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1 Introduction

The geographic distance between borrowers and lenders has been shown to be an im-
portant determinant of loan pricing. In recent years, borrower-lender distance has been
widening inmanycountriesdue tobankbranchclosures.1 This trend is driven, for exam-
ple, bybankconsolidation (Keil andOngena, 2024) andbyadecline in the franchisevalue
of retail deposits associated with digitization (Narayanan et al., 2025). It raises policy
concerns about declining competition in loan markets, as reduced competition among
banks tends to increase borrowing costs for small businesses (Rice and Strahan, 2010).
Despite ongoing digitization in the banking sector, recent empirical studies nonetheless
show that geographic proximity still matters for corporate lending to small businesses
(Nguyen, 2019; Granja et al., 2022; Adams et al., 2023; Herpfer et al., 2023). In light of
these developments, a key question is whatmechanisms determine loan rates given the
geographic configuration of a borrower, its lender, and competing banks.

The existing empirical literature has extensively studied the role of distance in loan
pricing, primarily using reduced-form approaches. This paper revisits this issue using
a structural estimation approach with three main advantages. First, we address the en-
dogeneity arising from the simultaneity of firms’ lender choices and banks’ pricing de-
cisions, both of which may depend on distance. To this end, we explicitly model these
decisions within a unified framework and estimate the model using a likelihood func-
tion constructed from the implied choices of lenders and loan rates. Second, our frame-
work allows us to separately identify the effects of distance on lenders’ costs andborrow-
ers’ costs, which canbe interpreted asmonitoring and transportation costs, respectively.
Given our assumptions on bank competition, distance to the lender and to nearby com-
petingbanks affect loan ratesdifferently, enablingus toquantify the contributionof each
channel. Third, our model enables counterfactual analysis of policy-relevant scenarios.
We examine how loan rates adjust endogenously to branch closures while accounting
for firms’ lender choices, which is essential because firmsmust select new lenders when
their current branches close.

1See Keil and Ongena (2024) for the U.S. and Legran et al. (2024) for Europe.

2



Figure 1: Number of Bank Branches in Japan

Note: The figure shows the total number of bank branches in Japan from 2009 to 2024.

We begin with an empirical analysis of the role of distance to the lending bank and
to competing banks, following Degryse and Ongena (2005). We combine firm-level data
withbank-branch-level information fromJapan,wheremore than20percentofbranches
have closedover thepast 15 years, as shown inFigure 1, apattern similar to that observed
in other advanced economies. Our results are consistentwith the existing literature (e.g.,
Degryse and Ongena, 2005; Agarwal and Hauswald, 2010; Herpfer et al., 2023): distance
to the lending bank branch has a modest effect on loan rates, whereas distance to rival
bank branches has a larger effect. These patterns inform how we specify the mode of
competition in our structural model.

Guided by these empirical patterns, we develop a structural model of firms’ lender
choices and banks’ loan pricing. Given their geographic configuration, firms choose a
bank branch based on loan rates and distance (capturing transportation costs). Banks
compete in setting loan rates à la Bertrand, taking into account rivals’ behavior and their
own costs, which depend on borrower characteristics, distance to the borrower (cap-
turingmonitoring costs), and idiosyncratic components. Under this assumption on the
mode of competition, equilibrium loan rates are characterized by a second-price auc-
tion, as in Allen, Clark andHoude (2019), which is consistent with the empirical patterns

3



we document. In other words, equilibrium rates are largely determined by the best al-
ternative offer available to the firm, implying that loan rates depend primarily on the
proximity of rival banks rather than that of the chosen lender.

We estimate the model using maximum simulated likelihood and the main findings
are summarized as follows. First, distance affects loan pricing through both firms’ costs
and banks’ costs. The estimates imply that a one-kilometer increase in the distance to
a rival bank branch raises borrowing costs by approximately 8.7 basis points, which is
economically significant in Japan’s low-interest environment. In contrast, the effect of
distance to the lending branch is more moderate, underscoring the central role of bank
competition in determining loan rates. Second, our results indicate that reduced-form
estimates may be biased due to endogeneity. In particular, the effect of distance to rival
bank branches is substantially attenuated in reduced-form regressions: the estimated
impact of a one-kilometer increase in rival distance is at most 1.8 basis points, which is
much smaller than the 8.7 basis points implied by our structural model.

We use the estimated model to conduct counterfactual simulations that assess how
hypothetical branchclosures affectfirms’borrowingcosts in Japan. Since consolidation-
driven branch closures in Japan are broadly consistent with global trends, our policy ex-
ercises have implications for other countries facing similar challenges. As a policy ex-
periment, we close all branches of the second-largest bank (in terms of the number of
borrowers) in each prefecture. While our results indicate that such consolidation can
lead to sizable increases in loan rates, themagnitude of these effects varies substantially
across firms and regions, reflecting differences in the availability of nearby alternative
banks. Although bank consolidationmay yield benefits such as reduced operating costs,
these findings imply that it can also impose welfare costs by increasing firms’ borrowing
costs. This suggests that policymakers should consider regional bank competitionwhen
anticipating the adverse effects of bank consolidation.

Related Literature

This paper contributes to three strands of the literature. First, our study builds on the
empirical literature examining the role of distance in loan pricing. Degryse and Ongena
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(2005) use data from a single bank in Belgium and show that firms’ borrowing costs de-
pendondistance toboth the lendingbankandcompetingbanks. Agarwal andHauswald
(2010) obtain similar results for the U.S. banking sector, using declined loan applica-
tion data to address sample selection bias arising from endogenous lender-borrower
matching. Herpfer, Mjøs and Schmidt (2023) address the endogeneity of distance by
exploiting infrastructure projects as exogenous changes in accessibility and show that
geographic proximity matters for loan pricing in Norway.2 Despite the expansion of ge-
ographic scope of bank lending through digitization (Petersen and Rajan, 2002) and the
share of FinTech lending is increasing (Gopal and Schnabl, 2022), recent empirical stud-
ies, including Nguyen (2019), Granja et al. (2022), Adams et al. (2023), and Herpfer et
al. (2023), show that geographic proximity still matters for corporate lending to small
businesses. Building on prior reduced-form studies that establish the importance of ge-
ographic proximity in corporate lending, we develop and structurally estimate a model
where firms’ bank choice and loan pricing are jointly determined, allowing us to unravel
themechanismsunderlying distance effects by separately quantify lenders’ andborrow-
ers’ costs associated with distance.

Second, this paper contributes to the recent literature applying structural estimation
to banking, including Egan, Hortaçsu andMatvos (2017), Pavanini, Ioannidou and Peng
(2022), andWang,Whited,WuandXiao (2022). Among these studies, our paper is closely
related to approaches that exploit firm-level decision data, rather thanmarket-level ag-
gregated data. In particular, our paper is similar to Crawford, Pavanini and Schivardi
(2018) in exploitingmatched firm-bank data, althoughwe abstract from asymmetric in-
formation and focus instead on how geographic distance affects lender choice and loan
pricing. Ourestimation framework, in turn, closely followsAllen,ClarkandHoude (2019),
which studies theCanadianmortgagemarket bymodelingBertrand competition among
banks. In addition, ourmotivation is similar to that of Yasuda (2005), who shows that re-
lationship length affects both underwriter choice and underwriting fees, and separately
identifies these two channels. In our setting, distance plays an analogous role, influenc-

2In the Japanese context, Ono, Saito, Sakai andUesugi (2023) show that increase in lender distance due
to bankmergers induce firms to switch lenders.
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ingbothfirms’ lender choices and loan rates, andour frameworkallowsus todisentangle
these effects.

