected.
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sum over 2019. Aberdeen data is measured from their 2019 data sample. These tables include

log-transformed values for variables entering in regression models in that form.

Figure IV shows the distribution of FSS. There is a heavy right tail to the distribution,

with a subset of several hundred banks having substantially greater alignment with fintech

technology than the bulk of other banks. We expect that banks in the right tail of the dis-

tribution may be especially well positioned to use a wide range of web-based, computational,

and remote methods to reach customers during the pandemic. Longitudinal analysis of Ab-

erdeen data from 2017, 2018, and 2019 indicates a similar distribution over time as well as

persistence within banks in technology investment. The year-on-year correlation in FSS is

0.792 from 2018 to 2019 and 0.780 from 2017 to 2018.

Because the FSS is highly aggregate, spanning the full range of classes and subclasses,

we also conduct some analyses with components of the FSS. We define four components

(composed of subclasses): hardware (e.g. PCs, servers, cloud computing), communications

(e.g. Virtual Private Networks, phones), services (e.g. personnel management systems, web

hosting, accounting), and software (e.g. process automation, digital advertising software,

database management software). These components are calculated as Equation 1 except that

S is limited to the subclasses comprising a component.

We show how the technology measures relate to one another as well as to total assets and

number of branches. Figure A.IX displays the relationship of FSS with the log of total assets

and the log of number of branches. FSS increases with bank size and number of branches,

though there is substantial variation throughout most of the size distribution. The largest

banks possess installs in almost all of the financial technology subclasses, so there is little

variation among the largest banks.23

23In Appendix Table A.XVIII Column 1, we regress FSS on the bank characteristics used in regression models.
Given the known relationship between PPP lending and measures of relationship lending and SBA 7(a) loans, it is
important to control for these variables.
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IV. Bank PPP Lending

A. Intensive and extensive margins of PPP lending

We first run regressions to examine whether the number of PPP loans issued by a bank are

associated with our technology measure and lagged 2019 controls. We examine both the

extensive margin of participating in PPP lending and the intensive margin.

Pr(PPP > 0) = logit(βTechb + ΓControlsb) (4)

Ln(PPPLoans) = βTechb + ΓControlsb + εb (5)

We include bank balance sheet variables as controls for traditional factors in bank relation-

ship lending (e.g., size, branches, employees, commercial and industrial lending volumes, SBA

7(a) participation) and also include the two location-based controls for local PPP demand

and local economic disruption from the pandemic.

In Table III we report results of the extensive margin and intensive margin regressions of

PPP lending on our technology measure, FSS. We first present extensive margin regressions

run as a Logit. While we find that FSS has a strong positive relationship with participation in

PPP when no controls are included (Column 1), once controls are added there is no significant

effect (Column 2). Limiting to banks with at least one PPP loan, we find a strong positive

association between the volume of PPP loans and each of the technology measures on the

intensive margin (Columns 3, 4, 5, and 6). From the parameter estimate in Column 4, a

one standard deviation increase in FSS (from Table II) is associated with a 8.7 p.p. increase

in PPP loan volume in 2020Q2 (that is, 8.64 × 0.00975 = 0.087). Thus, it appears that

technology may be related to the extent of participation in PPP lending, but not the decision

to participate. With most banks participating (87.5 percent of our sample), it seems unlikely

that technology was a decisive factor for the low threshold of making any PPP loans. Given

these results, we focus on the intensive margin and (unless otherwise stated) drop banks that

did not participate in PPP in 2020Q2.
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To quantify the magnitude of the effect of technology, we consider the set of high-tech

midsize banks used in Figure I with between $1 billion to $10 billion in assets and in the

top five percent FSS among all banks. Among those banks for which FSS can be measured,

the high-tech midsize banks’ assets comprise 1.5 percent of industry assets and 2.7 percent of

PPP loans. Given the estimated coefficient on FSS from Column 4 of Table III, we estimate

that the collective loan growth for high-tech midsize banks is associated with 16.7 percent

more loans relative to the case where the high-tech banks had the average FSS score for banks

in the $1 billion to $10 billion range. The difference accounts for 45 bps of PPP loan share,

about one sixth, of the total PPP market share for high tech banks.

