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Abstract

I study the role of collateral on small business credit access in the aftermath of the
2008 financial crisis. I construct a novel, loan-level dataset covering all collateralized
small business lending in Texas from 2002-2016 and link it to the U.S. Census of Estab-
lishments. Using textual analysis, I show that post-2008, lenders reduced credit supply
to borrowers outside of the lender’s collateral specialization. This result holds when
comparing lending to the same borrower from different lenders, and when comparing
lending by the same lender to different borrowers. A one standard deviation higher
specialization in collateral increases lending to the same firm by 3.7%. Abstracting
from general equilibrium effects, if firms switched to lenders with the highest special-
ization in their collateral, aggregate lending would increase by 14.8%. Furthermore,
firms borrowing from lenders with greater specialization in the borrower’s collateral see
a larger growth in employment after 2008. Finally, I show that firms with collateral
more frequently accepted by lenders in the economy find it easier to switch lenders.
In sum, my paper shows that borrowing from specialized lenders increases access to
credit and employment during a financial crisis.
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1 Introduction

Do credit supply shocks have heterogeneous effects across borrowers? In this paper, I focus

on one aspect of a firm’s balance sheet - collateral - to study how lenders alter their compo-

sition of borrowers when constrained. Collateral plays a central role in small business credit

access, with over 88% of small business loans backed by collateral in 2016.1 If lenders are

differentially equipped to evaluate the collateral of a borrower, i.e., lenders have specializa-

tion by collateral type, then credit supply to the borrower may differ based on the lender’s

specialization. In this paper, I investigate the link between lender collateral specialization

and small business outcomes in the aftermath of the 2008 financial crisis in the U.S.

To understand why collateral may affect lender behavior, consider the benefits and costs

of collateral. On the one hand, collateral serves to reduce a lender’s exposure to the bor-

rower’s default risk when providing credit. Collateral reduces lender loss by helping screen

observationally identical borrowers, reducing moral hazard, and by allowing the lender to

foreclose on the borrower’s collateral in case of default.2 On the other hand, the use of

collateral is costly for lenders. They incur the cost of monitoring, screening, as well as dis-

posing off collateral.3 Differences in the benefits and costs of collateral may vary by collateral

type and lender, driven by lender’s expertise. These differences become consequential in a

crisis. As capital becomes scarce and borrower default probabilities increase, the relative

importance of collateral for credit access increases. If lenders have a comparative advantage

(specialization) in evaluating certain categories of collateral and not others, it can affect the

set of firms receiving credit. This, in turn, can have first order effects on real outcomes.

There are two main challenges in understanding how lender collateral specialization af-

fects the allocation of credit. The first challenge is the lack of data on firm-level borrowing

and firm collateral for small businesses in the United States. Studies on the financial crisis

have largely focused on European markets or on large, syndicated loans in the U.S. due to the

1Loans below $1 million. Survey of Terms of Business Lending, Federal Reserve Board. Source - https:
//www.federalreserve.gov/releases/e2/201612/default.htm

2Collateral can serve as a signaling device reducing adverse selection (Stiglitz and Weiss (1981), Besanko
and Thakor (1987a), Besanko and Thakor (1987b), Bester (1985), Bester (1987), and Chan and Thakor
(1987)), moral hazard (Boot et al. (1991), Boot and Thakor (1994), and Holmstrom and Tirole (1997)), and
by increasing contract enforceability (Albuquerque and Hopenhayn (2004) and Cooley et al. (2004))

3See Leeth and Scott (1989)
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lack of detailed lending data for small businesses in the U.S. However, small businesses are

the most likely to be affected by credit supply shocks. Nearly all small businesses in the U.S.

are privately held and lack access to public capital markets. With fewer options to substitute

credit, small businesses rely on debt for financing investment and growth. Thus, studies on

large U.S. businesses or in regions with different banking and financial environments may

underestimate the true effect of a financial crisis on the economy.4

I address this challenge by collecting a novel dataset covering all collateralized loans in

Texas between 2002 and 2016. The matched borrower-lender loan data is collected from

public records filed under the Uniform Commercial Code (UCC). I further link the loan-level

data to the U.S. Census of Establishments for borrower outcomes. My paper is one of the

first to create a quasi-credit registry for the U.S. using detailed information on borrower

and lender collateral. As an added advantage, my dataset contains information on non-bank

lenders such as finance companies who constitute nearly half of total small business lending

in the U.S., but are often ignored in the academic literature. My final dataset contains

around 486,000 loans to 93,000 firms from over 900 lenders between 2002 and 2016.

The second challenge in addressing my research question is the non-random matching

between borrowers and lenders. The ideal experiment for understanding the effect of lender

collateral specialization on credit supply would involve tracking credit to identical borrowers

that were randomly matched ex-ante to lenders with varying levels of collateral specialization.

However, it is unlikely in practice that borrowers and lenders match on random. Firms that

borrow from lenders specialized in their collateral may be intrinsically different from firms

that borrow from lenders with low collateral specialization. Any observed changes in lending,

therefore, could be due to differences in borrower credit demand or changes in credit supply

due to firm unobservables. Alternatively, lenders that are more specialized (lending only to

borrowers whose collateral they have expertise in) may respond differentially when credit

supply is constrained when compared to more diversified lenders. The key identification

concern, therefore, is the ability to separate unobservable differences between borrowers and

4Small businesses are independently important, contributing nearly 50% of employment in the econ-
omy, and generating 2 out of the 3 net new private sector jobs. Source: Small Business Adminis-
tration https://www.sba.gov/sites/default/files/advocacy/Frequently-Asked-Questions-Small-

Business-2018.pdf
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lenders from the effect of lender collateral specialization. Thus, for identification, I exploit

variation in credit supply to the same firm for multi-relationship borrowers, as well as the

variation across borrowers of the same lender.

To identify the impact of lender specialization on credit allocation, I use textual analysis

to create a measure of Firm-Lender Collateral Match Quality. The goal of this measure is

to capture the extent of specialization of a lender in the collateral of the borrower. The

assumption underlying this measure is that lenders have greater expertise in the collateral

that occurs more frequently in their loan portfolios, after accounting for the aggregate avail-

ability of that collateral in the economy.5 Using loans originated between 2002 and 2007 (the

pre-crisis period), each firm-lender pair is assigned a numerical value based on the (textual)

similarity of the firm’s collateral to the lending portfolio of its relationship lenders. This is a

measure bounded between 0 and 1 with higher values indicating greater match quality. The

goal of this paper is to identify whether differential firm-lender match quality on collateral

affects the borrower’s access to credit in the aftermath of the financial crisis.

My methodology is best understood with an example. Firm A borrows from two lenders -

Frost National Bank and Financial Federal Credit Inc. The borrower pledges trucks to both

these lenders. Approximately 4.5% of Frost National Bank’s collateral portfolio consists of

trucks while 34% of Financial Federal Credit’s loans are made against trucks as collateral.

The Firm-Lender Collateral Match Quality between Firm A and Financial Federal Credit

will be higher than the match quality between Firm A and Frost National Bank. The focus of

this paper is to explore whether credit supply to Firm A after 2008 varies between Financial

Federal Credit and Frost National Bank due to differences in their collateral specialization.

To identify the causal effect of lender collateral specialization on credit supply, I focus

on the sample of firm-lender pairs with a relationship in the pre-crisis (2002-07) period.

I employ a within-firm and within-lender estimator to address concerns about unobserved

differences in borrower and lender characteristics. I find that a one standard deviation

increase in Firm-Lender Collateral Match Quality increases the probability of the same

borrower receiving a new loan after the start of the crisis by 3.7%. This effect is economically

5Based on the theoretical literature (Winton (1999), Dell’Ariccia et al. (1999)) that suggests that lender’s
concentration in a sector implies expertise.
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significant, equivalent to 17.9% of the unconditional probability that a firm gets a loan from

its relationship lender. Under a partial equilibrium counter-factual exercise where borrowers

match to lenders with the highest specialization in their collateral, aggregate lending would

increase by 14.8%.

Next, I evaluate the potential sources of lender advantage driving the specialization

of lenders in the aftermath of the financial crisis. My main focus is on the distinction

between lending advantages that are collateral-specific from those that are industry-specific

or firm-specific. While collateral specialization can be considered one aspect of industry

specialization, I show that the effect of collateral match persists even after the inclusion of

controls for lender specialization in an industry, and by looking across borrowers within the

same lender-industry cell. I find that after controlling for lender specialization in the 6-digit

NAICS industry of the borrower, a one standard deviation in Firm-Lender Collateral Match

Quality increases the probability of receiving a new loan by 3.5%, roughly equal to the 3.7%

increase in lending in the baseline specification.

I also test whether lending advantages are driven by specialization in collateral or firm-

specific knowledge, such as soft information. Thus, I include proxies for borrower-lender

relationship strength as controls in the baseline specification. While these measures may

themselves be correlated to the collateral match between the borrower and the lender (i.e.,

stronger relationship because of expertise in collateral), I show that a one standard deviation

increase in collateral match including relationship strength controls leads to a 2.1% higher

likelihood of getting a new loan compared to 3.7% higher likelihood without the controls.

As an alternate test for soft information, I study how firm-lender collateral match of new

borrowers of the lender compare to its current set of borrowers. For new borrowers, the lender

does not have private, firm-specific information. I show, however, that the new borrowers

are closely related to the lender’s collateral specialization. This provides further support to

my contention that collateral specialization explains lender behavior, rejecting the null that

collateral does not differentially affect credit supply across lenders.

In robustness tests, I show that lending behavior is not driven by the type of business

the lender is involved in. Traditionally, banks are thought to do more cash-based lending

(evaluate firms based on projected cash flows) while finance companies tend to lend against
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collateral values. For some lenders in the sample, specifically captive finance companies,

increasing collateral sales and collateral value may be the primary motivation for lending. I

find that these differences do not explain the observed specialization patterns.

Alternatively, lenders may concentrate new lending to otherwise distressed borrowers to

reduce the probability of having to recognize loan losses on old loans and thus, reduce charges

against their loss reserves and capital. If the firm-lender collateral match captures the level

of prior lending or commitments of the lender, they may be inclined to continue lending

to borrowers with higher collateral match to prevent losses on their loan portfolio. I show,

however, that low-capitalization banks, who are most likely to have such motives to distort

lending,6 do not behave differently from high-capitalization banks.

Next, I examine the impact of lender collateral specialization on firm-level access to

credit and real economic activity. For the firm-level results, I create a measure of Firm

Collateral Match as the weighted average of firm-lender collateral match qualities. I show

that greater the aggregate measure of firm match quality, larger the availability of credit to

firms from its relationship lenders. A one standard deviation increases in Firm Collateral

Match leads to 3.2% increase in lending from relationship lenders, equivalent to 10.4% of the

mean probability of a repeat loan to a firm.

Furthermore, I show that firm’s match quality can have real implications affecting firm

employment during the crisis, and the pace of recovery following the financial crisis. A one

standard deviation increase in firm collateral match quality increases the average level of

post-crisis firm employment by 0.83%. This effect is economically large. The average firm

in the sample experiences a 6.6% growth in employment between the pre-crisis and post-

crisis period. Thus, a one standard deviation increase in firm collateral match quality raises

employment by a value equal to 12.5% of the average growth in employment.

The effect of firm’s collateral match quality on employment implies that relationship

lender matching is a significant determinant of firm outcomes. This suggests firms are unable

to completely substitute for drop in lending from relationship lenders. To study the ability

of firms to substitute, I once again focus on borrower collateral. I create a measure of Firm

Similarity by comparing the collateral of the firm to the (weighted) average lender in the

6See Caballero et al. (2008)
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economy. This measure quantifies how commonly accepted the borrower’s collateral is in the

economy. I show that firms with greater overall similarity (i.e. more lenders lending against

the firm’s collateral) are more likely to substitute to a new lender. A one standard deviation

increase in firm similarity increases the probability of borrowing from a new lender by 3.4%.

In summary, this paper provides evidence on the important role of lender specialization

in borrower collateral for firm outcomes in a downturn. I show that within-firm, and within-

lender, a greater level of ex-ante collateral match between borrowers and lenders leads to

increased credit supply in the aftermath of the financial crisis. This increase is due to lender

specialization in collateral driven by informational advantage of the lender. I further show

that quality of collateral match between the borrower and lender can have aggregate impact

on total credit to the firm, as well as firm employment.

The rest of the paper is organized as follows. Section 2 documents how the paper relates to

the extant literature. Section 3 described the data sources and panel construction. Section 4

describes the text analysis techniques used in creating the measure of Firm-Lender Collateral

Match Quality. Section 5 describes the identification strategy and empirical results. Section

6 concludes.

2 Related Literature

This paper relates to several strands of the literature. First, my paper relates to the role

of lender specialization in credit allocation. Traditional banking theory argues for diver-

sification across projects (Diamond (1984), Boyd and Prescott (1986)). Here, diversifica-

tion reduces risks associated with idiosyncratic shocks lowering monitoring costs for lenders.