Third, this paper is related to the literature on the effects of bank consolidation (e.g.,
Sapienza, 2002; Maudos and de Guevara, 2007; Degryse et al., 2011; Erel, 2011; Nguyen,
2019; Huber, 2021). In contrast to these studies, we do not identify the causal effects
of bank consolidation. Instead, we conduct counterfactual simulations to quantify its
impact on loan pricing while accounting for firms’ endogenous bank choice and the
competitive structure each firm faces. Our counterfactual analysis is also related to the
merger simulation literature in industrial organization based on the framework devel-
oped by (Berry et al., 1995). Unlike standard approaches relying on aggregate market
share data, we exploit firm-level data to account for rich heterogeneity in firms’ choice
sets. This feature is particularly important in local bankingmarkets, where firms face ge-
ographically differentiated lender options and respond differently to changes in branch
networks.

The remainder of the paper is organized as follows. Section 2 describes the data used
in the empirical analysis and presents reduced-form evidence tomotivate the structural
model. Section 3 introduces the structural model of banking, and Section 4 presents the
empirical results, including counterfactual simulations. Section 6 concludes.

2 Data andMotivating Facts

This study primarily utilizes two datasets: the Teikoku Databank database and Kinyu
Meikan (Financial Directory). First, We describe these data sources and their structure
and then present descriptive statistics. Appendix A provides a more detailed descrip-
tion of the data, including the construction of the variables used for estimation. Next,
we perform descriptive and reduced-form analyses to motivate our structural models.
In our analysis, we particularly focus on how firms’ choice of lending branches, as well
as their loan pricing, are affected by the geographical distance between firms and bank
branches.
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2.1 Data Sources

Our firm-level data is provided by Teikoku Databank LTD., a leading business credit bu-
reau in Japan. We utilize various datasets from the Teikoku Databank: the corporate fi-
nancialdatabase, thecorporateprofiledatabase, and thecorporatecredit researchdatabase.
The corporate financial database contains financial information on firms, including in-
terest payments, profitability, and asset and loan sizes. The corporate profile database
provides firm-level information, including its address. The corporate credit research
database provides the bank-branch code of the bank branch with which the firm pri-
marily transacts.

Financial Directory (Kinyu Meikan) is an annual dataset that comprehensively lists
branches of financial institutions in Japan. Although Japanese private financial insti-
tutions can be categorized in various ways, they are generally classified into five main
groups: large banks, first-tier regional banks, second-tier regional banks, credit associ-
ations, and credit cooperatives. We refer to these bank categories as “bank type.” The
bank type is a potentially important variable in loanpricing, as the Japanese loanmarket
is loosely segmented by bank type for firmswith different firm size. The dataset contains
detailed information on each branch, including its address and bank-branch code. For
our analysis, we collected data from 2011 to 2020 and structured it as a panel dataset.

These two databases aremerged using the bank-branch code, as in Ono et al. (2023).
We then calculate the distance between each firm and its lending branch, as well as the
distancebetween thefirmandthe30nearestbankbranchesasapotential “rivalbranch.”3

Because our focus is on bank accessibility for small businesses in regional areas, we ex-
amine only firms in those areas that borrow from regional banks. Specifically, we ex-
clude firms from our sample if: (i) they are located in Tokyo or Osaka, or (ii) they borrow
from one of the four large banking groups.4 Appendix A providesmore details about our

3As described in Appendix A, when a firm borrows from multiple bank branches, we treat the main
bank as the lender and include the other lending branches among rival branches if they are located near
the firm.

4The four large banking groups areMizuho, SMBC,MUFG, andResona. We also exclude firms that bor-
row from credit cooperatives, as they tend to be too small—primarily individual businesses—to be com-
parable with other firms.
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Table 1: Descriptive Statistics

Obs. Mean S.D. p5 p50 p95
Lending Bank
Distance (km) 871,527 3.18 3.75 0.27 2.00 9.95

Distance to rivals
The closest (km) 871,527 1.41 1.54 0.14 0.90 4.52
Second closest (km) 871,475 2.17 2.81 0.31 1.36 6.65
Third closest (km) 871,352 3.01 5.61 0.47 1.78 8.78
Forth closest (km) 870,860 3.63 6.34 0.61 2.15 10.56
Fifth closest (km) 870,242 4.29 10.22 0.73 2.47 12.26
Other variables
Interest Rate (%) 871,527 1.86 1.26 0.38 1.65 4.04
Total Assets (bill. yen) 871,527 1.12 10.02 0.02 0.23 3.75
ROA 871,527 0.03 0.09 -0.09 0.02 0.17
Capital Ratio 871,527 0.31 0.22 0.03 0.27 0.73
Liquidity Ratio 871,527 0.60 0.23 0.21 0.62 0.94
Long-Term Loan Ratio 871,527 0.77 0.28 0.14 0.88 1.00
Loan Size (bill. yen) 871,527 0.36 1.81 0.004 0.07 1.37

database.

2.2 Descriptive Statistics

Table 1 reports the descriptive statistics of our merged dataset. The sample consists of
871,527 observations from 2011 to 2020, with approximately 90,000 firms observed each
year. The table shows that the average distance to the lending branch is about 3.2 km,
with a standard deviation of 3.8 km and a median of 2.0 km.5 Compared with previous
studies for other countries, the average distance to the lender in Japan is longer than the
2.3 km reported for Belgium inDegryse andOngena (2005), but shorter than the 10.1 km
reported for Norway in Herpfer et al. (2023).

The table also reports the distances to the closest, second-, third-, fourth-, and fifth-

5Some previous studies, including Herpfer et al. (2023), use travel time between firms and bank
branches, rather than geographic distance, as a measure of accessibility. We cannot compute this mea-
sure because we are not allowed to take our confidential data outside the TDB data center. However, geo-
graphic distance is a good proxy for accessibility in Japan, given that transportation infrastructure is well
developed even in regional areas.

8



closest branches, excluding the lendingbranch. The average distance to the closest bank
branch (excluding the lending branch) is 1.4 km,with amedian of 0.9 km,while the aver-
agedistance to the second-closest branch is 2.2 km,withamedianof 1.4 km. Theaverage
distance to thefifth-closest bankbranch is 3.72 km, implying that, on average,more than
five financial institutions are located within a 4.0 km radius.

Regardingfirms’ borrowing costs, the table shows that the average interest rate is only
1.86%, with amedian of 1.65%, reflecting the low interest rate environment in Japan. Al-
though not shown in the table, average loan rates in Japan have declined over the past
few decades, suggesting that controlling for time trends is important for the estimation.
The table also reports summary statistics for additional financial variables, such as as-
set size, ROA, and capital ratios, which are included as determinants of interest rates in
our estimation. The average asset size, 1.12 billion yen, is somewhat larger than that of
Japanese firms overall, likely because our sample does not include very small individ-
ual firms. The liquidity ratio, long-term loan ratio, and loan size also exhibit substantial
heterogeneity across firms, reflecting differences in firms’ financial conditions and bor-
rowing relationships.

2.3 Does DistanceMatter When Choosing a Lending Branch?

Webeginourdescriptiveanalysisbyasking the followingquestion: Dofirmsactuallybor-
row from nearby bank branches? In other words, does the distance between borrowers
and lendersmatter for firms’ lender choices? If greater borrower-lender distance entails
costs for borrowers and/or lenders, as suggested by the theoretical and empirical litera-
ture, we would expect firms to bemore likely to borrow from nearby banks.

As a first step toward answering this question, Figure 2 reports the number of firms
borrowing from the xth closest bank branch and plots the corresponding cumulative
shares. The figure shows that approximately 20% of firms choose the nearest branch as
their lender, similar to the share reported for Belgium by Degryse and Ongena (2005).
Moreover, approximately 84% of firms select their lender from among the fifteen closest
bank branches, suggesting that proximity to bankbranches is an important determinant
of firms’ lender choices.
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Figure 2: Rank of Lending Branch by Distance (Cumulative)
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Note: The figure shows the cumulative share of firms selecting the x-th closest bank branch as their main
lender. It implies that around 20% of firms choose the nearest branch as their lender.