In Columns 7 through 10, we report results from regressions of the extensive and intensive

margins for Phase 1 and Phase 2 of PPP within the second quarter of 2020. Given the rapid

onset of the pandemic and the PPP program, it may be the case that technology provided

banks a greater advantage in the early weeks of the program. On the other hand, prior

relationships and experience with SBA lending may have disadvantaged technology in the

provision of Phase 1 PPP loans. We find in Columns 7 and 9 that, consistent with prior

literature, SBA 7(a) lending and measures of relationship lending are more strongly associated

with participation in PPP in Phase 1 than they are in Phase 2. Columns 8 and 10 similarly

show a stronger association with PPP loans and SBA 7(a) participation and existing small-

business lending in Phase 1 than in Phase 2. In contrast, similarly to the entire 2020 second

quarter sample, FSS is not associated with extensive margin participation in either Phase 1

or Phase 2. Moreover, FSS is strongly associated with PPP lending at a similar magnitude

on the intensive margin in both Phase 1 and Phase 2. Given these results, our analysis

does not generally subdivide PPP lending across Phases elsewhere in the paper, unless noted

otherwise.24

24There is anecdotal discussion of small banks being more nimble and capable of “punching in” loan applications
while larger banks developed systematic solutions. For example, see Henderson, Tim “Small Banks Helped Busi-
nesses Win More PPP Loans.” Stateline, an initiative of The Pew Charitable Trusts. 15 Dec. 2020. We find some
evidence of larger banks, in terms of assets, being less likely to participate and originate fewer loans during Phase
1, but we find no effect of assets on loan volume in Phase 2 alone or overall. Banks with more employees (all else
equal) also produced larger loan volumes.
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B. PPP loan concentration

If technology enables banks to extend credit by means other than their physical establish-

ments, then we expect that it also results in a more geographically diffuse loan portfolio. The

relationship between technology and the concentration of a bank’s loan portfolio is particu-

larly salient in the context of government-backed PPP loans where local or soft information

is likely to be less valuable for lending decisions.

To examine this hypothesis, we first construct a HHI measure of geographic concentration

for bank branch deposits and bank PPP loans. In particular, for each bank b we construct:

HHIb =
∑

g

(
ybg∑
g ybg

)2

(6)

where y is the measure of a bank’s branch deposits or loans for geography g.

In Figure V we plot the distribution of banks’ county concentrations of deposit-weighted

branches (left) and PPP loans (right) for those banks in our regression sample with nonzero

PPP lending. Banks with branches or lending in only one county have an HHI of exactly one.

While bank branches are heavily concentrated in a small number of counties (the median

deposit HHI is 0.668), bank PPP loans are geographically far more diffuse (the median PPP

lending HHI is 0.345).25 The disparity in the diffusion of banks’ PPP loan concentrations

relative to their physical branch presence suggests that factors beyond physical presence must

play a role in bank PPP lending.

We estimate a regression similar to Equation 5, restricting attention to only those banks

with nonzero PPP lending. We report results for the effect of FSS on bank PPP geographic

loan concentration in Table IV, with Columns 1 through 3 measuring concentration by county

and Columns 4 through 6 measuring concentration by state.26 We include a control of banks’
25Whereas the average banks’ deposit-weighted branch base is spread over 1.5 counties, the average banks’ PPP

loan portfolio is spread across 3 counties. Among CRA lenders, county-concentration is similar for PPP and CRA
lending, however, fewer than one in six banks in our sample are CRA lenders and these tend to be substantially
larger, consistent with reporting requirements.

26See Appendix Table A.XVII for results including controls for loan volume, which do not affect the findings.
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pre-existing geographic deposit concentration. In Columns 2 and 4 we restrict attention to

banks that operate in a single geography, county and state, respectively. That is, for banks

in each sample, the deposit HHI is necessarily equal to 1 (so deposit HHI is not included in

those specifications).

In each case, and even when restricting to single geography banks, we find that higher

values in our technology measure are associated with a less geographically concentrated PPP

loan portfolio. We also find evidence consistent with the established literature on the role

of relationship banking. In particular, we find that core deposits and branches are associ-

ated with more concentrated PPP lending. Regarding economic significance, a one standard

deviation increase in FSS is associated with a decrease in PPP county concentration (from

Column 1) of 0.0153 (or 0.0665 standard deviations of that variable) and a decrease in state

concentration (from Column 4) of 0.0177 (or 0.0804 standard deviations of that variable).

For perspective, a one standard deviation increase in geographic deposit concentration is as-

sociated with an increase in PPP county concentration (from Column 1) of 0.1641 (or 0.713

standard deviations). So, the effect of technology is approximately a tenth as large as the

effect of geographic presence.

In Columns 3 and 6 we restrict attention to banks with publicly observable geographic

small business lending data from CRA reporting in 2019.27 CRA data include loans of less

than $1 million to businesses and reporting is restricted to banks with greater than $1.284

billion in total assets as of the end of 2019. Consequently, the sample size is significantly

smaller than the sample used in Columns 1 and 4. However, the CRA data allows us to

construct a loan concentration measure for banks prior to the pandemic, which we use as

an additional control to understand banks’ PPP loan concentrations. In Column 3, we find

that banks’ PPP county loan concentrations are negatively correlated with FSS even after

controlling for banks’ CRA loan concentrations. In Column 6, we similarly find that banks’

PPP state loan concentrations are negatively correlated with FSS after controlling for CRA

state loan concentrations. Notably, the parameter estimates are similar to the estimates in
27CRA Disclosure Files, Table D1-1.
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Columns 1 and 4.