This suggests banks should avoiding concentrating their lending portfolio. However, the

argument relies on banks having equal expertise in all sectors of the economy.7 But, lender

specialization has been shown to be valuable as it helps in information collection (Loutskina

and Strahan (2011), Berger et al. (2017)), increase market valuations (Laeven and Levine

(2007)), allows lenders to extract rents (Petersen and Rajan (1994), Rajan (1992)), and

7Diversification may hurt as monitoring becomes weaker in new sectors (Winton (1999), Acharya et al.
(2006), Berger et al. (2010)) or if resource allocation across divisions is inefficient (Rajan et al. (2000)).
Furthermore, Fricke and Roukny (2018) show that high leverage can undo the benefits of diversification
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protects against market competition (Boot and Thakor (2000), Dell’Ariccia and Marquez

(2004), Hauswald and Marquez (2006), Degryse and Ongena (2004)).8

Consequently, in practice, lenders tend to be specialized by type of borrower (Carey et al.

(1998)), or export markets (Paravisini et al. (2018)) among other areas. Liberti et al. (2017)

document the role of lender specialization in collateral. While Liberti et al. (2017) show

that collateral can affect lending decisions of lenders in new markets, I show that the extent

to which borrower’s collateral matters for credit supply changes with lender constraints.

Thus, I add to the literature on lender specialization by documenting the important role of

collateral in lender specialization decisions when lenders are constrained, and the important

real economic consequences of lender specialization on borrowers.

Second, my paper relates to the literature on matching between borrowers and lenders

in the economy. Prior work has shown that borrower-lender matching is influenced by geo-

graphic proximity (Petersen and Rajan (1995), Petersen and Rajan (2002)), bank size (Stein

(2002), Hubbard et al. (2002), Cole et al. (2004)), or bank capital structure (Schwert (2018)).

I extend this literature by documenting matching based on collateral, and studying the con-

sequences of matching for credit and real outcomes. In Schwert (2018), under the assumption

that observed matches are optimal, the paper explores borrower-lender characteristics that

explain the match. Unlike his approach, I estimate the quality of matches between borrowers

and lenders and document the consequences of changes in match quality. I also examine how

borrower-lender matching changes over the business cycle. In this respect, the mechanism is

similar to the one described by Granja et al. (2018) for geographic proximity.

Third, my paper relates to the role of collateral in lending. Collateral is a significant

feature of loan contracts, especially small business loans where over 88% of small business

loans were backed by collateral in 2016. 9 On the theoretical side, collateral arises natu-

rally in settings with asymmetric information.10 The importance of collateral has also been

8Private information of some lenders may also have externalities on other market players. See for example,
Stroebel (2016) or Murfin and Pratt (2019)

9Benmelech et al. (2019) document the secular downward trend in secured debt over the past century but
do not focus on small business lending around the financial crisis.

10Collateral can serve as a signaling device reducing adverse selection (Stiglitz and Weiss (1981), Besanko
and Thakor (1987a), Besanko and Thakor (1987b), Bester (1985), Bester (1987), and Chan and Thakor
(1987)), moral hazard (Boot et al. (1991), Boot and Thakor (1994), and Holmstrom and Tirole (1997)),
and by increasing contract enforceability (Albuquerque and Hopenhayn (2004) and Cooley et al. (2004)).
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documented in the empirical literature.11 Luck and Santos (2021) document how pledging

different types of collateral affects the cost of borrowing. I add to the literature on the im-

portance of collateral by showing that the benefits to collateral vary by the type of collateral

as well as by lender. I also focus on the dynamic role of collateral in lending decisions.

Fourth, my paper relates to the literature on the role asset specificity in lending. Start-

ing with seminal work by Shleifer and Vishny (1992), the literature has documented the

important role of asset fire sales and asset redeployability for credit access. The empiri-

cal literature has shown that firms with liquid collateral receive loans with longer maturity

(Benmelech (2008)), lower spreads on loans, higher credit ratings, and higher LTV ratios

(Benmelech and Bergman (2009), Almeida and Campello (2007)), and have a lower cost of

capital (Ortiz-Molina and Phillips (2014)). Asset redeployability has been shown to be an

important determinant of leverage for small businesses (Campello and Giambona (2013),

Giambona et al. (2018)) with special importance during periods of distress (Pulvino (1998),

Schlingemann et al. (2002), Acharya et al. (2007)).12 Consistent with this literature, I show

using detailed firm-level data, and comparison across industries, that firms with more com-

monly accepted collateral have a easier time substituting credit when faced with a supply

shock. However, I add to this literature by documenting not only the importance of the type

of collateral but the importance of the lender lending against the collateral.

Finally, my paper relates to the literature on credit supply during and in the aftermath

of the financial crisis. The literature argues that changes in credit supply played an impor-

tant role in triggering and amplifying the financial crisis.13 Ivashina and Scharfstein (2010)

document the drop in bank lending to large businesses following the bankruptcy of Lehman

Brothers. Chen et al. (2017), Bord et al. (2018), and Gopal and Schnabl (2020) document

Collateral also arises in settings with costly state verification (as in Townsend (1979), Gale and Hellwig
(1985), and Williamson (1986)), and to incentivize lender monitoring (Rajan and Winton (1995)).

11For reference, see Berger et al. (2011b), Jiménez and Saurina (2004), Berger and Udell (1995), John
et al. (2003), Berger and Udell (1990), Brick and Palia (2007), Chakraborty and Hu (2006), Jiménez et al.
(2006), Berger et al. (2011a), Berger et al. (2016).

12Shleifer and Vishny (2010) provide a full review of the fire sales literature. In contrast, Diamond et al.
(2019) argue that high asset pledgeability could hurt firms in a downturn. Collateral usefulness also depends
on creditor rights (Calomiris et al. (2017), Vig (2013), Campello and Larrain (2015)), and ability to repossess
the asset (Eisfeldt and Rampini (2008), Benmelech and Bergman (2008)). Furthermore, type of collateral
pledged varies by firm characteristics (Liberti and Sturgess (2014), Mello and Ruckes (2017)).

13Mian and Sufi (2009), Mian and Sufi (2018) argue that expansion in supply of mortgages was responsible
for the boom and bust in housing markets, and the subsequent recession.
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specifically the impact of the financial crisis on small business lending.14 I add to this liter-

ature by documenting the heterogeneity in treatment across borrowers of the same lender.

With detailed information on borrowers and lenders of small business loans, I document a

new channel for the propagation of credit supply shocks to the economy.15 Furthermore, I

contribute to the literature documenting the real effects of credit supply shocks with detailed

information linking small business lending to employment outcomes.16

3 Data and Summary Statistics

3.1 Data Sources

The insights in this paper come from combining two data sources- UCC filings for information

on firm-lender relationships and the Census of Establishments for firm outcomes.

3.1.1 UCC-1 Filings

An important contribution of this paper is the construction of a new dataset on small business

lending. My main dataset is sourced from state-level public records filed under the Uniform

Commercial Code (UCC). The UCC is the set of laws that guide all commercial transactions

in the U.S., such as sales, leases, and rentals. Article 9 of the UCC states that secured

creditors have the right to make a public filing detailing their claim on borrower assets

when originating a secured loan. In case of borrower default, these filings determine priority

in bankruptcy proceedings. Secured lenders without an active UCC filing are considered

unsecured creditors by law. For this reason, and due to the low cost of making UCC filings

(typically $15-$25 for electronic filings), I believe my sample is representative of the universe

of secured lending.

UCC filings under Article 9 are made to determine security interest in “personal-property”.

14Cortés et al. (2018), Acharya et al. (2018a), Covas (2018) argue that post-crisis stress testing of large
banks led to decrease in small business lending.

15Chaney et al. (2012), and Adelino et al. (2015) document the importance of collateral channel using real
estate as collateral

16See Bernanke (1983), Peek and Rosengren (2000), Benmelech et al. (2016), Ashcraft (2005), Chodorow-
Reich (2013), Greenstone et al. (2014), Bentolila et al. (2017)
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Filings are made at the state-level at Secretary of State offices in the state of the borrower.17

Real estate transactions, while governed by the UCC laws, require lenders to make filings

at local county offices responsible for tracking that piece of land.18 Furthermore, properties

with titles, such as automobiles, boats, and airplanes, generally do not require state-level

UCC filings for liens.19 Any other collateral pledged by borrowers must be detailed through

a state-level UCC filing.

One of the biggest strengths of the UCC data is that it allows for the creation of a “quasi”

credit registry for the U.S. including data on loans originated by bank and non-bank lenders

such as finance companies.20 To the best of my knowledge, Edgerton (2012) is the only other

paper that creates a similar registry from UCC filings for the U.S. by focusing on businesses

in California over a six-year period. Murfin and Pratt (2019) use data on equipment financing

sourced from UCC filings to study optimal pricing by captive finance companies. However,

their paper only includes heavy equipment financing of firms in construction and agriculture.

A subsequent paper by Gopal and Schnabl (2020) uses UCC data from all 50 states in the

U.S. to document the growing role of nonbanks in small business lending. However, their

work does not focus on detailed text descriptions of collateral accepted by lenders.

One shortcoming, however, of the UCC data is that we can only observe the extension of

credit. Loan terms such as loan amount or pricing information are not reported.21

3.1.2 Texas Data

In this paper, I mainly focus on firms operating in Texas. To understand the role of firm-

specific collateral on firm outcomes, I need detailed information on collateral pledged by

firms. While this information is available at individual state offices, a bulk download of

17State of incorporation for registered businesses or headquarters for unincorporated businesses.
18Over 80% of loans to small and medium-size businesses are backed by non real-estate collateral - see

Luck and Santos (2021)
19Recent court rulings have opened up debate on the need for UCC-1 filings on titled property.

See for example - https://www.cscglobal.com/blog/court-finds-certificate-of-title-alone-not-
sufficient-to-create-security-interest.
If the titled property is inventory meant for sale, a UCC filing is required.

20List of largest lenders in the sample available in Appendix A5
21Petersen and Rajan (1994) show that, based on a survey of small businesses, availability of credit is

altered on quantities, rather than prices. More recently, DeYoung et al. (2015) show that decrease in credit
to SMEs during the crisis was caused not by increased pricing of credit risk but rather by quantity rationing.
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historical data is either unavailable or prohibitively expensive. California and Texas are two

states that allow for the bulk download of UCC filings. However, the California data only

goes back six years from the date of download (see Edgerton (2012) for details).

The Texas Secretary of State website allows for the download of historical data starting

from 1966. However, I restrict my sample to filings made from 2002 onwards. The main

reason for this choice is a July 2001 change to the laws governing where UCC filings are

to be made. Before this date, a UCC filing was required in every state in which a firm

maintained assets. After 2001, the filing location was changed to the state of incorporation

for incorporated businesses or the location of the CEO’s office for unincorporated firms with

multiple offices.22

Thus, the final sample includes six years (2002-07) before the crisis, and a nine year crisis

and recovery period (2008-16) with a total of 995,657 new loan originations in the period.

Collateral Information As described above, UCC filings are made for all non real-estate,

non-titled personal property of borrowers. Figure A1 gives an example of a typical UCC

filing. The filing includes information on the borrower (Best Dedicated LLC located in

Kernersville, North Carolina), the lender (Webster Capital Finance Inc), the date of the

filing (8/12/2014), and a description of the collateral (in this case, trailers) pledged.

There is large variation in the type of collateral pledged for loans, a fact which is going

to be critical for my identification strategy. For example, collateral can vary from very

specifically identified assets (as in the example above which identifies assets by their serial

numbers) to blanket liens. Detailed examples are provided in Internet Appendix Section

IA1.3.

Blanket liens occur commonly in collateral descriptions. A blanket lien is a lien that

gives the lender rights to seize all assets of the borrower in case of default. As such, these

statements contain generic descriptions of the collateral, such as “equipment”, “inventory”,

“assets”, and so on. Thus, blanket lien descriptions do not provide sufficient information

about the exact assets of the borrower, which is crucial for my measure and identification

strategy. Thus, I remove from the sample loans with blanket lien pledges. My sample retains

22Including data before 2002 might lead to repeat counting of the same loan to a business with multiple
offices.
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firms with real assets where an exact description of the asset is available.

3.1.3 Longitudinal Business Database

For real outcomes at the firm-level, I use information from the U.S. Census Bureau, specif-

ically the Longitudinal Business Database (LBD). The LBD contains annual data (as of

March 12) on establishment level employment, payroll, industry, location, and years of op-

eration for the universe of non-farm employer firms in the U.S.

The LBD is the most comprehensive and accurate source of firm-level employment avail-

able in the U.S. and contains time-invariant establishment identifiers to track changes in

outcomes over time. The database covers both single-establishment and multi-establishment

firms. A firm-level identifier tracks the various establishments operated by a single legal

entity.23

Finally, I aggregate the establishment-level data to the firm-level to track the effects

of credit access on firm employment. The majority of the sample (∼ 92%) is single-

establishment firms. For firms with multiple establishments, I take the firm county (industry)

as the county (industry) with the highest employment share of the firm.

