CENTER FOR
BANKING EXCELLENCE

The University of Kansas

Small Business Lending and Social Capital: Are Rura
Relationships Different?

CBE Research Paper # 2012-1

Robert DeYoung**
University of Kansas, Lawrence, KS USA

Dennis Glennon*
Office of the Comptroller of the Currency, WashimgDC USA

Peter Nigro
Bryant University, Smithfield, RI USA

Kenneth Spong*
Federal Reserve Bank of Kansas City, Kansas Ci), MSA

This draft;: June 2012

Abstract: Rural communities often are described as placesrevbeveryone knows each other’s
business.” Such intra-community information iselik to translate into a stock “social capital” that
supports well-informed financial transactions (@yiSapienza and Zingales 2004).

We investigate whether and how the “ruralness’smfll banks and small business borrowers
influences loan default rates, using data on 08600 U.S. Small Business Administration (SBA) lean
originated and held by rural and urban communityksabetween 1984 and 2001. These data provide a
good test of the value of soft information and legdelationships because (a) these borrowersttebd
smaller, younger, and more credit-challenged thdrerosmall businesses and (b) these loans were
originated largely before the advent of small besicredit scoring and securitization, and heneg th
were held in portfolio and put some bank capitegcliy at risk.

We have two main findings. First, loans originated rural community banks and/or loans
borrowed by rural businesses default substantiefig often than loans made by urban banks and/or in
urban areas. Second, loan default rates are isgniify higher when borrowers are located outskde t
geographic market of their lenders, even after actiog for the physical distance between the bank a
the small business. Thus, we conclude that lofautts are lower in communities arguably expected t



have large amounts of inexpensive soft informatiad at banks likely to have a high level of persona
knowledge about their customers.

Our findings offer an explanation for why communiignks—and in particular, rural banks—
continue to exist despite operating at such sneles why small local banks play a critical role in
lending to small, informationally opaque borroweasd why small rural banks are less likely to usalk
business credit scoring than their small urban wparts. Moreover, our findings are consisterthwi
the idea that a high stock of social capital isduarive to financial activity and development.
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1. Introduction

Commercial banks play a central role in providingdit to opaque small businesses, chiefly
because banks can foster borrower-lender relatipsighat transcend the information asymmetries that
prevent these firms from accessing capital markétkese information problems are likely to be the
greatest in the case of new businesses and otladirlmsinesses that have had blemished creditascor
For such businesses, securing access to bank iredi essential element that determines wheltegr t
have a chance to succeed and make their uniquelegitns to economic growth and job opportunities.
At the same time, contracting with these businesssstes credit risk (and potentially insolvenekyifor
lenders, so lenders must be expert in identifyimg ¢reditworthiness of these firms. A key research
question is which lenders, and which lending tetdgies, perform best in this role of lending to naud
struggling businesses.

It is an article of faith among many that communriignks are better at this task than larger
banks: Community banks focus predominantly on local baers and local depositors, resulting in
network economies in gathering information abowt ttreditworthiness of local small businesses.
Because community banks are in many ways smalhbsses themselves, they can empathize with small
business people in ways that larger lenders canmaid the geographically undiversified nature of
community bank loan portfolios provides incentif@sthem to make efficient credit allocations. rade
association for the community banking industry hmsmmarized these arguments as follows:
“Community banks have only 12 percent of all baskess but make 20 percent of all small business
loans... Because most community banks are locallyeslvand operated, they have strong ties to their
local communities. These banks have a close oakstip with their customers and are quite famikiih
their customers’ financial condition and their bist and ability to repay. The success of community

banks is tied directly to the success or failuréhefr customers and their communities (ICBA 2011.

! Standing in potential contrast to this positior #te aggregate lending data, which show thatitimésl share of
small business loans in the U.S. are extendedrigg laanking companies, not by community banks. él@r, our
study is about marginally qualified small businbssrowers and the quality of their loans, not atengrage small
business borrowers and the dollar value of crbeéiy receive.



similar conclusion has been drawn by two FederaeRe economists: ‘@nmunity bankers typically
know their customers better than bankers at laogganizations, and perhaps this knowledge of local
people and local businesses offsets the exposulecad economic downturns. As a consequence,
community banks seem to hang tight through the ghapaters of local economic downturrtdall and
Yeager 2002)

These phenomena may be more pronounced in ruralstomhere banks are even more closely
tied to and dependent upon the local economy, whersonal relationships are a more integral pattief
social fabric, and where informal information abpotential borrowers is likely to be more plentitul
easier to access. Despite two decades of consnbaoking industry consolidation that has roughly
halved the number of U.S. commercial banks, 59%illafemaining banks are located in rural counties,
places that account for only 21% of the U.S. paputa Based on conventional measures, nearlyfall o
these banks are operating below minimum efficieales with undiversified loan portfolios exposing
them to volatile local (agriculture-driven) econesi Do rural banks enjoy a competitive advantage i
lending to small businesses so substantial thudtsiets their size-based disadvantage?

Ascertaining the creditworthiness of rural smalsibesses can pose a number of challenges, not
the least of which is that many rural small bussessare hard-information deficient. In rural local
economies, the re-sale market for fixed investmantsspecialized assets is thin, which makes theeva
of seized collateral in the case of loan defauttautain. Rural small businesses are less likedn their
urban peers to have audited financial statementthdr reducing the amount and usefulness of hard
information about their creditworthiness. The abeind civic underpinnings of rural commerce as®al
fundamentally different from those in metropolitaarkets. If one accepts the conventional wisdaah th
rural communities are closer knit than urban comities+—so that “folks know each others’ business”™—
then these personal informational nexuses no dextieind into the rural business community as well.
This gives rural banks eostlessendowment of soft information about local busiesssvhich may serve
to offset the production inefficiencies and riskatsification problems associated with small scald

the costly, labor-intensive nature of relationdeipding and soft information collection.



One might characterize this hypothesized differeme®veen rural and urban soft information
environments as a difference in the level of “sbcipital.” As described by Guiso, Sapienza and
Zingales (2004), social capital impacts economficiehcy “by enhancing the prevailing level of ttus
In high-social-capital communities, people may ttraach other more because the networks in their
community provide better opportunities to punishvidets. At the same time, in these communities
people may rely more on others’ keeping their peawibecause of the moral attitude imprinted with
education.” Guiso, Sapienza and Zingales (200&ntity exogenous differences in social capital asro
95 ltalian provinces, and find that financial tracons that involve trust (e.g., accepting perkohacks
as payment, extending credit to households) aresrtikely to occur in provinces with more social
capital. In this study, we hypothesize that raralas have higher levels of social capital thaamudreas,
and then test whether financial transactions thedlve trust (relationship loans) are more likedykte
successful in rural areas.

Using non-public data from the U.S. Small Busingdministration (SBA) on over 18,000 loans
made by community banks to small businesses betv@®h and 2001, we find evidence that small rural
banks are especially good at underwriting and manig credit to small, informationally opaque firms
Loans made by small rural banks have a signifigaitiver likelihood of default than loans made by
small urban banks. This performance advantagesgigely related to the “ruralness” of the borrowe
lender relationship: it intensifies as the sizetaf rural market declines and it weakens when tina! r
borrower and rural banker are located in diffememal markets. Importantly, the data suggest tiese
advantages are not driven exclusively or even piiynay core competencies at rural banks, but more
broadly, these advantages are made available ksBaoated in rural marketsa the characteristics of
rural businesses, rural economies and rural c@itane are indicative of the value of soft inforroatand
“knowing your customer.”