C. Fintech firms versus high-tech banks

The evidence from prior sections suggests that banks with stronger technology according

to our measures issued PPP loans less like branch-centered traditional banks and closer

to geography-less fintechs. As discussed in the introduction, Figure I demonstrates that

conditional on the amount of PPP loans, high FSS banks originated PPP loans diffusely,

similar to nonbank fintech lenders, using the classifications of Erel and Liebersohn (2022).

In this section, we expand upon the discussion in Figure I to examine the extent to which

banks with more technology according to our financial technology measure look like nonbank

fintech lenders. Nonbank fintech lenders do not generally have financial data similar to our

set of controls for banks. Consequently, we compare banks and nonbank fintechs according

to two measures: the quantity of PPP loans and the geographic concentration of PPP loans.

Following Erel and Liebersohn (2022), we also restrict attention to those lenders that issued

at least 500 PPP loans.

In Figure VI, for lenders with more than 500 PPP loans, we plot the quantity of loans for

nonbank fintech lenders (red), banks in the 75th to 90th percentile in FSS (grey), and banks

above the 95th percentile in FSS (blue). For all firms issuing more than 25,000 PPP loans,

the geographic concentration of loans is similarly diffuse, i.e. HHI is low. However, for firms

issuing fewer loans, we find that only banks with technologies most similar to fintech have

PPP loans geographically diffuse similarly to fintechs’ PPP loans. Consistent with theories

of banks and fintechs, banks with technology less similar to fintechs issue loans in more

concentrated geographies.

In Table V we report regression results of loan-county HHI on log PPP loans. To under-

stand how nonbank fintech loan concentration differs from bank lenders we include a nonbank

fintech indicator variable. Similarly, we include an indicator for banks above the 95th per-

centile of the FSS distribution, and we exclude from the regression banks with more than $10
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billion in assets.28 In Columns 1 to 3, we include only those lenders with more than 500 PPP

loans. In Columns 4 to 6, we include only lenders with more than 500 PPP loans and less

than 25,000 PPP loans. In Columns 2 and 5, we include log PPP loans as a linear term and

in Columns 3 and 6, we allow for a quadratic relationship between log PPP loans and loan

HHI. Across all specifications, we find that banks above the 95th percentile FSS and nonbank

fintechs are less concentrated in lending geography than other banks. In addition, the con-

centration difference between banks and nonbank fintechs is cut substantially (a little more

than half) when a bank is above the 95th percentile in FSS. Thus, it appears that banks with

a stronger technology base tend to operate as hybrids between traditional physical branches

and fintech lenders.

D. In and out of market PPP lending

Bank lending markets are often physically proximate to their branches, within the county,

MSA, or state (see, Federal Deposit Insurance Corporation (2018)). Evidence from Li and

Strahan (2021) suggests that physical proximity and measures of traditional banking also

played an important role in the participation of banks in the PPP program. In this section,

we examine the role that technology played in affecting where banks’ lent money under PPP.

While local relationships may have enabled banks to provide PPP loans locally, we hy-

pothesize that technology may have given banks an opportunity to expand the reach of their

PPP lending out of area. To understand the role of technology in the location of PPP loans,

we run an OLS regression of the proportion of out-of-area PPP loans made by a bank on our

technology measures and lagged 2019 controls:

PPP (OutofArea)b

PPP (Total)b
= βTechb + ΓControlsb + εb. (7)

We report results from the OLS regression of Equation 7 in Table VI. In Columns 1
28This maintains a consistent measure of banks above the 95th percentile used elsewhere in the paper. Including

larger banks, either as part of those banks above the 95th percentile or with a separate dummy variable does not
materially affect the results statistically or economically.
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through 3 we report results of a regression using the proportion of loans made outside of

counties with a bank’s branch as the dependent variables and in Columns 4 through 6 we

report the results of a regression using proportion of loans made outside of states with a

bank’s branch as the dependent variable. In Columns 1 and 4, we first estimate a Logit

with an outcome indicating whether a bank makes any out-of-area loans. For both county

and state definitions, technology does not appear to matter on the extensive margin. To

investigate the intensive margin, we explain the proportion of out-of-area loans, first for all

banks making any PPP loans (in Columns 2 and 5) and then for banks with any out-of-area

loans (in Columns 3 and 6). In all of these cases, we find that banks with a higher FSS have

a higher percentage of out-of-area loans.