3.2 Matching

To track the relation between firm credit and employment outcomes, I link the loan data

from UCC filings to the LBD. With no common identifiers between the UCC Filings and

the Census data, I use a fuzzy match based on firm names. To improve the accuracy of the

matches, I focus on fuzzy name matching within a ZIP code, i.e., I look for the closest name

match among all firms in the borrower’s ZIP code. I use a combination of bigram string

comparators to aid with the matching.24 Through my matching algorithms, I am able to

match roughly 52% of the total loans. The match rate over time is provided in Internet

23FIRMIDs are generated from Employer Identification Numbers (EIN) in tax forms. Thus, a firm is a set
of establishments under the same tax filing unit. A single large firm may have multiple EIN numbers. This
is less of a concern for small businesses.

24See COMPGED and SPEDIS functionality in SAS
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Appendix Figure IA1.25

The final matched sample includes 93,000 non-FIRE (finance, insurance, real estate) firms

and roughly 486,000 loans between 2002 and 2016. Comparison of the full Census data to

the matched UCC lending - Census data is provided in Table A2. On average, the matched

sample is larger (70 employees in matched sample vs. 25 employees in the average firm) and

older (13.6 vs 10.6 years in operation).

In this matched sample, 44,500 firms have at least one loan between 2002 and 2007 (pre-

crisis period). Of these, 23,500 firms have loans with real assets pledged as collateral. These

23,500 firms, therefore, constitute my baseline sample. Summary statistics on the baseline

sample are provided in Panel A of Table 1. The average firm has operated for 12.73 years

as of March 2007, with 14.12 employees in that year.

4 Collateral Match Quality

The goal of this paper is to identify whether differences in level of firm-lender collateral

match affect firm access to credit in the event of a credit supply shock. Specifically, I study

how specialization of a lender in the assets of the firm can affect firm outcomes. In this

section, I formalize what I mean by collateral match and lender specialization and how I

construct these measures.

In principle, I want to estimate the collateral that a lender is specialized in and measure

how a borrower’s collateral compares to the specialization of the lender. My measure relies

on the theoretical literature (Winton (1999), Dell’Ariccia et al. (1999)) that suggests that

lender’s concentration in a sector implies expertise. In these models, because lenders have

more interaction with borrowers in sectors in which they have a greater exposure, they are

better informed about these sectors. Similarly, under my measure, borrowers with collateral

more in line to what the lender traditionally accepts (controlling for aggregate availability

25There are multiple reasons for unmatched firms in the original sample. First, the LBD only contains
employer firms (non-farm payroll employment excluding non-profit organizations). Thus, non-employer firms
with outstanding loans cannot be matched to the LBD. Non-employer firms account for nearly 23 of the
28 million establishments in the U.S. In unreported results, I show that the lending results are robust to
including the entire sample of firms. Second, firms operating under multiple names might generate low match
scores. Third, firms that exit the sample before the start of the financial crisis are dropped. Further detail
on the data cleaning and matching are provided in Internet Appendix IA1.
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of the collateral in the economy), would imply a better match on collateral.

I create the measure of firm-lender collateral match by examining the textual similar-

ity between the borrower’s collateral and the collateral accepted by the lender. To create

the measure, I translate the text descriptions into a numeric equivalent and compare two

descriptions using the cosine similarity measure. I describe each of these steps in detail

below.

4.1 Text to Numeric Conversion

First, I translate textual descriptions of collateral into a numerical format suitable for analy-

sis. I start by aggregating the collateral description for each loan filing and cleaning collateral

descriptions.26 Next, I create a dictionary of all words in the universe of collateral descrip-

tions. I manually inspect the list to retain words that describe the collateral while removing

extraneous descriptive words.27 To retain loans/firms with real assets, I create a dictionary of

words for all real assets (equipment and machinery) from my sample, and retain descriptions

with just these words. Internet Appendix IA2 contains the full list of words.

The words are then transformed into a matrix of features (in my case, collateral types)

using a “bag of words” approach. Each description is represented as a vector where the ith

component takes a value of one if the ith feature is present, and zero if not.28 Vectors are

adjusted by feature weights across documents, i.e., the inverse document frequency (IDF).

The IDF captures how common a given word is in the overall sample of loans. Scaling by

IDF prevents the overweighting of common terms. The idea behind IDF is to provide higher

weights to words with more information. Collateral that occurs rarely provides greater infor-

mation about a lender’s specialization if present in it’s portfolio. In my case, the weighting

controls the aggregate availability of the collateral in the economy.

26I remove punctuation, special characters, extra spaces, and numbers (like serial numbers of equipment)
from the description. Furthermore, I remove stop words (most common words that occur in the English
language). Words are stemmed using the Porter Stemmer.

27For example, common words in collateral description include “proceeds”, “limited”, “including’ which
do not add additional information about the assets are removed.

28The baseline measure does not include weighting by term frequency (TF), i.e., the number of times a
term appears in a given description. Collateral descriptions very often repeat terms to describe the claims
on the same asset. Thus, weighting by TF could lead to over weighting firm assets. I ensure results are
qualitatively similar when including the weighting.
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To understand the importance of weighting in my case, consider the following hypotheti-

cal example. Lender A’s portfolio consists of 10% loans against cattle and 10% loans against

tractors. Overall in the economy, only 1% of loans are made against cattle while 20% of

loans are made against tractors. Without the weighting, the collateral match between a

borrower with tractor to Lender A would be identical to the collateral match between a

borrower with cattle and Lender A. However, the disproportionate share of cattle in Lender

A’s portfolio compared to the economy implies Lender A has greater specialization in cattle

than the average lender in the economy. The weighting captures this effect.

To formalize, for each word w in collateral description c in the universe of collateral

descriptions C, I create

TFIDFcw = TFcw × IDFCw

where TFcw takes the value 1 if the firm has the type of collateral and 0 if it does not,

and

IDFCw = log
N

|c ∈ C : w ∈ c|

which is the log of the total number of collateral descriptions scaled by the number of

descriptions where the term w appears

4.2 Cosine Similarity

Next, I use the concept of cosine similarity to calculate the match quality on collateral

between borrowers and lenders. Cosine similarity has been previously used in the finance

literature to measure industry similarities in Hoberg and Phillips (2010) and Hoberg and

Phillips (2016) and to calculate the impact of patents in Kelly et al. (2018). Technically,

with each description represented in the vector space as described above, similarity between

two descriptions can be calculated as the cosine of the angle between the two vectors. This

commonly used measure follows from the Eucledian dot product formula
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Similarity = cos(θ) =
~A · ~B
~‖A‖ ~‖B‖

To create my measure of collateral match between Firm A and Lender B, I compare the

collateral of firm A to the collateral of the average borrower of lender B.

The intuition underlying cosine similarity is the idea that two collateral descriptions are

similar if their vectors “point” in the same direction. It is a measure of orientation rather

than magnitude. This is advantageous when comparing collateral descriptions of varying

lengths. Descriptions with the same set of words in the same proportion will have similarity

of one and descriptions with no common words between them will have a similarity of zero.

In this aspect, cosine similarity performs better than standard measures such as Euclidean

distance when high dimensional, sparse matrices are present.

To better understand the intuition, consider a simple example. Think of a universe with

just two types of collateral - cattle and tractors - in equal proportion. In this world, every

firm and lender can be represented in a two-dimensional space.
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A firm with only tractors (Firm A) is on the X-axis. Lenders with both tractors and

cattle can also be represented in the two-dimensional space. Consider two such lenders -

Lender B (with 50% tractor and 50% cattle) and Lender C (25% tractors and 75% cattle).

To measure the match quality (similarity) between a firm and lender, I calculate the cosine

of the angle between the two vectors. The angle between Firm A and Lender B is smaller
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than Firm A and Lender C. A smaller angle implies greater “similarity” in collateral, or in

other words, a better match on collateral. In this example, Firm A has a better match to

Lender B (cosine similarity of 0.7071) than it does to Lender C (cosine similarity of 0.3162).

I calculate the match quality at the firm-lender level as the cosine similarity between the

firm and the average borrower of that lender in the sample. Measures are all calculated based

on loans originated in the pre-period (2002-07). To construct the measure, I use information

on real assets pledged by the borrower to its relationship lender, and compare that to the

average borrower of its relationship lender.

Statistics on the firm-lender collateral match quality values are provided in Panel B of

Table 1. The average match quality between firms and lenders on collateral for observed

firm-lender pairs is 0.3827 with a standard deviation of 0.3085. The 10th percentile of the

distribution is 0.01649 and 90th percentile is 0.8619.

5 Empirical Methodology and Results

5.1 Empirical Strategy

I study how collateral matching between borrowers and lenders affects credit supply to firms

in the aftermath of the financial crisis. I am interested in understanding whether lenders

treat borrowers differentially based on the collateral available at the firm and the level of

matching between borrowers and lenders on collateral. Broadly speaking, a drop in credit to

firms following the financial crisis could be driven either by lower firm demand, or a decrease

in supply of credit to firms. Under the demand side explanation, firms that received fewer

loans did so because they lowered their demand for credit. Under the supply side argument,

lenders reduce credit to firms because of firm characteristics, or differences in firm collateral.

I aim to isolate the credit supply channel, specifically the role of collateral, in determining

firm credit access.

To estimate the causal effect of borrower-lender collateral match on credit supply, I follow

a difference-in-difference strategy with continuous treatment intensity. I measure a firm’s

treatment intensity based on the level of matching between a borrower and lender using
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collateral pledged by the firm to the lender in loans extended to it in the pre-crisis (2002-07)

period. I then study the effect of the firm’s collateral match to its lenders on credit access

in the downturn.

5.2 Firm-Lender Level Results

I start by documenting the importance of collateral match for lending outcomes. First, I

provide evidence for matching between borrowers and lenders based on collateral special-

ization of lenders. I show that the equilibrium distribution of borrower-lender pairs show a

much higher collateral match score than would be implied by a random match.

Figure 1 plots two distributions. In the solid line, I plot the firm-lender collateral match

scores for all possible firm-lender pairs. That is, for every firm in my sample, I create a

measure of collateral match to every lender in the sample (irrespective of whether they

actually borrow from them). To create the measure, I use the pre-crisis (2002-07) collateral

pledged by the borrower and compare it to the pre-crisis lending portfolio of the lender. Note

that the distribution is highly skewed with most of the distribution concentrated at near-zero

values of collateral match.29 In the dashed-line, I plot the same firm-lender collateral match

scores for firm-lender pairs with at lease one loan in the pre-crisis period. We note that

the observed firm-lender pairs is skewed to the right. Specifically, nearly half the observed

firm-lender pairs are in the right 5% tail of the distribution of random scores. This provides

suggestive evidence that collateral, and lender specialization in collateral is an important

determinant of firm credit.

In this paper, I am interested in how the level of matching between firms and lenders

affects lending during a crisis. For this, I focus my analysis on the second big takeaway

from the plot, i.e. the heterogeneity in match scores across observed borrower-lender pairs.

I exploit this heterogeneity to identify distribution of credit across borrowers in a downturn.

Figure 2 plots lending over time for firm-lender pairs with a relationship between 2002

and 2007. Firm-lender pairs are divided into two groups with above and below median scores

on firm-lender match quality score. We see that lending to the two groups grow along similar

29Census disclosure rules require all distributions be capped at the 5th and 95th percentile.
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paths in the pre-crisis period. After the start of the crisis, however, growth of loans between

the two groups diverge. Firms with closer match to the lender see a smaller drop in lending

during the crisis, and the gap between the two groups persists post-crisis.

However, as described above, this result is prone to endogeneity concerns. Firms that

borrow from lenders that are specialized in their collateral may be inherently different from

borrowers with weak lender matches. Similarly, lenders that lend to borrowers with collateral

they have expertise in may respond differently when constrained from lenders with a diverse

set of borrowers. Thus, I plot two additional figures. In Figure 3a, I split lenders to the same

firm into above and below median match scores. That is, firm-lender pairs are classified as

above or below median within firm. The sample here is restricted to firms with multiple

relationships pre-crisis. As above, lending to the firm from the two groups of lenders grows

on a similar path pre-crisis but diverges after the start of the crisis. Similarly, in Figure

3b, I separate firm-lender pairs into above and below median match quality within the same

lender, i.e., borrowers with high vs. low match to a given lender. Observed lending patterns

are similar with this categorization.

I now turn towards establishing this result more formally through regression analysis.