Our findings suggest “ruralness” is a primary reagtat small rural banks continue to exist in
disproportionate numbers and operate successftilless than efficient scale, and they offer an

explanation for why rural banks are more likelyb® portfolio lenders and less likely to engagenrals



business credit-scoring and securitization. Inrtshbe classical description of banks as “speeidlé.,
repositories of private local information that a them to outperform both non-banks and non-local
banks in the analysis of local creditworthinessrdahere more accurate than in rural places.

The rest of the paper proceeds as follows. Weevethe relevant literature on small business
lending in Section 2. Formal, testable hypothemsesintroduced in Section 3. We describe our small
business loan data in Section 4, present the ecatnienmethodology in Section 5, and report the ltssu

of our tests in Section 6. Section 7 concludes.

2. Literaturereview

A large literature focuses on the importance oftiehship lending and soft information in
granting credit to small businesses—but very litifethis literature examines whether there might be
differences in lending technologies and credit grenfince across different types of community banks.
The extant literature addresses a number of relgibedtions, for example: how bank size influences
small business borrower-lender relationships arfdisformation-based lending; how banking industry
consolidation and the adoption of credit scoringehaffected the supply of small business loans;hevad
relationship lending benefits small businesses,(baiter access to credit, more favorable lenténms).

Much of the research on small business lendingaget on the idea that small businesses are
informationally opaque and that informational asyetmes between borrower and lender may limit the
types of lenders and the lending technologiesrieat be used. Petersen (2004), for instance, dissus
how the amount of information available on firmdlwifluence their access to capital and the strect
of financial markets and financial institutions. et€trsen draws a distinction between hard and soft
information, with hard information being more nuimal and encompassing such items as financial
statements, payment history, and output numberkewbit information is more qualitative and inclsde
opinions, ideas, rumors, and statements of futlaesp Much of what banks use in relationship legdi

and lending to more opaque small businesses walchbracterized as soft information. According to



Petersen, such information is largely collectedhgylending officer and is not easily transmittedther
parts of the banking organizations or readily al#é to other lenders or investors.

Boot (1999), Elysiani and Goldberg (2004), and U¢2008) provide summaries of the literature
that has developed on relationship lending, sdérimation, and other related topics. These surfiegs
that relationship banking has a distinct and ingoartole to play in small business lending andrfaial
intermediation. But these surveys also report éxdgting studies offer conflicting evidence regagd
some dimensions of small business-bank lenderioekttips, and as such a number of interesting
guestions still remain unanswered.

Much of the relationship lending literature findsat smaller banks are likely to have an
advantage in lending to informationally opaque $rbakinesses and will direct more of their lending
toward small businesses than larger banks will. kataura (1994) asserts that small banks have an
informational advantage that makes them best abllend to and closely monitor local small businesse
and the tight organizational structure of most $nbainks allows them to effectively exploit this
advantage. Scott (2004) finds that small firmsedngher satisfaction ratings to community banksl(a
lower ratings to large banks) regarding their perfance in meeting credit needs and maintainingigtro
banking relationships. Using data on small firmsArgentina, Berger et al. (2001) conclude thagdar
institutions and foreign-owned institutions havdficlilty extending relationship loans to small fism
Berger et al. (2005) find suggestive evidence simaall banks are better able to collect and actafin s
information and tend to lend to more difficult citsdwhile large banks lend on a more impersonalsha
and have shorter and less exclusive lending relstips.

The important role that small banks play in relasioip lending would suggest that the banking
consolidation of the past few decades might be arpeto have an adverse effect on small business
lending. But a number of studies (e.g., Avery &aimolyk 2004; Berger et al. 1998) find that any
declines in small business lending at consolidatetitutions are mostly offset by lending increases
other banks and by the entry of new banks. Otheties conjecture (Petersen and Rajan 2002) or

document (DeYoung et al. 2010) that improvementdnfiormation processing, credit scoring, and



communications are increasing the credit accessnafl firms by enabling them to contract with more
distant sources. This extended geographic reaghbma&nabling larger, non-local banks to lend talsm
local businesses and thus eroding the relationighiging advantages of small banks (Berger and Rice
2010). In recent years, there has been an inaaesseof credit scores by small banks to evaluatdls
business loan applications; however, these bamid tte use the consumer credit score of the business
owner, not the more encompassing small businesht aeore used by large banks (Berger, Cowan and
Frame 2011). Hence, even when using hard infoomasimall banks remain more likely to focus on the
character and creditworthiness of the person apglir the loan.

Another line of research provides evidence thabnsfer relationships help to increase the
availability of credit and improve lending termsdacredit quality. For example, Petersen and Rajan
(1994, 1995) and Cole (1998) generally find thdatrenships result in more available credit for #ma
firms. The Petersen and Rajan studies, alongBetiger and Udell (1995) and Garcia-Appendini (2011)
also indicate that relationship lending and theilaldity of soft information can contribute to l@w
interest rates on small business loans. Only mewently have researchers (DeYoung et al. 2008CFDI
2010; Garcia-Appendini 2011) looked at measuresretlit quality in small business lending; these
studies have typically found higher lending riskeew banks go beyond local relationships and make
little use of soft information, especially when dimg outside of their own markets.

Only a few studies have looked at how lending ietesthips might differ across particular types
of banks. Berger and Udell (2002) and Stein (2@@2yide models of how a bank’s organizational and
management structure might influence its relatiggshwith borrowers, and these models have
implications for how lending relationships mightryaacross different community banks. Berger and
Udell, for instance, assert that a loan officetswmulation of soft information over time may ceeat
agency problems between the loan officer and a’san&nagement and stockholders, and these agency
problems can be addressed best when the banknislg slosely-held organization with few managerial
layers. They characterize the loan officer ascdby living in the local community and having the

greatest access to soft information about a smadiness, its owner, and the community itself. €hes



authors also contend that the resulting agencycanttacting problems will be controlled better madl
organizations where the president is actively eadaig making or reviewing most business lending
decisions. As a result, their model would appeamply that small banks in small rural markets Inig
have the fewest agency problems since both the paedident and loan officer, if separate individyal
would each have extensive personal knowledge of barsowers and might jointly be involved in many
of the lending decisions.

A number of studies have compared and contrastednmtnagement structure and lending
operations at rural banks versus urban banks, wththese studies do not systematically differémtia
between large and small (i.e., community) urbarkbarKittiakarasakun (2010) compares banks in rural
and urban areas and finds evidence that urban keanHsto rely more on verifiable (hard) information
while rural banks tend to lend to nearby customalmut which they would have local, personal
knowledge. These results mirror what Cole et 2004) found previously in comparisons of large and
small banks. Cowan and Cowan (2006) further calelihat rural banks are less likely to use credit
scoring for small business loans when compareditarubanks. In addition, Brickley et al. (2003pwh
that the office, ownership, and management straabfibanks is likely to vary across different maske
and customer bases, with rural areas primarilyrdtalocally controlled banks due to the advantageb s

banks may have in knowing customers and makingsibers locally.

3. Hypotheses

The goal of this study is to generate evidenceulisef addressing the following broad question:
Are small rural borrowers more likely than smalbain borrowers to have strong relationships witlir the
banks? To answer this (and related) questions;ongare and contrast the default rates for loardema
by rural and urban community banks to rural anchorbmall businesses.

It is natural to use default rates to draw infeemnabout the existence of lending relationships. A
true borrower-lender relationship generates sdirination about the borrower’'s creditworthinesst tha

that bank can use to construct a sustainable Igrstimtegy that reduces the likelihood of borrowing



default. Just as important, lenders should bengilto incur short-term costs in order to develog a
preserve a valuable long-term lending relationséiy hence will be more likely to restructure aibled
loan rather than calling the loan and forcing ditfau

We posit and test six inter-related hypotheses tthatcharacteristics of agents (firms, banks),
agent types (urban, rural) and/or agent locatitmsal, out-of-market) influence the probability lofin
default. We state each of these hypotheses inahdashion, so that each hypothesis supportgoa t
sided test that treats rural loans and urban legmsnetrically.