E. Technology classes

Our results suggest that banks with greater technological investment bear resemblance to

fintech firms (as defined in Erel and Liebersohn (2022)) with regard to their ability to lend

in areas without a physical branch presence. In this section, we delve further into the kinds

of technology installed at banks that are most associated with their PPP lending. We re-run

regressions from the above tables using the breakdown of FSS by technology type (hardware,

communications, services, and software), as described in Section III and report results in

Table VII. We find that the hardware and software components of FSS each have significant,

positive effects on loan volume (Columns 2 to 4). For out-of-area lending, the hardware

component appears to the strongest effect on dispersed lending and proportion of lending out

of area, though software has a similar pattern of estimates, though less precise. Accounting for

the differences in the standard deviation in each component, the effects of the hardware and

the software components are comparable. Thus, it appears that hardware (and its associated

technologies, such as server operating systems and cloud computing) plays the most important

role in the ability of banks to engage in out-of-area lending, with software also playing a

significant role.
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F. PPP lending: Out-of-area and in-Area loan quantities

To unpack the findings of Table VI, we examine the quantities of PPP lending in area and

out of area. In doing so, we can assess whether banks substitute out-of-area PPP lending

for in-area PPP lending or whether they change the total amount of PPP loans. We run

regressions of the following form by loan size and in- or out-of-area markets:

Ln(PPP + 1)b = βTechb + ΓControlsb + εb. (8)

We define in-area as those regions (i.e. county or state, depending on the specification) where

a bank had a physical branch as of June 2019 and out-of-area as those regions where the bank

did not have a physical branch.

In Table VIII, we report the results from the regression of out-of-area PPP loans on the

FSS measure and controls. In Columns 1 through 3 we report results for out-of-county PPP

loans and in Columns 4 through 6 we report results for out-of-state PPP lending. In Column

1, we find that the FSS is strongly correlated with the number of out-of-county PPP loans.

We find that the effect is similar for small (<$1 million) PPP loans in Column 2 and large

(>$1 million) PPP loans in Column 3. We find similar results for out-of-state PPP lending.

Though we find that the increase in the proportion of out-of-area lending is driven in part

by more out-of-area PPP loans, we also examine whether the technology is associated with

decreases in in-area PPP lending. That is, does technology depress the relationship lending

function found in Li, Strahan, and Zhang (2020)?

To examine in-area lending quantities, we run regressions of in-area lending at the bank

level similarly to the specifications used for out-of-area lending. In addition, we exploit the

pre-pandemic, in-area bank presence across geographies and estimate a similar specification

at the bank-geography level including bank-geography controls for branches and deposits. As

above, geographies are defined at the county and state levels. We report the results from the

in-area regressions of lending in Table IX.

In Column 1, we report results of a bank-level regression of in-county PPP loans on the
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FSS and bank controls. We do not find a significant relationship between technology and

in-area PPP lending. We then examine the data at the bank-geography level, allowing for

geography fixed effects as well as bank-geography specific measures on local presence, such

as number of branches or deposits. Given the ability to control for local factors using fixed

effects, we also exclude the bank-level local economy proxies of local PPP loan demand and

exposure to COVID related employment shocks. The results do not differ materially when

including them in lieu of geography fixed effects.

In Columns 2 through 4 we report results using the number of in-county PPP loans

including bank-county fixed effects. In Column 2 we find that banks with a higher FSS did

not make any more or less PPP loans in counties where they had a physical presences, relative

to other banks. We find that technology has a slight negative relationship in Column 3 with

the number of small (<$1 million) PPP loans. However, we find in Column 4 that banks with

a higher FSS were associated with more large (>$1 million) in-county PPP loans. Consistent

with Li and Strahan (2021), we find that local presence, measured using in-county deposits

and/or branches, is associated with in-county PPP loans, for both small and large loans.

In Columns 5 through 8 we report results of similar regressions at the bank-state level.

In Column 5, we do not find that a higher FSS is associated with more in-state PPP lending

at the bank-level and similarly in Column 6 we find no association with PPP lending at the

bank-state level, after controlling for state fixed effects. Similar to the bank-county analysis,

in Columns 7 and 8 we find that there is no relationship between small PPP in-state loans and

technology, but there is a a strong positive association between technology and large in-state

PPP loans. Furthermore, we find that in-state measures of physical presence (deposits and

branches) are significant drivers of in-state PPP lending for all loan sizes. Combined with the

results from Section IV.F, the results suggest that the relationship between technology and

the proportion of PPP loan out-of-area is primarily driven by increases in out-of-area loans

and not through the substitution of in-area loans for out-of-area loans.

In Table X we estimate the relationships between in-area PPP lending and FSS under

an alternative definition of in-area. We combine the Summary of Deposits data with SBA
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7(a) data to define a bank’s in-area PPP lending as the union of counties for which the

bank has either a branch or at least one SBA 7(a) loan in 2019. Although the SBA 7(a)

data does not capture a bank’s entire loan portfolio, the data are systematically available

across participating banks and provide a broader perspective of a bank’s geographic footprint

than relying on just bank branches. We also add controls for SBA 7(a) volumes by county.