Table 2: Firm’s Lender Choice by Loan Size

(i) (ii) (iii)
Dep. Var. Selecti,3 Selecti,5 Selecti,10
LoanSize -0.173∗∗∗ -0.184∗∗∗ -0.193∗∗∗

(0.001) (0.001) (0.011)
# of Rivals -0.128∗∗∗ -0.134∗∗∗ -0.150∗∗∗

(0.001) (0.001) (0.001)
N 880,345 880,345 880,345
Note: Standard errors are reported in parentheses. *, **, and *** indicate statistical significance at the 5%,
1%, and 0.1% levels, respectively. Selecti,j for j = 3, 5, and 10 is a dummy variable equal to one if firm
i chooses a lending branch from among the j nearest bank branches. The table reports logit estimation
results for lender choice as a function of loan size and the number of nearby rival branches.
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Figure 3: Distance and Borrowing Costs

Note: The figure shows the relationship between borrowing costs and distance to the lending and rival
bank branches. The horizontal axis represents the distance to the lending branch (the left panel) and the
distance to the average distance to the five nearest branches (the right panel).

While Figure 2 suggests that distance is an important factor in firms’ lender choices,
it also indicates substantial heterogeneity across firms in the extent to which proximity
is valued. What explains this heterogeneity? If the costs associated with greater distance
reflect transportation or monitoring costs, as suggested by the existing literature, firms
with larger loan volumesmay be less sensitive to distance due to economies of scale. To
examine this hypothesis, we define Selecti,j for j = 3, 5, and 10 as dummy variables that
take the value one if firm i selects its lending branch from among the j nearest branches.
We then conduct a logit analysis in which these indicators are regressed on loan volume
and the number of nearby branches. Table 2 shows that, after controlling for the avail-
ability of nearby branches, firms with larger loan volumes are less likely to choose their
lender from among nearby branches for all cases of j = 3, 5, and 10. These results im-
ply that distance is more important for firms with smaller loan volumes when selecting
their lender, consistent with the hypothesis that borrowers’ distance-related costs ex-
hibit economies of scale. Building on this empirical result, we allow the cost of distance
to vary with loan volume in the structural model in the next section.
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2.4 Does DistanceMatter When Setting Loan Rates?

Next, to understand the role of distance for banks in setting loan rates, we examine the
relationship of loan rates with distance to the lending branch, as well as rival branches.
Figure 3 illustrates these relationships using local polynomial regressions. The horizon-
tal axis in the left and right panel represents the distance to the lending branch and the
distance to rival branches, respectively.6 The figure shows that, while there is no clear
relationship between loan rates and the distance to the lending branch, loan rates in-
crease significantly with the distance to nearby rival branches. More specifically, when
the distance to nearby branches increases from 3 km to 8 km, borrowing costs rise by
approximately 15 bps on average. This finding suggests that the distance to nearby bank
branches—potential competitors to the current lendingbank—is an important determi-
nant of firms’ borrowing costs.

Next, tomore formally examine the relationship between loan rates and distance, we
conduct a regression analysis. Specifically, following Degryse andOngena (2005), we es-
timate the following econometric model:

Interest Rateit = β0 + β1D
Lender
it + β2D

Rival,k
it + Controlsit + Yeart + ϵit

where Interest Rateit denotes the loan rate for firm i in year t, and DLender
it is the dis-

tance between firm i and its lending branch in year t. As proxies for the distance to ri-
val branches, DRival,k

it , we consider four alternative measures indexed by k = 1, 2, 3, 4.
First,DRival,1

it is the distance to the nearest bank branch for firm i (or the second-nearest
branch if the lendingbranch is thenearest). Second,DRival,2

it is the distance to thenearest
branch within the same bank type. For example, when the lender for firm i is a tier-one
regional bank, DRival,2

it denotes the distance to the nearest branch of tier-one regional
banks (or the second-nearest branch if the lending branch is the nearest). This second
measure captures thepossibility that firmsmayprefer particular types of banksover oth-
ers. Third, DRival,3

it is the average distance to the three closest bank branches for firm i,

6As a proxy for the distance to rival branches, we use the average distance to the five nearest branches.
Using alternative proxies, such as the average distance to the three nearest branches, yields qualitatively
similar results.
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Table 3: Distance and Borrowing Cost

(i) (ii) (iii) (iv)
DLender .0012∗∗∗ .0016∗∗∗ .0003 .0002

(.0004) (.0004) (.0004) (.0003)
DRival,1 .0086∗∗∗

(.0009)
DRival,2 .0078∗∗∗

(.0004)
DRival,3 .0137∗∗∗

(.0006)
DRival,4 .0131∗∗∗

(.0005)
Controls √ √ √ √

Year FE √ √ √ √

# of Obs. 871,527 700,010 871,220 869,934
Note: Standard errors are reported in parentheses. *, **, and *** indicate statistical significance at the 5%,
1%, and 0.1% levels, respectively. The table the estimation results, where each column uses a different
measure of distance to rival bank branches: (1)DRival,1 is the distance to the nearest bank branch for firm
i (or the second-nearest branch if the lending branch is the nearest), (2) DRival,2 is the distance to the
nearest branch within the same bank type, (3) DRival,3 is the average distance to the three closest bank
branches for firm i, (4) DRival,4 is the average distance to the five closest bank branches for firm i. The
estimation also includes dummy variables for the bank type of the lending branch, return on assets (ROA),
capital ratios, liquidity ratios, the logarithm of total assets, and long-term loan ratios for firm i in year t.
We also include time fixed effects, denoted by Yeart, to capture macroeconomic factors affecting interest
rates.

and fourth,DRival,4
it is the averagedistance to thefive closest bankbranches forfirm i. The

third and fourth measures are supposed to address the possibility that the relevant rival
branch is not necessarily the nearest one, but rather one of several branches in the vicin-
ity. Controlsit includes dummy variables for the bank type of the lending bank, return on
assets (ROA), capital ratios, liquidity ratios, the logarithm of total assets, and long-term
loan ratios for firm i in year t. We also include time fixed effects, denoted by Yeart, to
capturemacroeconomic factors affecting interest rates, including the declining trend in
interest rates in Japan.

Table 3 reports the estimation results. Each column employs a different measure of
distance to rival bank branches. When the distance to the nearest bank branch,DRival,1,
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is used (the first column), the coefficients on both the distance to the lending branch
and the distance to the rival branch are positive and statistically significant; however,
the effect of rival distance is larger in magnitude and more statistically significant. Us-
ing the distance to the nearest branch within the same bank type,DRival,2, in the second
column yields qualitatively similar results. When average distances to nearby branches
are used instead (the third and fourth columns), the estimated effects of rival distance
become larger andmore statistically significant, while the effects of distance to the lend-
ing branch become smaller and statistically insignificant. As discussed above, average
distances to nearby branchesmaymore appropriately capture rival distance, as they ac-
count for the possibility that the nearest bank branch is not a relevant competitor. Con-
sistent with this interpretation, the results in the third and fourth columns indicate that
distance to the lending branch is not a significant determinant of borrowing costs once
distance to rival branches is controlled for. Overall, these results suggest that distance to
rival branches plays a more important role in determining equilibrium loan rates, high-
lighting the importance of competition among bank branches in loan pricing.

