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Abstract

This paper documents an industry expertise channel that reduces the information asymmetry

between banks and mortgage borrowers. This channel is a result of information spillover

from a bank’s specialization in corporate lending to its mortgage lending. We find that

banks allocate more mortgage credits to counties with shared industry specialization, es-

pecially when the information asymmetry or borrower risk is high. Further tests show

that mortgages originated through the channel contain more soft information and have bet-

ter performance. The findings suggest that information from the channel improves banks’

screening and monitoring efficiency in the mortgage market.
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1 Introduction

The 2008 great crisis caused significant losses to both the U.S. and the rest of the world. Nu-

merous studies have shown that banks’ loosing screening and over securitization of mortgage

are key triggers of the crisis (e.g., Keys et al. (2010), Mian and Sufi (2009)). Meanwhile, there

was also widespread mortgage fraud (e.g., Garmaise (2015), Griffin and Maturana (2016), Mian

and Sufi (2017)). However, as of today, some important questions are still understudied and

remain to be answered. For example, are the loosing screening and mortgage fraud because of

banks’ risk taking or banks’ lack of credible information of borrowers? In addition to the hard

information from household credit reports and tax records, what other information do banks

use in mortgage lending? Do banks rely on any channels beyond physical branches to acquire

soft information of mortgage borrowers? Answering these questions not only can deepen our

understanding of banks’ mortgage lending decisions but also can inform regulators to better

monitor banks’ risk taking.

Our paper aims to contribute to answer these questions. Specifically, in this paper, we argue

and show a new channel that reduces the information asymmetry between banks and borrow-

ers in the mortgage market, which we call the industry expertise channel. This channel relies on

the industry expertise a bank gains in the corporate loan market through lending specializa-

tion. As such, this channel is a consequence of information spillover from the corporate loan

market to the mortgage market. Our empirical results show that the industry expertise channel

does exist and has important influences in banks’ allocation of mortgage credits across coun-

ties. In particular, we find that banks lend more mortgages to counties that are connected to

them through the industry expertise channel.

Our propose of the industry expertise channel is motivated by existing studies showing

that banks often concentrate their lending in certain industries (e.g., Giometti and Pietrosanti

(2020), Blickle, Parlatore, and Saunders (2021)). This lending specialization enables banks to

develop relevant industry expertise, which allows them to collect and process information
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of the industry more efficiently. Therefore, the industry expertise increases banks’ screening

and monitoring abilities in the corporate loan market (e.g., Carey, Post, and Sharpe (1998),

Acharya, Hasan, and Saunders (2006), Loutskina and Strahan (2011), Di and Pattison (2020)).

For example, Berger, Minnis, and Sutherland (2017) find that banks are less likely to collect au-

dited financial statements from firms in industries and regions where they have more exposure.

Giometti and Pietrosanti (2020) show that a typical loan contract between a bank specialized in

an industry and a firm in the same industry has less restrictive covenants and lower spreads.

Building on the literature, we argue that the industry expertise enables a bank to better pre-

dict a county’s household income growth if the bank’s specialized industry is a major sector

in the county. This is because a county’s household income is impacted by the county’s eco-

nomic growth to a large extent, which is eventually determined by the development of major

industries in the county. It is worth to emphasize that the expertise enables the bank to predict

income growth of any mortgage borrowers living in the county, not just those working in its

specialized industries. Considering the importance of regular monthly income for U.S. house-

holds to make mortgage payments1, predictions of household income through the industry

expertise channel thus reduce the information asymmetry between banks and mortgage bor-

rowers.2 Therefore, information from the industry expertise channel is vital for banks to screen

eligible borrowers and allocate credits in the mortgage market.

To conduct the empirical analysis, we first construct a measure of industry specialization for

each bank using the DealScan syndicated loan data. We then construct a measure of industry

specialization for each county in the U.S. using the most comprehensive data on employment

at the county-industry level from the Quarterly Census of Employment and Wages (QCEW).

1Statistics from the website of Federal Reserve Bank of St. Louis show that the average saving rate in the U.S.
from 1990 to 2019 was about 6.5%. Moreover, various surveys show that more than half of the U.S. adults do not
even have $500 for emergency use, while data from the Census Bureau shows that the median U.S. household
monthly mortgage payment is about $1,200.

2For example, when an industry recession is about to happen, it’s important for banks to foresee it and un-
derstand its potential impacts on household financial health, as mortgage borrowers working in the industry or
other related industries very likely will experience stagnant or even negative income growth, resulting in higher
probabilities of mortgage defaults.
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Based on the two measures, we construct a dummy indicating there exists at least one industry

that both a bank and a county specialize in. Therefore, a given bank and a given county are

connected through the industry expertise channel if they share same industry specialization.3

We start our empirical investigations by showing positive correlations between sales growth

of the top-three industries in a county and the county’s economic development, measured us-

ing both GDP growth and household income growth. The finding implies that the top-three

industries are key engines of local economic development. Meanwhile, we also find a strong

negative relation between sales growth of the top-three industries in a county and the county’s

mortgage delinquency rate. Combined together, the evidence indicates that banks’ industry

expertise indeed can help them evaluate borrowers’ mortgage affordability.

Next, we investigate the existence of the industry expertise channel and its impacts on

banks’ mortgage lending decisions. Our baseline results show that banks allocate more mort-

gage credits to counties sharing their industry specialization. The results are robust to the

inclusion of loan, borrower, and bank characteristics, and the inclusion of bank and county

by year fixed effects. The economic magnitude is also significant. Relative to non-connected

counties, a bank lends about 2.8% more mortgages to connected counties.

To further address the concern that our results could be driven by demand-side factors, we

use a bank’s mortgage approval rate as the dependent variable. The approval rate reflects a

bank’s lending decisions conditional on received mortgage applications, which helps isolate

any demand-side factors. The results show that, compared to non-connected counties, mort-

gage approval rates are about 40 basis points higher in connected counties. Taken together, the

two findings suggest that the industry expertise channel does exist and allows banks to lend

out more mortgages to connected counties.

The fundamental logic behind the industry expertise channel is that it reduces the informa-

tion asymmetry between banks and mortgage borrowers, leading to increased screening and

monitoring efficiencies. We identify the information mechanism in the channel from the follow-

3For simplicity, we call the county a connected county hereafter.
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ing three angles. First, if the information mechanism holds and information from the channel is

a substitute for information from other sources, we should expect the channel to become more

important when banks face higher information barriers in evaluating mortgage borrowers. We

follow the literature and use both depository branches and social networks as proxies for al-

ternative sources of information available to banks. Our results show that banks rely more on

the channel when they have little branch presence in a county or have few connections with

borrowers through social networks.

Second, banks’ need for information should be larger when local risk is high, as borrowers

are more likely to miss their mortgage payments and default. We use three measures as proxies

for local risk - a county’s economic growth (the sales growth of the top-three industries in a

county), a county’s housing price growth, and the average loan-to-income ratio of all mortgage

applicants in a county. Empirical tests using the three measures support our prediction. A one

standard deviation increase in housing price growth leads to a 74% reduction in the importance

of the channel, which is quite significant. Moreover, for counties with low loan-to-income

ratios, banks do not even rely on the channel for information acquisition.

Third, we directly examine banks’ use of soft information in mortgage lending by inves-

tigating the dispersion in mortgage sizes. The screening model in Cornell and Welch (1996)

shows that lower information frictions lead to larger loan size dispersion, as better information

allows banks to better discriminate between “good” and “bad” borrowers. As such, banks can

grant mortgages with favorable terms to "good" borrowers and mortgages with strict terms to

"bad" borrowers. We find that mortgages originated through the channel have less standard-

ized contractual terms. The standard deviation and interquartile range of mortgage sizes are

0.5% and 1.5% higher for mortgages originated through the industry expertise channel. Taken

together, the three findings provide strong supports to the information mechanism of the in-

dustry expertise channel.

Having established that the industry expertise channel facilitates the transmission of in-

formation from the corporate loan market to the mortgage market, we turn to study how the
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channel works under exogenous shocks to alleviate endogeneity concerns. In particular, we

utilize defaults in banks’ corporate loan portfolios and study their use of the industry expertise

channel in mortgage lending. This bank-specific shock updates a bank’s perception of its own

screening ability and thus make the bank less confident in its industry expertise (e.g., Murfin

(2012), Giometti and Pietrosanti (2020)). We hypothesize that the defaulting shock leads to

banks’ decreased reliance on the industry expertise channel. Consistent with this prediction,

the results show that banks’ reliance on the channel drops by 11.6% after a defaulting shock.

In the last part of this paper, we test the performance implication of the industry expertise

channel. If the channel indeed improves banks’ screening and monitoring efficiencies, we ex-

pect to see better performances of mortgages originated through this channel. Due to the lack

of loan-level performance information in the Home Mortgage Loan Disclosure Act (HMDA)

data, we test the implication at the bank level. Our empirical results show that the more a bank

relies on the channel in mortgage lending, the higher return the bank achieves in real estate

loans. An one unit increase in the rank of a bank’s reliance on the channel leads to about 1%

increase in a bank’s return on residential real estate loans. The finding lends further support to

the information mechanism of the industry expertise channel.

This paper makes several contributions to the literature. First, there is a large literature on

banks’ lending concentration or specialization in certain dimensions, such as borrowers from

certain geographic areas or industries, or borrower using certain types of collateral (e.g., Gopal

(2019), Di and Pattison (2020), Liberti, Sturgess, and Sutherland (2020), Paravisini, Rappoport,

and Schnabl (2020), Blickle, Parlatore, and Saunders (2021)). This lending specialization can im-

prove efficiencies in banks’ information collection and screening and monitoring of borrowers

(e.g., Berger, Minnis, and Sutherland (2017), Giometti and Pietrosanti (2020), De Franco, Ed-

wards, and Liao (2021)). Consequently, lending specialization not only increases bank values

and decreases banks risk, but also has important implications for firm financing (e.g.,Acharya,

Hasan, and Saunders (2006), Giometti and Pietrosanti (2020), Loutskina and Strahan (2011),

Giannetti and Saidi (2019), Beck, De Jonghe, and Mulier (2021)). We follow the literature and
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examine the industry expertise banks accumulate in their corporate loans. Yet, different from

existing studies, we investigate implications of the industry expertise for banks’ mortgage lend-

ing. In this regard, we show that banks exploit the industry expertise in screening and monitor-

ing mortgage borrowers. As such, our paper reveals a positive spillover of banks’ specialization

in corporate lending in their mortgage lending.

Second, this paper contributes to the literature on information asymmetry and credit access.

Prior studies document various information barriers in the market and examine what informa-

tion channels banks rely on to overcome the barriers (e.g., Degryse and Ongena (2005), Agarwal

and Hauswald (2010), Giannetti and Yafeh (2012), Hollander and Verriest (2016), Levine, Lin,

Peng, and Xie (2020), Nguyen (2019)). However, most of the studies focus on the syndicated

loan or the small business loan market. The are limited studies on the mortgage market, though

some of the information channels in the syndicated loan or the small business loan market may

apply to the mortgage market as well. Some recent studies show that banks also acquire infor-

mation of mortgage borrowers through online technologies, social networks and CEOs’ home-

town advantages (e.g., Fuster et al. (2019), Rehbein and Rother (2020), Lim and Nguyen (2020)).

Our paper complements this literature by uncovering a new information channel, the industry

expertise channel, that exclusively applies to the mortgage market. This channel reduces the

information friction in mortgage lending.

Third, this paper contributes to the fast-growing literature on banks’ allocation of mortgage

credits across different areas (e.g., Cortés and Strahan (2017), Chavaz and Rose (2019), Chu and

Zhang (2020), Lim and Nguyen (2020)). Our paper adds new evidence that the proximity of

banks’ and counties’ industry specialization matters for credit allocation.

The remainder of this paper is organized as follows. Section 2 describes data and measures

used in empirical analyses. Section 3 presents the baseline empirical results. Section 4 present

evidence supporting the information mechanism of the channel. Section 5 addresses endogene-

ity concerns. Section 6 presets implications for mortgage performance. Section 7 discusses the

interpretation of our results. Section 8 concludes.