My main empirical specification is as follows:

Repeat Loanfl = αf + γl + βFirm-Lender Collateral Match Qualityfl + εfl (1)

for every firm f , lender l with a pre-existing relationship in the pre-crisis period. The

outcome variable takes value of 1 if the firm gets a new loan from the same lender in the

post-crisis (2008-16) period. Since all firm-lender pairs have a loan between them ex-ante,

repeat loan captures the change in lending to the firm. The main variable of interest is

the measure of Firm-Lender Collateral Match Quality created based on pre-crisis (2002-07)

loans. The measure captures the similarity between the borrower’s collateral and the lender’s

collateral portfolio. The baseline specification also includes borrower and lender fixed effects

to study the change in lending within the same firm across different lenders, as well as change

in lending across borrowers of the same lender. Standard errors are clustered at the lender

level.

19



Table 2 presents the results of the baseline specification in Equation 1. Column 1 presents

the results for all firm-lender pairs observed in pre-crisis period. A one standard deviation

increase in the match quality to lender increases the probability of a new loan by 2.04%

equivalent to 10.3% of the mean probability of a repeat loan. In column 2, I include controls

for county and industry30 of the borrower to control for differences in demand. In Column

3, lender fixed effects are included to control for lender-level variation in specialization and

lender level differences in borrower matching. After including lender fixed effects, local

county-industry demand, and firm controls in column 4 we see a 2.53% increase in repeat

loan probability for a one standard deviation increase in match quality.

In Columns 5-7, I restrict the sample to firms with multi-lending relationships in the

pre-crisis period. Column 5 repeats the results of Column 3 for multi-lender relationship

firms. In this, the effect is slightly larger for this sample with a one standard deviation

increase in collateral match leading to a 3.36% increase in probability of a loan, equivalent

to 16.2% of the unconditional probability of getting a repeat loan. In Column 6, I include

firm fixed effects. Finally, Column 7 includes both firm and lender fixed effects. Including all

controls, a one standard deviation increase in firm-lender collateral match quality increases

the probability of the firm receiving a loan by 3.7%, or 17.85% of the mean and 9.13% of the

standard deviation of the probability of receiving a repeat loan in the post-crisis (2008-16)

period. These effects are large and economically important to small firms who rely on debt

financing. This indicates the important role of borrower-lender collateral matching on small

business lending.

Dynamic Difference-in-Difference

Next, I test for dynamic effects of firm-lender collateral match on lending. Specifically, I

run the following panel regression:

yflt =αf + γl + δt + βt Firm-Lender Collateral Matchfl × 1t + εflt (2)

where for each firm f , lender l pair with a loan in the pre-crisis period, I test for change

30For multi-establishment firms, county is the assigned based on the region with highest employment share
for the firm. Industry at 2-digit NAICS level but robust to narrower industry definitions.
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in lending each year t. The dependent variable is an indicator that takes value of one if

the firm-lender pair is observed to have a loan in a given year, scaled by frequency of loans

between the pair in the pre-crisis period. I scale the loans for a measure of percentage

change in lending given the data limitation of only observing the extensive margin of loan

originations. I am interested in how the coefficient on firm-lender collateral match changes

over time.

The dynamic version of the difference-in-difference setting identifies the timing of the

effect of firm-lender collateral match on loan outcomes, and to establish the existence of

parallel pre-trends which is crucial for my identification strategy.

The results are presented in Figure 4.31 I note that there are no statistically significant

differences in lending across firms with different levels of firm-lender collateral match in the

pre-crisis period. However, after the start of the financial crisis (2008-), firms with high

quality match are more likely to get a loan. The effect persists for a number of years before

recovering to pre-crisis levels in 2015. The magnitude of the effect is highest in 2009, with a

one standard deviation increase in match leading to an 9.2% increase in lending.

5.2.1 Other Specialization Channels

Next, I aim to disentangle whether the observed results are truly driven by expertise in

borrower collateral. Lenders could have borrower-specific advantages beyond expertise in

collateral. Lenders could be specialized in the industry of the borrower, with an informational

advantage over borrowers in certain industries versus others. Lenders could also have firm-

specific knowledge, i.e., they may have borrower-specific information gathered through past

relationships with the lender. Such expertise may help them distinguish good borrowers

from bad, and could be the underlying mechanism driving observed lending behavior. I test

for these alternate channels below.

Industry vs. Collateral Specialization

First, I test for lender specialization in the borrower’s industry. Here, I analyze whether the

observed lending patterns are driven by the collateral of the borrower or the industry of the

31Point coefficients can be found in Internet Appendix Table IA1
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borrower. Clearly, collateral and industry specialization may overlap. Borrower collateral

is largely driven by the industry in which the firm operates, for example - farmers often

use tractors while restaurants do not. However, oftentimes, collateral could be more broad-

based or more specific than implied by industry definitions. On the one hand, certain types

of collateral are used across multiple industries (e.g. forklifts and trucks). On the other

hand, lenders may specialize in lending only against certain types of collateral even within

an industry. As an example, People’s United Bank’s equipment financing division makes

loans against large service trucks but not against delivery or utility trucks.32

To separate lender specialization in an industry from its collateral specialization, I con-

duct two tests.

Repeat Loanfli = αf + γl × δi + βFirm-Lender Collateral Match Qualityfl + εfl (3)

for firm f , in industry i, borrowing from lender l, I include lender times industry fixed

effects to compare the treatment of borrowers within the same industry and who borrow from

the same lender. The sample is once again firm-lender pairs with a pre-existing relationship

in the pre-crisis period. The outcome variable takes value of 1 if the firm gets a new loan

from the same lender in the post-crisis period.

Panel A of Table 3 presents these results. I present the results with 2-digit and 3-digit

industry cells in Column 2 and 3 of Table 3. We see that including the industry interactions

changes the magnitude of the effect on likelihood of a matched firm getting a repeat loan

from the lender from 3.7% to 4.1% with 2-digit industry fixed effects and to 4.13% with

3-digit industry fixed effects. Collateral match, therefore, is still a significant determinant of

credit to borrowers.

While we might be interested in more narrow industry specializations of lender, includ-

ing very narrow industry fixed effects significantly would decrease sample size. Thus, in

alternative tests, I include instead of lender-industry fixed effects, lender concentration by

industry. I calculate lender concentration for narrow industry cells as the share of lending

to that industry in the lender’s portfolio.

32https://www.peoples.com/business/equipment-finance/peoples-united-equipment-finance-

corporation/transportation
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Panel B of Table 3 presents these results. I include lender concentration at the 2,4, or

6 digit NAICS level. On including lender shares in industry, the probability of receiving a

repeat loan changes by 3.54% for a one standard deviation increase in firm-lender collateral

match quality across the specifications. That is, industry specialization does not seem to

explain away the observed borrower-lender collateral specialization.

Hard vs. Soft Information

Next, I test for whether lender behavior is driven by firm-specific knowledge. Lenders

may collect firm-specific soft information through lending relationships. Changes in lending

could, therefore, be driven by changes in firm-specific soft information rather than borrower

collateral. To test this, I conduct two tests.

First, I include proxies for relationship strength as controls in my baseline regression. I

create three proxies for strength of relationship - 1) Number of past loans from the lender,

2) share of total borrower lending from the lender, 3) time since the last loan between the

borrower and lender and the start of the crisis. An increase in number of loans from the lender

implies the lender has had greater interaction with the borrower, increasing the potential

soft information the lender has about the borrower. Conversely, if a longer time has passed

since the last loan to the borrower, the lender may have less up-to-date soft information

about the borrower.

While these measures proxy for soft information, they may themselves be correlated with

higher collateral match. For example, lenders may be willing to make a greater number of

loans to borrowers whose collateral they are familiar with. Thus, adding these controls may

bias downward the true effect of the importance of collateral matching. Consequently, the

results shown in Table 4 are a conservative estimate for the effect of collateral match quality.

As shown in Table 4, including the controls for relationship lending decreases the mag-

nitude on the coefficient of interest. In Column 1, I repeat the results from the baseline

regression. Here, a one standard deviation increase in firm-lender match quality increases

lending to the borrower by 3.72%. In Column 2, I use share of lending from the relationship

lender as a control for relationship strength. Compared to the baseline regression, the effect

here reduces to 2.29% increased loan likelihood, or 11% increase over the mean loan likeli-
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hood. In Column 3, I include a measure of the average annual number of loans between the

borrower and lender in the pre-crisis period. This decreases the effect to 10.1% above the

unconditional mean of repeat loan . In Column 4, I include, as a control, the number of years

since the last loan to the borrower. The effect of match quality in this case is equivalent to

a 14.87% increase over the mean. Finally, I include both the number of loans and time from

the last loan as a control. The final effect is a 2.1% increase in loan likelihood, or 10.1% over

the mean value. Thus, even though the inclusion of these controls reduces the magnitude

of the effect on collateral match quality, lender match is still an economically significant

determinant of firm credit.

For the second test of importance of private firm-specific information, I test the im-

portance of match on collateral for new borrowers of the lender. For firms with no prior-

relationship, the lender does not possess private firm-specific information. As shown in

Figure 5, the observed matches for borrowers with loans in the post-crisis period is signif-

icantly higher than would be implied by a random firm-lender pair match. This provides

evidence for non-random matching between borrowers and lenders on collateral, conditional

on the lender not having any borrower-specific private information. Thus, collateral is an

important determinant of credit.

5.2.2 Robustness Tests

Next, I try understand the channels driving lender specialization in a downturn. Specif-

ically, lenders could be specializing for multiple reasons. First, lender specialization may

be driven by informational advantage. Lenders could have ex-ante private asymmetric in-

formation about the quality of collateral (ability to identify good collateral from bad), or

possess greater ability to redeploy the collateral ex-post (which may include existing infras-

tructure for collateral storage and disposal, network of potential buyers etc.). Informational

advantages may cause a lender to specialize in core collateral when in distress.

Second, lending behavior could be driven by the type of business the lender is involved

in. Traditionally, banks are thought to do more cash-based lending (evaluate firms based on

project cash flows) while finance companies lend against asset values (Carey et al. (1998)).

For some lenders in the sample, for example captive finance companies, collateral sales
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and value may be primary motivation for lending. In this case, one could be worried that

concentration of lenders is driven by need to increase parent company sales and collateral

value. Thus, observed behavior of change in lending against collateral could be driven by

differences in underlying businesses.

Third, lenders may concentrate borrowing to prevent the writing down of bad loans, i.e.

distressed firm lending (zombie lending in Caballero et al. (2008)). Distressed banks, i.e.

banks with limited capital reserves and loan loss reserves, may reallocate credit to borrowers

most likely to lead to loan losses if cut-off. If the firm-lender collateral measure captures

the level of prior investment or commitment of the lender, they may be inclined to continue

lending to borrowers with higher match to prevent losses on their portfolio.

In this paper, I argue that lender specialization is driven by informational advantage.

While I cannot directly test for the amount of information about collateral available to the

lender, I seek to eliminate the other potential channels described above.

Heterogeneity Across Lenders

First, I test for whether differences in underlying business of the lenders drive observed

variation in lending. To test for variation across lenders, I include indicators for lender type

in my baseline specification.

Repeat Loanfl = αf + γl + β1Firm-Lender Collateral Match Qualityfl

+ β2Firm-Lender Collateral Match Qualityfl × Lender Typel + εfl

(4)

Primarily, I test three main theories for specialization. First, I test for whether results

are driven by the subset of lenders in my sample that are only concerned about collateral

values. Lenders such as finance companies who lend primarily against collateral value of

the borrower could be shifting focus in times of distress while traditional lenders such as

banks lend to borrowers based on cash-flow evaluations. If that were the case, borrowers of

finance companies would be affected while banks would not alter behavior based on collateral.

In Column 1 of Table 5, I show that there is no statistically (or economically) significant

difference between banks33 and non-banks in their behavior in times of distress.

33Commercial banks, non-bank subsidiaries of bank holding companies, and credit unions.
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Second, my results may be driven by lenders whose primary business is not small business

lending. Specifically, captive finance companies, who are lending arms of manufacturing

companies, may be interested in increasing asset sales and propping up collateral values

to benefit the parent company sales in the goods market. These companies may increase

lending to increase their parent company’s revenue from sales. As these lenders are also on

average more specialized, greater lending from better firm-lender collateral matches could

be driven by increased lending from captive finance companies. I test whether this is case.

However, it is important to note that captive finance companies also have informational

advantage over other lenders in the economy. Specifically, captive finance companies have

greater information about the true quality and resale value of the collateral due to their

close association with the primary goods producer. Thus, difference across captive finance

companies and other lenders could be driven by either channel. I check whether shift in

lending is driven only be lenders whose primary goal is asset sales. In Column 2 of Table 5, I

interact the firm-lender collateral match quality measure by an indicator for captive finance

companies. The effect of increase in collateral match on lending is significantly higher for

captive finance companies. A one standard deviation increase in match quality increases

lending by 3.85% for non-captive lenders and 10.18% for captive lenders.

