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Abstract

We study the importance of information technology (IT) in banking for entrepreneurship.
Guided by a parsimonious model, we establish that job creation by young firms is stronger
in US counties more exposed to banks with greater I'T adoption. We present evidence
consistent with banks’ I'T adoption spurring entrepreneurship through a collateral chan-
nel: entrepreneurship increases by more in I'T-exposed counties when house prices rise.
Further analysis suggests that I'T improves banks’ ability to determine collateral values,
in particular when collateral appraisal is more complex. IT also reduces the time and
cost of disbursing collateralized loans.

JEL classification: D82, G21, L.26.

Keywords: technology in banking, entrepreneurship, information technology, collateral, screen-
ing.
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Non-technical summary

Focus

The rise of information technology (IT) in the financial sector has dramatically changed
how information is gathered, processed, and analysed. This development may have im-
portant implications for banks’ credit supply, as one of their key functions is to screen
and monitor borrowers. Financing for opaque borrowers, such as young firms and start-
ups, is likely to be especially sensitive to such changes in lenders’ technology. The reason
is that they have not yet produced sufficient hard information, i.e. information that is
easily reduced to numbers such as balance sheet data, but must rely on lenders’ soft
information. As start-ups contribute disproportionately to job creation and productivity,
but are often financially constrained, understanding how the IT revolution in banking
has affected start-ups’ access to finance is of paramount importance. Yet, direct evidence

on the impact of lenders’ IT capabilities on entrepreneurship is scarce.

Contribution

First, our paper relates to the literature investigating the effects of information technology
in the financial sector on credit provision and small businesses. Existing papers have
often relied on proxies for banks’ use of technology or focused on specific technologies.
Little evidence exists, however, on the direct impact of banks’ overall IT adoption on
their lending, the role of collateral in lending, or financing conditions of entrepreneurs.
Second, we speak to papers that analyse the importance of collateral for entrepreneurial
activity. We provide first evidence that banks’ I'T adoption increases the importance of
collateral in banks’ financing of young firms. Third, we contribute to the recent literature

that investigates how the rise of financial technology (fintech) affects credit scoring and
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credit supply. An advantage of focusing on variation in I'T adoption among banks is that
our results are unlikely to be explained by regulatory arbitrage, which has been shown

to be an important driver of the growth of FinTechs.

Findings

We first build a parsimonious model of bank screening and lending to ‘old’ and ‘young’
firms. Banks can screen firms by either acquiring information about firms and their
projects or by requiring collateral. Crucially, IT makes it relatively cheaper for banks to
analyse hard information and thus rely on collateralized lending. This benefits start-ups,
as they have not yet produced sufficient information and have to be screened through
the use of collateral. The model thus predicts that I'T in banking spurs entrepreneurship
— and the more so when collateral value rises. In a second step, we test the model’s
predictions. Consistent with the model’s implications, we find that counties where IT-
intensive banks operate experience stronger job creation by start-ups. Moreover, the
presence of IT-intensive banks strengthens the responsiveness of banks’ credit supply to
small businesses, as well as job creation by entrepreneurs, to changes in local real estate

values — and especially within industries that rely more on real estate collateral.
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1 Introduction

The rise of information technology (IT) in the financial sector has dramatically changed
how information is gathered, processed, and analyzed (e.g. Vives 2019). This development
has important implications for credit supply, as one of banks’ key functions is to screen
and monitor borrowers. Financing for young firms is likely to be especially sensitive to
such changes in lenders’ technology. They have produced limited information available
to lenders and often rely on banks as a source of funding (Robb and Robinson, 2014;

Babina, 2020).

This paper studies how the rise of I'T in the financial sector affects entrepreneurship.
Our empirical analysis is guided by a set of hypotheses derived from a parsimonious
model in which banks’ screening strategy depends on their level of I'T adoption. We first
establish that US counties in which more IT-intensive banks operate experience more job
creation by startups. Guided by the model’s predictions, we then present evidence consis-
tent with banks’ I'T adoption facilitating entrepreneurship through a collateral channel:
the presence of I'T-intensive banks strengthens the responsiveness of job creation by en-
trepreneurs to changes in local real estate values. This pattern is especially pronounced
in industries that rely more on real estate collateral and in markets where evaluating
collateral is more difficult. Further analysis suggests that I'T adoption also reduces the

cost and time of disbursing collateralized loans.