6



2 Data and Measures

2.1 Sample Construction

Our sample starts from the LPC DealScan Loan database, which provides the most compre-

hensive coverage of the U.S syndicated loan market from 1987. The data provides detailed in-

formation on each loan, including the lender, the borrower, loan amount, starting date, ending

date, interest rate, covenants, etc. Loans with missing information on loan amounts, lenders,

borrowers, starting dates, or ending dates are dropped. To merge borrowers with their ac-

counting and industry information in Compustat, we use the link table provided by Chava

and Roberts (2008).4 As most of the loans in Dealscan are syndicated, there can be multiple

lenders associated with a particular loan. In cases of syndicated loans with multiple lenders,

we follow prior work and only consider those serving as lead lenders. We define lead lenders in

each syndicated loan based on the procedure outlined in Chakraborty, Goldstein, and MacKin-

lay (2018).5 Considering that the allocation of loan shares is missing in most loans, we follow

the literature and split the loan amount equally among lead lenders if there are multiple lead

lenders in a loan.6 As lead lenders take most responsibilities for monitoring borrowers, they

are more likely than participants to acquire information about borrowers and accumulate in-

dustry expertise in the lending process. In addition, relative to participants, lead lenders are

4We thank Sudheer Chava and Michael Roberts for making the link table available.
5Specifically, Chakraborty, Goldstein, and MacKinlay (2018) developed the following ranking hierarchy: 1)

lender is denoted as “Admin Agent”, 2) lender is denoted as “Lead bank”, 3) lender is denoted as “Lead arranger”,
4) lender is denoted as “Mandated lead arranger”, 5) lender is denoted as “Mandated arranger”, 6) lender is
denoted as either “Arranger” or “Agent” and has a “yes” for the lead arranger credit, 7) lender is denoted as either
“Arranger” or “Agent” and has a “no” for the lead arranger credit, 8) lender has a “yes” for the lead arranger credit
but has a role other than those previously listed (“Participant” and “Secondary investor” are also excluded), 9)
lender has a “no” for the lead arranger credit but has a role other than those previously listed (“Participant” and
“Secondary investor” are also excluded), and 10) lender is denoted as a “Participant” or “Secondary investor”.
For a given loan package, the lender with the highest title (following the ten-part hierarchy) is considered as the
lead agent.

6We get similar results if we set loan shares provided by lead arrangers equal to the median of the sample with
non-missing information on the syndicate allocation (Giannetti and Saidi (2019)), or if we estimate the average
loan share given a lender’s position in a syndicate and the syndicate size using the sample with non-missing
information on the syndicate allocation (Chakraborty, Goldstein, and MacKinlay (2018)).
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less likely to sell their loan shares in the secondary market (Irani et al. (2021)).

To obtain additional information on lenders, we use the link table provided by Gomez et al.

(2020) to merge lenders in Dealscan with banks.7 Characteristics of these banks are from Call

Reports. We also get data on bank’s depository branches from the Summary of Deposits (SOD),

which covers the universe of banks’ depository branches at an annual frequency from 1994.

Information on branch characteristics, such as branch name, geographic coordinates, address,

the BHC and deposits, is available from the SOD. The link table is an updated version of the

one constructed by Schwert (2018). Building on Schwert (2018), Gomez et al. (2020) manually

assign another 199 DealScan lenders to 69 BHCs, which increases the total number of lenders

from 490 to 587, and the total number of BHCs from 79 to 148. The sample period for this link

table is from 1986 to 2013.8

We get data on banks’ mortgage lending from the Home Mortgage Loan Disclosure Act

(HMDA) database, which covers over 90% of mortgages originated in the U.S. It reports de-

tailed information on the lender, the borrower, the loan, and the property, among others. We

follow prior literature and exclude non-conventional loans and loans for manufactured hous-

ing and multi-family dwelling.9 This helps filter out factors such as government subsidies in

influencing banks’ lending decisions. Non-standard mortgages, such as mortgages used for

home improvement and non-owner-occupied dwellings, are also excluded. We follow Dagher

and Kazimov (2015) to merge the HMDA data with banks in the syndicated loan data by match-

ing agency-specific IDs in HMDA (Federal Reserve RSSD-ID, FDIC Certificate Number, and

OCC Charter Number) to RSSD IDs in the lender link table. Counties where a bank has fewer

than 5 mortgage applications are excluded to ensure the accuracy of estimation.10

Data on county-level household employment and industry patterns is from the Bureau of

7Banks are aggregated at the bank holding company (BHC) level in the link table. Throughout the paper, we
use the term “bank” to refer to BHCs.

8We thank Michael Schwert and Matthieu Gomez for sharing the link tables. For more details regarding the
link table, please refer to Schwert (2018) and Gomez et al. (2020).

9Non-conventional loans include Federal Housing Administration (FHA)-insured loans, Veterans Affairs (VA)-
guaranteed loans, Farm Service Agency (FSA) loans, and Rural Housing Service (RHS) loans.

10Our results are robust if we require at least 10 or 20 mortgage applications or remove the requirement.
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Labor Statistics’ (BLS) Quarterly Census of Employment and Wages (QCEW) database. The

QCEW program publishes a quarterly count of employment and wages reported by employers

covering more than 95 percent of U.S. jobs, available at the county, MSA, state, and national

levels by industry. QCEW provides full data set access via their website. For the purpose of

this study, we use the data QCEW provides at the annual frequency and covers every six-digit

NAICS industry for more than 3,000 counties in the United States. The sample period is from

1990 to 2018.

In addition, we also get data on U.S. county to county distances and data on county-level

characteristics (e.g., GDP, household income, housing price index, population, race, and age,

etc.) from the Bureau of Economic Analysis (BEA), the Federal Housing Finance Agency

(FHFA), and the NBER database. Data on county-level mortgage delinquency rate is from

the Consumer Financial Protection Bureau (CFPPB). Data on county-to-county social connec-

tions, the Social Connectedness Index (SCI), is from Bailey et al. (2018). The measure is based on

Facebook friendship links in the year 2016.11

2.2 Measuring Bank and County Industry Specialization

To test the existence of the industry expertise channel and its influence, we need to measure

industry specialization for each bank and each county. For banks, we follow prior studies and

use a bank’s lending activities in the syndicated loan market to measure its industry special-

ization (Giannetti and Saidi (2019), Giometti and Pietrosanti (2020)).12. Given that DealScan

only provides information on loans at origination, we create a panel that dynamically tracks

11Social Connectedness Indexi,j =
FB_Connectionsi,j

FB_Usersi∗FB_Usersj
, where FB_Connectionsi,j is the total number of Facebook

friendship connections between individuals in the two counties i and j, and FB_Usersi and FB_Usersj are the
number of Facebook users in the two counties separately. See Bailey et al. (2018) and Bailey et al. (2019) for details
of the measure. We thank the authors for sharing this data.

12We do not use data from Call Reports or data on banks’ small business lending, as these data do not provide
banks’ lending activities at the industry level. DealScan represents a sizable portion of the corporate loan market
in the U.S, which makes using the syndicated loan data a good alternative to evaluate bank lending policies and
influences (e.g., Chakraborty, Goldstein, and MacKinlay (2018), Saidi and Streitz (2021))
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each bank’s lending portfolios at any given point of time.13 With this panel, we aggregate a

bank’s lending at the three-digit NAICS code level in each year. Our choice of the three-digit

NAICS code level not only ensures a sufficient precision of industry breakdowns but also en-

sures a reasonable number of firms and loans in each industry. Firms in the financial industry

are excluded. We classify a bank as being specialized in an industry if the bank’s loan share

in that industry is an outlier compared to other banks’ loan shares in the industry (Paravisini,

Rappoport, and Schnabl (2020)). In doing so, the measure accounts for not only heterogeneities

in sizes of different banks but also heterogeneities in sizes of different industries.14 Specifically,

Specializationb
i,t =


1 Lb

i,t = L∗i,t

0 otherwise
(1)

where Lb
i,t =

Loanb
i,t

∑I
i=1 Loanb

i,t
represents a bank b’s portfolio share of syndicated loans towards the

industry i in the list of industries from 1 to I, at time t.15 L∗i,t is a threshold to identify the outlier

in the distribution of Lb
i,t among all banks. For each industry, the threshold is the 75th percentile

of the distribution of all banks’ portfolio shares in the industry plus the 1.5 inter-quartile range

of the distribution. Thus, Lb
i,t = L∗i,t captures banks whose loan portfolio extremely concentrates

13Some loans are refinancing loans that replace prior deals. Our results hold if we take this into consideration
by setting the refinancing date of the new deal as the ending date of the prior deal it replaces.

14Scaling a bank’s loans to each industry using its total loans makes the measure impervious to bank size.
Comparing different banks’ loan shares within the same industry makes the measure impervious to industry size.

15However, a bank may accumulate the industry expertise faster by lending to leading firms in an industry. To
capture this effect, we follow Paravisini, Rappoport, and Schnabl (2020) and construct a weighted measure of a
bank’s lending specialization. Specifically, we first classify all firms in an industry into 10 groups based on total
assets, with group 10 indicating firms with largest assets. We then use the rank as the weight to calculate a bank’s
total lending to a given industry. This avoids the issue of high skewness in the distribution of firm assets in an
industry and the uneven distribution of firm assets across industries. The measure is constructed in the following
way:

Lb
i,t =

∑K
j=1 Loanb

i,j,t ∗ Ranki,j,t

∑I
i=1 ∑K

j=1 Loanb
i,j,t ∗ Ranki,j,t

where b represents a bank, i represents an industry, j represents a firm in industry i. Results based on this weighted
measure are consistent and are presented in Appendix A. Results hold using this measure.
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in the industry i relative to other banks.

Next, to identify a county’s industry specialization, we first drop jobs created by government-

owned entities or by the financial industry. Then, we rank the relative importance of each in-

dustry in a county based on the number of residents working in each industry. For consistency,

we still use the three-digit NAICS code for industry classification. After that, we classify a

county as being specialized in an industry if the industry is ranked among the top-three indus-

tries in that county. Put differently, the top-three industries that provide most jobs in a county

represent industries that the county specializes in. In our sample, a county on average has

about 39 industries providing jobs to local residents. The top-three industries in total create

about 46% of all jobs in a county, which is a sizeable portion. Specifically, the top-three indus-

tries separately provide about 23%, 13%, and 10% of jobs in a county.16 Therefore, the top-three

industries represent major industries in a county. Banks’ expertise in these industries should

matter for their prediction of the whole county’s economy.

After defining industry specialization for each bank and each county, we construct a dummy

variable, Same Industry, to capture the information link between banks and counties through

the industry expertise channel. The dummy variable equals one if there is at least one industry

that a bank and a county both specialize in and zero otherwise.17

2.3 Summary Statistics

Our final sample includes 103 banks for the period 1995 to 2013. Table 1 reports summary

statistics of variables used in empirical analyses. Panel A provides summary statistics of county

characteristics. The average sales growth of public U.S. firms in the top-three industries in a

county has a mean of 4.201% and a standard deviation of 4.485%. The mean of a county’s in-

16The fourth, the fifth, and the sixth industry separately provides about 7%, 6%, and 5% jobs in a county.
17In Appendix B, we measure the intensive connection between a bank and a county based on the proportion

of local residents working in industries in which both the bank and the county specialize in. In Appendix C, we
measure the intensive connection between a bank and a county based on the proportion of local residents working
in any industry in which a bank specializes, not matter whether the industry belongs to the top-three industries in
the county. That is, we consider all industries in a county that a bank may specialize in. Results hold using either
measure.
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come growth is 3.678%, the mean of a county’s GDP growth is -0.911%, and the mean of the

change in a county’s mortgage delinquency rate is -0.222%. Panel B reports summary statis-

tics of bank characteristics. The average bank size is 10.403. About 26% of banks’ loans are

commercial loans, and about 50% are real estate loans. Panel C reports summary statistics of

variables at the bank-county level. The logarithm of the number of mortgages a bank approves

to a county has a mean value of 3.260 and a median value of 2.996. The standard deviation is

1.524, suggesting large variations across bank-county pairs. The mean mortgage approval rate

is 0.748 and the median is 0.778. In addition, for the 321,067 bank-county pairs, about 10.3% of

bank-county pairs specialize in the same industries.

[Insert Table 1 about here.]

Figure 1(A), 1(B), 1(C), and 1(D) present the geographic distribution of counties in the con-

tiguous U.S. that share same industry specialization with at least one bank in our sample versus

those do not in the year 1995, 2001, 2007, and 2013 separately. The figures suggest that con-

nected counties have a relative even distribution across the contiguous U.S. over the sample

period.

[Insert Figure 1 about here.]

3 Empirical Results

3.1 Growth of Top-three Industries and County Economic Development

The key argument in this paper is that the industry expertise channel does exist and reduces the

information asymmetry between banks and mortgage borrowers. With reduced information

friction, banks are more likely to lend mortgages to counties sharing their industry specializa-

tion. For the argument to hold, a prerequisite is that the growth of the top-three industries in

a county is highly correlated with the county’s household income growth and mortgage per-
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formance, as household income is key to mortgage payments. We start our empirical analyses

by testing the prerequisite. However, data on sales of all firms in the top-three industries in a

county is not available. Instead, we use sales of U.S. public firms. For each county, we calculate

the weighted average of sales growth of all public firms in the top-three industries in the county,

with the number of people working in an industry as the weight. We then regress county-level

economic indicators or mortgage performance on the top-three industry sales growth. The

empirical specification is as follows.

Yjt = θj + τt + β ∗ Sales Growthjt + δX jt + ε jt (2)

where j represents county, t represents year, Yjt is the GDP growth, household income growth

or annual change in mortgage delinquency rate, Sales Growthjt is the weighted average of sales

growth of all public firms in the U.S. in the top-three industries in county j, X jt is a vector of

county-level controls including the logarithm of population, the proportion of the population

that are above 65, the proportion of the population that are male, and the proportion of the

population that are minorities. θj represents county fixed effects, and τt represents year fixed

effects.