Third, I test for differences driven by large banks. As shown in Chen et al. (2017), the

largest 4 commercial banks34 pulled out of lending to small businesses in the aftermath of

the financial crisis. If large banks are less specialized (more diversified) and pulled out of

small business lending, the average continuing post-crisis firm-lender pair would appear to

be better matched on collateral. I test for this in Column 3 of Table 5. There appears to be

no statistically significant difference across Top4 banks and other lenders in the sample.

Distress Lending

Next, I test for the existence of distressed firm lending. In a downturn, lender decisions

may be driven by bank need to prevent loan losses especially for undercapitalized banks. Such

lenders, to prevent writing down bad loans, may continue making loans to bad borrowers. If

firm-lender collateral match captures the extent of the lender’s exposure to the borrower’s

34JPMorgan Chase, Bank of America, Wells FArgo, Citibank after accounting for mergers and acquisitions
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business, lenders have more to lose by cutting off lending to borrowers they are better

matched to and they may be inclined to continue lending to such borrowers.

To test for presence of distressed lending, I compare lending behavior of banks based

on their financial strength. Theories would indicate that distressed lending should be more

pronounced for lenders who are capital constrained. Under-capitalized banks are more likely

to engage in zombie lending behavior. Thus, I split my banks into above and below median

capitalization based on Tier 1 Capital Ratio of banks as of December 2006. I test for

differences across the two sets of banks through the following specification:

yflt =αfl + δt + β1t Firm-Lender Collateral Matchfl × 1t+

β2t Firm-Lender Collateral Matchfl × 1t × Low Lender Capitall + εfci

(5)

where for each firm f , lender l pair with a loan in the pre-crisis period, I test for change

in lending each year t. The dependent variable is an indicator that takes value of one if

the firm-lender pair is observed to have a loan in a given year, scaled by frequency of loans

between the pair in the pre-crisis period. I scale the loans for a measure of percentage change

in lending given the data limitation of only observing extensive margin of loan originations.

I am interested in the variation in the coefficient on firm-lender collateral match interacted

with lender capitalization over time. Low Lender Capital takes a value of one if the lender

has below median Tier-1 capital ratio as of December 2006.

Results are shown in Figure 6. I show that there is no statistically significant differences in

specialization across lenders with high and low Tier 1 capital. The point coefficients, though

insignificant, are negative, inconsistent with the distressed lending hypothesis. Coefficients

are presented in Appendix Table ??.

5.2.3 Counter-factual Exercise

I use the results from the within-firm regressions to study the aggregate effects of lender

matching on loan supply. I follow a strategy similar to Chodorow-Reich (2013) and Acharya

et al. (2018b) to estimate the aggregate effect on loan supply. For each borrower-lender pair,

I estimate the counter-factual loan supply if the firm and lender were aligned on collateral.
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Specifically, I estimate the additional credit to the firm if the lender had been specialized in

the borrower’s collateral.

I consider the effect of change in matching to a lender under two different conditions.

First, I consider the highest possible firm-lender match score given the collateral the borrower

pledged to the lender. In other words, for every firm-lender pair, I take as given the collateral

pledged by the borrower to the lender. With this collateral, I compute the match scores to

all other lenders in the sample and take the lender with the highest match score as the

best match. Second, I consider improvement in lending under a hypothetical scenario where

specialized lenders exist for all borrowers. That is, I take the highest value, the 95th and 90th

percentile of the firm-lender collateral match score distribution. In this case, I estimate the

increased lending to the borrower under the hypothetical scenario where a lender specialized

to the same extent in the borrower’s collateral is available.

I use a partial equilibrium analysis to determine the aggregate effect. Under the assump-

tion that total lending is the sum of lending to individual firm-lender pairs, I can estimate

the effect as follows:

ỹfl = ŷfl + β × [ ˜FLSimbest − FLSimfl] (6)

where ŷfl denotes the fitted value from the regression in Equation 1. ˜FLSimbest is the

counter-factual level of firm-lender similarity on collateral. In the baseline case, this value

is 1 indicating perfect match in collateral between the borrower and lender. FLSimfl is the

observed value of the level of firm-lender collateral similarity. β1 is the estimated coefficient

in Table 2 Column 7.

ỹfl provides the estimate of loan supply conditional only on change in the level of firm-

lender matching keeping all else equal.

The total lending in this counter-factual case is calculated by summing loan supply over

all firm-lender pairs: ∑
ỹfl (7)

To estimate the gain from the shift in lender matching, I estimate the change in lending

from the counter-factual lender matching scaled by the observed level of lending in the

economy, or
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∑
[ỹfl − ŷfl]
ŷfl

(8)

The results are provided in Table 6. If borrowers changed their match to the most

specialized lenders for their collateral, total lending to multi-relationship firms would increase

by 14.76%. On the other hand, if there existed for each borrower, a lender as specialized in

its collateral as the most specialized lender, the increase would be even higher. A shift in

lender matching from the observed values to a counter-factual with perfect matching to the

lender increases total lending by 42.67%. If the firm-lender pairs were instead at the 95th

percentile of match score, lending would be 31.34% higher. At the lower bound of a match

score at the 90th percentile, aggregate lending would still increase by 21.76%.

5.3 Firm-Level Results

Having established the importance of collateral for credit outcomes at the firm-lender level,

I trace the impact of collateral match quality for firm outcomes. I create a measure of

firm-level collateral match by computing the wighted average of firm-lender collateral match

scores. That is,

Firm Collateral Matchf =
∑
l∈L

Lender Sharefl × Firm-Lender Collateral Matchfl

based on all relationship lenders l of the borrower f .

5.3.1 Lending

For firm credit outcomes, I first test the impact of firm collateral match on credit to firms

from their relationship lenders. In Figure 7a, I plot lending over time to firms with above

and below median match on collateral to their relationship lenders. We see that lending to

the two sets of firms grows along a parallel path before the start of the crisis. After 2008,

firms with better match to their relationship lenders get more credit from them, and this

gap persists in the post crisis period.

To control for differences across borrowers with differential collateral match to their
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relationship lenders, I regress firm credit from relationship lenders on the level of Firm

Collateral Match, controlling for observable differences across borrowers

Repeat Loanf = α + βFirm Collateral Matchf +Xf + εf (9)

The results are provided in Panel A of Table 7. Columns 1-3 present the results for

the full sample of firms in the sample. In Column 1, without any firm-level controls, a

one standard deviation increase in firm collateral match increases lending from relationship

lenders by 1.77%. Adding local county and industry fixed effects changes the magnitude of

the effect to 2.05%. Finally, in Column 3, I include controls for firm size (log employment as

of 2007) and age (log firm age as of 2007). This reduces the effect of firm collateral match to

1.55% for a one standard deviation increase in collateral match. This is equivalent to 5.08%

of the mean likelihood of loan from at least one relationship lender.

In Columns 4-6, I focus on the set of firms with multiple pre-crisis lending relationships.

This sample is a direct mapping to the set of firms in my baseline regression in Table 2. For

this sample of firms, a one standard deviation increase in firm collateral match increases total

lending from relationship lenders by 3.56%, double the size of the effect on the sample of all

firms. Adding county, industry controls increases magnitude to 4.42%, and with inclusion

of firm size and age controls, the final magnitude of the effect of a one standard deviation

increase in collateral match is 3.19% increase in lending, equivalent to 10.35% of the mean

and 6.91% of the standard deviation of mean probability of repeat lending to a firm.

Finally, To test the ability of firms to substitute, I again focus on the collateral of the

firm. I create a measure of Firm Similarity which compares the collateral of the borrower

to the collateral of the weighted average lender in the sample. This measure is analogous to

the firm-lender collateral match quality created previously. The difference is that instead of

comparing the borrower collateral to its relationship lenders, I now compare it to all lenders

in the sample.

In Panel B of Table 7, I test borrower substitution to new lenders against the measure
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of firm similarity.

New Lenderf = α + βFirm Similarityf +Xf + εf (10)

New Lender takes a value of 1 if the firm gets at least one loan after 2008 from a lender

with no pre-crisis relationship.

Column 1 indicates that a one standard deviation increase in firm similarity increases

the probability of shifting to a new lender by 4.36%. When I include county and 2-digit

industry fixed effects, the effect becomes 4.52%. Including controls for firm size and age

reduces the effect to 3.44% but still economically significant, equal to 6.56% of the mean

probability of shifting to a new lender. In Columns 4-6, I present results by including the firm

collateral match to relationship lenders. Better firm collateral match to relationship lenders

reduces the probability of borrowing from a new lender by 1.9% in the strictest specification

in Column 6.

5.3.2 Real Effects

In the previous section, I established that firm collateral match affects lending from rela-

tionship lenders. Next, I study the effect of firm collateral on real outcomes. I focus on firm

employment in this paper.

In Fig 7b, analogous to credit, I plot firm employment against the two measures of firm

collateral - Firm Collateral Match, which is the weighted average of firm-lender collateral

match scores to the relationship lenders of the borrower. To create the figure, I scaled firm

employment in a given year by the average level of employment at the firm in the pre-crisis

period (2002-07) and average across all firms in the sample. Creating the average this way

provides equal weights to small and large firms in my sample, which is important given the

focus of this paper on small business outcomes. Notice the dispersion in employment growth

across the two groups of Firm Collateral Match after the start of the crisis.

To study the effect of lender specialization in collateral on firm employment, I do the

31



following instrumental variable regression.

Repeat Loanf = α + γ Firm Collateral Matchf +Xf + εfci

∆(Employment)f = α + β ˆRepeat Loanf +Xf + εfci

(11)

for the sample of firms f with at least one loan in the pre-crisis period. New Loan takes

value of 1 if the firm gets a new loan in the post-crisis period from any lender. I calculate

change in employment as the change in average level of employment at the firm between the

post-crisis and pre-crisis period as:

∆(Employment)f =
Employmentf,2008−16 − Employmentf,2002−07

0.5× (Employmentf,2008−16 + Employmentf,2002−07)
(12)

I use the above definition of employment to limit the influence of outliers. The growth

rate definition in Equation 12 is a second-order approximation of the log difference growth

rate around zero. It lies between [-2,2] and can accommodate exits, which is an important

consideration for the sample of small businesses that I study.

Table 8 presents the results for employment. In Panel A, I present the OLS results. A

one standard deviation increase in probability of receiving a loan from a relationship lender

in the post-period increases employment at the firm by 7.28%. The IV results in Panel B are

of similar magnitude at 8.64% growth in employment for one standard deviation increase in

new loan. Results are robust to inclusion of county-industry fixed effects and firm controls.

5.4 Aggregate Patterns

The time series patterns for the set of borrowers receiving credit can provide more information

on the importance of collateral. In this paper, I argue that the reduction in credit supply

in the aftermath of the financial crisis was associated with a shift towards borrowers with a

greater collateral match to their lenders. However, this analysis does not clarify how lender

behavior varies at other points in time. I shed some light on changing lending behavior over

time through two tests.

In Figure 8a, I plot the average level of firm-lender collateral match score for the set of
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firms that receive credit in a give year. The main takeaway from the figure is that in the

pre-crisis boom the average level of firm-lender collateral match is lower (and decreasing

over time) than the average firm-lender similarity of the set of firms who receive credit in the

post-crisis period. After 2007, the firm-lender collateral match is successively increasing till

about 2012 after which it stabilizes. This suggests that the level of firm-collateral matching

required for credit extension is most important in a downturn.

To identify whether this pattern is driven by just changing composition of lenders and

borrowers in the sample, I run the following regression:

Loanflt = αf + γl + δt + βt Firm-Lender Collateral Matchfl × 1t + εflt (13)

for the set of all firms f and lenders l that receive a loan at any point in my sample. Loan

takes a value of 1 if a firm-lender pair is observed with a loan in a given year t. Firm-lender

collateral match is calculated based on the full sample (2002-16) of loans. I control for firm,

lender, and time differences to test the time varying importance of firm-lender collateral

match.

Figure 8b presents the results of the regression in Equation 13. Results are in line with

the aggregate results presented - that is, firm-lender collateral match becomes important

after the start of the financial crisis while the level does not differentially access to credit in

the pre-crisis boom.

Consistent with these effects, Appendix Figure A4 presents changes in lender collateral

portfolio over time. I plot the share of top 6 types of collateral in a lender’s portfolio for

every year between 2002 and 2016. These plots show that the share of the most common

types of collateral in the lender’s portfolio decrease in the pre-crisis boom, suggesting lenders

expand in good times by lending against collateral outside their expertise. However, during

the 2008 financial crisis and the years following it, the share of the most common types of

collateral increases suggesting the lender’s portfolio becomes more concentrated when they

contract.
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6 Conclusion

This paper documents the important role of collateral specialization of lenders for credit

supply to borrowers in the aftermath of the financial crisis. Using novel loan-level data

on all collateralized loans in Texas between 2002 and 2016 linked to the U.S. Census of

establishments, I create a new measure of Firm-Lender Collateral Match Quality to quantify

the extent of specialization of a lender in the collateral of the borrower.