We also examine heterogeneity across firms in the relationship between loan rates
anddistance. Motivatedby the evidence that firmsexhibit differentpreferences for prox-
imity,we testwhetherfirms thataremoresensitive todistancewhenchoosing their lender
arealsomore sensitive todistance inborrowingcosts. Todoso,we re-estimate regression
(1)usingasubsampleoffirms thatborrowfromoneof thefivenearestbankbranchesand
compare the resultswith thebaselineestimatesobtained fromthe full sampleestimation
in Table 3. The estimation results in Table 4 show that, while most coefficients are qual-
itatively similar to those in Table 3, a key difference emerges in columns (3) and (4): the
coefficient for the distance to the lending branch is negative and statistically significant.
That is, conditional on borrowing fromone of the five nearest branches, firms face lower
borrowing costs when their lending branch is located farther away. Although this result
contrasts with the estimates based on the full sample, it is more consistent with findings
in the previous literature, such as Degryse and Ongena (2005), Agarwal and Hauswald
(2010), and Herpfer et al. (2023). In the next section, we use a structural model of bank
competition to discuss a possible mechanism underlying these reduced-form results in
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Table 4: Distance and Borrowing Cost for Firms Borrowing from Five Nearest Banks

(i) (ii) (iii) (iv)
DLender .0039∗∗∗ .0058∗∗∗ -.0041∗∗ -.0049∗∗∗

(.0013) (.0011) (.0011) (.0011)
DRival,1 .0090∗∗∗

(.0014)
DRival,2 .0080∗∗∗

(.00051)
DRival,3 .0183∗∗∗

(.00088)
DRival,4 .0171∗∗∗

(.00067)
Controls √ √ √ √

Year FE √ √ √ √

# of Obs. 520,534 405,960 519,613 518,127
Note: Standard errors are reported in parentheses. *, **, and *** indicate statistical significance at the 5%,
1%, and 0.1% levels, respectively. The table the estimation results, where each column uses a different
measure of distance to rival bank branches: (1)DRival,1 is the distance to the nearest bank branch for firm
i (or the second-nearest branch if the lending branch is the nearest), (2) DRival,2 is the distance to the
nearest branch within the same bank type, (3) DRival,3 is the average distance to the three closest bank
branches for firm i, (4) DRival,4 is the average distance to the five closest bank branches for firm i. The
estimation also includes dummy variables for the bank type of the lending branch, return on assets (ROA),
capital ratios, liquidity ratios, the logarithmof total assets, and long-term loan ratios for firm i in year t. We
also include timefixedeffects, denotedbyYeart, to capturemacroeconomic factors affecting interest rates.
The sample for this analysis is restricted to firms borrowing from one of their five nearest bank branches.
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Tables 3 and 4.

3 Structural Model of Bank Competition

This section presents our structural model to investigate the relationship between dis-
tanceandfirms’borrowingcosts. In themodel, firmschooseamongnearbybankbranches
based on offered interest rates, geographic distance, and other branch characteristics
such as bank type. Banks compete in interest rates under Bertrand competition, and
the resulting equilibrium lending rates are analogous to the outcomes of an English auc-
tion. In what follows, first, we describe the bank’s loan supply. We then describe how
firms choose their lenders and how their lending rates are determined in equilibrium.
Finally, we discuss parameter identification and construct a likelihood function to esti-
mate those structural parameters. To simplify notation, we suppress the time subscript
t throughout this section whenever there is no confusion.

3.1 Bank’s Lending Cost and Distance

When bank j extends loans to firm i in its vicinity, it incurs the lending cost rij . In the
model, the lending cost is assumed to be decomposed as:

rij ≡ ci + ωij, (1)

where ci is adeterministicfirm-specific lendingcost sharedbyallbanksandωij is a stochas-
tic and idiosyncratic lending cost for bank j to extend loans to firm i. We assume that
both are observed by all banks and the borrower, but not by econometricians. The firm-
specific lending cost is modeled as a function of firm i’s characteristics and is defined
as ci ≡ xiβ, where xi is a vector of firm i’s characteristics, including profitability, capital
ratios, and asset size.

The stochastic and idiosyncratic lendingcostωij is assumed to followaType I extreme
value distribution,

ωij ∼ TIEV(ξij, σω). (2)
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where σw is a scale parameter that determines the variance of the distribution. We as-
sume that distance from borrowers affects banks’ lending costs by influencing the loca-
tion parameter, ξij , which determines the mean of the cost distribution. Specifically, we
assume that ξij is a function of the distance between bank j and firm i, dij , bank type Tj ,
and the interaction between bank type and firm size Sizei:

ξij = ξ(dij, Tj, Tj × Sizei).

The empirical and theoretical literature argues that lending costsmay increase with dis-
tance because banks must incur higher monitoring costs for more distant borrowers
(e.g., Petersen and Rajan, 2002). This implies that ∂ξij/∂dij > 0, so that greater distance
from borrowers increases the idiosyncratic lending cost ωij in Equation (1) by shifting
the mean of the distribution, ξij . We further allow ξij to depend on bank type Tj and its
interaction with firm size, reflecting segmentation in lendingmarkets across bank types
and firm sizes.

3.2 Firm Preference and Equilibrium Interest Rate

Firm imaximizes the following indirectutilitybychoosinga lender tofinance itsbusiness
investment,

max
j∈Ji

vij − rij

whereJi is the set of nearby bank branches, vij is firm i’s perceived benefit on borrowing
frombranch j, and rij is the interest rateofferedbybranch j tofirm i. Thefirm’sperceived
benefit vij is assumed to be a function of distance,

vij = v(dij),
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where dij is the distance between firm i and bank branch j.7 The previous literature ar-
gues that borrowers may incur higher costs when borrowing frommore distant lenders
due, for example, to higher transportation costs (e.g., Degryse and Ongena, 2005). If
greater distance entails higher borrowing costs, we expect ∂v(dij)/∂dij ≤ 0. Note that
the effect of distance on vij captures costs and benefits for borrowers, over and above the
effect of distance on lending costs for banks, which is reflected in rij .

In addition, the estimation results in Table 2 indicate that firms with larger loan vol-
umes are less sensitive to distance when choosing their lender. To capture such hetero-
geneity by loan size, we allow themarginal effect of distance on vij to vary with loan size.
In particular, if distance is less important for firms with larger loans, we expect

∂2v(dij)

∂dij ∂LoanSizeij
≥ 0,

where LoanSizeij denotes the loan size for firm i and branch j. The left-hand side is ex-
pected to be positive, as vij and rij represent the benefit and cost per dollar of the loan.
That is, given that transportation costs are largely invariant to loan size, their importance
per dollar borrowed should decline as loan size increases due to the economies of scale.

Firm i chooses its lender from nearby branches. We assume that the lending branch
has bargaining power in loan negotiations and sets the loan rate to maximize its profit
underBertrandcompetition. Accordingly, theequilibriuminterest rate, r∗i , isdetermined
through an English auction, in which the most efficient branch offers the interest rate
that makes firm i indifferent between borrowing from themost efficient branch and the
second-efficient branch under the zero-profit condition.

To characterize the equilibrium interest rate more formally, bank branches in Ji are
sorted in descending order according to the benefit they provide to firm i under rij = rij

(i.e., under the zero-profit condition) and are numbered sequentially.

vi(1) − ri(1) > vi(2) − ri(2) > · · · > vi(n) − ri(n)

7Given that the borrower’s perceived utility determines loan demand in the model, the above specifi-
cationmay appear overly simple, as it does not include firm-specific factors such as the borrower’s growth
expectations. However, as discussed below, this specification, which depends only on distance, is an in-
nocuous simplification because any firm-specific factors in vij do not affect the equilibrium interest rate
in themodel and therefore have no impact on the empirical results.