[Insert Table 2 about here.]

Table 2 column (1) - (3) report the results on GDP growth. The coefficient estimate of sales

growth is positive and statistically significant in all columns, suggesting that the higher the

sales growth of the top-three industries is, the higher a county’s GDP growth is. Column (4)

- (6) report the results on household income growth. It shows a positive relationship between

industry sales growth and income growth, implying that household income grows faster when

the top-three industries grow faster. A one standard deviation increase in sales growth is asso-

ciated with an 8.8% increase in income growth. In column 7) - (9), we examine the mortgage

delinquency rate - an indicator of mortgage performance.18 The coefficient estimate of sales

18Data on mortgage delinquency rate from the CFPB only covers 470 counties per year. CFPB constructs the
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growth is negative and statistically significant, suggesting that higher growth of the top-three

industries in a county leads to lower mortgage delinquency rate.

Taken together, the findings indicate that the top-three industries are critical to a county’

economic growth. More importantly, the fact that the growth of top-three industries posi-

tively correlates with household income growth and negatively correlates with mortgage delin-

quency rate provides strong support to the industry expertise channel. That is, banks can use

this channel to evaluate household income prospects and their mortgage affordability during

the lifetime of a mortgage.

3.2 The Industry Expertise Channel and Mortgage Lending

We then turn to test the existence of the industry expertise channel and it importance in banks’

mortgage lending. The empirical specification is as follows.

Yijt = µi + πjt + β ∗ Same Industryijt + δX ijt + εijt (3)

where i represents bank, j represents borrower home county, t represents mortgage origination

year, Yijt is the logarithm of the number of mortgages a bank i approves to county j in year t,

Same Industryijt is a dummy variable indicating that there exists at least one common industry

in which the bank i and the county j both specialize in year t, Xijt is a vector of controls at

the bank-county or the bank level including the average of loan amount to income ratio of all

mortgage applicants, the proportion of male applicants, the proportion of minority applicants,

the logarithm of one plus the number of branches a bank has in a county, the geographic dis-

tance between a bank’s headquarter county and the borrower’s county, a bank’s exposure to

a county through mortgage retaining, the logarithm of one plus the number of small business

loans a bank originate in a county, the logarithm of bank assets, total loans scaled by assets,

data in the following way: (1) the raw data is based on a nationally representative 5 percent sample of closed-end,
first-lien, 1–4 family residential mortgages; (2) counties with fewer than 1,000 mortgages are excluded. To best use
the information and allow enough within-county variations in mortgage performance, we use the data from 2008
to 2018 in our test, which is five years beyond the ending year of our main sample.
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deposits scaled by assets, C&I loans scaled by total loans, real estate loans scaled by total loans,

return on assets, and total liquid assets scaled by assets. µi represents bank fixed effects and

πjt represents county by year fixed effects. In more complete specifications, we use bank by

borrower home state fixed effects to replace bank fixed effects.

[Insert Table 3 about here.]

The results are reported in Table 3. Column (1) reports the regression estimates without any

controls or fixed effects. As can be seen, the coefficient estimate of Same Industry is positive

and statistically significant, indicating that banks approve more mortgages towards counties

connected with them through same industry specialization, which is consistent with our con-

jecture. In column (2), we include borrower home county by year fixed effects so that we only

compare different banks’ mortgage originations in the same county. This helps control for any

unobserved county characteristics including local mortgage demand from contaminating our

estimations. We also add bank fixed effects to control for time-invariant bank characteristics.

In addition, we control for characteristics of mortgage applicants, banks and bank-county pairs

in column (4). The results hold. To further address the concern regarding any special links be-

tween certain banks and states that are omitted from our model specifications, we add bank by

borrower home state fixed effects in column (5). The coefficient estimate remains statistically

significant, though the magnitude is smaller. Depending on model specification, relative to

non-connected counties, connected counties receive about 2.8% - 20.3% more mortgage credits,

which is economically significant. 19

19In Appendix D, we repeat the same analyses but using the logarithm of dollar volumes of approved mort-
gages. In Appendix E, we construct another continuous variable reflecting the level of a bank’s industry expertise,
which is defined as the difference between a bank’s loan share in an industry minus the threshold used to identify
an outlier loan share. The conjecture is that, the higher industry expertise a bank has, the better information the
bank can get from the channel, and therefore the more the bank relies on the channel in mortgage lending. Results
hold using either measure.
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3.3 The Industry Expertise Channel and Mortgage Approval Rate

A potential concern for our baseline findings is that the results can still be driven by demand-

side factors, even though we include county by year fixed effects in the analysis. For instance,

households living in a county may prefer to borrow from banks with shared industry special-

ization out of private reasons, i.e., brand preferences, or the availability and usability of mobile

phone apps. These factors are either not observable or not directly measurable and therefore

are not controlled in our baseline model specification. To address this concern, we examine

banks’ mortgage approval decision conditional on received applications. In particular, we use

a bank’s mortgage approval rate as the dependent variable, which is defined as the number of

mortgage a bank approves scaled by the number of mortgage applications the bank receives in

a county.

[Insert Table 4 about here.]

The results are reported in Table 4. Consistent with previous results, we find a positive and

statistically significant relation between the Same Industry and mortgage approval rate in all five

columns. Compared to non-connected counties, the approval rate is about 40 - 370 basis points

higher in connected counties. The finding further corroborates that banks do rely on their

industry expertise when deciding whether to approve or reject a mortgage application. Put

another way, the baseline results in section 3.2 hold after controlling for household preferences

for certain banks and are purely driven by banks’ supply decisions.20

Overall, results in section 3.2 and 3.3 show that the industry expertise a bank obtains in

the corporate loan market plays an important role in the bank’s mortgage lending decisions.

In this regard, banks allocate more mortgage credits towards counties sharing their industry

specialization, indicating that this information source is indeed important for banks’ evaluation

of mortgage applicants.

20In untabulated results, we repeat the same analyses but using the dollar volumes to calculate the approval
rate. Results hold.
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4 The Information Mechanism

Results so far have confirmed the existence of the industry expertise channel and its importance

in banks’ mortgage lending decisions. In this section, we provide evidence that supports the

information mechanism of the channel.

4.1 Information Asymmetry

We first test whether banks rely more on the channel when information from alternative sources

is limited. The information banks collect through the industry expertise channel regarding lo-

cal economies and borrowers’ mortgage affordability could be a substitute to the information

that banks collect through other channels. As such, when the information asymmetry between

banks and mortgage borrowers is high and banks have few other ways to collect information

about borrowers, the industry expertise channel should play a bigger role in supplying infor-

mation to banks. In contrast, when the information asymmetry is low or when banks have

alternative information channels, they may not need the industry expertise channel as much.

Following the above arguments, in this section, we investigate how the information asymme-

try between banks and mortgage borrowers affects banks’ reliance on the industry expertise

channel.

Prior studies have shown that long geographic distance erodes bank’s ability to collect pro-

prietary information of borrowers, creating information barriers for banks to reach distant bor-

rowers. In consequence, access to credits is limited for borrowers in areas with few banks. This

distance-induced information asymmetry not only exists in the mortgage market and small

business loan market but also exists in the syndicated loan market for large public firms (e.g.,

Degryse and Ongena (2005), Agarwal and Hauswald (2010), Hollander and Verriest (2016)).

Such information asymmetry, however, can be mitigated through banks’ branch expansions

(e.g., Alessandrini, Presbitero, and Zazzaro (2009), Ergungor (2010), Nguyen (2019)). There-
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fore, we expect banks to rely less on the industry expertise channel when they have branch

presence in a county.

[Insert Table 5 about here.]

The results are reported in Table 5 column (1) - (2). The coefficient estimate of the same

industry specialization variable is still positive and statistically significant. Meanwhile, the co-

efficient estimate for VAR, the logarithm of one plus the number of depository branches a bank

has in a county, is also positive and statistically significant, showing that banks approve more

mortgages in counties where they have branch presence. More importantly, the coefficient es-

timate for the interaction term between Same Industry and VAR is negative and statistically sig-

nificant in column (1) and (2), suggesting that banks rely less on the industry expertise channel

when they have high depository branch presence in a county.

Next, we test the influence of social networks in banks’ use of the industry expertise chan-

nel. Existing studies have shown the importance of social networks in reducing information

asymmetries and connecting multiple parties together in the financial market (e.g., Bailey et al.

(2018), Bailey et al. (2019), Kuchler et al. (2021), Rehbein and Rother (2020)). For example, Re-

hbein and Rother (2020) show that banks allocate more small business loans and mortgages to

socially connected counties, as social connections reduce information friction. Building on the

literature, we expect the effects of the industry expertise channel to be weaker when there are

many social connections between banks’ headquarter counties and borrowers’ home counties.

The results are reported in Table 5 column (3) - (4). Consistent with the literature, the coefficient

estimates of the VAR variable, the logarithm of the county-to-county SCI, is positive and sta-

tistically significant, implying that banks allocate more mortgage credits to socially connected

counties. In addition, the coefficient of the interaction term Same Industry*VAR is negative and

significant, indicating that banks rely less on the industry expertise channel when there are

many social connections, which is consistent with our conjecture.
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4.2 Local Risk

Banks’ reliance on the industry expertise channel in mortgage lending may also depend on

local risk. Borrowers from high-risk areas are more likely to miss mortgage payments and

default, resulting in significant losses to banks. As a result, banks should demand more infor-

mation in mortgage decisions in high-risk counties. This predicts banks’ higher reliance on the

industry expertise channel in high-risk counties.

Our first measure of local risk is a county’s economic growth. An economic slowdown or re-

cession often results in massive layoffs and spikes in unemployment rates, generating negative

shocks to household income. Households that manage to keep jobs may still experience wage

cuts. These disturbing factors increase the probabilities of household mortgage defaults and

thus requiring banks to better screen and monitor the borrowers (DeFusco and Mondragon

(2020)). Therefore, banks may demand more information on local economic prospects and

household income prospects in counties with stagnant economic conditions. Information from

the industry expertise channel can help meet the demand, with which banks can forecast local

economy and household income growth more accurately. Therefore, we predict that banks rely

more on the industry expertise channel in counties with slow economic growth.

[Insert Table 6 about here.]

We test this prediction in Table 6 columns (1) and (2). We use the standardized sales growth

of all U.S. public firms in the top-three industries in a county to proxy for the county’s economic

conditions.21 Consistent with our findings before, the coefficient estimate of Same Industry is

positive and significant, suggesting that industry expertise channel matters in counties with

relatively slow economic growth. More importantly, the interaction term between Same Indus-

try and VAR, the standardized sales growth of the top-three leading industries in a county, is

negative and significant. In counties with sales growth one standard deviation above the mean,

banks do not even rely on the channel. This indicates that banks rely less on the industry ex-

21Results in Table 2 confirm the validity of this proxy.
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pertise channel when the local economy grows rapidly, which is consistent with our conjecture.

In addition, we construct another proxy for local risk - the housing price growth rate, which

is quite relevant to the mortgage market. Declining housing prices reduces the collateral value

of a house, increasing household financial constraints and probabilities of mortgage defaults.

Large plunge in house prices may even result in negative home equities and induce strate-

gic defaults (e.g., DeFusco and Mondragon (2020), Gerardi et al. (2018)). Therefore, we expect

banks to rely more on the industry expertise channel when the local housing market is in down-

turn. The results are reported in Table 6 column (3) and (4). The interaction term between Same

Industry and VAR, the standardized housing price growth rate in a county, is negative and sta-

tistically significant. Compared to counties with slow housing price growth, the importance

of the channel is about 74% smaller in counties with a one standard deviation increase in the

housing price growth rate. Post-estimation tests show that the statistical significance of the

Same industry variable is gone for counties with high housing price growth. In other words,

banks do not even rely on the industry lending channel when the local housing price growth

rate is high, which is consistent with our conjecture.

Last, we measure local risk using the average of loan-to-income ratios of all mortgage ap-

plicants in a county. A high loan-to-income ratio means high delinquency risk ex ante. Conse-

quently, banks should collect more information to make sure the risk is correctly assessed and

reasonably priced. Results are reported in Table 6 column (5) and (6). The results show banks

rely more on the industry expertise channel in mortgage origination when the loan-to-income

ratio is high. The coefficient estimate of Same Industry is even gone in column (6). Only the in-

teraction term is positive and statistically significant, implying that out baseline results mainly

hold in counties with high loan-to-income ratios.

4.3 Soft Information in Mortgages

To provide more evidence on the information mechanism, we test the soft information con-

tained in mortgage contracts directly. To this end, we examine whether mortgages originated
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through the industry expertise channel are less standardized, i.e., larger dispersion in mort-

gage sizes. The key idea is that better information allows banks to better discriminate between

“good” and “bad” borrowers (e.g., Cornell and Welch (1996), Rajan, Seru, and Vig (2015),

Skrastins and Vig (2019)). As a result, banks can grant mortgages with favorable terms to

"good" borrowers and mortgages with strict terms to "bad" borrowers. In contrast, if banks

do not have much information in evaluating borrowers, they can only design mortgage terms

based on the average quality of all mortgage borrowers and thus originate loans with similar

terms.