We measure IT adoption at the bank-branch level as the ratio of PCs per employee,
following seminal papers on IT adoption among non-financial firms (Bresnahan et al.,
2002; Brynjolfsson and Hitt, 2003; Beaudry et al., 2010; Bloom et al., 2012). This simple
measure of I'T adoption, which is based only on hardware availability, is a strong predictor
of alternative measures, such as the I'T budget or adoption of frontier technologies, but has

much better data coverage. We purposely focus on banks’ general adoption of I'T, rather
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than specific technologies (e.g. ATMs or online banking), because of the multi-purpose

nature of IT.

Following Pierri and Timmer (2022), we decompose IT adoption into a bank fixed ef-
fect, which constitutes our main measure of I'T at the bank level, and a borrower-county
fixed effect. This additive model allows us to purge bank-level I'T adoption from unob-
servable local factors that could affect both the IT intensity of local branches and local
economic conditions. A large literature has adopted similar approaches to disentangle

supply and demand forces (Khwaja and Mian, 2008; Amiti and Weinstein, 2018).

We use banks’ IT adoption and their historical geographic footprint to compute
county-level exposure to I'T in the banking sector. It is computed as the weighted aver-
age bank-level IT adoption of banks operating in a given county. Weights are given by
the initial share of local branches. Constructing local I'T exposure from banks’ historical
footprint ameliorates concerns about banks’ selecting into counties based on unobservable

county characteristics, such as economic dynamism or growth trajectories.

The empirical analysis begins with establishing that higher county-level IT expo-
sure is associated with significantly higher entrepreneurial activity. Entrepreneurship is
measured as the employment share of firms of age 0 to 1, as in Adelino et al. (2017).
Economically, our estimates imply that a one-standard-deviation higher I'T exposure is
associated with a 0.4 percentage points (pp) higher employment share in young firms.
In light of the steady decline in the employment share of young firms — which fell by
around 3 pp since the 1990s — the economic magnitude is sizeable. Consistent with a
credit-supply channel, we find that job creation by startups in counties more exposed
to IT is relatively larger in industries that depend more on external financing (Rajan
and Zingales, 1998). This pattern remains robust to including industry and county fixed

effects.
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The positive relationship between I'T exposure and startup activity could be explained
by reverse causality or omitted variable bias. Reverse causality is unlikely to be a major
concern in our empirical setting: lending to startups represents only a small fraction
of banks’ overall lending, which makes it unlikely that banks’ overall IT adoption is
driven by an expected increase in startup activity in specific counties. Yet confounding
factors could drive the association between IT and entrepreneurship. For instance, a
better-educated workforce may make it easier for banks to hire IT-savvy staff and also
create more business opportunities for startups. To mitigate these concerns, we perform
a large number of robustness tests. For example, we show that including a wide set of
county-level controls, including the I'T adoption of non-financial firms, does not affect the

results.

Another possible concern is that I'T could capture other bank-specific factors, such as
differences in business models, quality, or profitability. Therefore, we compute counties’
exposure to several bank characteristics, e.g. size, funding or assets structure, capitaliza-
tion, and profitability. The relationship between entrepreneurship and local I'T exposure

remains unchanged when such controls are included.

We then investigate the channels underlying the relationship between county expo-
sure and entrepreneurship. Our theoretical framework predicts that I'T adoption improves
banks’ ability to lend against collateral, or hard information more generally. This predic-
tion follows from the assumption that I'T improves banks’ ability to screen via collateral
(either through better or cheaper/faster screening). This assumption is motivated by re-
inforcing trends. For one, advances in technology reduce the costs and time of several real
estate-related processes. For example, IT expedites appraisal, research, and sales (Jud
et al., 2002; Kummerow and Lun, 2005; Sawyer et al., 2005). It also improves banks’
ability to evaluate collateral through hedonic pricing (Hill, 2013; Wei et al., 2022). More-

over, IT facilitates the flow of information, and in particular hard information such as
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collateral values, between banks’ headquarters and local branches (Petersen and Rajan,

2002).

We test the prediction that IT exposure affects the relationship between collateral
values and startup activity by exploiting variation in house price growth across counties.
We thereby follow the literature showing that entrepreneurs often pledge their home
equity as collateral (Adelino et al., 2015; Bahaj et al., 2020). Consistent with the model’s
predictions, we find that job creation by startups increases by more when collateral
values rise, and especially so in I'T-exposed counties. And that the amplifying effect of I'T
exposure is strongest in industries where home equity is of high importance to startups —
measured either by firms’ propensity to use home equity or the amount of startup capital

required to start a business (Hurst and Lusardi, 2004; Adelino et al., 2015; Doerr, 2021).