Let D(X) represent the probability that a loan will defaulvhere x indicates locational

information about the borrowing firm and the lergllvank as follows:

X = RR indicates a rural firm borrowing from a rubaink
x = UU indicates an urban firm borrowing from anamkbank
x = RU indicates a rural firm borrowing from an undaank

x = UR indicates an urban firm borrowing from a turank

This four-way taxonomy of borrower-lender pairseihaustive and mutually exclusive. We use this

taxonomy to state our first two hypotheses.

H1. Ruralness Hypothesis: The efficiency of loamntracting and monitoring in rural markets willffér
from that in urban markets, due to differencesiioiimational, institutional and/or cultural conditns in

those markets.

Using the notation introduced above, D(RR) < D(U&/xonsistent with the existence of ruralness that

makes loan contracting and monitoring more effigieim other words, this finding would suggest that



borrower-lender relationships are stronger in rotatkets’. Similarly, D(RR) > D(UU) is consistent with
the existence of ruralness thiatlucesthe efficiency of loan contracting and monitorin§hould tests of
this hypothesis find evidence consistent with mgak, we will of course be interested in the sqaja&f
the ruralness. Ruralness might emanate from sgstentifferences in the practices of rural banksif
systematic qualities of rural small businessesfran pairing rural banks with rural small businesse

Our second hypothesis examines the last of these tfossibilities.

H2. Borrower-Lender Empathy Hypothesis: Agentthefsame type—that is, urban banks paired with
urban firms, or rural banks paired with rural firmsshare informational, institutional and/or cultural

similarities that make loan contracting and moniibgr more efficient.

All else equal, D(RR) < D(RU) and D(RR) < D(UR) a@nsistent with borrower-lender empathy in rural
markets. Similarly, D(UU) < D(RU) and D(UU) < D(JRre consistent with borrower-lender empathy
in urban markets. (While borrower-lender empathgynibe an underlying cause for ruralness, it is
important to note that borrower-lender empathyesst independent of ruralness.)

Testing our remaining hypotheses requires thewiatlg more detailed taxonomy of the relative

locations of borrower-lender pairs:

x = RRL indicates a rural firm borrowing from a lbcaral bank

x = RRNL indicates a rural firm borrowing from a nlarcal rural bank

x = UUL indicates an urban firm borrowing from adbcrban bank

x = UUNL indicates an urban firm borrowing from anAlocal urban bank
x = RU indicates a rural firm borrowing from an undaank

x = UR indicates an urban firm borrowing from a turank

2 Note that a lower default rate for relationshipdsg does not necessarily map into higher praifitgb Numerous
other facets of loan production—such as pricingjnogl scale, diversification effects, and ancillagvenues—
differ across the relationship and non-relationstiming models and have important impacts on lprofitability.



where “non-local” refers to a lender located initg, down or county different from the borrower {dits
below). This six-way taxonomy splits same-typen®éRR, UU) into local loans (RRL, UUL) and non-
local loans (RRNL, UUNL), and as such continue®¢oexhaustive and mutually exclusive. The finer

detail permits us to isolate the effects of “loeds’ apart from the effects of “ruralness.”

H3. Local Lending Hypothesis: Pairs of agentstie same local market have relatively low costs of
information sharing and/or information revelatiomaking loan contracting and monitoring more

efficient.

All else equal, D(RRL) < D(RRNL) is consistent wiltical market lending efficiency effects in rural
markets. Similarly, D(UUL) < D(UUNL) is consistemiith local market lending efficiency effects in
urban markets. While finding evidence of localnpss sewould not be surprising—for instance,
DeYoung et al (2008) found localness, measuredrimg of the geographic distance between borrowers
and lenders, to be a strong determinant of smalinkess loan performance—this test may determine
whether localness is relatively more or less imgarin rural or urban settings.

Should we find evidence of ruralness in the date, finer detail in the six-way taxonomy
provides us with a way to identify the roots ofalness: Does ruralness reside primarily in difiess
between rural and urban small businesses borrowens@does it arise due to differences between rural

and urban small community bank lenders?

H4. Credit Analysis Hypothesis: Lender types (arlbanks vs. rural banks) are different in ways that

impact the efficiency of loan contracting and maniitg.

If rural banks are better at credit analysis thevan banks, then all else equal, we should findjdhe

result D(RRNL) < D(RU) and D(UUNL) > D(UR). Thislfows from holding constant the type of the

10



borrower (rural or urban) on either side of eadqumlity, while allowing the type (rural or urbaosf)the
non-local lendetto change on either side of each inequality taagka By looking only at loans made by
out-of-market banks, this test neutralizes the mk effects of localness, which may be differémt
purely rural local lending environments (RRL) andrgdy urban local lending environments (UUL).
Alternatively, a joint finding that D(RRNL) > D(RUand D(UUNL) < D(UR) would indicate that urban

banks are better at credit analysis than rural aank

H5. Credit Quality Hypothesis: Borrower types (arbfirms vs. rural firms) are different in ways tha

impact their credit risk.

If rural firms are better credit risks than urbams, then all else equal, we should find the josgult
D(RRNL) < D(UR)_and D(UUNL) > D(RU). This followfom allowing the type of théocal borrower
(rural or urban) to change on either side of eaeujuality, while holding constant tm®n-localnesof
the lender on either side of each inequality. Agdly looking only at loans made by out-of-market
banks, this test neutralizes the potential effe€iscalness. Alternatively, a joint finding thA{RRNL)
> D(UR) and D(UUNL) < D(RU) would indicate thathan firms are better credit risks than rural firms.
Unfortunately, evidence that is consistent with @redit Quality Hypothesis that rural (or urban)
firms have higher credit quality would also be dstent with the alternative hypothesis that credjpply
restrictions force rural (urban) firms to look toban (rural) banks for loans. When credit access i
restricted for a given group of borrowers—due takegfrictions that are exogenous to those borrewer
such as market power or discrimination in lendingentthat group of borrowers will exhibit a relative
low rate of loan default, because the marginal gteckloan applicant in the credit restricted grailpbe

more qualified than the marginal accepted loaniegpl outside that group. Thus, our final hypoties
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H6. Credit Access Hypothesis: Systematic creditrigions in local markets cause local firms telse
credit in non-local markets. These ex-patriot @reestricted firms will exhibit above-average cied

guality in the non-local markets in which they fiatban.

In other words, the Credit Quality Hypothesis i®led with the Credit Access Hypothesis in our tésts
In the latter case, low default rates are condistith strong lending relationships and high quaditedit
information. In the former case, low default rages consistent with reduced credit access in wbiti
low-risk firms get loans.

We make efforts to disentangle these two pooledcesfin our regression tests. Ideally, we
would be able to absorb differences in the resigaess of credit across the local markets in ata 8y
including control variables for aggregate localragupply in our tests (e.g., small business loaars p
capita). However, we cannot construct such cornttdbbles from our database because these loars we
drawn randomly across (not within) geographic markeMoreover, systematic aggregate data on small
business loans are not available from other sourclestead, we attempt to adjust for local credit
conditions using the second-best approach of iimduih our regression tests control variables that
measure local lender concentration and state-tegéiictions on bank entry.