18



Then, we can show that, in equilibrium under Bertrand competition, firm i chooses its
lender b∗i to realize the (potentially) highest benefit,

b∗i = bi(1) ≡ argmax
j∈Ji

vij − rij

and the equilibrium interest rate r∗i , which by definition is equal to the interest rate of-
fered by the lending branch, ri(1), is determined as

r∗i = ri(1) = vi(1) − vi(2) + ri(2), (3)

while all other banks offer interest rates equal to their zero-profit levels, ri(k) = ri(k) for
k = 2, · · · , n. The equilibrium condition for the interest rate in equation (3) follows
from the fact that the equilibrium interest rate is determined through an English auc-
tion among banks. Specifically, the most efficient bank branch raises its offered interest
rate, ri(1), up to the point at which firm i is indifferent between borrowing from themost
efficient branch and borrowing from the second-efficient branch under the zero-profit
condition, that is, vi(1) − ri(1) = vi(2) − ri(2). The pair (b∗i , r∗i ) constitutes an equilibrium
outcome, as neither the lending bank nor the other banks have an incentive to deviate
from their offered interest rates, and firm i likewise has no incentive to switch lenders.

A notable feature of the equilibrium condition for the interest rate in equation (3) is
that the equilibrium interest rate does not dependon the lender’s lending cost ri(1), while
it does depend on the rival’s lending cost ri(2). Consequently, the distance between firm
i and its lender affects the interest rate only through firm i’s perceived utility vi(1). This
mechanism implies a negative effect of borrower-lender distance on the interest rate,
which is consistent with the estimation results reported in previous empirical studies as
well as those in Table 4.

3.3 Identification for Borrowers’ and Lenders’ Cost of Distance

In general, the distance between borrowers and lenders affects both lenders’ costs (e.g.,
monitoring costs) and borrowers’ costs (e.g., transportation costs). Separately identify-
ing these two effects using only observed interest rates and observed borrower–lender

19



Figure 4: Identification for Lending and Borrowing Costs 2

Firm A

Bank A(1)

Bank A(2) Firm B

Bank B(1)

Bank B(2)

distances is therefore challenging. Ourmodel and data allow us to overcome this identi-
fication problem. In particular, our dataset contains information not only on the branch
chosenbyeachfirm, but alsoonnearby competingbranches thatwerenot selected. This
feature is importantbecauseequilibriumpricingdependsnotonlyon thecharacteristics
of the chosen lender, but also on the competitive pressure exerted by alternative lenders.
The key intuition of our identification strategy is that, by comparing firms facing similar
nearby competing branches, we can effectively control for lender-side cost variation and
isolate the effect of distance on borrowers’ perceived utility.

To illustrateour identification strategy, consider twootherwise similarfirms,AandB,
operating in comparable environments. Suppose that, after controlling for observable
factors, the distances from the two firms to their second-nearest (i.e., second-highest
utility) branches are identical, while the distances to their respective lending branches
differ. AsFigure4demonstrates, BankA(2)andBankB(2)are thesecond-nearestbranches
for Firm A and Firm B, respectively, and are located at the same distance from the firms.
In contrast, Bank A(1) is located closer to Firm A than Bank B(1) is to Firm B.

In equilibrium, the interest rates faced by Firms A and B are given by r∗A = vA(1) −

vA(2) + rA(2) and r∗B = vB(1) − vB(2) + rB(2), respectively. Since the distances to the second-
nearest branches are identical for firmsA andB, we have

r∗A − r∗B = vA(1) − vB(1).
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Therefore, conditional on Firms A and B being otherwise similar, any observed differ-
ence in equilibrium interest ratesbetween the twofirms reflects differences infirms’ per-
ceived utility associated with their respective lending branches, rather than differences
in banks’ lending costs.

Now suppose that firms’ perceived utility is linear in distance as in our structural
model. Under this assumption, the equationabove implies thatwecan identify the effect
of distance on firms’ perceived utility by comparing the equilibrium interest rates faced
by FirmsA andB. Once the effect of distance on firms’ perceived utility is identified, we
can then recover the distance-related component of banks’ lending costs, ri(2), from the
equilibrium pricing condition in (3).

Note that, for expositional simplicity, Figure4 illustrates thecase inwhich thesecond-
efficient branch coincides with the physically second-nearest branch. More generally,
however, the relevant comparison branch in our model is defined by firms’ utility rank-
ings rather than geographic distance alone.

3.4 Likelihood Function for Estimating Structural Parameters

We construct a likelihood function to estimate the parameter values in the following two
steps. First, the probability for firm i to choose bank branchm as its lender, L1(bi = m),
is computed by:

L1(bi = m) = Pr
[
vim − rim ≥ vij − rij, ∀j ∈ Ji\{m}

]
Next, under the condition that firm i chooses branchm as their lender, we compute the
conditional probability of the equilibrium interest rate being equal to ri, L2(ri|bi = m).
Given the equilibrium interest rate is determined by Equation (3), L2(ri|bi = m) is com-
puted by:

L2(ri|bi = m) = Pr
[
ri = vim − vi(2) + ri(2)

]
= Pr

[
ωi(2) = −vim + vi(2) + ri − xiβ

]
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where the variables vi(2), ri(2), and ωi(2) are variables for the second-efficient branch for
firm i. Finally, by computing the product of L1(bi = m) and L2(ri|bi = m), we can com-
pute the likelihood that firm i’s lender is branchm and the interest rate is ri:

L(bi = m, ri) = L1(bi = m) · L2(ri|bi = m)

and estimate the structural parameters usingmaximum likelihood estiamtion.
The main challenge in calculating L(bi = m, ri) is that evaluating L2(ri|bi = m) re-

quires variables associated with the second-efficient branch, namely vi(2), ri(2), and ωi(2).
Although we can observe which bank is the lender for firm i, we cannot identify which
branch is the second-efficient branch for that firm. To address this challenge, our strat-
egy is to account for all cases in which one of the nearby banks other than the lender
serves as the second-efficient branch for firm i. Specifically, to compute L2(ri|bi = m),
we first calculate the probability that each branch k ∈ Ji\{m} is the second-efficient
branch. Then, conditional on branch k being the second-efficient branch, we compute
the probability that the equilibrium interest rate equals firm i’s observed interest rate, ri.
Finally, we sum these probabilities over all nearby branches k ∈ Ji\{m}, weighting each
term by the likelihood that branch k is the second-efficient branch.

Let branches m and k denote the lender and the second-efficient branch for firm i,
respectively. Then, conditional on branchm being the lender for firm i, the conditional
probability that branch k is the second-efficient branch is given by:

Pr [vik − rik ≥ vil − ril, ∀l ∈ Ji\{m, k}] = Pr [vim − ri ≥ vil − ril, ∀l ∈ Ji\{m, k}]

= Pr [ωil ≥ −vim + vil + ri − xiβ, ∀l ∈ Ji\{m, k}]

=
∏

l∈Ji\{m,k}

{1−Gil(ψiml)}

where ψimj ≡ −vim + vij + ri − xiβ, andGij is a cdf of TIEV(ξij, σw) for firm i and branch
j. The equality in the first line utilizes the equilibrium condition for the interest rate in
equation (3). Notably, no variable specific to the second-efficient branch k appears on
the right-hand side of the first line. This is because, under an English auction, all rele-
vant information about the second-efficient branch is fully summarized by the observed
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equilibrium interest rate ri. The second and third lines follow from the assumption that
the lending cost ril is additively separable as described in equation (1), and the idiosyn-
cratic component ωil follows TIEV(ξil, σw).