[Insert Table 7 about here.]

We follow the literature and construct two variables reflecting the dispersion in mortgage

sizes (Fisman, Paravisini, and Vig (2017), Lim and Nguyen (2020)). The two variables are the

logarithm of the standard deviation and the logarithm of the interquartile range of the amount

of mortgages a bank approves in a county. Empirical results using the two variables are pre-

sented in Table 7. Consistent with our conjecture, we find that mortgages originated through

the channel have less standardized contractual terms. In particular, the standard deviation

and interquartile range of mortgage sizes are 0.5% and 1.5% higher separately for mortgages

originated through the industry expertise channel.

To sum up, analyses in this section show that banks rely more on the industry expertise

channel when they have limited other channels to acquire information of mortgage borrow-

ers or when local risk is high. In addition, mortgages originated through the channel contain

more soft information. Combined together, the findings provide strong support to the infor-

mation mechanism of the industry expertise channel. This explains why banks lends out more

mortgages to counties sharing their industry specialization.
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5 Addressing Endogeneity Issues

Our analyses so far have provided consistent and robust evidence that the industry exper-

tise channel facilities banks’ mortgage lending towards connected counties. The results are

not likely driven by bank-level or county-level characteristics, or by household preference for

borrowing from certain banks. However, our results can still be driven by either unobserved

or observed but omitted variables. In addition, our results can also be biased due to reverse

causalities. That is, banks may intentionally choose which industries to lend to in the corporate

loan market according to their geographic expansions of mortgage lending. In this section, we

try to address the endogeneity concerns.

We follow Murfin (2012) and use defaults in banks’ corporate loan portfolios as exogenous

shocks.22 This bank-specific shock informs banks’ perceptions of their own screening abilities

in the corporate loan market, resulting in lower confidence in their expertise.23 In response,

banks write tighter loan contracts to new borrowers (Murfin (2012), Christensen et al. (2021),

Gao, Kleiner, and Pacelli (2020), Giometti and Pietrosanti (2020)). Therefore, our test focuses

on how a bank responds in using the industry expertise channel in mortgage lending when

corporate borrowers in its specialized industries default. We expect that banks rely less on the

industry expertise channel after experiencing the shock that hurts their confidence.

The following hypothetical case illustrates the design in detail. Suppose a bank i sees one

of its corporate borrowers from industry k defaults, and the industry k is one of the industries

that the bank specializes in. Compared to other banks having no such experience, this bank i

is shocked. This shock can also spillover to other industries that the bank has expertise with

confidence (Murfin (2012)). Put differently, the bank i has lower confidence in its expertise in

22We focus on payment defaults rather technical defaults because the literature has shown payment defaults
have larger and more significant effects on lenders.

23Specifically, Murfin (2012) show that defaults on new loans have much larger impacts than defaults on legacy
loans. They also show that deterioration in lenders’ balance sheets and damage in lenders’ reputation are not
the mechanisms at work. Meanwhile, our results in Appendix E show that a bank relies more on the industry
expertise channel when the level of its industry expertise is high.
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any industry that it specializes in after the shock. Importantly, not all counties where the bank

i has mortgage lending are impacted. Rather, only counties that share industry specialization

with the bank i are impacted. As such, the impacts of reduced confidence should only exist in

counties where the bank uses its industry expertise in mortgage lending. The empirical model

is as follows.

Yijt = µi + πjt + β1 ∗ Corporate Default ijt + δXijt + εijt (4)

where i represents bank, j represents county, and t represents year, Corporate Default ijkt is a

dummy that equals to one if there exists a default in any of the bank i’s specialized industries

and the bank i and the county j are connected through same industry specialization in year t.24

All the controls and the fixed effects are defined in the same way as in equation (3).

[Insert Table 8 about here.]

To conduct the test, we extract firms’ crediting status from the rating database in Com-

pustat. Defaulting status is identified when a firm reports a credit rating of “D” (default) or

“SD” (selective default). The regression results are reported in Table 8. It shows a negative

and statistically significant effect of corporate defaults on banks’ mortgage lending, implying

that banks experiencing defaulting shocks in their specialized industries significantly cuts their

mortgage lending. The economic magnitude is also significant. After experiencing defaulting

shocks, banks’ reliance on the channel reduces by 11.6%. Overall, results using borrower de-

faults in the syndicated loan market as exogenous shocks to banks’ confidence in their industry

expertise further corroborate our previous findings.

24Again, the default does not have to happen in the industry that the bank i and the county j both specialize
in. So, we allow for the spillover effects. Nevertheless, our results are much stronger if we do not allow for the
spillover effects and only consider defaults in the industry that the bank i and the county j both specialize in. In
addition, we only use bank-county pairs that share same industry specialization but do not experience the shocks
as the control group, as they are better counterparts to the treated group.
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6 Implications for Mortgage Performance

We also study implications of the industry expertise channel for banks’ mortgage performance.

Results in Section 4 show that this channel does provide useful information for banks to screen

eligible mortgage borrowers. Consequently, with reduced information asymmetries, we expect

this channel to have a positive effect on banks’ mortgage performance. In this regard, a given

mortgage should be less likely to default if the industry expertise channel can improve banks’

screening efficiencies.

However, the HMDA data does not contain loan-level information on mortgage perfor-

mance after originations. Due to the data limitation, we test the implication for mortgage per-

formance at the bank level. To this end, we first calculate the proportion of mortgages a bank

originates in counties sharing their industry specialization as a proxy for the bank’s reliance on

the industry expertise channel. We calculate the proportion based on numbers of mortgages

banks originate.25 Then, we rank banks’ use of the channel into five groups. Banks with higher

ranks have more mortgages originated through the channel. Last, we regress a bank’s return

on real estate loans, measured as income on real estate loans scaled by total assets, on the rank.

Our prediction is that, the more mortgages a bank originates through the channel, the higher

return on real estate loans the bank gets.

[Insert Table 9 about here.]

We empirically test the above prediction in Table 9. To avoid biases due to a bank’s concur-

rent decision in its use of the industry expertise channel and decision in affecting its mortgage

performance, we examine effects of a bank’s reliance on the channel this year on the bank’s

return on real estate loans next year. The results show that the channel has a positive effect and

banks’ real estate loan performance. A one unit increase in the rank leads to about 1% increase

in a bank’s return on real estate loans. The results hold when using changes in a bank’s return

25Our results hold if we use dollar volumes of mortgages banks originate to calculate the proportion.
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on real estate loans.

7 Discussions

In this section, we discuss some issues that are not mentioned before but are important for

interpreting our results.

7.1 Excluding An Alternative Channel - Employees of Banks’ Corporate

Borrowers

An alternative story to the industry expertise channel is that a bank may prioritize lending

mortgages to employees of its corporate borrowers. No doubt a bank knows the income

streams of a mortgage borrower better if she is an employee of the bank’s corporate borrower,

as the bank has access to private information of the firm through corporate lending. Some firms

may even have joint programs with their main banks to help employees get mortgages with

better terms. Importantly, this channel does not work through a bank’s industry expertise,

though the expertise can help the bank better process the private information. Considering

that banks may have corporate borrowers or borrowers’ subsidiaries and establishments in

connected counties, this alternative channel could be a reasonable explanation for our results.

The control of a bank’s small business lending in a county in our regression analyses help

exclude this alternative channel partially, assuming that small business loan amounts are posi-

tively correlated with small businesses’ employment and thus the importance of this alternative

channel. However, this does not capture employees of banks’ borrowers in the syndicated loan

market. To better address this concern, we conduct more tests in Table 10.

We first obtain historical headquarter states of each bank’s syndicated loan borrowers from

Compustat. Then, in each year, for each bank, we drop a state if the bank has a syndicated

loan borrower located in the state, regardless of whether the borrower is in the bank’s and

the county’s jointly specialized industry or not. The underlying assumption is that most of a
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firm’s workers are employed in its headquarter state. The results are reported in the first three

columns in Table 10. As can be seen, after applying the exclusion, the sample size is smaller.

However, the significance of the channel remains. The magnitude is also comparable to that in

Table 3.

Nevertheless, a cautious reader may worry that the assumption that most of a firm’s work-

ers are employed in its headquarter state may not be true, even though this is a commonly used

assumption in the literature (e.g., Klasa et al. (2018)). To further address the concern, we obtain

the geographic dispersion of a firm’s business operations at the state level from Garcia and

Norli (2012).26 Then, in each year, for each bank, we drop a state if the bank has a syndicated

loan borrower located in the state or the borrower has an establishment/subsidiary in the state.

The results are reported in column (4) - (6) in Table 10. We still see a statistically significant and

positive relation between a bank’s reliance on the channel and its mortgage lending. Taken

together, evidence in Table 10 help exclude the alternative story that banks allocate more mort-

gage credits to a county simply because they have corporate borrowers located in the county

directly or indirectly.

[Insert Table 10 about here.]

7.2 Mortgage Securitization

One of the potential concerns in interpreting our results is that banks often securitize their

mortgages to third parties, especially to GSEs (i.e., Fannie Mae and Freddie Mac)27, which

are the dominant players in the securitization market. The rules regulating GSEs’ purchase

of mortgages are well-written in official documents and well-known to banks. Therefore, if a

bank simply originates mortgages following GSEs’ purchasing policies with a purpose to sell

26Garcia and Norli (2012) construct the data using firms’ 10K filings. Please refer to their paper for more details.
The raw data is from 1994 to 2008. To keep our sample the same as before, we use firm’s geographic dispersion in
2008 for the period 2009 - 2013. We thank the authors for making the data available.

27Note that non-conventional mortgages (FHA-insured mortgages, VA-guaranteed mortgages, FSA mortgages
and RHS mortgages) are not included in our sample.
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the mortgages to GSEs soon, there is no point in spending large efforts in acquiring information

of borrowers. As such, the information channel we proposed should not matter much, as the

default risk in sold mortgages is all born by GSEs, not by banks.28

However, banks are not naive players that purely rely on the originate-to-distribute (OTD)

model in the mortgage market like shadow banks. Rather, banks hold a significant fraction of

mortgages on balance sheets.29 They choose what mortgages to originate and what mortgages

to sell strategically (e.g., Jiang, Nelson, and Vytlacil (2014), Agarwal, Chang, and Yavas (2012),

Xiao (2021)). As such, information from the industry expertise channel and other channels is

still crucial to banks and matters for their mortgage lending.

The concern, however, does hold for certain mortgages that banks know for sure they are

going to sell later, or for certain banks that are very active in selling mortgages. This predicts

that our results should be stronger in mortgages that are retained on banks’ balance sheets, or

in banks that are not active in selling mortgages. We test the prediction at the bank level, as it’s

extremely hard to know which mortgages banks plan to sell. To this end, we follow Drechsler,

Savov, and Schnabl (2021) and construct a deposit beta for each bank and then calculate a

weighted average at the BHC level, using each bank’s asset as the weight.30 According to

Drechsler, Savov, and Schnabl (2021), this beta reflects the sensitivity of banks’ interest expenses

to changes in market interest rates. The lower beta a bank has, the longer maturity the bank’s

liability has. Xiao (2021) further show that high-beta banks are much more aggressive in selling

mortgages to third parties, due to their inability to take much interest rate risk. Therefore, we

28There exists a buyback risk if banks originate loans that do not meet GSEs’ eligibility and underwriting guide-
lines or banks do not perform enough due diligence in the originating process.

29The average securitization ratio at the bank level from 1994 to 2017 is about 30% (Xiao (2021)).
30Specifically, the deposit beta is estimated in the following way:

∆Int Expi,t = αi,t + Σ3
τ=0β

Exp
i,t,τ∆Fed Funds Ratet−τ + εi,t

where i represents bank, t represents quarter, ∆Int Expi,t is the change in bank i′s interest expense rate from t to
t + 1, and ∆Fed Funds Ratet is the change in Fed funds rate from t to t + 1. The interest expense rate is calculated
as the total quarterly interest expenses divided by quarterly assets and then annualized. Three lags of the Fed
funds rate are allowed to account for the response of interest expenses to current and past changes in Fed funds
rate. The measure of the interest expense beta is the sum of the four coefficients of changes in Fed funds rate, i.e.,
βi,t = ∑3

τ=0 β
Exp
i,t,τ . The beta is further averaged at the year level, as the mortgage data is at the year level.
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expect low-beta banks to rely more on the channel.

We test the conjecture in Table 11. The coefficient estimate of Same Industry remains to

be positive and statistically significant in all the five columns. However, the interaction term

between Same Industry and a bank’s deposit beta is negative and statistically significant. This

suggests that the industry expertise channel is less important for banks with high deposit betas.

In column (5), a one standard deviation increase in the beta leads to about a 54% drop in the

importance of the channel. Overall, the findings are consistent with the conjecture that banks

that are active in mortgage securitization rely less on the channel.