Consistent with Table IX, Columns 1 and 2 show no relationship between in-county PPP

lending and FSS for total number of loans and small loans and Column 3 shows a positive

relationship between in-area loans above $1 million and FSS. Columns 4 through 6 find

similar results between out-of-state PPP loans and FSS, though the relationship between

large loans and FSS is statistically significant at the 10 percent level. Collectively, the results

are not consistent with technology leading banks to substitute in-area lending to out-of-area

lending.29

G. Expense-based measures of financial technology

As alternative measures of bank use of financial technology, we consider two expense-based

measures reported by banks in quarterly Call Reports. We expect that the measures capture

different aspects of technology than the product-based measure, FSS, though they may also

affect lending outcomes. Whereas we expect that FSS most directly reflects the types of

in-house technological capabilities of a bank, the expense measures may reflect both the

scale of technology investment and use of external, contracted capabilities (and potentially

partnerships).

The first alternative measure, other noninterest expenses (Call Report Schedule RI, item

7.d.) reports spending other than salaries and employee benefits, premises and fixed assets,

and intangible assets. As reported below, we find that the plurality of other noninterest

expenses are associated with data processing. Additional sub-items that may relate to tech-

nology include advertising and marketing expenses and telecom expenses. Other noninterest
29The conclusions are similar when restricting only to banks with SBA loans and when defining in-area lending

similarly for banks based on CRA data.
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expense also includes research and development costs incurred in the internal development of

computer software. The second alternative measure, data processing expenses (Call Report

Schedule RI-E, item 2.a.) is more specific to technology, and reports “services performed for

the bank by others.”

From Call Reports, we observe other noninterest expense for all banks, but sub-items,

including data processing, may be censored. As of 2018, sub-items of other noninterest ex-

pense have minimum reporting thresholds of $100,000 and seven percent of other noninterest

expenses. The data does not distinguish between true zeros and censored values, and some

banks below the reporting thresholds respond anyways. In addition, due to year-to-date (cu-

mulative) reporting on quarterly filings, there are substantially more censored observations

for earlier quarters. For our analysis, we use the most recent year-end values of other nonin-

terest expense and non-censored values of data processing expense. From 2016 to 2019, there

is a non-censored observation for bank data processing expenses for 81 percent of banks’

December Call Report data.30

Other noninterest expense is best understood by examining its components. Table XI

reports statistics on the breakdown of sub-items in Schedule RI-E relative to other noninterest

expense. We also report the count of nonzero observations, and note the exact shares of

each sub-item are not certain (and could be higher or lower) due to censoring across each

of the sub-items. Data processing expenses account for the plurality of other noninterest

expenses, but still represent just 19.1 percent of other noninterest expense on average (treating

missing values as zero). If we restrict to only those observations with strictly positive data

processing expenses, it makes up approximately 24 percent of other noninterest expenses. The

next largest (observed) driver of other noninterest expense in Schedule RI-E is advertising

and marketing expenses, which accounts for 5.0 percent of other noninterest expense and

may include expenses on digital advertising. Telecommunications expenses associated with
30In unreported analysis, we use multiple imputations for data processing expenses. Because the censored variable

is necessarily selected on the basis of the censored variable’s value, the multiple imputation uses only those banks
below the reporting thresholds that nevertheless report data processing expenses. All results using data processing
expenses are robust to using multiply imputed data rather than restricting to uncensored values.
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telephone, telegraph, cable, and internet services (including web page maintenance) account

for 2.6 percent of observed total other noninterest expenses. Thus, the plurality of expenses

captured by other noninterest expense reflects the technology investments of interest, though

the measure incorporates many other expenses outside our scope of interest.

Figure VII displays the relationship of FSS with other noninterest expense and data

processing expense. While one might expect these measures to be related (as larger banks

might use more technology), the product information clearly presents another dimension of

technology investment. These figures show that the expense and product install measures

capture related, but somewhat different dimensions of technology investment and exhibit

variation across a wide range of bank sizes.31

Table XII reports results equivalent to Table III (for PPP lending and volume) and IV (for

geographic concentration of lending). These expense results exhibit a similar pattern as the

FSS results using Aberdeen data for product installs as a measure of technology. Table XIII

presents additional results that include both FSS and expense-based measures. The effect

of FSS on loan volume remains positive and statistically significant, and the effect of FSS

on loan concentration remains negative and significant, even when including expense-based

measures of technology alongside FSS. These results suggest that product- and expense-based

investments in financial technology may have similar effects that facilitate processing of PPP

loans, especially for out-of-area borrowers.