Given the probability that each branch k ∈ Ji\{m} is the second-efficient branch for
firm i, the conditional likelihood that firm i’s interest rate equals ri, denoted byL2(ri|bi =

m), is given by:

L2(ri|bi = m) =
∑

k∈Ji\{m}

gik(ψimk)

 ∏
l∈Ji\{m,k}

{1−Gil(ψiml)}


Here, gij denotes the probability density function (pdf) of TIEV(ξij, σw) for firm i and
bank branch j. According to the equilibrium condition for the interest rate in equa-
tion (3), the term gik(ψimk), whereψimk ≡ −vim+ vik + ri−xiβ, represents the conditional
density of the equilibrium interest rate being equal to ri, conditional on branchesm and
k being the lender and the second-efficient branch, respectively. Thus, L2(ri|bi = m)

can be computed as a weighted average of gik(ψimk), where the weight for each branch k
corresponds to the likelihood that it is the second-efficient branch for firm i.

Finally, by computing the product of L1(bi = m) and L2(ri|bi = m), we can compute
the likelihood for estimation as follows,

L(bi = m, ri)

= L1(bi = m)× L2(ri|bi = m)

= Pr
[
vim − rim ≥ vij − rij, ∀j ∈ Ji\{m}

]
×

∑
k∈Ji\{m}

gik(ψimk)

 ∏
l∈Ji\{m,k}

{1−Gil(ψiml)}


= Gim(ri − xiβ)

∑
k∈Ji\{m}

gik(ψimk)

 ∏
l∈Ji\{m,k}

{1−Gil(ψiml)}

 (4)

where ψimj ≡ −vim + vij + ri − xiβ. The equality in the last line follows from the fact that
the equilibrium interest rate is determined by an English auction, as described in equa-
tion (3). Note that the likelihood function depends only on observable variables for firm
i, the lenderm, and the nearby branches inJi. In the next section, we use this likelihood
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function to estimate the structural parameters bymaximum likelihood estimation.

4 Structural Estimation

In this section, we conduct a quantitative analysis using the structural model described
in the previous section. First, we parameterize the relationship between distance and
lending costs, aswell as perceived utility. Second, prior to estimating themodel parame-
ters using data, we conduct aMonteCarlo simulation to examine themodel’s properties.
Third, we estimate themodel parameters using our dataset and interpret the estimation
results. Finally, we conduct a counterfactual simulation of bank branch closures to as-
sess their impact on the equilibrium interest rate.

4.1 Parameterization

To investigate the structural relationshipbetweendistance and interest rates, we assume
the following specifications of firm i’s utility, vij , when it borrows from bank branch j, as
well as for lending costs, ci and ξij :

vij ≡ γD dij + γDL dij · log(LoanSizei),

ci ≡ βSFirmSizei + βRROAi + βQLiquidityi + βCCapitalRatioi + βLLongTermRatioi

ξij ≡ θD dij + θD2 d
2
ij/1000 +

∑
b∈{1,2}

[
θT,bBankTypeb,j + θTS,bBankTypeb,j · FirmSizei

]
In this specification, the distance between borrowers and lenders, dij , affects interest
rates through both borrowers’ perceived utility and banks’ lending costs, captured by
γD, γDL, θD1, and θD2. The effect of distance on lending costs is allowed to be non-linear,
as captured by the quadratic term. In addition, the effect of distance on borrowers’ per-
ceived utility varies with loan size, as captured by the interaction term coefficient γDL,
consistent with the evidence in Table 2, which shows that preferences regarding dis-
tance differ across firms with different loan sizes. With respect to bank type, we classify
all banks into three categories: first-tier regional banks, second-tier regional banks, and
credit associations. We identify level effects for each bank type and their interactions
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with firm size by setting first-tier regional banks as the base group and labeling second-
tier regional banks and credit associations as b = 1 and b = 2, respectively.

4.2 Monte Carlo Simulation

Prior to estimating themodel parameters using data, we conduct aMonte Carlo simula-
tion to examine the model’s properties. First, by performing maximum likelihood esti-
mation of the structural parameters using simulated data, we assesswhether the param-
eter values are properly identified by the likelihood function developed in the previous
section. Second, by conducting reduced-form estimations using the simulated data, we
aim to interpret the reduced-form estimation results in Section 2 through the lens of the
structural assumptions of our model. The Monte Carlo simulation proceeds as follows.
We first generate 10,000 artificial firms, specifying their geographic characteristics and
financial environments. Given the equilibrium conditions of the model, these artificial
firms optimally choose their lender, and the interest rate is determined through an En-
glish auction à la Bertrand competition among bank branches. See Appendix B formore
details.

First, themaximum likelihood estimation using the simulated data indicates that the
parameter values are properly identifiedby the likelihood functiondeveloped in thepre-
vious section. Although the detailed results are reported in Appendix B, the maximum
likelihood estimationbasedonour likelihood function—whichdepends only onobserv-
able variables for firm i, the lenderm, and thenearbybranches inJi—successfully recov-
ers the calibrated parameter values used in the Monte Carlo simulation. In particular,
consistent with the argument in Section 3.3, themaximum likelihood estimation is able
to separately and precisely identify the parameters governing the effects of distance on
borrowers’ costs, γD, and those on lenders’ costs, θD.

Second, we conduct reduced-form estimations using the simulated data to interpret
them through the lens of our structural model. Specifically, using the data generated
through theMonte Carlo simulation, we estimate the following reduced-form specifica-
tion:

Interest Ratei = β0 + β1D
Lend
i + β2D

Rival
i + ϵi (5)
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Table 5: Estimated Coefficients Using Simulated Data

[i] (γD, θD) = (0.0, 0.1) [ii] (γD, θD) = (−0.1, 0.0) [iii] (γD, θD) = (−0.1, 0.1)

β1 0.028 -0.072 -0.042
[0.022, 0.033] [-0.077, -0.066] [-0.048, -0.034]

β2 0.065 0.064 0.103
[0.045, 0.084] [0.045, 0.084] [0.084, 0.125]

Note: The table reports estimation results using artificial data generated by Monte Carlo simulations.
Columns 1, 2, and 3 correspond to three cases with different parameter values for the effect of distance
on lending costs, θD, and on perceived utility, γD. The reported values are the medians of the estimated
coefficients from 100 simulations, with the 5th and 95th percentiles shown in brackets.

whereDLend,i denotes thedistance to the lendingbranch, andDRival,i denotes thedistance
to the nearest bank branch for firm i (or the distance to the second-nearest bank branch
when the lender is the nearest branch). Because the definitions of the explanatory vari-
ables are identical to those used in the estimation in Section 2, the coefficients β1 and β2
are comparable to the corresponding reduced-form estimates in that section.

Prior to discussing the estimation results, it is useful to theoretically examine how
the structural parameters, θD and γD, map into the coefficients, β1 and β2, in our model.
The equilibrium condition in equation (3) implies that the equilibrium interest rate is
determined through an English auction and can be written as, r∗i = vi(1) − vi(2) + ri(2).
Accordingly, the truemarginal effects of distance to the lender and to the rival branch on
interest rates, β1 and β2, are analytically given by:

β1 ≡
∂r∗i

∂DLend
= γD and β2 ≡

∂r∗i
∂DRival

= θD − γD (6)

This implies that γD hasnegative andpositive effects on themarginal effects ofDLend and
DRival, respectively, while θD has positive effects on themarginal effects ofDRival.

Table 5 shows the estimation results using the artificial data generated by the Monte
Carlo simulation. Columns 1, 2, and 3 show the three cases with different parameter
values for the effects of distance on the lending cost, θD, and that on the borrower’s per-
ceived utility, γD. By differentiating these parameter values, we can assess how those
differences affect reduced-formestimation results. In all cases, the first and second rows
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show the estimated values for themarginal effects of distance to the lending branch and
the rival branch, β1 andβ2 in equation (5), respectively. The reported values are themedi-
ans of the estimated coefficients from 100 simulations, with the 5th and 95th percentiles
shown in brackets.