[Insert Table 11 about here.]

8 Conclusion

In this paper, we uncover a new channel that reduces the information asymmetry between

banks and borrowers in the mortgage market - the industry expertise channel. Unlike other chan-

nels documented in the literature that rely on banks’ branch expansions or social networks, this

channel relies on the industry expertise banks develop in the corporate loan market. As such,

this channel reveals a positive spillover from the corporate loan market to the mortgage mar-

ket. We show that this channel improves banks’ mortgage performance through enhanced

screening and monitoring of borrowers.

Our empirical results provide strong supports for the industry expertise channel. We find

that banks allocate more mortgage credits to counties sharing their industry specialization.

Moreover, we show evidence supporting the information mechanism of the channel. Specifi-

cally, we find that banks rely more on the channel when they have higher information needs

and mortgages originated through the channel contain more soft information. We also find that

using the channel helps banks get higher income from residential real estate loans. Overall, our

work demonstrates that the industry expertise banks gain in the corporate loan market have

important implications for their credit allocation in the mortgage market.
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Variable Definitions

Variables Description

Dependent Variables
GDP Growth A county’s GDP growth rate (%).

Income Growth A county’s household income growth rate (%).

Change in Delinquency Rate Annual change in a county’s 1-4 family residential mortgage delinquency rate.

Log(No. Approved Mortgages) The logarithm of the number of mortgages a bank approves in a county.

Mortgage Approval Rate The number of mortgages a bank approves in a county scaled by the number of mortgage
applications a bank receives in a county.

Log(STD. Mortgage Size) The logarithm of the standard deviation of the amount of mortgages a bank approves in a county.

Log(IQ. Mortgage Size) The logarithm of the interquartile range of the amount of mortgages a bank approves in a county.

ROA- RE Loans A banks’ real estate loan income scaled by assets.

Key Independent Variables
Sales Growth The weighted average of sales growth of all U.S. public firms in the top-three industries in a county,

with the number of people working in each industry as the weight.

Same Industry A dummy indicating there exists at least one industry that a bank and a county both specialize in.

Rank of Specialized Lending The rank of the proportion of mortgages a bank originates in counties sharing its industry specialization.

Corporate Default A dummy indicating there exists a default in any of a bank’s specialized industries and the bank and
the county are connected through same industry specialization.

Control Variables
Loan-to-Income Ratio The average of mortgage applicants’ loan to income ratio in a county.

Prop. Male The proportion of the population that are male in a county (Table 2 only). The proportion of mortgage applicants
that are male in a county.

Prop. Minority The proportion of the population that are minorities in a county (Table 2 only). The proportion of mortgage
applicants that are minorities in a county.

Depository Branches The log of one plus the number of branches a bank has in a county.

Distance The logarithm of one plus the geographic distance between a mortgage borrower’s home county and a bank’s
headquarter county.

Log(No. SBL) The logarithm of one plus the number of small business loans a bank lends out in a county.

Mortgage Exposure The average proportion of mortgages a bank retains in a county in the past three year.

Log(Population) The logarithm of the total population in a county.

Prop. Age>60 The proportion of the population with age above 65 in a county.

Log(Assets) The logarithm of bank assets.

Total Loans/Assets Total loans scaled by assets.

C&I Loans/Total Loans Commercial & industrial loans scaled by total loans.

RE Loans/Total Loans Real estate loans scaled by total loans.

ROA Total income scaled by assets.

Total Liquidity/Assets The sum of total investment securities, total assets held in trading accounts, and federal funds sold and

securities purchased under agreements to resell scaled by assets.

Deposit Beta The standardized sensitivity of changes in a banks’ interest expense rate to changes in Fed funds rate.
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Figures

Figure 1. Distributions of Counties Connected with Banks through Same Industry Specialization

This figure presents the distribution of counties that have connections with at least one bank through same indus-
try specialization in our sample in the year 1995, 2001, 2007 and 2013 separately.

(A) Year 1995

(B) Year 2001
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(C) Year 2007

(D) Year 2013
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Tables

Table 1. Summary Statistics

This table presents summary statistics of variables used in empirical analyses. Panel A presents the statis-
tics at the county level, Panel B presents the statistics at the bank level, and Panel C presents the statistics at the
bank-county level. The sample period is from 1995 to 2013.

N Mean SD P25 P50 P75

Panel A: County Level

Sales Growth 57,513 4.201 4.485 1.781 3.382 5.707
Income Growth 57,512 3.678 4.395 1.656 3.700 5.645
GDP Growth 39,774 -0.911 41.796 -2.477 1.507 5.374
Housing Price Growth 46,650 2.611 5.207 -0.390 2.640 5.350
Change in Delinquency Rate 4,700 -0.222 1.010 -0.767 -0.358 0.067
Population 57,513 10.289 1.369 9.360 10.157 11.085
Prop. Age > 65 57,513 0.108 0.032 0.087 0.105 0.126
Prop. Male 57,513 0.497 0.018 0.487 0.494 0.502
Prop. Minority 57,417 0.123 0.156 0.019 0.053 0.165

Panel B: Bank Level

Log(Assets) 705 10.403 1.473 9.270 10.256 11.358
Total Loans/Assets 705 0.621 0.137 0.565 0.657 0.713
Deposits/Assets 705 0.720 0.091 0.658 0.718 0.789
C&I Loans/Total Loans 705 0.264 0.118 0.186 0.240 0.328
RE Loans/Total Loans 705 0.502 0.166 0.407 0.502 0.625
Total Liquidity/Assets 705 0.236 0.110 0.159 0.212 0.287
Rank of Specialized Lending 705 2.809 1.636 1.000 3.000 4.000
Deposit Beta 700 0.000 1.000 -0.595 0.019 0.657
ROA 705 0.010 0.008 0.009 0.011 0.014
ROA_RE Loans 705 0.021 0.010 0.015 0.021 0.027

Panel C: Bank-county Level

Same Industry 321,067 0.103 0.304 0 0 0
Log(No. Approved Mortgages) 321,067 3.260 1.524 2.079 2.996 4.277
Mortgage Approval Rate 321,067 0.748 0.172 0.636 0.778 0.875
Loan-to-Income Ratio 320,794 1.939 0.539 1.567 1.899 2.264
Distance 321,067 6.256 0.962 5.634 6.337 6.969
Log(No. SBL) 321,067 2.024 2.086 0.000 1.609 3.664
Mortgage Exposure 253,572 0.398 0.265 0.193 0.357 0.566
Depository Branches 321,067 0.352 0.712 0.000 0.000 0.000
Social Network 320,823 8.142 1.321 7.211 7.922 8.758
Prop. Residents 321,067 0 1.000 -0.330 -0.330 -0.330
Log(STD. Mortgage Size) 320,418 4.156 0.656 3.735 4.146 4.560
Log(IQ. Mortgage Size) 320,380 4.227 0.652 3.829 4.248 4.644
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Table 2. Growth of the Top-three Industries and County Economic Development

This table presents the relation between sales growth of the top-three industries in a county and the county’s
economic development. The dependent variable is a county’s GDP growth in column (1)-(3), a county’s
household income growth in column (4) -(6), and annual change in a county’s mortgage delinquency rate in
column (7) - (9). The key dependent variable is sales growth, which is the weighted average of sales growth of
all U.S. public firms in a country’s top-three industries, with the number of people working in each industry as
the weight. Controls include the the logarithm of the population, the proportion of the population that are above
65, the proportion of the population that are male, and the proportion of the population that are minorities. The
sample that examines GDP growth covers the period from 2001 to 2013, the sample that examines income growth
covers the period from 1995 to 2013, and the sample that examines mortgage delinquency rate covers the period
from 2008 to 2020. Numbers in parentheses are standard errors. Standard errors are clustered at county level. ***,
**, and * indicate p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5) (6) (7) (8) (9)

GDP Growth Income Growth Change in Mortgage Delinquency

Sales Growth 0.809*** 1.230*** 1.056*** 0.203*** 0.068*** 0.072*** -0.463*** -0.024** -0.027**
(0.061) (0.090) (0.088) (0.006) (0.008) (0.008) (0.013) (0.011) (0.011)

Population -107.071*** -5.768*** 1.809***
(12.404) (0.307) (0.368)

Prop. Old 288.820*** -6.168** -8.205**
(72.044) (2.755) (3.648)

Prop. Male 736.911*** 1.483 62.461***
(107.084) (3.601) (10.210)

Prop. Minority -612.964*** -2.641* 0.473
(94.733) (1.577) (1.705)

Observations 39,774 39,769 39,769 57,512 57,507 57,411 4,700 4,700 4,700
R-squared 0.004 0.114 0.134 0.046 0.235 0.244 0.327 0.727 0.734
County FE No Yes Yes No Yes Yes No Yes Yes
Year FE No Yes Yes No Yes Yes No Yes Yes
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Table 3. The Industry Expertise Channel and Mortgage Lending

This table presents impacts of the industry expertise channel on banks’ allocation of mortgage credits
across counties. The dependent variable is the logarithm of the number of mortgages a bank approves in a county.
The key independent variable is Same Industry, a dummy indicating that there exists at least one industry that a
county and a bank both specialize in. Controls include the average of loan amount to income ratio of all mortgage
applicants, the proportion of male applicants, the proportion of minority applicants, the logarithm of one plus
the number of branches a bank has in a county, the geographic distance between a bank’s headquarter county
and the borrower’s county, the logarithm of one plus the number of small business loans a bank originates in a
county, a bank’s exposure to a county through mortgage retaining, the logarithm of bank assets, total loans scaled
by assets, deposits scaled by assets, C&I loans scaled by total loans, real estate loans scaled by total loans, return
on assets, and total liquidity scaled by assets. The sample period is from 1995 to 2013. Numbers in parentheses
are standard errors. Standard errors are clustered at county level. ***, **, and * indicate p-values of 1%, 5%, and
10%, respectively.

(1) (2) (3) (4) (5)

Log(No. Approved Mortgages)

Same Industry 0.185*** 0.102*** 0.087*** 0.053*** 0.028***
(0.012) (0.010) (0.008) (0.008) (0.007)

Loan-to-Income Ratio -0.027*** -0.035*** 0.011
(0.009) (0.009) (0.008)

Prop. Male 0.037* 0.061*** 0.068***
(0.022) (0.022) (0.019)

Prop. Minority 0.545*** 0.503*** 0.385***
(0.049) (0.048) (0.038)

Depository Branches 0.627*** 0.616*** 0.521***
(0.011) (0.011) (0.011)

Distance -0.215*** -0.222*** -0.189***
(0.007) (0.008) (0.016)

Log(No. SBL) 0.181*** 0.190*** 0.126***
(0.003) (0.003) (0.003)

Mortgage Exposure 0.018 0.028* 0.057***
(0.017) (0.016) (0.015)

Log(Assets) 0.182*** 0.366***
(0.015) (0.016)

Total Loans/Assets 0.171** 0.224***
(0.083) (0.082)

Deposits/Assets -0.960*** -0.801***
(0.056) (0.055)

C&I Loans/Total Loans 2.041*** 2.136***
(0.092) (0.088)

RE Loans/Total Loans 2.125*** 2.331***
(0.068) (0.065)

ROA -4.013*** -3.602***
(0.402) (0.373)

Total Liquidity/Assets -2.315*** -2.327***
(0.085) (0.085)

Observations 321,067 314,508 245,786 245,250 245,117
County*Year FE No Yes Yes Yes Yes
Bank FE No Yes Yes Yes No
Bank*State FE No No No No Yes
Adjusted R-squared 0.001 0.433 0.688 0.696 0.770
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Table 4. The Industry Expertise Channel and Mortgage Approval Rate

This table presents impacts of the industry expertise channel on banks’ mortgage approval rates across
counties. The dependent variable is the mortgage approval rate based on the number of mortgage applications
and the number of approved mortgages. The key independent variable is Same Industry, a dummy indicating
that there exists at least one industry that a county and a bank both specialize in. Controls include the average
of loan amount to income ratio of all mortgage applicants, the proportion of male applicants, the proportion of
minority applicants, the logarithm of one plus the number of branches a bank has in a county, the geographic
distance between a bank’s headquarter county and the borrower’s county, the logarithm of one plus the number
of small business loans a bank originate in a county, a bank’s exposure to a county through mortgage retaining,
the logarithm of bank assets, total loans scaled by assets, deposits scaled by assets, C&I loans scaled by total
loans, real estate loans scaled by total loans, return on assets, and total liquidity scaled by assets. The sample
period is from 1995 to 2013. Numbers in parentheses are standard errors. Standard errors are clustered at county
level. ***, **, and * indicate p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5)

Mortgage Approval Rate

Same Industry 0.037*** 0.004*** 0.006*** 0.006*** 0.004***
(0.001) (0.001) (0.001) (0.001) (0.001)

Loan-to-Income Ratio 0.013*** 0.011*** 0.005***
(0.001) (0.001) (0.001)

Prop. Male 0.129*** 0.125*** 0.105***
(0.003) (0.003) (0.003)