V. County PPP Lending

Our bank-level results suggest that technology heavy banks operate more similarly to fintechs

than other banks. Existing literature (Li and Strahan (2021)) shows that local bank presence

plays an important role in meeting local PPP demand, suggesting that PPP lending is influ-

enced by prior lending relationships. At the same time, the magnitude of nonbank lenders
31Appendix Table A.XVIII Columns 2 and 3, explains other noninterest expense and data processing expense in

terms of the main specification control variables.
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and out-of-area lending suggests that for some PPP borrowers, local relationships may have

played a less important role than technology in selecting a PPP lender.

How does local bank technology affect the composition of PPP lenders in an area? If

all borrowers have lexicographic preferences over relationships and technology, then the local

presence of a technologically heavy bank has few implications for local PPP lending: Bor-

rowers who prefer local banks do not see technological local banks as providing additional

benefit, while borrowers who prefer technology-based lenders do not have a reason to favor a

local lender against national technology-based competitors. If instead, some borrowers have

smooth preferences over technology and relationships then a local bank that is technologically

heavy is consequential to the distribution of PPP lenders in an area. For example, borrowers

might substitute out-of-area or fintech lenders to comparable technologically heavy banks

that also have a local presence. Meanwhile, PPP borrowers who might otherwise choose a

traditional relationship lender might opt instead for a local lender with greater technological

capabilities. It is an empirical question to understand whether borrower preferences are such

that local technology-heavy lenders substitute for borrowers who would otherwise choose a

technology-heavy lender, a relationship lender, or both.

We construct a county-level bank technology variable equal to the deposit-weighted aver-

age of banks’ FSS for that county. Similarly, we construct a measure of the deposit-weighted

average of log bank assets. We include county aggregates of bank branches, credit union

branches, and the county-level bank-deposit HHI (where county-shares are calculated at the

bank level). We also incorporate demographic data such as the county population, percent

population in urban areas, percent population aged 65 or older, and the year-on-year 2020Q2

employment growth. For each county, we calculate the percentage of PPP loans made from

out-of-county lenders, the percentage of loans made by fintechs (previously defined), and the

percentage of PPP loans made by credit unions. In calculating out-of-county loans, we classify

all fintech loans as out-of-area. For the purpose of calculating shares, we exclude non-fintech

nonbanks, as well as banks that we are unable to match to Aberdeen Product Install tables.

In Table XIV we report the results of county-level OLS regressions of the relative propor-
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tion of county lending met by different lenders. In Columns (1) and (2) we find that local

bank technology is negatively correlated with the proportion of loans made from out-of-area

lenders. Thus, counties with more technologically savvy local banks relied proportionally less

on out-of-area banks to meet their PPP credit demand. Similarly, in Columns (3) and (4) we

find that local bank technology is also negatively related to the reliance of a county on using

fintech firms to meet local PPP credit demand. Together, Columns (1) through (4) suggest

that local bank technology complements local branch presence for a subset of borrowers who

might otherwise prefer an out-of-area PPP or fintech lender. In contrast, in Columns (5)

and (6) we find that local bank technology does not relate to the proportion of PPP loans

made by credit unions, consistent with the view that for PPP borrowers who consider credit

unions, bank technology does not have strong complementarities with local presence.

VI. Difference in Differences

Identifying the effect of technology in the distribution of PPP loans is challenging given the

endogeneity of technology choices by banks prior to the onset of the COVID-19 pandemic.

In this section, we use a difference-in-differences framework to assess the role of technology

in supporting banks’ distribution of loans during the first calendar year of the pandemic and

administration of the PPP.

We use CRA data of small commercial loans at the bank-county level to examine whether

changes in trends in bank lending during the pandemic differ for banks with more technology

relative to those with less technology. We rely on the public-use CRA data of small loans (less

than $1 million) to businesses originated during the calendar year. For 2020, the data include

both the subset of PPP loans meeting the reporting criteria, as well as traditional (not PPP)

commercial loans that meet the definition. Although the CRA data include loans outside

of PPP, we expect that the pandemic increased the relative value of technology in general

(for example, due to borrowers increasing their preference for remote interaction during the

pandemic), in addition to the specific role that technology may have played in PPP lending.
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Because the CRA data are measured at the bank-county level, we merge the data with

Summary of Deposits to assess whether bank lending is made in or out of area (based on

branch presence in a county). Furthermore, we examine the geographical concentration of a

banks’ business loans (by number of loans in a county) relative to the concentration to its

deposit footprint (by value of deposits in a county), measuring both with HHI.

A limitation of the CRA data is that they are not generally available for small banks (less

than $1.284 billion for 2019). Consequently, we are not able to examine whether small banks’

technology profiles are associated with differences in lending subsequent to the onset of the

pandemic. Because the largest banks are generally all associated with high FSS, we restrict

attention to banks with available CRA data with less than $10 billion in assets as of the end

of 2019. To sharpen the difference between banks’ technologies, we segment the population

of the banks similarly to Figure I and compare the set of banks in that asset range among

the top five percent FSS to those in the asset range among the bottom half FSS. Finally, we

restrict attention to only those banks that have non-zero in- and out-of-area loan each period

in the sample.