To support the argument that I'T spurs entrepreneurship by facilitating bank lending
against collateral, we investigate different dimensions of the collateral channel. First,
we show that I'T spur entrepreneurship in particular in areas where house price volatil-
ity is high and assessing collateral values more difficult. This finding suggests that I'T
helps banks in assessing the value of collateral. Second, we find the effects of I'T on en-
trepreneurship to be stronger in banks with more complex organizational structures. I'T
adoption may hence be particularly helpful in transferring information about collateral
values between a bank branch and the headquarters. Consistent with this argument, we
also show that the sensitivity of banks’ small business lending to a local income shock
declines in the distance of the borrower county to banks’ headquarters, but less so for

IT-intensive banks.

We further present evidence that banks’ I'T adoption affects the cost of originating
secured loans and the time it takes to process loan applications. For this, we use data
on small business loans. First, we introduce a model extension. It predicts that an

[T-induced decline in the cost of making a secured loan has a stronger effect on bank
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lending the smaller the loan size. We find empirical support for this prediction: during
periods of rising house prices (and hence collateral values), high-IT banks’ growth in small
business lending increases, and substantially more so for loans with smaller amounts.
Second, drawing on data from the Small Business Administration, we show that banks
with higher IT adoption process collateralized loan applications significantly faster than
banks with lower IT adoption. This evidence is, to the best of our knowledge, the
first to show that banks’ I'T adoption improves loan processing times. However, the
magnitude of the relationship between I'T and disbursement time is economically smaller
compared to other studies (see e.g. Fuster et al. (2019)), suggesting this mechanism is
of secondary importance in explaining the relationship between banks’ I'T adoption and

entrepreneurship.

Performing analyses with granular bank-county level data on small business lending
brings two advantages. First, it allows us to measure I'T adoption at the bank-level di-
rectly, so that we can use an instrumental variable to obtain exogenous variation. Second,
we can include granular county*year fixed effects that control for potentially confounding

factors at the county level, including loan demand.

Our instrumental variable is based on the distance between a bank’s headquarters
(HQ) and the nearest land-grant colleges. Students of these colleges, established at the
end of the nineteenth century to provide technical education, are significantly more likely
to major in technical subjects than other students. The establishment of these colleges
thus fosters the local presence of technical knowledge and expertise. Importantly, the
location of land-grant colleges within a state is partly due to historical accidents and it is
practically random from today’s perspective (Moretti, 2004). Moreover, the location of
banks” HQ is mostly explained by historical heritage. It usually predates the I'T revolution
by decades and it is uncorrelated with the presence of land-grant colleges in a county. The

instrumental variable addresses the concern that banks’ I'T adoption could be correlated
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with other (unobservable) bank characteristics that also drive lending to small or young

businesses (He et al., 2021; Pierri and Timmer, 2022).

The distance from land-grant colleges, by fostering technical knowledge, could also
affect local economic conditions, businesses, and entrepreneurship. Our empirical set-
ting allows us to address this concern directly: we include county*year fixed effects to
effectively compare lending to borrowers in the same county by different banks (with
headquarters that have different distances to land-grant colleges). Our instrumental
variable estimates are therefore unaffected by potentially confounding factors that may
determine local credit demand, including human capital, technology adoption, and the

distance from land-grant colleges.

Our findings do not preclude that banks’ IT adoption affects startups through ad-
ditional channels. For example, IT could also affect how hard information beyond the
quality and value of real estate collateral is transmitted and processed. In the context of
[T-intensive fintech lenders, Di Maggio and Yao (2021) show that hard information em-
bodied in credit reports explains most of the variation in interest rates. That being said,
borrowing against real estate collateral constitutes an important source of financing for
entrepreneurs, and asymmetric information is more prevalent in lending to entrepreneurs
compared to e.g. in the mortgage market. Our results thus suggest that banks’ I'T adop-
tion has improved entrepreneurs’ access to bank credit. As we find no deterioration in
startup quality, the rise of I'T in the financial sector may have partly offset the overall

decline in firm formation.