We also appeal to the (scant) academic literahaedttempts to reveal objectively whether rural
borrowers face limited credit access. Using datenfthe 1993 National Survey of Small Business
Finance—data that falls in the middle of our 19842 data—Walraven (1999) finds evidence that (a)
rural small businesses were significantly lessljikban urban small businesses to apply for a laad,

(b) rural small business loan applications weraifitantly more likely to be accepted than urbaraBm
business loan applications. In addition, Briggeraad Akers (2010), using data from both the 2005

Agricultural Resource Management Survey and the32Qational Survey of Small Business Finance,

% Loan defaults provide high-quality information albdoth credit risk and credit access. Becausg ane market
outcomes, loan defaults do not suffer from soméhefproblems associated with other measures oft@edess,
such as (a) self-reported borrower data and surgayhe number of loan applications made and rejeor (b)
restrictive loan contract terms which can pool infation about credit risk with supply-side attemfuisrestrict
access to credit.
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conclude that rural small business owners repdrgdng fewer problems in receiving credit than tthei
urban counterparts. Taken together, the findingsy fthese two studies are inconsistent with th@not
that credit access in rural markets is restrictgdtive to urban markets.Thus, should our tests of the
Credit Quality Hypothesis generate evidence cossistith relatively high credit quality for ruramsll
businesses, we could reasonably argue that HypestHéS and H6 are not pooled in our data, based on

the findings of these two studies.

4. Dataand bivariate tests

We test our hypotheses using non-public data ob6D8mall business loans made by U.S. banks
between January 1984 and April 2001 under the SBainess Administration (SBA) flagship 7(a) loan
program. The 7(a) loan program provides loan guaees for small business firms that are unable to
access the same credit on reasonable terms froffederally guaranteed sources; as such, SBA loans a
critical to the flow of credit to small firms. Lders select the firms to receive loans, initiateASB
involvement, underwrite the loans within SBA pragrguidelines, and monitor and report back to the
SBA the progress of these loans. The SBA guarastapro rataloss sharing arrangement between the
SBA and the lender, so the lender puts some afaipétal at risk for every loan. The percentagehef
loan principle that is guaranteed varies acrosssioand we control for this in our regression tests

All of the loans in our data were made by relativeiall, or “community,” banks. For the
purposes of this study, we define a community basla U.S. commercial bank with less than $1 billion
in assets in inflation-adjusted 2000 dollars. TBel60 loans made by these banks is a subsample of
larger initial sample of 31,880 SBA loans made agks of all sizes during the sample period. Thgela
initial group of loans is a 20% random sample frtbim population of all 7(a) loans originated durthg
sample period, weighted by the number of loanfiénpopulation each year. As suggested by theinlata

Table 1, the number of SBA loans has varied subathnfrom year to year; these fluctuations mainly

* By itself, the Walraven (1999) finding could indte that limited credit access discouraged rurahgifrom
applying for loans. But the Briggeman and Ake@1(@) finding makes this possibility unlikely.
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reflect changes in the level of federal fundingSBA programs across time, and we control for these
annual fluctuations in our main tests.

The historical nature of these data is an advantaigéhe purposes of our study. These loans
were originated between 1984 and 2001, before attmm hard information-based lending techniques
(credit scoring, loan securitization) were widepyphed to small business loan applications. Alijiou
large banks began credit scoring small business dmplications in the early 1990s, community banks
did not adopt this new technology until some ydater (Frame, et al. 2001). So during our sample
period, community banks in both urban and ruralkeis were using very similar lending technologies
for small business loan applicants—i.e., screetoag applicants based disproportionately on |losat,
information and holding the resulting loans on theilance sheets. This allows us to test morenslea
for the pure effects of ruralness, without the pogdly confounding effects that emerged in lateass
when urban banks became more reliant on hard-irsféom lending than rural banRs.

Using data on SBA loans—borrowers that were un#bleccess regular market (non-federally
guaranteed) lending channels—is also an advantagid purposes of this study. Because these firms
typically lack well-documented credit histories, ethevaluation of their creditworthiness turns
disproportionately on the ability of banks to gathad utilize soft information about the loan apaiit.
Much of this information arises from the bank’sat&inship with the applicant, but just as imporant
information comes from the applicant’s customeuppéiers and non-business acquaintances in thé loca
market. While the government subsidy reduces #mek's exposure to credit risk, risk is not fully
mitigated—the loan principle is only partially gaateed by the SBA—so the lender has clear incentive
to collect and analyze this information.

The SBA data include the Zip code of each borroftlex address of the business establishment)

and each bank (the address of the lending offiseally but not always the bank’s headquarters). udée

® For further details of how this initial 20% rand@ample was drawn, see Glennon and Nigro (2003).
® Cowan and Cowan (2006), for instance, find that gheater a bank’s investment in farm loans reativ total
loans (their measure of ruralness), the lowerit@ihood that the bank will use credit scoring.
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this information to determine whether borrowers @ters are “urban” or “rural,” which allows us to
assign each loan to the four-way and six-way taruae defined above. Urban borrowers or lenders are
located in Metropolitan Statistical Areas (MSAsHaural borrowers are located in non-MSA counties.
Knowing the MSA or nhon-MSA county in which the bowrer is located allows us to merge in a variety
of information about the borrower’s local markenditions, such as banking market structure caledlat
from the FDIC Summary of Deposits database. Kngviire identity the lender allows us to merge in
detailed bank financial statement data from theG-Reports of Condition and Income (the call regorts
Overall, 15.4% of the loans in our data set deéallt Table 2 displays the average default
percentages for each of the borrower-lender pairthé four-way (Panel A) and six-way (Panel B)
taxonomies. The difference-in-means tests probidariate (uncontrolled) tests of our six hypottsese
Only a few of the hypotheses receive statisticallynificant support. There is no support for the
Ruralness hypothesis, as average D(RR) is nostitally different from average D(UU). There igtjs
support for the Borrower-Lender Empathy hypothdsigh in rural markets where D(RR) < D(UR) and
in urban markets where D(UU) < D(UR). In contrabiere is strong support for the Local Lending
Hypothesis, both in rural markets where D(RRL) <RR{(NL) and in urban markets where D(UUL) <
D(UUNL). There is no support for the Credit AnasysCredit Quality, or Credit Access Hypotheses.
Finally, when the differences-in-means are statiflii significant, the economic magnitudes of these
differences are non-trivial: the bivariate diffeces in loan default rates in Table 2 range in fiam

2.7% to 3.2%, on the order of 20% of the averaggéaloan default rate of 15.4%.

5. Multivariate modé
The preliminary difference-in-means tests in Tablelo not control for a host of exogenous
conditions shown elsewhere to affect the perforrmarfcSBA loans (e.g., DeYoung, Glennon and Nigro

2008). For our main tests, we re-examine our hgmes using a “stacked-logit” model of loan default

" To make these determinations, we compared thedip of each borrower and lender with Zip coderinfation
in the 1990 and 2000 U.S. Census databases. Weumable to make confident location identificatidos 670
loans, less than 4 percent of the final sample.
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that allows us to control for these exogenous dandi. The model is constructed as follows: Assum
that each loam (i =1,2,...N) is originated during periotkO and enters the mod€&ltimes as a series of
binary variables [01),...0(T;). Di(t)=1 if loani defaults during time periodand Xt)=0 otherwise, over
the life of the loan. For example, measuring timealendar quarters, the event history for a 3-Yean
will be five zeros followed by a one (0,0,0,0,0ifl}he loan defaults in the sixth quarter aftemias
originated, but will be a string of twelve zeros0(0,0,0,0,0,0,0,0,0,0) if the loan does not defaurhe

N separate event histories for each loan i areKst#icone on top of the other, resulting in a coluafn

N
zeros and ones havinZ Ti rows. We define ) as a latent index value that represents the unadase
i=1

propensity of loan i to default during time peripdonditional on covariates X and W:

D'y = XiB + Wiy + &
whereX is a vector of time-invariant covariatd¥, is a vector of time-varying covariatgsandy are the
corresponding vectors of parameters to be estimatedt is an error term assumed to be distributed as

standard logistic. We further define:

D;=0if Dy <0

Di=1if Dy >0
Substituting the more compact notatior [X,W] and@ = {'B} , the probability that = 1 is given by:
14

prob(®; > 0) = probZ g+¢ > 0)

8 Loans that are prepaid prior to their contractmaturity, or right-censored loans (still performibgt not yet
mature at the end of our sample period), are a&presented by strings of zeros.
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prob(D; > 0) = prokx > -Z @)

prob(R = 1) =A(Z¢@

where A([Y is the logistic cumulative distribution functionWe estimate equation (1) using standard

binomial logit technique®. We specify the model as follows:

Pr[Dy=1 ] = A\| BORROWER-LENDERoan controls lender controls

borrower controlsmarket controlsYEAR, @] )

where the binary dependent variablg dguals one if loan i defaulted in quarter t, agdads zero in all
other quarters during the life of the loan. Ourinmstatistical tests are provided by the coeffitien
estimates on the dummy variables BORROWER-LENDERvhich is a vector comprised either of (RR,
UU, RU and UR) or (RRL, UUL, RRNL, UUNL, RU and UR) different specifications. We include
four vectors of control variablesoén controls lender controlsborrower controls market controly to
capture default-relevant variation in the term¢hefloan contracts, the characteristics of banides) the
characteristics of borrowing firms, and the chagastics of the borrowers’ local markets. The vectf
YEAR dummies is included to control for annual variatim loan default rates. Table 3 displays
descriptive statistics and definitions for all dfetvariables used in the stacked-logit tests. ¢dnle
otherwise indicated as time-varying, all of theiables are observed at the time of loan origination
Some of the control variables bear special merttiecause their inclusion may be important in

identifying some of our hypotheses testBistanceis the “as the crow flies” mileage between the

° This approach is sometimes referred to as a ‘“elisdime hazard model,” because the event-histesjgd of the
data permits a hazard model to be estimated ussuyetie, qualitative dependent variable techniquéxdeed,
prob(D; = 1) in our model is the conceptual equivaleniadfiazard rate, i.e., the probability that loan fadks

during period t conditional on having survived uptriod t. Compared to most other multivariatedrd function
models, this is a very flexible approach, becatislows for time-varying covariates on the riglard-side of the
model, and it does not require the imposition of parametric restrictions (e.g., a Weibull disttibn) on the loan
default distribution.
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borrower’s home market and the market in whichléineling office is locatef. We include this variable
to soak up any pure effects of distance on loaaulefi.e., procuring information is more costlyyda
monitoring is more difficult, at a distance), whildaves only the impact of ruralness on loan defaul
our cross-market RU, UR, RRNL and UUNL coefficient$Hl is the deposit-share Herfindahl index for
banks and thrifts in the borrower’s local marketd 8ranchingis a dummy equal to one in states with
restrictions of bank branches. We include HHI Bnainching to soak up market power-related effents o
credit access, although we have a@riori expectations regarding their coefficient signs. t&a one
hand, if market power results in less output, tdefault rates will be lower because marginal loan
applicants will be denied loans. On the other hamatket power could expand output by making lesider
are more willing to invest in a soft-informationlagonship; in this case, default rates will be &w
(higher) if the investment in soft information ingmes credit screening by more (less) than the asee
output reduces the creditworthiness of the mardiatower:" Due to their small size, rural banking
markets tend to be especially concentrated, solseiaclude the interaction teriHI*Urban, where
Urbanis a dummy variable equal to one in urban borronvarkets. %SBAis the percentage of the loan
principle that is guaranteed by the SBA. We ineltidis variable to control for the severity of putal
moral hazard incentives, in which banks originatamgl holding loans with higher guarantees may have

reduced incentives to carefully screen and moidians.

6. Results

The stacked-logit estimates displayed in Tables &€ generally more consistent with our
hypotheses than are the bivariate difference-inaméests in Table 2. To test our hypotheses wd ttee
compare loan default probabilities across all corations of borrower-lender pairs. This requiredais

estimate equation (1) multiple times (12 times thoe four-way taxonomy, 30 times for the six-way

9 The exact locations used to calculBlistanceare the geographic Zip Code centroids for thedwer and the
lender. In the regressions, we specify this variable aBistance+ 1).

1 petersen and Rajan (1994, 1995) argue that awsiintie more willing to invest in costly informatiocollection
as its market power increases because the baegsidikely to lose the borrower to rivals.
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taxonomy), each time excluding a different borrovegrder dummy. To conserve space, we report the
estimated logit coefficients in Table 4 (four-waxdnomy)only for specifications in which RR was the
excluded borrower-lender dummy; then in Table Segort the marginal default probabilities (expresse
as odds ratios) associated wéthborrower-lender pairs. Similarly, we report logitefficients in Table 6
(six-way taxonomy) only for specifications in whiBflRL was the excluded borrower-lender pair dummy,
followed by a full set of marginal default probatixs in Table 7.

In addition to the full sample tests, we also eatarthe model for three subsamples of loans. The
first subsample contains only those loans writtgthie very small banks having less than $100 miltd
assets. If ruralness exists, it may be more likelyreside at smaller banks that exhibit conditions
typically associated with relationship lending, Iswus flat management structures, local focus, asg e
borrower access to bank officials. The estimatesfthis subsample may indicate whether ruralness i
an important and separate factor among very sraakdthat are most likely to have strong relatigpsh
with their customers. The second subsample exsllo@ns to firms located in rural markets with
populations greater than 50,000 people. If rusrexists, it may be more likely to be found in bena
places where information, institutions and cultare more conducive to relationship lending. Thedth
subsample excludes loans in which the borrowing fand the lending bank were located in different
geo-political markets but were still less than Ziemapart in terms ddistance Because close proximity
between two out-of-market agents may facilitaterdawer-lender relationships similar to those between
in-market agents, removing these observations makemmprove identification for some of our
hypothesis tests.

6.1. Testing the main hypotheses. We find strong evidence consistent with the Rhass
hypothesis. Based on the data in Table 5, Pan&dahs between rural firms and rural banks (RR) are
only 70% as likely to default as loans between nrfians and urban banks (UU), all else held equal.
This result is somewhat stronger among smaller canitynbanks (66% in Panel B) and in smaller rural
markets (63% in Panel C). Evidence consistent thi¢hlast result can be found in Table 4, where the

estimated coefficient oRural(<10k) is negative and significant in regression (2).isTihdicates a kind
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of “hyper-ruralness” in which loans originated s in very small rural markets with populatioess|
than 10,000 were statistically less likely to défehean the typical RR loan.

We also find strong evidence consistent with ther@eer-Lender Empathy Hypothesis—but
crucially, only for rural borrower pairs. Based the data in Table 5, Panel A, local rural loanR)R
were only 78% as likely to default as loans in whiaral firms borrowed from urban banks (RU) and
only 55% as likely to default as loans in whichamtfirms borrowed from rural banks (UR). This tura
borrower-lender empathy result is robust for alleth of the subsamples (see Panels B, C and D).
However, there is no similarly robust evidence &teat with special empathy between urban banks and
urban borrowers—in all four Panels of Table 5,dlds ratios in the cells intersected by the UU ama
the RU and UR columns are seldom statistically ificant. This suggests that our general finding of
Ruralness (i.e., the strong D(RR) < D(UU) resultsdssed in the previous paragraph) is driven lnyeso
(as yet undefined) inter-agent empathy among hoabwers and lenders.