We estimate a difference-in-differences regression of the following form:

Outcomeit = βbank95i ∗ postt + λi + δt + εit (9)

where Outcomeit represents total small loan growth, out-of-area small loan growth, in-area

small loan growth, and the ratio of loan HHI to deposit HHI. The binary variable bank95 is

equal to one if the bank is in the top five percent of all banks’ 2019 FSS and zero otherwise.

The binary variable postt is equal to one for the year 2020 and zero otherwise, with the sample

period of 2017 to 2020. We use both a pooled-sample specification (four years of growth) and

a collapsed-sample specification, taking the average values in the pre-period for each bank

(resulting in two time periods: pre vs. post, see Bertrand, Duflo, and Mullainathan (2004)).

In Figure VIII, we examine the validity of the parallel trends assumption by plotting the

coefficients of a pooled-sample version of Equation 9 interacting bank95 with each year in
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the sample (confidence intervals are shown at the 90 percent level). For the case of total loan

growth, out-of-area loan growth, and in-area loan growth, there is little evidence of a pre-2020

difference in trend. For the ratio of loan HHI to deposit HHI, there is a slight visual trend

prior to 2019, though it is not statistically significant. We conclude based on the graphical

and statistical evidence that parallel trends is not an unreasonable assumption: that in the

absence of the pandemic with its associated demands on technology and the guaranteed loan

program, trends in loan provision for high technology and other banks would have continued

in parallel.

In Table XV, we present results of difference-in-difference regressions. Columns 1 through

4 present results from estimation of the pooled sample, while Columns 5 through 8 present

results from estimation of the collapsed sample. Estimates from Columns 1 and 5 suggest

that high-tech banks increased total loan origination by 45 percentage points relative to low

technology banks. Columns 2 and 6 show that the effect is comparable for out-of-area loan

origination relative to in-area loan original (Columns 3 and 7). Columns 4 and 8 show that the

concentration of high technology banks’ lending relative to their deposit footprints fell by 6.8

and 7.6 percent, respectively, relative to lower technology banks. In fact, loan concentration

relative to deposit concentration for high technology banks fell by 2.9 percentage points from

2019 to 2020, while increasing by 3.7 percentage points at lower technology banks over the

same period (not shown). Finally, in Columns 9 and 10, we include a separate interaction term

between a bank’s prior SBA 7(a) data and 2020. The SBA 7(a) term interacted with the post

indicator accounts for the possibility that high-tech banks changed their lending patterns as

a result of prior SBA 7(a) lending rather than the proposed technology mechanism. Column

9 shows that prior technology, but not prior SBA 7(a) lending accounts for changes in bank

loan growth in 2020. Meanwhile, Column 10 shows that prior technology, but not prior SBA

7(a) lending also accounts for changes in bank loan dispersion in 2020 relative to prior years.

Notwithstanding our analysis, it is possible that the unobserved heterogeneity driving

bank technology decisions also drive differential responses to the unique events surrounding

the pandemic and the associated government response. However, the difference-in-differences
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results suggest that technology or the organizational structures that support technology had

a meaningful role in the differential responses of banks to the 2020 pandemic.

VII. Conclusion

What role might technology play in the ability of relationship lenders to succeed in transac-

tional lending amid the rise of fintech firms? To answer this question, we focus on a transac-

tional lending program during the pandemic and advance the discussion of bank technology

on a number of dimensions.

First, we use a granular data set to quantify the technologies that differentiate fintech

lenders from banks. We find, for instance, that fintechs are more likely to use or develop

automation tools such as business analytics software, chatbots, customer relationship man-

agement software, and to make use of cloud computing systems. Second, we then construct a

novel measure of bank technology, the Fintech Similarity Score, that captures whether banks

have adopted technologies most commonly found in their fintech competitors. We find con-

siderable variation in the measure for small and midsized banks and show that it is related,

but distinct, from balance sheet measures that capture third-party outsourcing of technology.

Third, we show that higher technology banks, as measured with FSS, provided more PPP

loans at the onset of the pandemic relative to lower technology peers, with the increase in

loans driven through higher out-of-area lending and not at the expense of in-area lending.

We find that technology is positively associated with more diffuse geographic lending and

that greater technology for in-area banks in a county is associated with lesser reliance for

out-of-area PPP lenders or fintech lenders. Last, we show using a difference-in-differences

approach that higher technology mid-sized banks’ loan growth increased by 45 percentage

points in 2020 relative to their mid-sized peers and pre-pandemic trends.