Related literature. Our paper contributes to the literature on financial technology
and banking. Banks’ increasing technological sophistication could enable them to more
efficiently screen and monitor new clients (Hauswald and Marquez, 2003; Ahnert and

Kuncl, 2023), as well as process hard information (Petersen and Rajan, 2002; Liberti
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and Mian, 2009), and consequently be more resilient to shocks (Pierri and Timmer,
2022). Another implication is that IT adoption by banks leads to greater lender-borrower
distance (Petersen, 1999; Berger and Udell, 2002; Hauswald and Marquez, 2006) and
a change in banks’ branch network structure (Lin et al., 2021; Amberg and Becker,
2024). Empirical evidence on the effects of IT on credit supply is still scarce. D’Andrea
and Limodio (2019) show how high-speed internet promoted credit provision by African
banks. Core and De Marco (2023) document the role of IT in providing credit to small
firms in Italy during the COVID pandemic. We provide novel evidence that banks’
IT adoption can spur bank lending against collateral, and thereby increase employment

among startups.

We also relate to papers that highlight the importance of housing collateral for corpo-
rate investment (Catherine et al., forthcoming; Chaney et al., 2012) and entrepreneurial
activity (Hurst and Lusardi, 2004; Adelino et al., 2015; Corradin and Popov, 2015;
Schmalz et al., 2017; Bahaj et al., 2020; Doerr, 2021). Problems of asymmetric infor-
mation about the quality of new borrowers are especially acute for young firms that are
costly to screen and monitor (Degryse and Ongena, 2005; Agarwal and Hauswald, 2010).
Banks thus often require collateral until they acquired sufficient information (Jiménez
et al., 2006; Hollander and Verriest, 2016; Prilmeier, 2017). Our results suggest that the
rise of I'T in the financial sector has further increased the importance of housing collateral

to entrepreneurs.

Finally, we speak to the recent literature that investigates how the rise of financial

technology changes information processing and the resulting consequences for households

(Berg et al., 2019; Fuster et al., 2021; Allen et al., 2022) and firms (Hau et al., 2018;

!Similar to Pierri and Timmer (2022) we document a benefit of banks’ IT adoption. However, Pierri
and Timmer (2022) study the impact of IT on banks and financial stability, while this paper’s main focus
is on the impact of IT on local entrepreneurship and thus on the real economy. Importantly, Pierri and
Timmer (2022) show that IT benefits banks through lower NPLs during the system-wide financial crisis
of 07/08, while this paper highlights the benefits of IT for lending to startups during a boom.
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Erel and Liebersohn, 2020; Beaumont et al., 2021; Gopal and Schnabl, 2022; Kwan et al.,
2021; Cumming et al., 2022). Di Maggio and Yao (2021) argue that fintechs rely dispro-
portionately on hard information in the process of granting loans. Fuster et al. (2019)
find evidence that fintechs are faster at processing mortgage applications. Our results
suggest that the same is true for I'T-savvy banks. In addition, we document material ef-
fects for firms’ access to credit and employment, reflecting the importance of bank lending
to young and small firms. An advantage of focusing on variation in I'T adoption among
banks is that our results are unlikely to be explained by regulatory arbitrage or privacy
concerns. Both factors have been shown to be drivers of the growth of fintechs (Buchak

et al., 2018; Doerr et al., 2023).

The remainder of the paper proceeds as follows. Section 2 provides an overview of our
data. Section 3 presents a set of hypotheses derived from a simple theoretical framework
of bank lending and screening to guide the empirical analysis. Section 4 presents evidence
on the relationship between IT in banking, entrepreneurship, and collateral at the county
level. Section 5 zooms in on the IT collateral channel and investigates its dimensions.

Section 6 provides extensions and robustness tests, while Section 7 concludes.

2 Data and Variable Construction

This section explains the construction of the main variables and reports summary statis-
tics. The analysis focuses on the years from 1999 to 2007. While banks continued to
adopt IT in more recent years, the post-crisis period saw substantial financial regula-
tory reform (such as the Dodd-Frank Act and regular stress tests), which has affected
banks’ ability to lend to young and small firms. The absence of major financial regulatory
changes during our sample period makes it well-suited to identify the effects of banks’ I'T

adoption on entrepreneurship.