The more detailed six-way taxonomy permits morerdisinating hypothesis tests, and permits
us to better identify the root sources of ruralnéa& find clear support the Local Lending Hypothdar
both rural and urban lending. Based on the daffaiie 7, Panel A, rural firms that borrow locally
(RRL) were only 90% as likely to default as ruriatis that borrow from non-local rural banks (RRNL).
Similarly, urban firms borrowing locally (UUL) werenly 78% as likely to default as urban firms
borrowing from non-local urban banks (UUNL). Thesesults are relatively robust across the
subsamples—although the relatively weaker (statisind economic) results for the rural loans ssgge
that the advantages of “ruralness” are to someedegprtable across rural markets.

We find no evidence to support the Credit Analysigoothesis for either rural banks or urban
banks—hence, our general finding of Ruralness idnigen by superior credit screening or monitoring
by rural banks. However, we do find evidence cstesit with the Credit Quality Hypothesis for rural
firms. Based on the data in Table 7, Panel A,afutrarket rural loans (RRNL) were only 65% as likel
to default as urban firms borrowing in rural mask@JR), while at the same time, out-of-market urban

loans (UUNL) were 31% more likely to default thamal firms borrowing in urban markets (RU). In
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other words, when we hold constant the Local Legdifiect by looking only at out-of-market loans, we
find that rural firms were better credit risks thaban firms. We also find support for the Cregitality
Hypothesis for both the small lender subsample €PBh and the small rural market subsample (Panel
C), but the result weakens to statistical non-sicgaice in the Panel D subsample.

As discussed above, it is difficult to separatedence consistent with the Credit Quality
Hypothesis that rural borrowers are better craditsrfrom the alternative Credit Access argumeat th
scarce credit supply in rural markets could reisutelatively higher quality rural borrowers seakioans
out-of-market. Despite including variables in tlegressions that control feupplyside conditions in
local lending marketsHHI, HHI*Urban, Branching, and despite the results of previous research
suggesting the rural small businesses are not eradit constrained (and if anything, are less tredi
constrained) than urban small businesses, we calgfioitely reject the Credit Access Hypothesisaas
potential explanation for our findings.

6.2. Control variables. As mentioned above, the control variablEstance HHI, Branch and
SBA%are perhaps more important than the other comtnohbles for identifying our main hypotheses.
As expected, default rates are positively relatedistance an indication that including this control
variable helps separate pure borrower-lender distaffects from non-local lending effects, both of
which increase the probability of loan default. eTgrobability of default is lower in highly conceatied
urban markets HHI*Urban) but not in highly concentrated rural markek$H(), an indication that
including these variables helps control for reduceedit access due to market-power supply side
constraints. Th8ranchvariable, included to control for the supply sidgact of potential market entry
on competition, is never statistically significanthe probability of default is unrelated $8A%for the
typical loan in the data, an indication that noi@es moral hazard incentives were associated waigh t
typical SBA loan during our sample period. Howetke probability of default increases with theesif
the loan guarantee for so-called “low-doc” loara (fhich the borrower provides only limited amounts

of personal financial information in the loan apption).
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7. Conclusions

The disproportionate share of small business lgatise portfolios of community banks fisima
facie evidence that these banks have a comparative racaliapetitive advantage at extending credit to
small, informationally opaque borrowers. The s@hd conditions so often cited for these advastafe
community banks—Ilocal focus, customer relationshigrsd flat organizational structures—should be
even more in evidence at rural community banksraRbanks are relatively small even for community
banks, and this should reinforce the advantagdiato$tructure and local focus. Rural social maaad
institutions and the small size of most rural m&gskemphasize the value of personal relationshipd, a
help generate plentiful and cheap soft informattbe,mother’'s milk of lending to opaque firms.

While there are scores if not hundreds of resesttadlies on community banks, there is very little
evidence comparing the small business lending ®ffetess of rural and urban community banks. This
study aims to rectify that shortage. We examire ititidence of loan default among 18,000 Small
Business Administration (SBA) loans made by rural arban community banks between 1984 and 2001.
Because SBA borrowers tend to be smaller, younged more credit-challenged than other small
businesses, these loans provide a good test extlateefficiency with which small banks screen small
business loan applications and #e postefficiency with which they monitor small busindssins. In
particular, SBA lending should provide a basis jimiging the value of soft, personal information in
limiting the risk of extending such credit.

Our primary finding is that loans originated byalucommunity banks default substantially less
frequently than loans originated by urban commub#pks. This performance advantage increases for
relatively smaller rural banks, increases in retdyi smaller rural markets, and diminishes when the
borrower and banker are located in different raratkets. These results are consistent with thetende
of what we refer to here as “ruralness,” a diffictlokmeasure quality that may be rooted in higkeels
of “social capital” in rural society (Guiso, Saprenand Zingales 2004).

These findings may also help explain why small Isardnd small rural banks in particular,

continue to exist in the U.S. in disproportionatenbers and are able to operate successfully atHags
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efficient scale. The small business loans in ocaradare more likely to perform as (a) banks and
borrowers grow smaller, (b) banks and borrowersestfee same geographic market, and (c) banks and
borrowers share a common set of social practicdsiratitutions. The evidence we find thus provides
support for the value of soft information and padknowledge in lending to small and informatidyal
opaque businesses and the value of community bangsrforming this function. Given that the data
used in this study come from small business staramg other small businesses that are especialijtcr
constrained, our findings may provide some lessfmiseconomic policymakers aiming to more

efficiently channel credit to small businesses.
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Tablel
Random sample of 18,160 small business loans madkr the Small Business Administration 7(a) loan
guarantee program between 1984 and 2001.

Year loan Number of Percent o

originated loans sample
1984 574 3.2%
1985 538 3.0%
1986 821 4.5%
1987 865 4.8%
1988 754 4.2%
1989 751 4.1%
1990 811 4.5%
1991 825 4.5%
1992 1,026 5.6%
1993 1,283 7.1%
1994 1,726 9.5%
1995 2,656 14.6%
1996 1,532 8.4%
1997 1,526 8.4%
1998 1,165 6.4%
1999 1,128 6.2%
2000 556 3.1%
2001 112 0.6%
total 18,160 100.0%
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Table2
Loan default rates by borrower-lender pair typSample of 18,160 small business loans made in tBeliétween 1984 and 2001. All lenders
are banks with assets less than $1 billion measoneghl 2000 dollars. All loans were made unéier$mall Business Administration 7(a) loan
guarantee program. *** ** gnd * indicate differegs from zero at the 1%, 5% and 10% levels, resjedet

Panel A: Four-way borrower-lender taxonomy

|loan default rate
variable
name borrower lender # of loans mean stddev | difference-in-means, relative to the omitted row
RR rural rural 5,36: 0.15¢ 0.39C - 0.00( -0.02¢ -0.029°
uu urbar urbar 11,69( 0.15: 0.36¢ -0.00C - -0.02¢ -0.030**
RU rural urban 548 0.178 0.382 0.026 0.025 - -0.00¢
UR urban rural 560 0.182 0.386 0.029* 0.030** 0.005 --
Panel B: Six-way borrower-lender taxonomy
|loan default rate
variable
name borrower lender #of loans | mean std dev difference-in-means, relative to the omitted row
RRL local rura local rura 4,491 0.15(C 0.357 -- -0.00( -0.01¢ -0.029** -0.027" -0.032*
UuL local urbai local urbai 10,96¢ 0.151 0.35¢ 0.00( - -0.01¢ -0.028** -0.027" -0.032*
RRNL local rural non-local rural 871 0.165 0.372 01b 0.015 -- -0.014 -0.012 -0.017
UUNL local urbar  nor-local urbin 721 0.17¢ 0.38¢ | 0.029** 0.028** 0.01¢ -- 0.002 -0.00¢
RU local rura  nor-local urbai 54¢ 0.17: 0.38¢ 0.027° 0.027° 0.012 -0.00: -- -0.00¢
UR local urban  non-local rura 560 0.182 0.386 @203 0.032* 0.017 0.003 0.005 --

28



Table3
Descriptive Statistics. Sample of 18,160 smaliress loans made in the U.S. between 1984 and &@dbbserved quarterly during the life of
each loan. All lenders are banks with assetsthess$1 billion measured in real 2000 dollars. 18dns were made under the Small Business
Administration 7(a) loan guarantee program. Untgbgrwise indicated as time-varying, all varialdes observed at time of loan origination.