Prop. Minority -0.207*** -0.205*** -0.182***
(0.006) (0.006) (0.006)

Depository Branches 0.009*** 0.010*** 0.009***
(0.001) (0.001) (0.001)

Distance -0.008*** -0.008*** -0.013***
(0.001) (0.001) (0.001)

Log(No. SBL) 0.005*** 0.003*** 0.000
(0.000) (0.000) (0.000)

Mortgage Exposure -0.118*** -0.112*** -0.097***
(0.002) (0.002) (0.002)

Log(Assets) -0.001 0.005***
(0.002) (0.002)

Total Loans/Assets -0.122*** -0.148***
(0.012) (0.012)

Deposits/Assets -0.115*** -0.111***
(0.008) (0.008)

C&I Loans/Total Loans -0.219*** -0.259***
(0.014) (0.014)

RE Loans/Total Loans 0.156*** 0.190***
(0.010) (0.010)

ROA 0.072 0.023
(0.068) (0.063)

Total Liquidity/Assets 0.034*** 0.012
(0.012) (0.011)

Observations 321,067 314,508 245,786 245,250 245,117
County*Year FE No Yes Yes Yes Yes
Bank FE No Yes Yes Yes No
Bank*State FE No No No No Yes
Adjusted R-squared 0.004 0.322 0.387 0.393 0.452
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Table 5. Information Asymmetry and Banks’ Reliance on the Industry Expertise Channel

This table presents impacts of information asymmetries between banks and mortgage borrowers on banks’
reliance on the industry expertise channel. The dependent variable is the logarithm of the number of mortgages
a bank approves in a county. The key independent variable is the interaction between Same Industry, a dummy
indicating that there exists at least one industry that a county and a bank both specialize in, and VAR. VAR is the
logarithm of one plus the number of branches a bank has in a county in column (1) and (2), and is the logarithm
of county-to-county Social Connectedness Index between a bank’s headquarter county and a borrower’s home
county in column (3) and (4). Controls include the average of loan amount to income ratio of all mortgage
applicants, the proportion of male applicants, the proportion of minority applicants, the logarithm of one plus
the number of branches a bank has in a county, the geographic distance between a bank’s headquarter county
and the borrower’s county, the logarithm of one plus the number of small business loans a bank originate in a
county, a bank’s exposure to a county through mortgage retaining, the logarithm of bank assets, total loans scaled
by assets, deposits scaled by assets, C&I loans scaled by total loans, real estate loans scaled by total loans, return
on assets, and total liquidity scaled by assets. The sample period is from 1995 to 2013. Numbers in parentheses
are standard errors. Standard errors are clustered at county level. ***, **, and * indicate p-values of 1%, 5%, and
10%, respectively.

(1) (2) (3) (4)

Log(No. Approved Mortgages)

Depository Branch Social Network

Same Industry 0.067*** 0.044*** 0.318*** 0.278***
(0.009) (0.008) (0.052) (0.046)

VAR 0.620*** 0.526*** 0.293*** 0.237***
(0.011) (0.011) (0.009) (0.013)

Same Industry*VAR -0.028*** -0.032*** -0.033*** -0.030***
(0.009) (0.008) (0.006) (0.005)

Loan-to-Income Ratio -0.035*** 0.011 -0.022*** 0.015**
(0.009) (0.008) (0.009) (0.008)

Prop. Male 0.061*** 0.068*** 0.057*** 0.061***
(0.022) (0.019) (0.021) (0.019)

Prop. Minority 0.502*** 0.385*** 0.486*** 0.379***
(0.048) (0.038) (0.047) (0.038)

Depository Branches - - 0.629*** 0.529***
- - (0.010) (0.010)

Distance -0.222*** -0.189*** 0.100*** 0.072***
(0.008) (0.016) (0.012) (0.021)

Log(No. SBL) 0.190*** 0.126*** 0.168*** 0.123***
(0.003) (0.003) (0.003) (0.003)

Mortgage Exposure 0.027* 0.056*** 0.021 0.059***
(0.016) (0.015) (0.016) (0.015)

Log(Assets) 0.183*** 0.367*** 0.188*** 0.338***
(0.015) (0.016) (0.016) (0.016)

Total Loans/Assets 0.178** 0.231*** 0.166** 0.191**
(0.083) (0.082) (0.083) (0.081)

Deposits/Assets -0.959*** -0.798*** -1.005*** -0.816***
(0.056) (0.055) (0.056) (0.055)

C&I Loans/Total Loans 2.041*** 2.138*** 2.052*** 2.105***
(0.092) (0.088) (0.091) (0.088)

RE Loans/Total Loans 2.124*** 2.330*** 2.203*** 2.372***
(0.068) (0.065) (0.068) (0.065)

ROA -4.002*** -3.588*** -3.856*** -3.775***
(0.402) (0.373) (0.396) (0.373)

Total Liquidity/Assets -2.308*** -2.322*** -2.230*** -2.242***
(0.085) (0.085) (0.085) (0.085)

Observations 245,250 245,117 245,118 244,986
County*Year FE Yes Yes Yes Yes
Bank FE Yes No Yes No
Bank*State FE No Yes No Yes
Adjusted R-squared 0.696 0.770 0.706 0.772
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Table 6. Local Risk and Banks’ Reliance on the Industry Expertise Channel

This table presents impacts of local risk on banks’ reliance on the industry expertise channel. The depen-
dent variable is the logarithm of the number of mortgages a bank approves in a county. The key independent
variable is the interaction between Same Industry, a dummy indicating that there exists at least one industry that
a county and a bank both specialize in, and VAR. VAR is the standardized sales growth of all U.S. public firms in
the top-three leading industries in a county in column (1) and (2), the standardized housing price growth rate in
column (3) and (4), and the standardized loan-to-income ratio in column (5) and (6). Controls include the average
of loan amount to income ratio of all mortgage applicants, the proportion of male applicants, the proportion of
minority applicants, the logarithm of one plus the number of branches a bank has in a county, the geographic
distance between a bank’s headquarter county and the borrower’s county, the logarithm of one plus the number
of small business loans a bank originate in a county, a bank’s exposure to a county through mortgage retaining,
the logarithm of bank assets, total loans scaled by assets, deposits scaled by assets, C&I loans scaled by total
loans, real estate loans scaled by total loans, return on assets, and total liquidity scaled by assets. The sample
period is from 1995 to 2013. Numbers in parentheses are standard errors. Standard errors are clustered at county
level. ***, **, and * indicate p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5) (6)

Log(No. Approved Mortgages)

Industry Growth Housing Price Growth Loan to Income Ratio

Same Industry 0.049*** 0.025*** 0.044*** 0.023*** 0.026*** 0.008
(0.008) (0.007) (0.008) (0.007) (0.009) (0.008)

Same Industry*VAR -0.028*** -0.020*** -0.035*** -0.017*** 0.081*** 0.059***
(0.007) (0.006) (0.007) (0.006) (0.009) (0.007)

Loan-to-Income Ratio -0.039*** 0.008 -0.032*** 0.014* -0.033*** 0.013*
(0.009) (0.008) (0.009) (0.008) (0.009) (0.008)

Prop. Male 0.060*** 0.066*** 0.064*** 0.068*** 0.061*** 0.068***
(0.022) (0.019) (0.022) (0.019) (0.022) (0.019)

Prop. Minority 0.504*** 0.385*** 0.504*** 0.391*** 0.502*** 0.385***
(0.049) (0.039) (0.049) (0.039) (0.048) (0.038)

Depository Branches 0.620*** 0.527*** 0.615*** 0.520*** 0.615*** 0.520***
(0.011) (0.011) (0.011) (0.011) (0.011) (0.011)

Distance -0.220*** -0.183*** -0.224*** -0.189*** -0.222*** -0.189***
(0.008) (0.017) (0.008) (0.017) (0.008) (0.016)

Log(No. SBL) 0.188*** 0.125*** 0.190*** 0.126*** 0.191*** 0.127***
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Mortgage Exposure 0.024 0.053*** 0.018 0.046*** 0.026 0.057***
(0.017) (0.016) (0.017) (0.016) (0.016) (0.015)

Log(Assets) 0.174*** 0.357*** 0.182*** 0.368*** 0.178*** 0.362***
(0.016) (0.016) (0.015) (0.016) (0.015) (0.016)

Total Loans/Assets 0.122 0.172** 0.210** 0.251*** 0.177** 0.229***
(0.084) (0.084) (0.083) (0.083) (0.083) (0.082)

Deposits/Assets -0.997*** -0.835*** -0.977*** -0.812*** -0.964*** -0.805***
(0.057) (0.056) (0.057) (0.055) (0.056) (0.055)

C&I Loans/Total Loans 2.030*** 2.124*** 2.020*** 2.144*** 2.010*** 2.115***
(0.093) (0.089) (0.093) (0.089) (0.092) (0.088)

RE Loans/Total Loans 2.181*** 2.382*** 2.168*** 2.375*** 2.143*** 2.342***
(0.069) (0.067) (0.068) (0.066) (0.068) (0.065)

ROA -3.839*** -3.476*** -4.125*** -3.666*** -4.122*** -3.684***
(0.404) (0.374) (0.404) (0.375) (0.402) (0.373)

Total Liquidity/Assets -2.359*** -2.377*** -2.284*** -2.308*** -2.275*** -2.300***
(0.086) (0.086) (0.086) (0.086) (0.085) (0.086)

Observations 239,425 239,297 240,778 240,647 245,250 245,117
County*Year FE Yes Yes Yes Yes Yes Yes
Bank FE Yes No Yes No Yes No
Bank*State FE No Yes No Yes No Yes
Adjusted R-squared 0.697 0.771 0.694 0.769 0.696 0.770

41



Table 7. Dispersion in Mortgage Size

This table presets evidence on soft information contained in mortgages originated through the industry
expertise channel. The dependent variables measure the dispersion in mortgage sizes, which are the logarithm of
the standard deviation and the logarithm of the interquartile range of the amounts of mortgages a bank approves
in a county and a year. The key independent variable is Same Industry, a dummy indicating that there exists at
least one industry that a county and a bank both specialize in. Controls include the average of loan amount to
income ratio of all mortgage applicants, the proportion of male applicants, the proportion of minority applicants,
the logarithm of one plus the number of branches a bank has in a county, the geographic distance between a
bank’s headquarter county and the borrower’s county, the logarithm of one plus the number of small business
loans a bank originate in a county, a bank’s exposure to a county through mortgage retaining, the logarithm of
bank assets, total loans scaled by assets, deposits scaled by assets, C&I loans scaled by total loans, real estate
loans scaled by total loans, return on assets, and total liquidity scaled by assets. The sample period is from 1995
to 2013. Numbers in parentheses are standard errors. Standard errors are clustered at county level. ***, **, and *
indicate p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4)

Log(STD. Mortgage Size) Log(IQ. Mortgage Size)

Same Industry 0.144*** 0.005* 0.146*** 0.015***
(0.005) (0.003) (0.004) (0.003)

Loan-to-Income Ratio 0.140*** 0.115***
(0.004) (0.004)

Prop. Male 0.257*** 0.309***
(0.009) (0.011)

Prop. Minority -0.258*** -0.335***
(0.015) (0.019)

Depository Branches 0.013*** -0.019***
(0.002) (0.002)

Distance -0.029*** -0.024***
(0.004) (0.004)

Log(No. SBL) 0.026*** 0.019***
(0.001) (0.001)

Mortgage Exposure -0.090*** -0.103***
(0.006) (0.006)

Log(Assets) 0.006 0.005
(0.005) (0.005)

Total Loans/Assets 0.260*** 0.083**
(0.033) (0.036)

Deposits/Assets -0.168*** -0.186***
(0.024) (0.025)

C&I Loans/Total Loans 0.110*** 0.181***
(0.038) (0.041)

RE Loans/Total Loans 0.385*** 0.313***
(0.028) (0.030)

ROA -0.862*** -0.398**
(0.178) (0.193)

Total Liquidity/Assets 0.169*** 0.273***
(0.036) (0.040)

Observations 320,418 244,859 320,380 244,841
County*Year FE No Yes No Yes
Bank FE No No No No
Bank*State FE No Yes No Yes
Adjusted R-squared 0.00447 0.659 0.00466 0.595
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Table 8. Defaulting Shocks and Banks’ Reliance on the Industry Expertise Channel

This table presents impacts of banks’ defaulting experience in corporate loans on their reliance on the in-
dustry expertise channel. The dependent variable is the logarithm of the number of mortgages a bank approves
in a county. The key independent variable is Corporate Default, a dummy indicating that a bank has one of its
syndicated loan borrowers defaulting in any of its specialized industries, and the bank and the county share
same industry specializations. Controls include the average of loan amount to income ratio of all mortgage
applicants, the proportion of male applicants, the proportion of minority applicants, the logarithm of one plus
the number of branches a bank has in a county, the geographic distance between a bank’s headquarter county
and the borrower’s county, the logarithm of one plus the number of small business loans a bank originate in a
county, a bank’s exposure to a county through mortgage retaining, the logarithm of bank assets, total loans scaled
by assets, deposits scaled by assets, C&I loans scaled by total loans, real estate loans scaled by total loans, return
on assets, and total liquidity scaled by assets. The sample period is from 1995 to 2013. Numbers in parentheses
are standard errors. Standard errors are clustered at county level. ***, **, and * indicate p-values of 1%, 5%, and
10%, respectively.