ECB Working Paper Series No 2956 11



IT adoption and exposure. Data on banks’ I'T adoption come from an establishment-
level survey on personal computers per employee in establishments across the US. It is
provided by CiTBDs Aberdeen (previously known as “Harte Hanks”) for the years 1999,
2003, 2004, and 2006. We focus on establishments in the banking sector (based on the
SIC2 classification and excluding savings institutions and credit unions). We end up with

143,607 establishment-year observations.

We first hand-merge the CiTBD Aberdeen data with data on bank holding compa-
nies (BHCs) collected by the Federal Reserve Bank of Chicago. We use the Financial
Institution Reports, which provide consolidated balance sheet information and income
statements for domestic BHCs. We then compute a BHC-level measure of I'T adoption
from a regression of the share of personal computers per employee in each bank branch
on a bank fixed effect, while controlling for the size and the location of the establishment,
as well other characteristics through fixed effects at the level of the establishment county.
Specifically, we estimate PC's/Empests = 1Ty + Ocst type + e + 01+ - log(empest) + €cst t-
The variation captured by the bank fixed effects, denoted as IT}, is our main measure
of IT adoption at the bank level. The focus on BHCs rather than local branches or
banks is due to the facts that (a) most of the variation in branch-level IT adoption is
explained by variation at the BHC-level, (b) technology adoption at individual branches
could in principle be influenced by unobservable county-level factors, which we account
for through branch-location fixed effects, and (c) using a larger pool of observations per

bank reduces measurement error.

To compute county exposure to IT in the financial sector, we then merge the resulting
Aberdeen-BHC data set to the Federal Deposit Insurance Corporation (FDIC) Summary
of Deposits (SOD) data. These data provide information on the number of branches of

each bank in a county. We combine [T}, with the branch network of each bank in 1999.
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The average I'T adoption of all banks present in a county is defined as:

No. branchesy, .

N
IT exposure. = Z IT, (1)
b=1

No. branches,’

where No. branches; . is the number of branches of bank b in county c¢ in 1999 and
No. branches. is the total number of branches across all banks in a county in 1999 for
which IT, is available. For the ease of interpretation, I'T exposure,. is standardized to a
mean of zero and a standard deviation of one. Higher values indicate that banks with

branches in a given county have adopted relatively more IT.

Our measure of I'T adoption is based on the use of personal computers across bank
branches in the United States. The ratio of PCs per employee has not only the most
comprehensive coverage, but has also been used extensively in the literature (Bresnahan
et al., 2002; Brynjolfsson and Hitt, 2003; Beaudry et al., 2010; Bloom et al., 2012). We
purposely focus on banks’ general adoption of IT, rather than specific technologies (e.g.
ATMs or online banking as in Hannan and McDowell (1987) or Herndandez-Murillo et al.
(2010)), because of the multi-purpose nature of I'T. To examine the validity of our mea-
sure, we exploit additional information on banks’ I'T budget available in the 2016 vintage.
The correlation between the I'T budget of an establishment and the number of computers
as a share of employees is 0.65 in 2016. There is also a strong positive correlation be-
tween PCs per employee and the probability of the adoption of cloud computing. These
correlations provide assurance that the number of PCs per employee is a valid measure

of IT adoption.

County and industry data. Data on young firms are obtained from the Quarterly
Workforce Indicators (QWI). The QWI provide detailed data on end-of-quarter employ-

ment at the county-two-digit NAICS industry-year level, with a breakdown by firm age.
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QWTI are the only publicly available data set that provides information on county em-

ployment by firm age and industry.

We follow the literature and define young firms or entrepreneurs as firms aged 0-1
(Adelino et al., 2017; Curtis and Decker, 2018; Doerr, 2021). For each two-digit industry
in each county we use 4" quarter values. Note that the employment of young firms is a
flow and not a stock variable, as it measures the number of jobs created by new firms in
a given year. In our baseline specification, we scale the job creation of young firms by
total employment in the same county-industry cell, but results are unaffected by other
normalization choices. There is significant variation in job creation rates by startups both
across and within states, and entrepreneurial activity is high also outside of e.g. tech hubs

such as the Silicon Valley.

The 2007 Public Use Survey of Business Owners (SBO) provides firm-level information
on sources of business start-up and expansion capital. For each two-digit NAICS industry
we compute the fraction of young firms out of all firms that reports using home equity
financing or personal assets (home equity henceforth) to start or expand their business
(Doerr, 2021; Doerr et al., 2022). In addition, we collect information on the reported
capital required to start a company in each industry (Hurst and Lusardi, 2004; Adelino
et al., 2015). Following Rajan and Zingales (1998), we use Compustat data to measure
industry-level dependence on external finance as capital expenditure minus cash flow over

capital expenditure, averaged over the decade prior to our sample period.