Stacked-logit data Raw loan data
(319,112 loan-quarters) (18,160 loans)
time-varying
definition variable? mean std dev mean std dev
Dependent variable
Default =1 if loan defaulted in current period yes 0.009 0.093 0.154 0.361
Borrower-Lender
RR = 1if Rural borrower, Rural lender no 0.295 0.456 0.319 0.457
RRL = 1 if Rural borrower, Rural lender, in samerkea no 0.270 0.444 0.247 0.431
RRNL = 1 if Rural borrower, Rural lender, in difésit markets no 0.049 0.216 0.048 0.214
uu = 1 if Urban borrower, Urban lender no 0.644 0.479 0.621 0.485
UuL = 1 if Urban borrower, Urban lender, in samerkeh no 0.585 0.493 0.604 0.489
UUNL =1 if Urban borrower, Urban lender, in diféatt markets no 0.036 0.187 0.040 0.195
UR =1 if Urban borrower, Rural lender no 0.030 0.169 0.031 0.173
RU = 1if Rural borrower, Urban lender no 0.031 0.172 0.030 0.171
Loan controls
Loan amount Loan amount (2000 dollars). no 144,917 162,146 155,558 166,676
Distance ;}friiieg.ht-line distance in miles between businesklanding no 16.268 35 387 16.651 35 806
LowDoc =1 ifloanis a “low documentation” loan. on 0.269 0.444 0.323 0.468
SBA% ggf.ent of the outstanding loan principle guarahtsethe no 0.829 0.072 0.824 0.073

Continued on next page.
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Table3

Continued from previous page.

Stacked-logit data
(319,112 loan-quarters)

Raw loan data
(18,160 loans)

time-varying
definition variable? mean std dev mean std dev
Lender controls
Assets Lending bank assets (thousands of 2000rslolla no 227,596 284,237 250,016 308,386
PLP =1 is lender is an SBA "preferred loan provitie no 0.086 0.280 0.096 0.294
CLP =1 if lender is an SBA “certified loan provide no 0.176 0.381 0.158 0.365
Borrower controls
Corporation =1 if borrower is organized as a coapion. no 0.502 0.500 0.523 0.499
Partnership = 1 if borrower is organized as a fastmp. no 0.086 0.280 0.079 0.270
New Business =1 if borrower is a new business-siar no 0.299 0.458 0.319 0.466
SIC(I) =1 if borrower is in SIC code “I". no 0.307 0.461 0.295 0.456
Market controls
= 1 if borrower is in rural county with populatidéess than no
Rural(<10k) 10,000. YR Pop 0.032 0.175 0.029 0.169
Branching = 1if borrower is in a State with bamkrching restrictions. no 0.352 0.477 0.388 0.487
NE =1 if borrower is in a Northeast state. no 0.140 0.347 0.140 0.347
MW =1 if borrower is in a Midwest state. no 0.122 0.327 0.119 0.324
CEN = 1if borrower is in a Central state. no 0.211 0.408 0.204 0.403
SW =1 if borrower is in a Southwest state. no 0.155 0.362 0.161 0.367
WST = 1if borrower is in a Western state. no 0.256 0.436 0.252 0.434
Urban =1 if borrower is in an urban (MSA) area. no 0.674 0.468 0.651 0.476
HHI Deposit-based Herfindahl index for borrower ketr no 0.203 0.128 0.196 0.123
Percent change in state-specific, industry-speitiiome es
Alncome relative to Ievgl at the timepof loan origingtiorﬁ\. g 0.196 0.182 0.267 0.204
AEmployment Percent growth in state-specific, industry-specific yes 0.005 0.029 0.004 0.025

employment relative to level at the time of loaigiration.
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Table4
Estimated coefficients for stacked logit loan défenodel (1) using 319,112 loan-quarter observatioBpecification
uses the four-way borrower-lender taxonomy. Athdend variables are described above in Tablédgfficients on
main test variables are highlighted; the omitted test variableis RR. Superscripts ***, ** and * indicate a statistital
significant difference from zero at the 1%, 5% 408o levels, respectively.

(1] [2] [3] [4] [5]

Banks with assets Rural markgts Out-of-ma}rket
Sample: Full sample Full sample  over $100 with population . loans with

million excluded over 50,000 dlstances less than

excluded. 25 miles excludeg

Intercept -6.0713*** -6.0560*** -4.5420*** -6.5388* -6.1169***
uu 0.3566* ** 0.3421*** 0.4223*** 0.4627*** 0.3623***
RU 0.2551** 0.2339** 0.4158* 0.2769** 0.2648**
UR 0.5016*** 0.4931*** 0.5125** 0.6402*** 0.4347**
Rural(<10k) -0.2371*
agel 0.6836*** 0.6835*** 0.6921*** 0.8066*** 0.703%*
age2 -0.0643*** -0.0643*** -0.0651*** -0.0793*** -00668***
age3 0.2641*** 0.2640%*** 0.2604*** 0.3459*** 0.2775*
age4 -0.0049*** -0.0049*** -0.0047*** -0.0068*** -00052***
ageb 0.0000%**=* 0.0000%**=* 0.0000%** 0.0000*** 0.0006*
In(Distance) 0.0304** 0.0304** 0.0399** 0.0359** @334***
In(Assets) -0.0392** -0.0405** -0.0802 -0.0479** aN39**
HHI*Urban -1.5552%** -1.5759*** -1.8761*** -1.9480** -1.6200***
HHI -0.1432 -0.1091 -0.3376 0.0402 -0.0668
Branching -0.0319 -0.0308 -0.1314 0.0207 -0.0410
Corporation 0.0136 0.0132 0.0813 0.0211 0.0126
Partnership -0.1187 -0.1187 -0.0323 -0.0582 -0.1097
New Business 0.1749*** 0.1750*** 0.1865*** 0.1884** 0.1609***
SIC(l) -0.3972%** -0.3974*** -0.4324*** -0.3878*** -0.3974***
LowDoc*SBA% 2.2108** 2.2042* 5.6434*** 1.9513* 2(394**
NE -0.3251%** -0.3225*** -0.7491** -0.3792*** -0.359***
MW -0.3255*** -0.3214%** -0.5039*** -0.3719*** -0.3355%**
CEN -0.413*** -0.4074** -0.4772%* -0.4402*** -0.4162%**
SW -0.1405** -0.1360** -0.1344 -0.1611** -0.1424**
WST -0.3379*** -0.3363*** -0.4577** -0.2977*** -03573***
LowDoc -1.8083** -1.8029** -4.6743** -1.6325* -1861+
SBA% 0.6663 0.6672 -0.4181 0.9175* 0.7093*
PLP -0.3273** -0.3269*** -0.2645 -0.3490*** -0.32147**
CLP -0.2162*** -0.2149*** -0.1237 -0.2243*** -0.203**
Loan Amount -0.0000* 0.0000* 0.0000 0.0000 0.0000
Alncome -1.2977** -1.3011*** -0.9810 -1.6023*** -B283***
AEmployment -0.1681 -0.1694 0.7562 -0.7834 -0.2762
year dummies Yes yes yes yes yes
observations 319,112 319,112 114,415 249,931 386,37
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Tableb

Odds ratios for main test variables in stackedt llogin default model (1) specified using the foayborrower-lender
taxonomy. Each column is based on a differenttechitest variable. For example, the odds ratidkarfirst columns of
each panel correspond with the coefficients in @@blwhere RR was omitted test variable. Supetscti*, ** and *
indicate a statistically significant differencerftmne at the 1%, 5% and 10% levels, respectively.