Some comments on the estimation results are in order. First, the estimation results
for different calibrated parameter values are broadly consistent with the theoretical im-
plications in equation (6). Specifically, when comparing cases (i) and (iii), an increase
in the absolute value of γD (i.e., a stronger effect of distance on the borrower’s perceived
utility)makes the estimated values of β1 and β2morenegative andmore positive, respec-
tively. Likewise, when comparing cases (ii) and (iii), an increase in the absolute value of
θD (i.e., a stronger effect of distance on the lender’s cost) leads to a more positive esti-
mated value of β2. Second, the estimation results in Table 5 provide useful insights for
interpreting the reduced-form estimations in Section 2, as well as those in previous em-
pirical studies. The reduced-form results reported in Tables 3 and 4 indicate that dis-
tance to the rival branch has a positive and relatively large effect on loan rates, whereas
distance to the lending branch has a slightly negative effect. These patterns are more
consistent with case (iii) than with cases (i) or (ii), suggesting that geographic distance
affects both lenders’ costs and borrowers’ utility.

Third, Table 5 implies that reduced-form estimations may yield biased estimates of
the marginal effects of distance. Specifically, the estimates of β1 and β2 are positively
andnegatively biased, respectively. For example, equation (6) implies that the estimated
values of β1 and β2 in case (i) should be centered around 0.0 and 0.1. However, the esti-
mated values in case (i) are 0.028 and 0.065, indicating that the reduced-form estimates
of β1 and β2 are positively and negatively biased. The mechanisms underlying these bi-
ases can be understood as follows. First, the estimate of β1 is positively biased because
distance to the lender is positively correlated with unobservable lending costs of the
second-efficient branch, ωi(2). That is, when a nearby branch’s lending cost is high for
idiosyncratic reasons (i.e., a high ωi(2)), firms optimally choose a more distant branch
as their lender (i.e., a larger di(1)), generating a positive correlation between ωi(2) and di(1)
and leading β1 to be positively biased. Second, the estimate of β2 is negatively biased due
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probably to attenuation bias arising from an errors-in-variables problem. As discussed
above, we cannot identify the second-efficient branch from the data. Consequently, the
distance to the second-nearest bank serves as a reasonable proxy for di(2) but contains
measurement error, which biases the estimate of β2 toward zero.

In sum, the Monte Carlo simulation indicates that distance affects loan rates by in-
fluencing both lenders’ costs and borrowers’ costs. The estimation using simulated data
shows that reduced-form estimation is subject to bias due to firms’ endogenous lender
choice, whereas themaximum likelihood estimation can properly identify the structural
parameter values. Hence, a structural estimation approachoffers advantages inmeasur-
ing the marginal effects of distance on loan rates more precisely and provides a useful
tool for conducting counterfactual analyses.

4.3 Estimation Results

In this subsection, we estimate the parameter values using maximum likelihood, based
on the likelihood function presented in the previous section. As we describe in Section 2
andAppendix A, our dataset consists of the following items for firms and bank branches,
whichprovide sufficient information to compute likelihood inequation (4) for eachfirm.
First, the firm-level microdata provide firm i’s borrowing cost ri, the address of its head-
quarters, and a vector of characteristicsxi, such as profitability, firmsize, anddebt levels.
Second, the financial institution directory provides the bank branch addresses and the
bank types of the lender, Tm, as well as other banks Tj where j ∈ Ji\{m}. Third, by com-
bining those two datasets, we can calculate the distance between firm i and its lender,
dim, as well as other bank branches in its neighborhood, dij , where j ∈ Ji\{m}.

Table 6 reports parameter estimates obtained bymaximizing the likelihood function
in equation (4), based on themodel specified in Section 4.1. Columns (i) and (ii) present
estimates without and with the interaction term between distance and loan volume in
firms’ perceived utility, respectively. Column (iii) reports estimates based on the sub-
sample of firms that borrow from a single bank branch, as a robustness check.

First, the estimation results indicate that thedistancebetweenborrowers and lenders
affects interest rates through both borrowers’ perceived utility and banks’ lending costs.
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Table 6: Estimation Results of Structural Parameters

Baseline With interaction Single lender
(i) (ii) (iii)

Borrower’s utility
γDist -0.022 (0.014) -0.241 (0.005) -0.279 (0.013)
γDist×LoanSize 0.019 (0.006) 0.023 (0.016)
Lender’s cost
θDist 0.065 (0.005) 0.059 (0.006) 0.085 (0.011)
θDist2 -0.198 (0.004) -0.113 (0.013) -0.198 (0.020)
θType,1 -1.625 (0.017 -1.551 (0.018) -1.526 (0.051)
θType×Size,1 0.186 (0.012) 0.179 (0.012) 0.205 (0.034)
θType,2 -2.567 (0.010) -2.511 (0.009) -2.223 (0.031)
θType×Size,2 0.289 (0.007) 0.284 (0.007) 0.274 (0.022)
βFirmSize -0.183 (0.007) -0.165 (0.007) -0.164 (0.023)
βROA 1.398 (0.009) 1.410 (0.008) 1.000 (0.023)
βLiquidity 0.264 (0.020) 0.261 (0.020) 0.395 (0.032)
βCapitalRatio -0.473 (0.011) -0.538 (0.010) -0.089 (0.139)
βLongTermRatio 0.351 (0.011) 0.352 (0.011) 0.455 (0.021)
Num. of Obs. 871,527 871,527 174,776

Note: The table reports parameter estimates obtained by maximizing the likelihood
function in equation (4), based on themodel specified in Section 4.1. Columns (i) and
(ii) present estimateswithout andwith the interaction termbetweendistance and loan
volume in firms’ perceived utility, respectively. Column (iii) reports estimates based on
the subsample of firms that borrow from a single bank branch, as a robustness check.
The numbers in parentheses show the standard errors.
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Column (i) reports negative and positive estimates for γDist and θDist, respectively, indi-
cating that greater distance lowers borrowers’ perceived utility while increasing banks’
lending costs. These estimates are consistent with the existing literature, which argues
that greater distance increasesmonitoring costs for lenders and transportation costs for
borrowers. Second, the results in Column (ii) suggest that the effects of distance on per-
ceived utility are heterogeneous across firms. Given the positive and significant interac-
tion term between distance and loan size, γDist×LoanSize, the marginal effect of distance
on perceived utility is −0.0491(= −0.241 + 0.019 × 10.1) for smaller firms with loan vol-
umes at the 25th percentile, whereas it is−0.0054(= −0.241+0.019× 12.4 for larger firms
with loan volumes at the 75th percentile. This pattern suggests that the negative effects
of distance on borrowers are more pronounced for smaller firms, consistent with the
reduced-formevidence reported inTable 2. Moreover, the estimateof γDistance inColumn
(i), which imposes homogeneous sensitivity to distance, is negative but imprecisely es-
timated, whereas the estimate in Column (ii) is more precise. Accordingly, in the coun-
terfactual analysis, we adopt the specification that allows for heterogeneous effects of
distance by loan size.