(1) (2) (3)

Log(No. Approved Mortgages)

Corporate Default -0.201*** -0.400*** -0.123*
(0.070) (0.079) (0.069)

Loan-to-Income Ratio -0.149*** -0.120*** -0.028
(0.036) (0.036) (0.031)

Prop. Male 0.063 0.049 0.107
(0.103) (0.100) (0.088)

Prop. Minority 0.250 0.279 0.352**
(0.176) (0.177) (0.149)

Depository Branches 0.514*** 0.477*** 0.437***
(0.024) (0.025) (0.023)

Distance -0.163*** -0.150*** -0.373***
(0.025) (0.025) (0.052)

Log(No. SBL) 0.177*** 0.212*** 0.117***
(0.009) (0.010) (0.010)

Mortgage Exposure -0.076 -0.089 0.003
(0.079) (0.081) (0.081)

Log(Assets) 0.491*** 0.706***
(0.109) (0.112)

Total Loans/Assets -0.059 0.528
(0.744) (0.793)

Deposits/Assets 2.886*** 3.197***
(0.458) (0.422)

C&I Loans/Total Loans -1.626** 1.537*
(0.779) (0.921)

RE Loans/Total Loans 3.581*** 4.326***
(0.624) (0.615)

ROA -3.911 -2.280
(2.621) (2.204)

Total Liquidity/Assets -1.712** -3.047***
(0.752) (0.739)

Observations 14,086 14,037 13,837
County*Year FE Yes Yes Yes
Bank FE Yes Yes No
Bank*State FE No No Yes
Adjusted R-squared 0.721 0.730 0.828
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Table 9. Mortgage Performance

This table presents impacts of the industry expertise channel on banks’ mortgage performance. The de-
pendent variable is a bank’s return on residential real estate loans in column (1) - (2) and is the annual change
in a bank’s return on residential real estate loans in column (3) - (4). The independent variable is the rank of
the proportion of mortgages a bank originates in counties sharing their industry specialization. This proportion
is calculated based on numbers of mortgages. We rank banks into five groups. Banks with higher ranks have
more mortgages originated through the channel. Controls include the logarithm of bank assets, total loans scaled
by assets, deposits scaled by assets, C&I loans scaled by total loans, real estate loans scaled by total loans, total
liquidity scaled by assets. The sample period is from 1995 to 2013. Numbers in parentheses are standard errors.
Standard errors are clustered at the bank level. ***, **, and * indicate p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4)
ROA - RE Loans ∆ROA - RE Loans

Rank of Specialized Lending 0.0006*** 0.0002** 0.0003** 0.0002*
(0.0002) (0.0001) (0.0001) (0.0001)

Log(Assets) -0.0047*** 0.0007 -0.0002 0.0012**
(0.0007) (0.0007) (0.0002) (0.0005)

Total Loans/Assets 0.0239*** 0.0187*** -0.0036 -0.0064*
(0.0064) (0.0056) (0.0041) (0.0037)

Deposits/Assets -0.0190*** -0.0000 -0.0003 -0.0039
(0.0040) (0.0034) (0.0027) (0.0035)

RE Loans/Total Loans 0.0305*** 0.0401*** -0.0002 0.0022
(0.0046) (0.0033) (0.0026) (0.0031)

C&I Loans/Total Loans -0.0009 -0.0003 -0.0015 0.0033
(0.0053) (0.0038) (0.0029) (0.0033)

Total Liquidity/Assets -0.0065 0.0023 0.0029 -0.0028
(0.0063) (0.0053) (0.0037) (0.0034)

Observations 651 651 651 651
Bank FE Yes Yes Yes Yes
Year FE No Yes No Yes
Adjusted R-squared 0.850 0.935 0.034 0.389
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Table 10. Excluding An Alternative Channel - Employees of Banks’ Corporate Borrowers

This table presents results excluding an alternative channel. The sample in column (1)-(3) drops a bank’s
mortgages in a state if the bank has a syndicated loan borrower located in the state. The sample in column
(4)-(6) drops a bank’s mortgages in a state if the bank has a syndicated loan borrower located in the state or the
borrower has an establishment/subsidiary in the state. The dependent variable is the logarithm of the number of
mortgages a bank approves in a county. The key independent variable is Same Industry, a dummy indicating that
there exists at least one industry that a county and a bank both specialize in. Controls include the average of loan
amount to income ratio of all mortgage applicants, the proportion of male applicants, the proportion of minority
applicants, the logarithm of one plus the number of branches a bank has in a county, the geographic distance
between a bank’s headquarter county and the borrower’s county, the logarithm of one plus the number of small
business loans a bank originates in a county, a bank’s exposure to a county through mortgage retaining, the
logarithm of bank assets, total loans scaled by assets, deposits scaled by assets, C&I loans scaled by total loans,
real estate loans scaled by total loans, return on assets, and total liquidity scaled by assets. The sample period is
from 1995 to 2013. Numbers in parentheses are standard errors. Standard errors are clustered at county level. ***,
**, and * indicate p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5) (6)

Log(No. Approved Mortgages)

Exclude Headquarter State Exclude Operating States from 10K

Same Industry 0.081*** 0.042*** 0.038*** 0.111*** 0.089*** 0.080***
(0.009) (0.009) (0.008) (0.013) (0.013) (0.012)

Loan-to-Income Ratio -0.000 -0.010 0.030*** -0.011 -0.008 0.003
(0.009) (0.009) (0.008) (0.010) (0.010) (0.009)

Prop. Male 0.047** 0.076*** 0.073*** 0.095*** 0.124*** 0.141***
(0.023) (0.023) (0.020) (0.031) (0.030) (0.026)

Prop. Minority 0.570*** 0.530*** 0.426*** 0.355*** 0.318*** 0.206***
(0.051) (0.050) (0.040) (0.054) (0.054) (0.047)

Depository Branches 0.635*** 0.626*** 0.528*** 0.598*** 0.590*** 0.486***
(0.012) (0.012) (0.012) (0.012) (0.012) (0.012)

Distance -0.231*** -0.239*** -0.160*** -0.202*** -0.200*** -0.215***
(0.007) (0.008) (0.020) (0.008) (0.009) (0.022)

Log(No. SBL) 0.178*** 0.186*** 0.126*** 0.248*** 0.258*** 0.185***
(0.003) (0.003) (0.003) (0.004) (0.004) (0.004)

Mortgage Exposure 0.039** 0.034* 0.046*** 0.061*** 0.042* 0.154***
(0.019) (0.018) (0.017) (0.023) (0.023) (0.023)

Log(Assets) 0.217*** 0.390*** 0.136*** 0.424***
(0.019) (0.019) (0.022) (0.023)

Total Loans/Assets 0.187** 0.193** -2.144*** -1.948***
(0.091) (0.090) (0.146) (0.134)

Deposits/Assets -1.121*** -0.805*** -1.371*** -1.022***
(0.065) (0.064) (0.100) (0.101)

C&I Loans/Total Loans 2.371*** 2.212*** 1.448*** 1.021***
(0.112) (0.103) (0.152) (0.151)

RE Loans/Total Loans 2.304*** 2.416*** 1.974*** 1.924***
(0.077) (0.076) (0.106) (0.103)

ROA -4.326*** -4.403*** -5.763*** -5.802***
(0.452) (0.419) (0.468) (0.445)

Total Liquidity/Assets -2.404*** -2.455*** -3.547*** -3.617***
(0.098) (0.093) (0.142) (0.139)

Observations 203,336 202,998 202,865 118,872 118,629 118,496
County*Year FE Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes No Yes Yes No
Bank*State FE No No Yes No No Yes
Adjusted R-squared 0.674 0.683 0.763 0.680 0.686 0.770
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Table 11. Mortgage Securitization and Banks’ Reliance on the Industry Expertise Channel

This table presents impacts of a bank’s deposit beta on its reliance on the industry expertise channel. The
dependent variable is the logarithm of the number of mortgages a bank approves in a county. The key inde-
pendent variable is the interaction between Same Industry and a bank’s deposit beta. The beta is standardized.
Controls include the average of loan amount to income ratio of all mortgage applicants, the proportion of male
applicants, the proportion of minority applicants, the logarithm of one plus the number of branches a bank has in
a county, the geographic distance between a bank’s headquarter county and the borrower’s county, the logarithm
of one plus the number of small business loans a bank originate in a county, a bank’s exposure to a county
through mortgage retaining, the logarithm of bank assets, total loans scaled by assets, deposits scaled by assets,
C&I loans scaled by total loans, real estate loans scaled by total loans, return on assets, and total liquidity scaled
by assets. The sample period is from 1995 to 2013. Numbers in parentheses are standard errors. Standard errors
are clustered at county level. ***, **, and * indicate p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5)

Log(No. Approved Mortgages)

Same Industry 0.186*** 0.103*** 0.079*** 0.052*** 0.028***
(0.012) (0.010) (0.008) (0.008) (0.007)

Deposit Beta -0.012*** 0.010*** 0.062*** -0.002 -0.002
(0.004) (0.003) (0.003) (0.003) (0.003)

Same Industry*Deposit Beta -0.136*** -0.081*** -0.085*** -0.060*** -0.015**
(0.011) (0.009) (0.008) (0.008) (0.007)

Loan-to-Income Ratio -0.024*** -0.035*** 0.011
(0.009) (0.009) (0.008)

Prop. Male 0.050** 0.059*** 0.067***
(0.022) (0.022) (0.019)

Prop. Minority 0.538*** 0.504*** 0.386***
(0.049) (0.048) (0.038)

Depository Branches 0.623*** 0.615*** 0.521***
(0.011) (0.011) (0.011)

Distance -0.216*** -0.222*** -0.189***
(0.007) (0.008) (0.016)

Log(No. SBL) 0.185*** 0.191*** 0.127***
(0.003) (0.003) (0.003)

Mortgage Exposure 0.022 0.024 0.056***
(0.017) (0.016) (0.015)

Log(Assets) 0.170*** 0.363***
(0.016) (0.016)

Total Loans/Assets 0.127 0.206**
(0.083) (0.082)

Deposits/Assets -1.009*** -0.817***
(0.058) (0.056)

C&I Loans/Total Loans 2.016*** 2.135***
(0.092) (0.089)

RE Loans/Total Loans 2.179*** 2.351***
(0.069) (0.066)

ROA -4.087*** -3.618***
(0.404) (0.374)

Total Liquidity/Assets -2.364*** -2.350***
(0.088) (0.087)

Observations 319,385 312,819 245,197 245,197 245,066
County*Year FE No Yes Yes Yes Yes
Bank FE No Yes Yes Yes No
Bank*State FE No No No No Yes
Adjusted R-squared 0.002 0.434 0.689 0.696 0.770
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Appendix A The Industry Expertise Channel and Mortgage Lending - A
Weighted Measure of Lending Specialization

This table presents impacts of the industry expertise channel on banks’ allocation of mortgage credits across
counties. The dependent variable is the logarithm of the number of mortgages a bank approves in a county.
The key independent variable is Same Industry, a dummy indicating that there exists at least one industry that
a county and a bank both specialize in. When calculating a bank’s lending specialization, we first classify all
firms in an industry into 10 groups based on total assets, with group 10 indicating firms with largest assets. We
then use the rank as a weight to calculate a bank’s total lending to a given industry. The specific formula for

the construction of lending specialization is as follows: Lb
i,t =

∑K
j=1 Loanb

i,j,t∗Ranki,j,t

∑I
i=1 ∑K

j=1 Loanb
i,j,t∗Ranki,j,t

, where b represents a bank, i

represents an industry, j represents a firm in industry i. Controls include the average of loan amount to income
ratio of all mortgage applicants, the proportion of male applicants, the proportion of minority applicants, the
logarithm of one plus the number of branches a bank has in a county, the geographic distance between a bank’s
headquarter county and the borrower’s county, the logarithm of one plus the number of small business loans
a bank originate in a county, a bank’s exposure to a county through mortgage retaining, the logarithm of bank
assets, total loans scaled by assets, deposits scaled by assets, C&I loans scaled by total loans, real estate loans
scaled by total loans, return on assets, and total liquidity scaled by assets. The sample period is from 1995 to 2013.
Numbers in parentheses are standard errors. Standard errors are clustered at county level. ***, **, and * indicate
p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5)

Log(No. Approved Mortgages)

Same Industry 0.208*** 0.066*** 0.087*** 0.063*** 0.031***
(0.013) (0.010) (0.008) (0.008) (0.007)

Loan-to-Income Ratio -0.039*** -0.037*** 0.017**
(0.009) (0.009) (0.008)