RR
uu
RU
UR

Pand A: Full sample

RR uu RU UR
omitted omitted omitted omitted
- 0.70*** 0.78*** 0.55***
1.43%** - 1.11 0.81**
1.29%* 0.90 - 0.77
1.65%** 1.16 1.29 -

Panel B: Banks with assets over $100 million excluded

RR
uu
RU
UR

Pand C:

RR
uu
RU
UR

Pand D:

RR
uu
RU
UR

RR uu RU UR
omitted omitted omitted omitted
- 0.66*** 0.66* 0.53***
1.53%* - 1.01 0.82
1.52* 0.99 -- 0.89
1.67* 1.09 1.10 -
Rural markets with population over 50,000 excluded.
RR uu RU UR
omitted omitted omitted omitted
-- 0.63*** 0.76** 0.48**
1.59%** -- 1.20 0.77
1.32% 0.83 - 0.69*
1.96%+* 1.19 1.44* --

Out-of-market loans with distances less than 2gsixcluded

RR uu RU UR
omitted omitted omitted omitted
- 0.70*** 0.77* 0.58***
1.44%x= - 1.10 0.86
1.30%* 0.91 - 0.83
1.55%** 1.08 1.19 -
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Table6
Estimated coefficients for stacked logit loan défenodel (1) using 319,112 loan-quarter observatioBpecification
uses the six-way borrower-lender taxonomy. Albdatd variables are described above in Tablgdfficients on main
test variables are highlighted; the omitted test variableis RR. Superscripts ***, ** and * indicate a statistital
significant difference from zero at the 1%, 5% 408o levels, respectively.

[1] (2] [3] [4] [3]

Banks with assets Rural markgts Out-of-ma}rket
Sample: Full sample Full sample  over $100 with population . loans with

million excluded over 50,000 dlstances less tha

excluded. 25 miles excluded

Intercept -6.0702*** -6.0552*** -4 5414 -6.5534% -6.0953
RRNL 0.1092 0.1192 0.1540 0.2134 0.2660
UuL 0.3599*** 0.3462*** 0.4305*** 0.4808*** 0.3722
UUNL 0.5778*** 0.5647*** 0.7317*** 0.6901*** 0.5692
RU 0.3087*** 0.2898** 0.4766** 0.3605*** 0.3363
UR 0.5477*** 0.5412*** 0.5723** 0.7103*** 0.4920
Rural(<10k) -0.2435*
agel 0.6835*** 0.6834*** 0.6923*** 0.8066*** 0.7032
age2 -0.0643*** -0.0642*** -0.0651*** -0.0793*** -00668
age3 0.2640*** 0.2639*** 0.2604*** 0.3460*** 0.2769
age4d -0.0049*** -0.0049*** -0.0047*** -0.0068*** -00052
age5 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000
In(Distance) 0.0182 0.0177 0.0268 0.0198 0.0187
In(Assets) -0.0393** -0.0406** -0.0798 -0.0476** .an44
HHI*Urban -1.5297*** -1.5487** -1.8632*** -1.8993** -1.5660
HHI -0.1727 -0.1405 -0.3754 -0.0175 -0.1371
Branching -0.0327 -0.0316 -0.1312 0.0210 -0.0427
Corporation 0.0147 0.0143 0.0828 0.0223 0.0144
Partnership -0.1181 -0.1183 -0.0324 -0.0585 -0.1100
New Business 0.1749*** 0.1751*** 0.1862*** 0.1889** 0.1597
SIC(I) -0.3967*** -0.3968*** -0.4322*** -0.3870*** -0.3974
LowDoc*SBA% 2.1787* 2.1704** 5.6258*** 1.9258* 21
NE -0.3254*** -0.3227*** -0.7476*** -0.3801*** -0.348
MwW -0.3223*** -0.3180*** -0.4983*** -0.3685*** -0.3360
CEN -0.4064*** -0.4005*** -0.4710%*** -0.4332%** -04134
SW -0.1321* -0.1273* -0.1284 -0.1519** -0.1393
WST -0.3318*** -0.3298*** -0.4483*** -0.2913*** -03546
LowDoc -1.7830** -1.7763* -4.6579*** -1.6133* -1®2
SBA% 0.6696 0.6710 -0.4244 0.9231* 0.7059
PLP -0.3324*** -0.3319*** -0.2755 -0.3530*** -0.31®
CLP -0.2192*** -0.2179*** -0.1304 -0.2278*** -0.206
Loan Amount 0.0000* 0.0000** 0.0000 0.0000 0.0000
Alncome -1.2940*** -1.2974%* -0.9726 -1.5919*** -B145***
AEmployment -0.1677 -0.1689 0.7536 -0.7796 -0.2784
year dummies yes Yes yes yes yes
observations 319,112 319,112 114,415 249,931 306,37
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Table7
Odds ratios for main test variables in stacked llogin default model (1) specified using the sixpdarrower-lender
taxonomy. Each column is based on a differenttenhitest variable. For example, the odds ratidkerfirst column of
each panel correspond with the coefficients in @#@hlwhere RRL was omitted test variable. Supiatsct**, ** and *
indicate a statistically significant differencerftmne at the 1%, 5% and 10% levels, respectively.

Panel A: Full sample

RRL UUL RRNL UUNL RU UR
omitted omitted omitted omitted omitted omitted
RRL | -- 0.78**  0.90 0.56***  (0.73**  (0.58**
UUL | 1.43*** - 1.29* 0.80** 1.05 0.83*
RRNL | 1.11 0.70** - 0.63**  0.82 0.65***
UUNL | 1.78**  1.24* 1.60%**  -- 1.31% 1.03
RU 1.36*** 0.95 1.22 0.76* - 0.79
UR 1.73%*  1.21* 1.55***  (0.97 1.27 -
Panel B: Banks with assets over $100 million excluded
RRL UUL RRNL UUNL RU UR
omitted omitted omitted omitted omitted omitted
RRL | -- 0.65***  0.86 0.48**  (0.62** 0.56***
UUL | 1.54*** - 1.32 0.74 0.96 0.87
RRNL | 1.17 0.76 -- 0.56** 0.72 0.66*
UUNL | 2.08***  1.35 1.78** -- 1.29 1.17
RU 1.61** 1.05 1.38 0.78 0.91
UR 1.77* 1.15 1.52* 0.85 1.10 -

Panel C: Rural markets with population over 50,000 excluded.

RRL UUL RRNL UUNL RU UR
omitted omitted omitted omitted omitted omitted
RRL | -- 0.61**  0.81 0.50***  0.70***  0.49***
UUL | 1.62*%** - 1.31 0.81** 1.13 0.80
RRNL | 1.24 0.77 - 0.62** 0.86 0.61*
UUNL | 1.99***  1.23* 1.61* -- 1.39* 0.98
RU 1.43***  0.89 1.16 0.72* - 0.70
UR 2.04**  1.26 1.64** 1.02 1.42 -

Pand D: Out-of-market loans with distances less than 2&sniixcluded

RRL UuUL RRNL UUNL RU UR
omitted omitted omitted omitted omitted omitted
RRL | -- 0.69***  0.77** 0.57***  0.71**  0.61**
UUL | 1.45%* - 1.11 0.82* 1.04 0.89
RRNL | 1.31* 0.90 -- 0.74* 0.93 0.80
UUNL | 1.77**  1.22* 1.35* -- 1.26 1.08
RU 1.40***  0.97 1.07 0.79 - 0.86
UR 1.64** 113 1.25 0.93 1.17 -
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