By focusing on the set of borrower-lender pairs with pre-existing relationships before the

start of the financial crisis, I show that a firm that was borrowing from lenders with greater

specialization in its collateral is more likely to continue receiving credit after the start of

the crisis. This effect is not driven by differences across firms or lenders but holds within

borrowers of a lender and within lenders of a firm. Lender collateral specialization, in turn,

affects firm-level outcomes such as employment.

On exploring the channels leading to lender specialization, I show that informational

advantages in collateral are the most likely driver of lender specialization in a crisis. Fur-

thermore, collateral specialization is distinct from other lender advantages that may be

industry or firm-specific, such as lender concentration in an industry or the availability of

firm-specific soft information.

The findings in this paper have important implications for heterogeneous effects of credit

supply shocks. I show that the decrease in lending to borrowers of the same lender varies

based on borrower collateral and its “match” to the lender’s specialization by collateral.

These findings also suggest that not all relationships are equally valuable to a borrower in

times of a crisis, and credit substitution may be limited by lender collateral specialization.
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Figures

Figure 1: Distribution of Firm-Lender Collateral Match Quality

This figure plots the kernel density for Firm-Lender Collateral Match Quality. Unit of observation
is a firm-lender pair. Firm-Lender Collateral Match Quality captures the level of collateral special-
ization of the lender in the borrower’s collateral. Values are capped at 5th and 95th percentiles.
The solid line includes all potential firm-lender pairs based on the total set of borrowers and lenders
in Texas. The dashed line plots the firm-lender collateral match scores for equilibrium observed
firm-lender matches with at least one loan between the pair in the pre-crisis (2002-07) period.
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Figure 2: Effect of Firm-Lender Collateral Match on Lending

This figure plots new loan originations between 2002 and 2016 to study the effect of borrower-
lender collateral match on access to credit around the 2008 financial crisis. The sample consists
of borrower-lender pairs with a lending relationship between 2002-07. On the Y-axis, log of the
number of loans originated in a given year demeaned by the average pre-crisis (2002-07) log number
of loans is plotted. Borrower-lender pairs are classified into above and below median Firm-Lender
Collateral Match Quality. Firm-Lender Collateral Match Quality captures the level of collateral
specialization of the lender in the borrower’s collateral. It is created by comparing the collateral
pledged by the borrower to collateral portfolio of the lender based on pre-crisis (2002-07) loans.
Higher values of the measure implies the lender has a greater specialziation in the collateral of the
borrower.
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Figure 3: Effect of Firm-Lender Collateral Match on Lending - Within Group

This figure plots new loan originations between 2002 and 2016 to study the effect of borrower-
lender collateral match on access to credit around the 2008 financial crisis. The sample consists of
borrower-lender pairs in Texas with a lending relationship between 2002-07. Firm-Lender Collateral
Match Quality captures the level of collateral specialization of the lender in the borrower’s collateral.

(a) Within Firm

Within each firm, lenders with pre-crisis relationship are classified into above and below median
collateral match quality. The sample is restricted to firms with multiple lending relationships.

(b) Within Lender

Within each lender, firms that borrowed at least once between 2002-07 are categorized into above
and below median collateral match quality.
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Figure 4: Time Varying Effect of Firm-Lender Collateral Match on Lending

This figure examines the time-varying effect of borrower-lender collateral match on access to credit
around the 2008 financial crisis. The sample consists of borrower-lender pairs in Texas with a
lending relationship between 2002-07. Observations are at the firm-lender-year level. Regression
betas from the following specification are plotted:

yflt =αfl + γlt + βt Firm-Lender Collateral Matchfl × 1t + εflt

for firm f , lender l, and year t. The dependent variable is an indicator that takes value of one if the
firm-lender pair is observed to have a loan in a given year, scaled by frequency of loans between the
pair in the pre-crisis period. Firm-Lender Collateral Match Quality captures the level of collateral
specialization of the lender in the borrower’s collateral, and is measured based on pre-crisis (2002-
07) loans between the borrower and lender. Regression includes firm-lender (αfl) and lender-year
(γlt) fixed effects. 1t takes value 1 in year t and is zero otherwise. Standard errors are clustered
at the lender level. Point coefficients and 95% confidence intervals are plotted. Coefficients can be
found in column 4 of Table IA1.
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Figure 5: Distribution of Firm-Lender Collateral Match Quality - Post-Crisis Matches

This figure plots the kernel density for Firm-Lender Collateral Match Quality. Firm-Lender Col-
lateral Match Quality captures the level of collateral specialization of the lender in the borrower’s
collateral, based on pre-crisis (2002-07) loans. Values are capped at 5th and 95th percentiles. The
solid line includes all potential firm-lender pairs in Texas based on the total set of borrowers and
lenders in the sample. The dashed line plots the distribution of scores for firm-lender pairs with a
match in the post-crisis (2008-16) period.
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Figure 6: Low Bank Capitalization Does Not Explain Lending Change

This figure examines the interaction between lender specialization and bank capitalization on access
to credit around the 2008 financial crisis. The sample consists of borrower-lender pairs in Texas with
a lending relationship between 2002-07. Sample is restricted to loans made by banks (commercial
bank, nonbank-subsidiary of bank holding company, or a credit union). Regression betas from the
following specification are plotted:

yflt =αfl + δt + β1t Firm-Lender Collateral Matchfl × 1t+

β2t Firm-Lender Collateral Matchfl × 1t × Low Capitall + εfci

for firm f , lender l and year t. The dependent variable is an indicator that takes value of one if the
firm-lender pair is observed to have a loan in a given year, scaled by frequency of loans between the
pair in the pre-crisis period. Firm-Lender Collateral Match Quality captures the level of collateral
specialization of the lender in the borrower’s collateral, and is measured based on pre-crisis (2002-
07) loans between the borrower and lender. Low Capital takes a value of 1 for banks with below
median Tier-1 Capital Ratio in 2006. Regression includes firm-lender (αfl) and time (δt) fixed
effects. 1t takes value 1 in year t and is zero otherwise. Standard errors are clustered at the lender
level. Point coefficients and 95% confidence intervals are plotted below. Coefficients can be found
in Column 2 of Internet Appendix Table IA4.
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Figure 7: Firm Collateral Match on Firm-Level Outcomes

This figure plots examines the effect of borrower-lender collateral match on firm outcomes around
the 2008 financial crisis. Sample includes firms in Texas with at least one loan in the pre-crisis (2002-
07) period. Firm Collateral Match is the weighted average of firm-lender collateral match quality.
Firm collateral match captures the average level of collateral specialization of relationship lenders
of the borrower. Higher values indicate the firm borrows from lenders with greater specialization
in the borrower’s collateral.

(a) Lending

Log of the number of loans originated in a given year demeaned by the average pre-crisis (2002-07)
log number of loans is plotted.

(b) Firm Employment

Average of scaled firm-level employment is plotted. Scaled Employment is annual firm employment
scaled by pre-crisis (2002-07) level of firm employment.
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Figure 8: Aggregate Trends

This figure examines the time-varying effect of lender collateral specialization on credit access
around the 2008 financial crisis. Firm-lender collateral match quality captures the level of collateral
specialization of the lender in borrower’s collateral and is calculated based on all loans in the sample
between 2002 and 2016.

(a) Average Firm-Lender Collateral Match Quality

This figure plots the average level of Firm-Lender Collateral Match Quality over time for firm-
lender pairs with a loan in the given year.

(b) Dynamic Difference-in-Difference

This figure plots the coefficients from the following regression:

yflt = αfl + δt + βtFirm-Lender Collateral Matchfl + εflt

Dependent variable takes value of one if the firm f gets a loan from lender l in year t and zero
otherwise. The sample includes all firm-lender pairs with at least one loan between 2002-16. 2006
is the omitted year. Standard errors are clustered at the lender level. Point coefficients and 95%
confidence intervals are plotted below.
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Tables

Table 1: Summary Statistics

Panel A - Firm-Lender Level Variables

This table shows summary statistics for variables at the firm-lender level. Sample includes firm-
lender pairs with at least one loan in the pre-crisis (2002-07) period. Multi-relationship firms
include firms with more than one lending relationship in the pre-crisis (2002-07) period. The unit
of observation is a firm-lender pair. Repeat loan takes a value of one if the firm gets a loan between
2008-16 from the same lender and zero otherwise. Industry shares at the 2,4,6 digit are calculated
as the pre-crisis (2002-07) share of the industry in the lender’s portfolio. Lender share is the share of
lending from the lender in the borrower’s portolfio. Avg. number of past loans is the average annual
number of loans between the borrower and lender in the pre-crisis period. Time from last loan is
the number of years since the last loan between the borrower-lender pair and 2007. Bank takes
a value of one if the lender is a commercial bank, nonbank subsidiary of bank holding company,
or a credit union and zero otherwise. Top 4 takes a value of one if the lender is one of the large
four commercial banks - JPMorgan Chase, Wells Fargo, Bank of America, or Citibank and zero
otherwise. Captive takes a value of one if the lender is a captive finance company, i.e., financing
arm of a manufacturing company and zero otherwise. Industry performance at 3,4,6-digit NAICS
level is measured as the weighted average change in employment at firms in the industry over a
three year window around the financial crisis (average 2008-10 level change from 2005-07 level).
Scaled Loan takes a value of one if a loan is observed for the firm-lender pair in a given year or
zero otherwise, scaled by the frequency of pre-crisis loans between the borrower-lender pair.

Mean SD N

All firms

Repeat Loan 0.198 0.398 38500

Multi-relationship firms

Repeat Loan 0.207 0.406 23000
2-digit Industry Share 0.245 0.266 23000
4-digit Industry Share 0.094 0.172 23000
6-digit Industry Share 0.077 0.159 23000
Lender Share 0.339 0.201 23000
Avg. Number of past loans 0.376 0.425 23000
Time from last loan 1.531 1.457 23000
Bank 0.440 0.496 23000
Top4 0.121 0.326 23000
Captive 0.174 0.379 23000
3-digit NAICS performance -0.299 0.103 23000
4-digit NAICS performance -0.307 0.134 23000
6-digit NAICS performance -0.315 0.174 23000
Scaled Loan (Firm-Lender-Year Level) 0.584 1.647 514000
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Table 1: Summary Statistics - Contd.

Panel B - Collateral Measures

This table shows summary statistics for measures of collateral specialization at the firm-lender
level. Sample includes firms with at least one loan in the pre-crisis (2002-07) period. Firm-Lender
Collateral Match Quality captures the level of lender specialization in borrower collateral. It is
measured based on a comparison of the firm’s collateral to the lending portfolio of the lender based
on pre-crisis loans (2002-07). Firm Collateral Match is the firm-level weighted average of firm-
lender collateral match quality. Firm Similarity captures the specialization of the average lender
in the economy with respect to the borrower’s collateral . It is measured based on comparison of
the firm’s collateral in the pre-crisis period to the (weighted) average lender. Pseudo-percentiles
are the average of observations in a ±1 percentile window around the level of interest.

Firm-Lender Firm Firm
Collateral Match Quality Collateral Match Similarity

Mean 0.383 0.382 0.218
Standard Deviation 0.309 0.285 0.153
Pseudo 10th pct (mean of 9 - 11) 0.016 0.030 0.035
Pseudo 25th pct (mean of 24 - 26) 0.094 0.137 0.087
Pseudo 75th pct (mean of 74 - 76) 0.605 0.573 0.318
Pseudo 90th pct (mean of 89 - 91) 0.862 0.808 0.432

Panel C - Firm-Level Variables

This table shows summary statistics for variables at the firm-level. Sample includes firms with at
least one loan in the pre-crisis (2002-07) period. Repeat loan takes a value of one if firm gets a
repeat loan from any of its relationship lenders in the post-crisis period and zero otherwise. New
Loan takes a value of one if firm gets any loan in the post-crisis period, irrespective of whether
the firm and lender had a pre-crisis relationship and zero otherwise. New Lender takes a value of
one if the firm gets at least one loan from a lender it did not borrow from in the pre-crisis period
and zero otherwise. Firm Age is the log of the number of years the firm has been in operation
as of 2007. Firm Size is the log of employment at the firm in 2007. Average employment change
is symmetric growth rate of firm employment between the pre-crisis and post-crisis periods and is
bounded between [-2,2]. Scaled Employment is annual firm employment scaled by pre-crisis level
of firm employment.