Prop. Male 0.036* 0.046** 0.065***
(0.021) (0.021) (0.018)

Prop. Minority 0.488*** 0.476*** 0.350***
(0.046) (0.045) (0.036)

Depository Branches 0.628*** 0.622*** 0.526***
(0.011) (0.011) (0.011)

Distance -0.211*** -0.212*** -0.153***
(0.007) (0.007) (0.016)

Log(No. SBL) 0.166*** 0.174*** 0.113***
(0.003) (0.003) (0.003)

Mortgage Exposure 0.034** 0.048*** 0.053***
(0.017) (0.017) (0.016)

Log(Assets) 0.048*** 0.220***
(0.015) (0.015)

Total Loans/Assets -0.076 -0.014
(0.075) (0.073)

Deposits/Assets -0.955*** -0.808***
(0.055) (0.054)

C&I Loans/Total Loans 3.379*** 3.583***
(0.088) (0.084)

RE Loans/Total Loans 3.156*** 3.312***
(0.061) (0.060)

ROA -8.320*** -8.161***
(0.389) (0.353)

Total Liquidity/Assets -1.151*** -1.178***
(0.072) (0.070)

Observations 345,290 338,965 265,121 264,585 264,452
County*Year FE No Yes Yes Yes Yes
Bank FE No Yes Yes Yes No
Bank*State FE No No No No Yes
Adjusted R-squared 0.002 0.445 0.685 0.692 0.765
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Appendix B The Industry Expertise Channel and Mortgage Lending: Inten-
sive Connection, Top-three Industries in A County

This table presents impacts of the industry expertise channel on banks’ allocation of mortgage credits across coun-
ties at the intensive margin. The dependent variable is the logarithm of the number of mortgages a bank approves
in a county. The key independent variable, Prop. Residents, is the proportion of local residents working in indus-
tries that both banks and counties specialize in. Controls include the average of loan amount to income ratio of
all mortgage applicants, the proportion of male applicants, the proportion of minority applicants, the logarithm
of one plus the number of branches a bank has in a county, the geographic distance between a bank’s headquarter
county and the borrower’s county, the logarithm of one plus the number of small business loans a bank originate
in a county, a bank’s exposure to a county through mortgage retaining, the logarithm of bank assets, total loans
scaled by assets, deposits scaled by assets, C&I loans scaled by total loans, real estate loans scaled by total loans,
return on assets, and total liquidity scaled by assets. The sample period is from 1995 to 2013. Numbers in paren-
theses are standard errors. Standard errors are clustered at county level. ***, **, and * indicate p-values of 1%, 5%,
and 10%, respectively.

(1) (2) (3) (4) (5)

Log(No. Approved Mortgages)

Prop. Residents 0.038*** 0.033*** 0.028*** 0.016*** 0.008***
(0.004) (0.003) (0.002) (0.002) (0.002)

Loan-to-Income Ratio -0.027*** -0.035*** 0.011
(0.009) (0.009) (0.008)

Prop. Male 0.037* 0.061*** 0.068***
(0.022) (0.022) (0.019)

Prop. Minority 0.545*** 0.504*** 0.385***
(0.049) (0.048) (0.038)

Depository Branches 0.626*** 0.616*** 0.521***
(0.011) (0.011) (0.011)

Distance -0.215*** -0.222*** -0.189***
(0.007) (0.008) (0.016)

Log(No. SBL) 0.181*** 0.190*** 0.126***
(0.003) (0.003) (0.003)

Mortgage Exposure 0.017 0.028* 0.057***
(0.017) (0.016) (0.015)

Log(Assets) 0.180*** 0.366***
(0.015) (0.016)

Total Loans/Assets 0.170** 0.224***
(0.083) (0.082)

Deposits/Assets -0.961*** -0.802***
(0.056) (0.055)

C&I Loans/Total Loans 2.032*** 2.132***
(0.092) (0.088)

RE Loans/Total Loans 2.123*** 2.330***
(0.068) (0.065)

ROA -4.018*** -3.602***
(0.402) (0.373)

Total Liquidity/Assets -2.315*** -2.327***
(0.085) (0.085)

Observations 321,067 314,508 245,786 245,250 245,117
County*Year FE No Yes Yes Yes Yes
Bank FE No Yes Yes Yes No
Bank*State FE No No No No Yes
Adjusted R-squared 0.001 0.433 0.688 0.696 0.770
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Appendix C The Industry Expertise Channel and Mortgage Lending - In-
tensive Connection, All Industries in a County

This table presents impacts of the industry expertise channel on banks’ allocation of mortgage credits across coun-
ties. The dependent variable is the logarithm of the number of mortgages a bank approves in a county. The key
independent variable, Prop.ResidentsAll , is the standardized proportion of residents in a county that work in any
industry in which a bank specializes, not matter whether the industry belongs to the top-three industries in the
county. Controls include the average of loan amount to income ratio of all mortgage applicants, the proportion
of male applicants, the proportion of minority applicants, the logarithm of one plus the number of branches a
bank has in a county, the geographic distance between a bank’s headquarter county and the borrower’s county,
the logarithm of one plus the number of small business loans a bank originate in a county, a bank’s exposure to a
county through mortgage retaining, the logarithm of bank assets, total loans scaled by assets, deposits scaled by
assets, C&I loans scaled by total loans, real estate loans scaled by total loans, return on assets, and total liquidity
scaled by assets. The sample period is from 1995 to 2013. Numbers in parentheses are standard errors. Standard
errors are clustered at county level. ***, **, and * indicate p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5)

Log(No. Approved Mortgages)

Prop. ResidentsAll 0.072*** 0.039*** 0.024*** 0.013*** 0.004*
(0.004) (0.003) (0.002) (0.003) (0.002)

Loan-to-Income Ratio -0.028*** -0.036*** 0.011
(0.009) (0.009) (0.008)

Prop. Male 0.036* 0.061*** 0.068***
(0.022) (0.022) (0.019)

Prop. Minority 0.546*** 0.504*** 0.385***
(0.049) (0.048) (0.038)

Depository Branches 0.628*** 0.617*** 0.522***
(0.011) (0.011) (0.011)

Distance -0.215*** -0.222*** -0.189***
(0.007) (0.008) (0.016)

Log(No. SBL) 0.180*** 0.190*** 0.126***
(0.003) (0.003) (0.003)

Mortgage Exposure 0.017 0.027* 0.057***
(0.017) (0.016) (0.015)

Log(Assets) 0.186*** 0.370***
(0.015) (0.016)

Total Loans/Assets 0.187** 0.232***
(0.083) (0.082)

Deposits/Assets -0.965*** -0.806***
(0.056) (0.055)

C&I Loans/Total Loans 2.063*** 2.151***
(0.092) (0.088)

RE Loans/Total Loans 2.125*** 2.333***
(0.068) (0.065)

ROA -4.010*** -3.576***
(0.402) (0.373)

Total Liquidity/Assets -2.305*** -2.325***
(0.085) (0.085)

Observations 321,067 314,508 245,786 245,250 245,117
County*Year FE No Yes Yes Yes Yes
Bank FE No Yes Yes Yes No
Bank*State FE No No No No Yes
Adjusted R-squared 0.00224 0.433 0.688 0.696 0.770

50



Appendix D The Industry Expertise Channel and Mortgage Lending - Dol-
lar Volumes

This table presents the impacts of the industry expertise channel and banks’ allocation of mortgage credits across
counties. The dependent variable is the logarithm of the dollar volumes of mortgages a bank approves in a county.
The key independent variable is Same Industry, a dummy indicating that there exists at least one industry that a
county and a bank both specialize in. Controls include the average of loan amount to income ratio of all mortgage
applicants, the proportion of male applicants, the proportion of minority applicants, the logarithm of one plus
the number of branches a bank has in a county, the geographic distance between a bank’s headquarter county
and the borrower’s county, the logarithm of one plus the number of small business loans a bank originate in a
county, a bank’s exposure to a county through mortgage retaining, the logarithm of bank assets, total loans scaled
by assets, deposits scaled by assets, C&I loans scaled by total loans, real estate loans scaled by total loans, return
on assets, and total liquidity scaled by assets. The sample period is from 1995 to 2013. Numbers in parentheses
are standard errors. Standard errors are clustered at county level. ***, **, and * indicate p-values of 1%, 5%, and
10%, respectively.

(1) (2) (3) (4) (5)

Log($ Approved Mortgages)

Same Industry 0.341*** 0.105*** 0.103*** 0.066*** 0.042***
(0.013) (0.010) (0.008) (0.008) (0.007)

Loan-to-Income Ratio 0.268*** 0.258*** 0.286***
(0.010) (0.009) (0.009)

Prop. Male 0.377*** 0.396*** 0.364***
(0.022) (0.022) (0.019)

Prop. Minority 0.252*** 0.212*** 0.142***
(0.046) (0.045) (0.039)

Depository Branches 0.613*** 0.605*** 0.509***
(0.011) (0.011) (0.010)

Distance -0.217*** -0.225*** -0.201***
(0.008) (0.008) (0.017)

Log(No. SBL) 0.188*** 0.194*** 0.129***
(0.003) (0.003) (0.003)

Mortgage Exposure -0.107*** -0.096*** -0.047***
(0.017) (0.016) (0.016)

Log(Assets) 0.198*** 0.381***
(0.015) (0.015)

Total Loans/Assets 0.442*** 0.471***
(0.083) (0.082)

Deposits/Assets -1.052*** -0.937***
(0.057) (0.056)

C&I Loans/Total Loans 1.912*** 2.007***
(0.092) (0.089)

RE Loans/Total Loans 2.129*** 2.393***
(0.071) (0.069)

ROA -4.082*** -3.583***
(0.422) (0.393)

Total Liquidity/Assets -1.868*** -1.896***
(0.084) (0.086)

Observations 321,067 314,508 245,786 245,250 245,117
County*Year FE No Yes Yes Yes Yes
Bank FE No Yes Yes Yes No
Bank*State FE No No No No Yes
Adjusted R-squared 0.004 0.544 0.734 0.741 0.802
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Appendix E The Industry Expertise Channel and Mortgage Approval Rates
- Level of Industry Expertise

This table presents the impacts of the industry expertise channel and banks’ allocation of mortgage credits across
counties. The dependent variable is the logarithm of the dollar volumes of mortgages a bank approves in a
county. The key independent variable is Lev. Ind Exp - the standardized levels of banks’ expertise in an industry
in which both banks and counties specialize. The level of a bank’s industry expertise in an industry is defined
as the difference between a bank’s loan share in an industry minus the threshold used to identify an outlier loan
share (see equation (1) for the calculation of a bank’s loan share and the threshold). Controls include the average
of loan amount to income ratio of all mortgage applicants, the proportion of male applicants, the proportion of
minority applicants, the logarithm of one plus the number of branches a bank has in a county, the geographic
distance between a bank’s headquarter county and the borrower’s county, the logarithm of one plus the number
of small business loans a bank originate in a county, a bank’s exposure to a county through mortgage retaining,
the logarithm of bank assets, total loans scaled by assets, deposits scaled by assets, C&I loans scaled by total loans,
real estate loans scaled by total loans, return on assets, and total liquidity scaled by assets. The sample period is
from 1995 to 2013. Numbers in parentheses are standard errors. Standard errors are clustered at county level. ***,
**, and * indicate p-values of 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5)

Log(No. Approved Mortgages)

Lev. Ind Exp 0.026*** 0.024*** 0.014*** 0.013*** 0.015***
(0.004) (0.004) (0.003) (0.003) (0.002)

Loan-to-Income Ratio -0.029*** -0.037*** 0.011
(0.009) (0.009) (0.008)

Prop. Male 0.039* 0.062*** 0.068***
(0.022) (0.022) (0.019)

Prop. Minority 0.544*** 0.502*** 0.385***
(0.049) (0.048) (0.038)

Depository Branches 0.629*** 0.618*** 0.521***
(0.011) (0.011) (0.011)

Distance -0.216*** -0.222*** -0.189***
(0.007) (0.008) (0.016)

Log(No. SBL) 0.180*** 0.189*** 0.126***
(0.003) (0.003) (0.003)

Mortgage Exposure 0.020 0.029* 0.058***
(0.017) (0.016) (0.015)

Log(Assets) 0.193*** 0.372***
(0.015) (0.015)

Total Loans/Assets 0.176** 0.221***
(0.083) (0.082)

Deposits/Assets -0.961*** -0.793***
(0.056) (0.055)

C&I Loans/Total Loans 2.055*** 2.132***
(0.092) (0.088)

RE Loans/Total Loans 2.115*** 2.313***
(0.067) (0.065)

ROA -3.888*** -3.524***
(0.401) (0.372)

Total Liquidity/Assets -2.337*** -2.353***
(0.085) (0.085)

Observations 321,067 314,508 245,786 245,250 245,117
County*Year FE No Yes Yes Yes Yes
Bank FE No Yes Yes Yes No
Bank*State FE No No No No Yes
Adjusted R-squared 0.000279 0.433 0.688 0.696 0.770
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