Our quantification of the scope of bank technology is novel in the literature and our

analysis shows that the fintechs’ technologies are also featured at the banks most successful in

transactional lending. By demonstrating that both large and smaller banks can employ a wide
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range of technologies and use them to make loans, we show that size is not a prerequisite for

technology-based lending. We also show that technologically advanced banks may maintain

an emphasis on lending in their local area. Lastly, we show multiple channels by which banks

may succeed at transactional lending, with spending on external data processing as well

qualitative advantages in technology both having independent and additive effects on lending

outcomes at the beginning of the PPP program. Together, our analysis suggests that, while

technical advances may lead to a greater role for transactional lending, banks of all sizes may

deploy the latest technologies alongside other lending models.
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Table II: Summary statistics for PPP estimation models. Sample observations have more than
one PPP loan as well as nonmissing values of bank controls and FSS. Financial stock variables
are measured as the average quarterly balance over quarters in 2019, branches are measured as of
the June 2019 SOD, financial flow variables are measured as the sum over 2019. Aberdeen data is
measured from their 2019 data sample. Untransformed dollar values are reported in millions.

mean p50 sd count
PPP loans 1303 219 10096 2961
PPP loans Out of County 341 44 3976 2961
PPP loans Out of State 243 6 3868 2961
PPP loans In County 962 149 9062 2961
PPP loans In State 1060 192 9235 2961
Percent PPP Out of County 0.27 0.21 0.22 2961
Percent PPP Out of State 0.09 0.03 0.18 2961
countyhhi_ppp 0.38 0.35 0.23 2961
statehhi_ppp 0.82 0.93 0.22 2961
CountyHHI Dep 0.67 0.67 0.30 2961
StateHHI Dep 0.95 1.00 0.15 2961
CountyCRA HHI 0.23 0.18 0.21 447
StateCRA HHI 0.71 0.81 0.28 447
FSS 16.44 14.11 8.93 2961
FSS Comm 0.70 0.74 0.32 2961
FSS Hard 2.09 2.02 0.93 2961
FSS Serv 0.09 0.00 0.29 2961
FSS Soft 13.54 11.70 7.80 2961
SBA7a 0.31 0 0.46 2961
OthNonIntXt−2 42.08 2.33 658.67 2960
DataProct−2 6.40 0.55 115.54 2481
Empt−2 564 57 7148 2961
CoreDept−2 3031 216 41502 2961
Eqt−2 544 32 7364 2961
CIt−2 636 19 8362 2961
Brancht−2 24 5 190 2961
Commitmentt−2 1970 30 34504 2961
Assett−2 4835 284 69516 2961
COVID Exposure -0.1432 -0.1432 0.0310 2961
PPP Demand 0.0812 0.0764 0.0390 2961
Ln(PPP Loan) 5.45 5.39 1.53 2961
Ln(Out of County PPP Loan) 3.90 3.81 1.59 2961
Ln(Out of State PPP Loan) 2.30 1.95 1.91 2961
Ln(In County PPP Loan) 5.02 5.01 1.59 2961
Ln(In State PPP Loan) 1.27 0.69 1.42 2961
Ln(OthNonIntXt−2) 7.96 7.76 1.46 2959
Ln(DataProct−2) 6.46 6.31 1.35 2481
Ln(Empt−2) 4.21 4.03 1.36 2961
Ln(CoreDept−2) 12.48 12.28 1.44 2961
Ln(Eqt−2) 10.59 10.38 1.48 2961
Ln(CIt−2) 10.04 9.88 1.87 2961
Ln(Brancht−2) 1.67 1.61 1.21 2961
Ln(Commitmentt−2) 10.47 10.31 1.89 2961
Ln(Assett−2) 12.76 12.56 1.47 2961
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Table XI: Average reported subitems of other noninterest expenses from Schedule RI-E, as a
fraction of total other noninterest expenses for year ends 2016-2019. Note that other noninterest
expense subitems may be negative. Banks are not required to report subitems of Other Noninterest
Expenses if they are either (1) less than $100,000 or (2) less than 7 percent (in absolute terms) of
total other noninterest expenses.

mean p50 sd count nonzero pctnonzero
Data Processing 0.1905 0.1905 0.7885 22125 17942 0.811
Advertising and Marketing 0.0497 0.0328 0.3544 22125 12643 0.571
Director Fees 0.034 0 0.1915 22125 10150 0.459
Stationary, Printing 0.0177 0 0.0637 22125 8497 0.384
Postage 0.0108 0 0.0363 22125 7537 0.341
Legal 0.0179 0 0.1456 22125 7682 0.347
Telecom 0.0268 0 0.3116 22125 9590 0.433
Accounting and Auditing 0.0349 0 0.2565 22125 10534 0.476
Consulting and Advising 0.0247 0 0.0696 22125 7254 0.328
ATM Interchange 0.0376 0 0.0746 22125 9013 0.407
OREO expenses 0.0164 0 1.093 22125 4005 0.181
Other Insurance Expenses 0.0076 0 0.1464 22125 3542 0.16
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