Mean SD N

Repeat Loan 0.308 0.462 23500
New Loan - Total 0.616 0.486 23500
New Lender 0.524 0.499 23500
Firm Age (2007) 12.73 9.901 23500
Firm Size (2007) 2.648 1.513 23500
Average Employment Change (2002-07 to 2008-16) 0.066 0.650 23500
Average Scaled Employment (Firm-Year Level) 1.098 0.832 303000

51



T
ab

le
2:

L
en

d
er

C
ol

la
te

ra
l

S
p

ec
ia

li
za

ti
on

an
d

L
en

d
in

g

T
h

is
ta

b
le

st
u

d
ie

s
th

e
eff

ec
t

of
b

o
rr

ow
er

-l
en

d
er

co
ll

at
er

al
m

at
ch

on
ac

ce
ss

to
cr

ed
it

in
th

e
af

te
rm

at
h

of
th

e
20

08
fi
n

an
ci

al
cr

is
is

.
T

h
e

sa
m

p
le

co
n

si
st

s
o
f

b
o
rr

ow
er

-l
en

d
er

p
a
ir

s
in

T
ex

as
w

it
h

a
le

n
d

in
g

re
la

ti
on

sh
ip

b
et

w
ee

n
20

02
-0

7.
T

h
e

u
n

it
of

ob
se

rv
at

io
n

is
a

fi
rm

-l
en

d
er

p
ai

r.
R

eg
re

ss
io

n
sp

ec
ifi

ca
ti

o
n

is
a
s

fo
ll

ow
s:

R
ep

ea
t

L
oa

n
f
l

=
α
f

+
γ
l
+
β

F
ir

m
-L

en
d

er
C

ol
la

te
ra

l
M

at
ch

Q
u

al
it

y
f
l
+
ε f

l

fo
r

fi
rm

f
a
n

d
le

n
d

er
l.

T
h

e
d

ep
en

d
en

t
va

ri
ab

le
ta

k
es

a
va

lu
e

of
on

e
if

th
e

fi
rm

ge
ts

a
n

ew
lo

an
b

et
w

ee
n

20
08

an
d

20
16

fr
om

th
e

sa
m

e
le

n
d

er
an

d
ze

ro
ot

h
er

w
is

e.
F

ir
m

-L
en

d
er

C
ol

la
te

ra
l

M
at

ch
Q

u
al

it
y

ca
p

tu
re

s
th

e
le

ve
l

of
co

ll
at

er
al

sp
ec

ia
li

za
ti

on
of

th
e

le
n

d
er

in
th

e
b

o
rr

ow
er

’s
co

ll
a
te

ra
l.

It
is

cr
ea

te
d

b
y

co
m

p
a
ri

n
g

th
e

co
ll

at
er

al
p

le
d

ge
d

b
y

th
e

b
or

ro
w

er
to

th
e

co
ll

at
er

al
p

or
tf

ol
io

of
th

e
le

n
d

er
b

as
ed

on
p

re
-c

ri
si

s
(2

00
2-

07
)

lo
an

s.
H

ig
h

er
va

lu
es

o
f

th
e

m
ea

su
re

im
p

li
es

th
e

le
n

d
er

h
as

a
gr

ea
te

r
sp

ec
ia

lz
ia

ti
on

in
th

e
co

ll
at

er
al

of
th

e
b

or
ro

w
er

.
R

eg
re

ss
io

n
in

cl
u

d
es

fi
rm

an
d

le
n

d
er

fi
x
ed

eff
ec

ts
.

T
h

e
fi

rm
co

n
tr

ol
s

ar
e

fi
rm

si
ze

m
ea

su
re

d
b
y

em
p

lo
y
m

en
t,

an
d

fi
rm

ag
e

in
20

07
.

S
ta

n
d

ar
d

er
ro

rs
ar

e
cl

u
st

er
ed

at
le

n
d

er
le

ve
l.

C
ol

u
m

n
s

1-
4

in
cl

u
d

e
th

e
fu

ll
sa

m
p

le
of

fi
rm

s.
C

ol
u

m
n

s
5-

7
ar

e
re

st
ri

ct
ed

to
fi

rm
s

w
it

h
m

u
lt

ip
le

le
n

d
in

g
re

la
ti

on
sh

ip
s.

A
ll

F
ir

m
s

M
u
lt

i-
R

el
at

io
n
sh

ip
F

ir
m

s

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

L
oa

n
L

oa
n

L
oa

n
L

oa
n

L
oa

n
L

oa
n

L
oa

n

F
ir

m
-L

en
d
er

C
ol

la
te

ra
l

0.
06

6*
0.

07
8*

*
0.

08
3*

*
0.

08
2*

**
0.

10
9*

**
0.

10
6*

**
0.

12
0*

**
M

at
ch

Q
u
al

it
y

(0
.0

34
)

(0
.0

31
)

(0
.0

32
)

(0
.0

29
)

(0
.0

21
)

(0
.0

40
)

(0
.0

22
)

O
b
se

rv
at

io
n
s

38
50

0
38

50
0

38
50

0
38

50
0

23
00

0
23

00
0

23
00

0
C

ou
n
ty

x
In

d
u
st

ry
F

E
N

Y
N

Y
Y

N
N

L
en

d
er

F
E

N
N

Y
Y

Y
N

Y
F

ir
m

C
on

tr
ol

s
N

N
N

Y
Y

N
N

F
ir

m
F

E
N

N
N

N
N

Y
Y

R
2

0.
00

3
0.

07
7

0.
15

8
0.

21
5

0.
26

5
0.

38
8

0.
52

8

52



Table 3: Collateral vs. Industry Specialization

This table examines the impact of lender collateral specialization on credit access in the aftermath
of the 2008 financial crisis, after controlling for the lender’s industry specialization. The sample
consists of borrower-lender pairs in Texas with a lending relationship between 2002-07. The unit
of observation is a firm-lender pair. The dependent variable takes a value of one if the firm gets a
new loan between 2008 and 2016 from the same lender and zero otherwise. Firm-Lender Collateral
Match Quality captures the level of collateral specialization of the lender in the borrower’s collateral.
Industry shares at the 2,4,6 digit are calculated as the pre-crisis (2002-07) share of the industry in
the lender’s portfolio. Standard errors are clustered at lender level.

Panel A - Inclusion of Lender-Industry fixed effects

(1) (2) (3)
Loan Loan Loan

Firm-Lender Collateral Match Quality 0.120*** 0.132*** 0.134***
(0.022) (0.026) (0.027)

Observations 23000 23000 23000
Firm FE Y Y Y
Lender FE Y N N
Lender x 2-digit NAICS FE N Y N
Lender x 3-digit NAICS FE N N Y
R2 0.528 0.643 0.703

Panel B - Inclusion of Lender-Industry Shares

(1) (2) (3)
Loan Loan Loan

Firm-Lender Collateral Match Quality 0.115*** 0.114*** 0.114***
(0.022) (0.022) (0.022)

2-digit Industry Share 0.118***
(0.029)

4-digit Industry Share 0.217***
(0.047)

6-digit Industry Share 0.233***
(0.045)

Observations 23000 23000 23000
Firm FE Y Y Y
Lender FE Y Y Y
R2 0.529 0.529 0.529
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Table 4: Collateral Specialization vs. Soft Information

This table examines the impact of lender collateral specialization on credit access in the aftermath
of the 2008 financial crisis, after controlling for potential soft information. The sample consists of
borrower-lender pairs in Texas with a lending relationship between 2002-07. The unit of observation
is a firm-lender pair. The dependent variable takes a value of one if the firm gets a new loan between
2008 and 2016 from the same lender and zero otherwise. Firm-Lender Collateral Match Quality
captures the level of collateral specialization of the lender in the borrower’s collateral. Controls
include the average annual number of pre-crisis loans between the borrower and lender, the lender’s
share in total lending to the borrower in the pre-crisis period, the number of years between 2007 and
the last pre-crisis (2002-07) loan between the borrower and lender. Standard errors are clustered
at lender level.

(1) (2) (3) (4) (5)
Loan Loan Loan Loan Loan

Firm-Lender Collateral 0.120*** 0.074*** 0.068*** 0.100*** 0.068***
Match Quality (0.022) (0.018) (0.018) (0.020) (0.017)

Lender Share 0.405*** 0.323***
(0.028) (0.027)

Avg. Number of past loans 0.186***
(0.011)

Time From Last Loan -0.052*** -0.041***
(0.004) (0.004)

Observations 23000 23000 23000 23000 23000
Firm FE Y Y Y Y Y
Lender FE Y Y Y Y Y
R2 0.528 0.542 0.544 0.541 0.549
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Table 5: Heterogeneous Treatment Effect

This table examines variation across lender types in the impact of collateral specialization on credit
access in the aftermath of the 2008 financial crisis. The sample consists of borrower-lender pairs in
Texas with a lending relationship between 2002-07. The unit of observation is a firm-lender pair.
The dependent variable takes a value of one if the firm gets a new loan between 2008 and 2016 from
the same lender and zero otherwise. Firm-Lender Collateral Match Quality captures the level of
collateral specialization of the lender in the borrower’s collateral. Bank is an indicator that takes
a value of one if the lender is a commercial bank, nonbank-subsidiary of bank holding company, or
a credit union. Top4 is an indicator that takes a value of one for the 4 largest commercial banks
by size - JP Morgan Chase, Bank of America, Wells Fargo, or Citibank including acquisitions.
Captive Finance is an indicator that takes a value of one if the parent company of the lender is a
manufacturing company. Standard errors are clustered at lender level.

(1) (2) (3)
Loan Loan Loan

Firm-Lender Collateral Match 0.129*** 0.125*** 0.091***
(0.030) (0.024) (0.020)

Firm-Lender Collateral Match × Bank -0.022
(0.039)

Firm-Lender Collateral Match × Captive Finance 0.205***
(0.046)

Firm-Lender Collateral Match × Top4 -0.039
(0.051)

Observations 23000 23000 23000
Firm FE Y Y Y
Lender FE Y Y Y
R2 0.528 0.528 0.529
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Table 6: Aggregate Effects - Counter-factual Exercise

This table presents the aggregate effect on lending under counterfactual firm-lender matching ex-
ercises. Sample is restricted to firm-lender pairs with a loan between 2002-07.
Counter-factual excercise calculates change in lending on adjusting firm-lender collateral match
quality from current level to counter-factual levels keeping all else about the firm-lender pair the
same. Results presented as percentage increase in lending over current level of lending.
For each firm-lender pair, I take as given the collateral plegded between the pair. Given the collat-
eral, I estimate hypothetical collateral match scores to all lenders in the sample. The highest score
is assigned as the value for Best Available Match for Collateral.
Next, I consider improvement in lending under hypothetical scenario where specialized lenders exist
for all borrowers. I take the 90th percentile, the 95th percentile, and highest firm-lender collateral
match score from the full distribution of match scores. Lending to the borrower is estimated under
the hypothetical scenario where a specialzied lender for the borrower’s collateral exists.

Best Available Match for Collateral 14.76%
90th percentile of Firm-Lender Collateral Match 21.76%
95th percentile of Firm-Lender Collateral Match 31.34%
Maximum of Firm-Lender Collateral Match 42.67%
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Table 7: Firm-Level Results on Lending

This table examines the effect of collateral match on lending at the firm level. Sample is restricted
to firms with a loan between 2002-07. Firm Collateral Match is created as a weighted average of
firm-lender collateral match values. Firm-lender collateral match captures the level of collateral
specialization of each of the borrower’s pre-crisis (2002-07) relationship lenders. Firm Similarity
captures the specialization of the average lender in the economy with respect to the borrower’s
collateral. Firm controls are firm size measured by employment, and firm age in 2007. Standard
errors are clustered at the firm level.

Panel A - Relationship Lending

Dependent variable takes a value of one if the firm gets a new loan from any of its relationship
lenders after 2008 and zero otherwise. Columns 1-3 include all firms in the sample. Columns 4-6
include firms with multiple lending realtionships pre-crisis (2002-07).

All Firms Multi-Relationship Firms

(1) (2) (3) (4) (5) (6)
Loan Loan Loan Loan Loan Loan

Firm Collateral Match 0.062*** 0.072*** 0.055*** 0.125*** 0.155*** 0.112***
(0.010) (0.010) (0.010) (0.027) (0.031) (0.031)

Observations 23500 23500 23500 7700 7700 7700
County x Industry FE N Y Y N Y Y
Firm Controls N N Y N N Y
R2 0.001 0.119 0.147 0.003 0.212 0.229

Panel B - New Lender

Dependent variable takes a value of one if the firm gets a loan after 2008 from a lender with no
previous relationship and zero otherwise.

New Lender

(1) (2) (3) (4) (5) (6)

Firm Similarity 0.285*** 0.295*** 0.225*** 0.311*** 0.326*** 0.263***
(0.021) (0.022) (0.022) (0.022) (0.023) (0.023)

Firm Collateral Match -0.047*** -0.054*** -0.067***
(0.012) (0.013) (0.012)

Observations 23500 23500 23500 23500 23500 23500
County x Industry FE N Y Y N Y Y
Firm Controls N N Y N N Y
R2 0.008 0.105 0.151 0.008 0.106 0.152
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Table 8: Firm-Level Results on Employment

This table examines the effect of collateral match on employment at the firm level. Sample is
restricted to firms with a loan between 2002-07. Average employment change is symmetric growth
rate of firm employment between the pre-crisis and post-crisis periods and is bounded between [-
2,2]. Firm Collateral Match is created as a weighted average of firm-lender collateral match values.
Firm-lender collateral match captures the level of collateral specialization of each of the borrower’s
pre-crisis (2002-07) relationship lenders. Repeat Loan takes value if firm gets a loan between 2008
and 2016 from a lender with a pre-crisis relationship. Firm controls are firm size measured by
employment, and firm age in 2007. Standard errors are clustered at the firm level.