The US Department of Agriculture provides a list of land-grant colleges and universi-
ties that were established in 1862 and 1890. Data on enrolment by major and test scores
are obtained from from the Integrated Postsecondary Education Data System survey for

1996.

Other county-level variables include the total population, the share of the black pop-
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ulation, the share of the population of age 65 and older, the unemployment rate, house
price growth, and per capita income. The respective data sources are: Census Bureau
Population Estimates, Bureau of Labor Statistics Local Area Unemployment Statistics,
Federal Housing Finance Agency (FHFA) repeat sales House Price Index (HPI), and

Bureau of Economic Analysis Local Area Personal Income.

Bank data. The FDIC provides detailed bank balance sheet data in its Statistics on
Depository Institutions (SDI). To construct bank-level controls, we collect second quarter
data for each year on banks’ total assets, Tier 1 capital ratio, non-interest and total in-
come, total investment securities, overhead costs (efficiency ratio), non-performing loans,

return on assets, and total deposits.

We further use Community Reinvestment Act (CRA) data on loan origination at
the bank-county-year level, collected by the Federal Financial Institutions Examination
Council. CRA data contain information on loans with commitment amounts below $1
million originated by financial institutions with more than $1 billion in assets. We aggre-
gate the data to the bank-county level and then compute loan growth as log differences.

We also compute loan growth for loans with an origination amount smaller than $100,000.

Finally, we collect data on the processing time of small business loans from the Small
Business Administration (SBA)’s 7(a) loan program, which contains predominantly se-
cured loans. To select the sample, we drop revolver loans and loans with missing or zero
loan size. We also exclude loans disbursed under the SBA Express program, as these
follow a different process and do not require collateral. The SBA data provide informa-
tion on the date the loan was approved and the date of the first loan disbursement. We
take the difference between the two variables to compute the loan processing time. It
is likely a reasonable proxy for the time between application date and approval date, or

processing times more generally: once a loan is approved the lender starts the closing
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process, which includes securing collateral, preparing loan documents, and fulfilling any
other authorization requirements. Note that the SBA Lending Programs are guarantee
programs where the SBA guarantees a portion of loans originated by commercial lend-
ing institutions against losses from defaults, rather than lending directly to qualifying

borrowers.?

Descriptive statistics. In the average county, the employment share of entrepreneurs
out of total employment equals 5.4%, with a standard deviation of 1.4%. These numbers
are in line with the aggregate employment share of young firms from 1999 to 2007, which
stands at 4.7%. At the county-industry level, mean and standard deviation average 5.7%
and 3.5%. The IT variable has by definition a mean of 0 and a standard deviation of 1.

Table 1 reports further summary statistics of variables at the county and bank level.

Table 2 reports the balancedness in terms of county-level covariates. We split the
sample into counties in the bottom and top tercile of IT exposure. Except for population,
we do not find any significant differences across counties. Counties with high and low
exposure are similar in terms of their industrial structure, demographics, and I'T adoption

of non-financial firms.

3 Hypotheses Development

In this section we develop a simple theoretical framework to derive testable hypotheses
that guide our subsequent empirical analysis. A key building block of the model is
asymmetric information: firms’ quality is initially unobserved by banks. To mitigate the

arising adverse selection problem, banks screen by either acquiring information about

2To qualify for a 7(a) loan, a borrower must meet various requirements. In particular, to qualify,
borrowers must exhaust other funding sources, including personal sources, before seeking financial as-
sistance, and be willing to pledge collateral for the loan. In sum, SBA 7(a) loans are intended as a last
resort (Bachas et al., 2021).
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firms to learn their type (unsecured lending) or requesting collateral (secured lending).

The agents in the economy are banks and firms. There are two dates ¢ = 0,1, no
discounting, and universal risk-neutrality. There are two goods: a good for consumption

or investment and collateral that can back borrowing at date 0.

Firms have a new project at date 0 that requires one unit of investment. They
are penniless in terms of the investment good but have pledgeable collateral C' at date
0. Firms are heterogeneous at date 0 along two publicly observable dimensions. First, a
firm’s collateral is drawn from a continuous distribution G. The market price of collateral
at date 1 (in terms of consumption goods) is P, so the collateral value is P C at date
1. Second, firms are either old (O) or young (Y), where we refer to young firms as
entrepreneurs. The mass of firms is normalized to one and the share of young firms is

y € (0,1). For expositional clarity, firm age and collateral are independent.

The key friction is asymmetric information about a firm’s type, that is the quality of
the project. The project yields a contractible payoff x > 1 at date 1 if successful and 0 if
unsuccessful. Projects of good firms are more likely to be successful: the probability of
success is pg for good firms and pp for bad ones, where 0 < pg < pg < 1 and only good
projects have a positive NPV,

ppr <1< pgz. (2)

Project quality (type G or B) is privately observed by the firm but not by banks. The
share of good projects at date 0 is ¢ > 0, which is independent of bank or firm charac-

teristics. We assume that the share of good projects is low,

[qpe + (1 = @)pp] v < 1, (3)

so the adverse selection problem is severe enough for banks to choose to screen all bor-

rowers in equilibrium. As a result, all loans granted are made to good firms.
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There is a unit mass of banks endowed with one unit of the investment good at date
0 to grant a loan. An exogenous fraction h € (0, 1) of banks adopted IT in the past and

is therefore a high-IT bank, while the remainder is a low-IT bank.

Each bank has two tools to screen borrowers. First, the bank can pay a fixed cost F’
to learn the type of the project (screening by information acquisition). This cost can be
interpreted as the time cost of a loan officer identifying the quality of the project. We

assume that this cost is lower for old firms than for young firms:

Fo < Fy, (4)

which captures that old firms have (i) a longer track record and thus lower uncertainty
about future prospects; or (ii) larger median loan volumes in practice, so the fixed cost

is relatively less important.

Second, the bank can screen by asking for collateral at date 0 that is repossessed and
sold at date 1 if the firm defaults on the loan. In this case, the bank does not directly learn
the firm’s type, but the self-selection by firms — whereby only firms with good projects
choose to seek funding from banks — reveals their type in equilibrium. We assume that

the cost of screening via collateral is lower for high-IT banks than for low-IT banks:

VHighIT < ULowIT (5)

which captures that it is easier or cheaper for a high-IT bank to verify the existence of
collateral, determine its market value, or document and convey these pieces of information

to its headquarter.

This important assumption builds on literature examining the ways I'T facilitates real-

estate related process. IT can expedite appraisal, research, and sales, thereby reducing
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the costs and time of originating secured loans (Jud et al., 2002; Kummerow and Lun,
2005; Sawyer et al., 2005).> IT also stands to improve banks’ ability to evaluate collateral
through hedonic pricing (Hill, 2013; Wei et al., 2022).* Finally, IT facilitates the flow
of information, and in particular hard information such as on collateral values, between

banks’ headquarters and local branches (Petersen and Rajan, 2002).5

For expositional clarity the fixed costs F' are independent of the bank’s type and the
costs of screening via collateral v are independent of firm age. Our results generalize as

long as the high-IT bank has a comparative advantage in screening via collateral.

We assume that banks and firms are randomly matched. The lending volume max-
imizes joint surplus, where banks receive a fraction 6 € (0,1) of the surplus generated.
This assumption simplifies the market structure because it implies that a startup does
not make a loan application with multiple banks, thus excluding competitive interaction

between lenders.

In what follows, we assume a ranking of screening costs relative to the expected surplus
of good projects:

Viighit < Fo < per —1 < min{Fy, vowrr}- (6)

In equilibrium, only good firms may receive credit because all firms are screened in

3For example, Kummerow and Lun (2005) argue that “firms [used to] access sales data on microfiche,
a tedious, time-consuming search process. [...] The result of being able to obtain sales information more
quickly by fax or email was to increase the number of valuations completed per day. [...] A process that
used to take several days could be compressed to a few hours. Valuers who used to do 3—4 valuations a
day, now can complete 7-8 per day, including property inspections”.

4As discussed in Hill (2013), early attempts at hedonic pricing only had access to rather limited data
sets and computing power, and hence required manual input and models were quite costly to estimate.
As a result of the combination of the development of new data sets and increased computing power,
computer intensive nonparametric methods have become popular. It also became standard to make use
of the longitude and latitude data of individual properties in hedonic regressions, as