Panel A - OLS

∆(Employment)fci =α+ β1Repeat Loanf + β3Xf + γci + εfci

(1) (2) (3)
∆(Emp) ∆(Emp) ∆(Emp)

Repeat Loan 0.183*** 0.188*** 0.193***
(0.009) (0.010) (0.009)

Observations 23500 23500 23500
County x Industry FE N Y Y
Firm Controls N N Y
Weighted N N N
R2 0.017 0.101 0.169

Panel B - IV

Repeat Loanf = α+ γFirm-Collateral Matchf +Xf + δci + εfci

∆(Employment)fci = α+ β ˆRepeat Loanf +Xf + δci + εfci

(1) (2) (3)
∆(Emp) ∆(Emp) ∆(Emp)

Repeat Loan 0.217*** 0.245*** 0.258**
(0.078) (0.097) (0.108)

Observations 23500 23500 23500
County x Industry FE N Y Y
Firm Controls N N Y
First Stage F-stat 332.8 221.8 171.8
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Appendix A1 Variable Definitions

Table A1: Variable Definitions

Variable Name Description

Firm-Lender
Collateral Match Quality

Captures the level of collateral specialization of a lender
in the borrower’s collateral. Measured by the Cosine
Similarity between collateral pledged by the firm to its
relationship lender and collateral of the average bor-
rower of the relationship lender. Similarity based on
real assets pledged between 2002-07.

Firm Collateral Match Captures the average level of collateral specialization of
relationship lenders of the borrower. Firm-level average
created by averaging firm-lender collateral match of re-
lationship lenders; weighted by share of lending to the
borrower by each lender.∑

l Firm-Lender Collateral Match Qualityfl × wfl

Firm Similarity Captures the specialization of the average lender in the
economy with respect to the borrower’s collateral. Mea-
sured as the Cosine Similarity between collateral pledged
by the firm and the average borrower in the economy;
based on real assets pledged between 2002 and 2007

Repeat Loan Variable that takes value 1 if firm receives a loan in
the post-crisis period (2008-16) from a lender with a
relationship in the pre-crisis (2002-07) period

New Loan Variable that takes value 1 if firm receives a loan in the
post-crisis period (2008-16)

New Lender Variable that takes value 1 if firm receives a loan in the
post-crisis period (2008-16) from a lender with no pre-
crisis relationship

Fraction Average annual number of loans in the post-crisis period
(2008-16) scaled by the average annual number of loans
in the pre-crisis period (2002-07)
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Table A1: Variable Definitions

Variable Name Description

∆(Emp) Average employment change is the symmetric growth
rate of firm employment between the pre-crisis(2002-07)
and post-crisis (2008-16) periods calculated as,

∆(Emp)f =
Avg. Empf,2008−16 − Avg. Empf,2002−07

0.5× (Avg. Empf,2008−16 + Avg. Empf,2002−07)

Scaled Employment Firm employment scaled by the average annual firm em-
ployment in the pre-crisis period (2002-07)

Firm County For single-establishment firms - county of operation; for
multi-establishment firms - county with highest employ-
ment share of the firm

Firm Industry For single-establishment firms - industry of operation;
for multi-establishment firms - industry with highest em-
ployment share of the firm; 2-digit NAICS in baseline
specification

Firm Size Log(Employment+1) based on 2007 employment of the
firm

Firm Age Log(Firm-Age+1) based on 2007 age of the firm
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Appendix A2 Additional Figures

Figure A1: Sample UCC Filing
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Figure A2: Time Varying Effect of Firm Collateral Match on Lending

This figure examines the time-varying effect of collateral match on access to credit around the 2008
financial crisis. The sample consists of borrowers in Texas with a lending relationship between
2002-07. Observations are at the firm-year level. Regression betas from the following specification
are plotted:

yft =αf + γt + βt Firm Collateral Matchf × 1t + εft

for firm f , and year t. The dependent variable is an indicator that takes value of one if the firm is
observed to have a loan in a given year, scaled by frequency of loans to the firm in the pre-crisis
period. Firm Collateral Match is created as a weighted average of firm-lender collateral match
values. Firm-lender collateral match captures the level of collateral specialization of each of the
borrower’s pre-crisis (2002-07) relationship lenders. Regression includes firm (αf ) and year (γt)
fixed effects. 1t takes value 1 in year t and is zero otherwise. Standard errors are clustered at the
firm level. Point coefficients and 95% confidence intervals are plotted. Coefficients can be found in
column 2 of Table IA2 and Table IA3.
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Figure A3: Regression Betas

Coefficients from the following regression specification are plotted -

Scaled Employmentft = α+ Firm Similarityf × 1t + δt + εft

for firm f , in year t where Scaled Employment is annual firm employment scaled by average pre-
crisis level of employment at the firm. Firm Similarity is a measure of collateral match between the
borrower and (weighted) average of all lenders in the sample based on pre-crisis (2002-07) collateral
plegded by firms. 1t takes value 1 in year t and is zero otherwise. Regression includes time fixed
effects (δt). Regression is weighted by the firm employment in 2007.
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Figure A4: Lender Specialization

This figure plots average share of top 6 types of collateral in the lender’s portfolio over time. For
each lender, collateral types are ranked based on their share in the lender’s portfolio between 2002
and 2007. Collateral shares by rank are averaged across lenders in each year.

(a) Rank 1 (b) Rank 2

(c) Rank 3 (d) Rank 4

(e) Rank 5 (f) Rank 6
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Appendix A3 Additional Tables

Table A2: Comparison of LBD to Matched Sample

This table compares the firms in the Longitudinal Business Database with an establishment at
some point in Texas to the set of matched UCC-LBD firms. Multi-establishment is a value that
takes one if the firm has more than a signle establishment.

All firms Matched Firms

Firm Employment (2007) 25.03 70.56
Mean Payroll 1061 3421
Multi-Establishment Firms 0.0524 0.08449
Firm Age (2007) 10.66 13.6

No. of Firms 1044000 93000

Table A3: Distribution of Firm Employment

This table provides the distribution of firm employment for the set of UCC firms matched to the
LBD

Percentile Value

Pseudo 10th pct (mean of 9 - 11) 2.157
Pseudo 25th pct (mean of 24 - 26) 5.107
Pseudo 75th pct (mean of 74 - 76) 33.9
Pseudo 90th pct (mean of 89 - 91) 92.01

No. of Firms 23500

Table A4: Comparison of Firm Characteristics by Match Quality

This table provides summary statistics and comparison across groups for firms with above median
and below median firm collateral match.

Mean

Below Median Above Median Difference Std. Error

Firm Age 12.47 12.98 -0.5036 0.129
Firm Size 2.552 2.744 -0.1923 0.0197
Multi-Establishment Firm 0.0798 0.1015 -0.0218 0.0037
Multi-Relationship Firm 0.2975 0.3583 -0.0609 0.0061
Avg annual number loans (2002-07) 0.6003 0.8005 -0.2003 0.0142
Avg annual number loans (2008-16) 0.1153 0.2066 -0.0913 0.0072
Exit Rate 0.3692 0.353 0.0162 0.0063
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Table A5: Largest Lenders in the Sample

This table includes the 40 largest lenders in Texas including the number of loans originated by the
lender between 2002 and 2016.

Lender Name No. of Loans

Wells Fargo 38736
John Deere 38602
JPMorgan Chase 33233
Caterpillar 24181
US Bancorp 18840
GE Capital 15089
Dell Financial Services 11876
Citibank 11254
Bank Of America 9667
The Frost National Bank 9664
Toyota Motor Credit Corp 8608
CNH Capital America 8156
Compass Bank 7816
TCF National Bank 7766
Kubota 7512
Plainscapital Bank 6960
De Lage Landen 6419
Texas Capital Bank 6200
Holt Cat 5971
Bank Of The West 5827
Automotive Finance Corporation 5809
Prosperity Bank 5779
Amegy Bank 5574
Frost Bank 5505
Komatsu Financial Limited Partnership 5168
First National Bank 5008
ISI Commercial Refrigeration 4770
First Financial Bank 4535
CIT Finance 4368
First State Bank 4325
Sterling Bank 3982
Regions Bank 3886
Bank Of Texas 3642
Texas State Bank 3516
RDO Equipment Co 3346
Nextgear Capital Inc 3286
The American National Bank Of Texas 3191
HPSC Inc 3182
Austin Bank Texas 3099
City Bank 3055
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Table A6: Interaction with Balance Sheet Variables

This table studies the effect of lender health and borrower-lender collateral match on access to
credit in the aftermath of the 2008 financial crisis. The sample consists of borrower-lender pairs
in Texas with a lending relationship between 2002-07. The dependent variable is an indicator that
takes value of one if the firm-lender pair is observed to have a loan in a given year, scaled by
frequency of loans between the pair in the pre-crisis period. Firm-Lender Collateral Match Quality
captures the level of collateral specialization of the lender in the borrower’s collateral. Loan Loss
Provision is the amount expensed as provisions for credit losses in the previous year scaled by bank
assets. Loan Loss Rate is the previous year allowance for loan and lease losses scaled by the bank
assets. Loan Chargeoff Rate is the ratio of charge-offs on commercial and industrial loans (C&I)
by the volume of C&I lending in the pervious year. Post is an indicator that takes a value of one
for years after 2007. Sample is restricted to banks. Standard errors clustered at lender level.

(1) (2) (3) (4)
Scaled Loan Scaled Loan Scaled Loan Scaled Loan

Firm-Lender Collateral Match 0.341*** 0.275*** 0.337*** 0.227***
x Post (0.088) (0.038) (0.043) (0.033)

Firm-Lender Collateral Match -1.699***
x Tier-1 Risk Based Capitalt−1 (0.658)

Firm-Lender Collateral Match -0.596
x Tier-1 Risk Based Capitalt−1 x Post (0.503)

Firm-Lender Collateral Match -1.158***
x Loan Loss Provisiont−1 (0.330)

Firm-Lender Collateral Match 1.161***
x Loan Loss Provisiont−1 x Post (0.329)

Firm-Lender Collateral Match -2.200***
x Loan Loss Ratet−1 (0.527)

Firm-Lender Collateral Match 2.191***
x Loan Loss Ratet−1 x Post (0.525)

Firm-Lender Collateral Match -0.142***
x Loan Chargeoff Ratet−1 (0.028)

Firm-Lender Collateral Match 0.051**
x Loan Chargeoff Ratet−1 x Post (0.022)

Observations 249000 249000 249000 249000
Lender x Year FE Y Y Y Y
Firm x Lender FE Y Y Y Y
R2 0.239 0.239 0.239 0.239
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Table A7: Firm-Level Results on Employment

This table examines the effect of collateral match on employment at the firm level. Sample is
restricted to firms with a loan between 2002-07. Average employment change is symmetric growth
rate of firm employment between the pre-crisis and post-crisis periods and is bounded between [-2,2].
New Loan takes value if firm gets a loan between 2008 and 2016 from any lender. Firm Collateral
Match is created as a weighted average of firm-lender collateral match values. Firm-lender collateral
match captures the level of collateral specialization of each of the borrower’s pre-crisis (2002-07)
relationship lenders. Firm Similarity is a measure of collateral match between the borrower and
(weighted) average of all lenders in the sample based on pre-crisis (2002-07) collateral plegded by
firms. Firm controls are firm size measured by employment, and firm age in 2007. Standard errors
are clustered at firm level.

Panel A - OLS

∆(Employment)fci =α+ β1New Loanf + β3Xf + γci + εfci

(1) (2) (3) (4)
∆(Emp) ∆(Emp) ∆(Emp) ∆(Emp)

New Loan 0.240*** 0.243*** 0.256*** 0.272***
(0.009) (0.009) (0.009) (0.038)

Observations 23500 23500 23500 23500

County x Industry FE N Y Y Y
Firm Controls N N Y Y
Weighted N N N Y
R2 0.032 0.115 0.184 0.358

Panel B - IV

New Loanf = α+ β1Firm-Similarityf + β1Firm-Collateral Matchf +Xf + δci + εfci

∆(Employment)fci = α+ β ˆNew Loanf +Xf + δci + εfci

(1) (2) (3) (4)
∆(Emp) ∆(Emp) ∆(Emp) ∆(Emp)

New Loan 0.319*** 0.338*** 0.193** 0.934***
(0.072) (0.079) (0.093) (0.267)

Observations 23500 23500 23500 23500

County x Industry FE N Y Y Y
Firm Controls N N Y Y
Weighted N N N Y
First Stage F-stat 181.2 152.8 106.8 13.95
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