To assess the economicmagnitude, we translate these estimates intomarginal effects
per kilometer. The estimate in Column (i) implies that a 1 km increase in the distance to
the rival branch (i.e., the second-most efficient branch) raises borrowing costs by ap-
proximately 8.7 bps (= θ − γ).8 In contrast, the effect of distance to the lending branch
is more moderate, estimated at −2.2 bps (= γ) per additional kilometer. These mag-
nitudes are economically meaningful given the low interest rate environment in Japan.
Turning to heterogeneity across firms, based on the estimates in Column (ii), the ef-
fects of distance to both the rival branch and the lending branch vary across firms with
different loan volumes. Specifically, for small firms with loan volumes at the 25th per-
centile, a 1 km increase in the distance to the lending branch and the rival branch raises
borrowing costs by about 4.91 bps and 10.81(= 5.90 + 4.91) bps, respectively. For large
firms with loan volumes at the 75th percentile, the corresponding effects are 0.54 bps

8Note that although the coefficient on the quadratic term, θDistance,2, is negative and statistically signif-
icant, its magnitude is small unless the rival bank is located at a sufficiently large distance. This suggests
that the effect of distance on borrowing costs is approximately linear.
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and 6.44(= 5.90 + 0.54) bps, respectively. These results suggest that borrowing costs for
smaller firms aremore sensitive to geographic distance than those for larger firms.

While these effects of distance are broadly consistent with the reduced-form esti-
mates reported inSection2, theirmagnitudesdiffer substantially. Inparticular, the reduced-
formestimates imply effects of atmost 1.8bps fordistance to rival branches and−0.5bps
for distance to lending branches, which aremuch smaller in absolute value than the cor-
responding structural estimates. The Monte Carlo simulation in the previous section
suggests that such attenuation arises from a simultaneity problem, as reduced-form re-
gressions do not account for firms’ endogenous lender choice. Therefore, to assess the
effects of bank consolidation more accurately, counterfactual simulations based on the
estimated structural model are particularly informative.

One concernwith our structural estimation is that, while themodel assumes a single
lending relationship,manyfirms in thedata borrow frommultiple bankbranches. In our
sample, 20.0% of firms borrow from a single branch, whereas a substantial fraction bor-
row from multiple branches, with approximately 33% borrowing from more than three
branches. In the baseline specification, we interpret a firm’s main bank as the lending
branch in themodel and implicitly assume that it primarily determines the firm’s overall
borrowing cost, while other banks act as potential competitors. Under this assumption,
weuse thefirm-level averageborrowing rate as thedependent variable, since thedata do
not contain loan-level interest rates or loan shares. If borrowing from secondary lenders
is quantitatively important and their ratesdiffer substantially fromthatof themainbank,
theobservedaverage ratemaybemeasuredwitherror relative to themodel-implied rate,
potentially attenuating the estimated effects. In addition, firms that borrow from mul-
tiple banks may face a different competitive environment, which could alter the role of
geographic distance.

To address these concerns, we re-estimate the model using only firms that borrow
from a single bank branch, for which the mapping between the model and the data is
most direct. The results, reported in Column (iii), are quantitatively similar to the base-
line estimates and confirm that geographic distance affects both lenders’ costs and bor-
rowers’ perceived utility. This finding indicates that our main results are not driven by
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multi-bank borrowing and that the mapping from the model-implied rate to the ob-
served firm-level borrowing cost is notmaterially distorted by the presence of secondary
lending relationships. While the single-branch subsample represents a subset of firms,
the close correspondence of the estimates suggests that the baseline results capture a
general mechanism linking geographic proximity and borrowing costs.

5 Counterfactual Simulation

This section conducts a counterfactual simulation based on the estimated structural pa-
rameters reported in Table 6. Motivated by policymakers’ concerns about rising bor-
rowing costs following bank branch closures, our counterfactual analysis examines how
hypothetical large-scale closures affect firms’ borrowing costs by influencing the geo-
graphic distance between lenders and borrowers. Specifically, the counterfactual sim-
ulation assumes that, in each prefecture in Japan, the bank ranked second by market
share in the number of borrowers (hereafter, the“second-largest bank”) closes all of its
branches. Following these closures, we quantify the extent to which equilibrium inter-
est rates increase as a result of reduced competition. Although this scenario is inspired
by the fact that many bank consolidations involve first-tier banks acquiring second-tier
banks, wedonot view it as a realistic or likely outcome in Japan. Rather, it serves as a use-
ful benchmark for assessing the quantitative impact of bank consolidationonborrowing
costs and the underlyingmechanisms.

A sketch of our counterfactual analysis is as follows. First, for all firms i and their po-
tential lenders j ∈ Ji in our sample, we draw random shocks ωij following the extreme
value distribution in equation (2) until we obtainM draws that are consistent with the
observed lender choices and interest rates in 2019.9 Note that, since numerous combi-
nations of shocks can rationalize the observed lender choices and interest rates, differ-
ent branches are selected as the second- and third-efficient branches across draws. Sec-

9Because the interest rate is a continuous variable, the probability of observing the exact realized in-
terest rate is, by definition, zero. We therefore assume the presence of a measurement error that follows a
Normal distribution for the observed interest rate. We treat a simulated shock draw as consistent with the
observation if the impliedmeasurement error is less than 10% of the observed interest rate.
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ond, we select the second-largest bank in each prefecture by the number of borrowers in
2019 and assume that it closes all of its branches in the prefecture where its headquar-
ters are located. Third, we calculate the increase in borrowing costs for firm i following
thebranchclosures. Inourmodel, branchclosures affect theequilibrium interest rate for
firm i in the following two cases. Thefirst case is the closure of the lendingbranch. In this
case, the firm selects the second-efficient branch as a new lender, and the third-efficient
branch (or the fourth-efficient branch if the third-efficient branch is closed) becomes a
new rival branch. The second case is the closure of the second-efficient branch. In this
case, the third-efficient branch becomes a new rival branch. The equilibrium interest
rate changes in the second case, even though the lender remains unchanged, as the in-
terest rate is determined by an English auction. The increase in borrowing costs for firm
i is then defined as the average increase over allM draws.10

5.1 Firm-level Analysis

Table 7 presents summary statistics for the estimated increase in borrowing costs in the
counterfactual analysis. The table shows that the average increase in the equilibrium
interest rate is 42 bps, which is economically significant given Japan’s low-interest en-
vironment. While bank consolidation has many benefits, including reduced operating
costs, this result suggests that it may also be associated with sizable increases in firms’
borrowing costs due to declined competition amongbanks. The table further shows that
the 25th percentile is only 11 bps, whereas the 75th percentile exceeds 63 bps, highlight-
ing substantial heterogeneity in themagnitude of the increase in borrowing costs across
firms.

To examine the sources of heterogeneity in the effects across firms, we conduct the
following regression analysis:

∆ri = β0 + βLClLend,i +
30∑
j=1

βR,jClRival,i,j + νi (7)

10When computing the average overM draws, we weight each draw by the density of themeasurement
error described in the previous footnote. In our analysis, we set M = 20 for tractability; increasing M
further does not materially affect the quantitative results.
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Table 7: Changes in Borrowing Costs in Counterfactual Analysis

Mean Std. Dev. Median [0.25, 0.75]

Borrowing cost increase (%) 0.42 0.44 0.30 [0.11, 0.63]

Note: The table reports summary statistics for changes in borrowing costs in the counterfactual analysis.

where ∆ri is the change in the interest rate for firm i in the counterfactual simulation,
ClLend,i is a dummy variable that takes the value one if the lending branch for firm i is
closed, andClRival,i,j is adummyvariable that takes thevalueone if the jthnearestbranch
for firm i is closed. In our counterfactual analysis, the interest rate changes only if the
lending branch or nearby rival branches close. Therefore, in the regression above, βL
and βR,j capture the average effects of closures of the lending branch and nearby rival
branches, respectively.

Table 8 and Figure 5 show the estimation results for equation (7). First, Table 8 in-
dicates that firms whose lending branches are closed would face a significant increase
in borrowing costs. Specifically, the estimated value of βL in column (1) implies that the
interest rate increases by 87 bps on average when the lending branch is closed. Closures
of lending branches, by definition, increase the distance to rival banks, thereby leading
to higher equilibrium interest rates in ourmodel. Furthermore, firms select their lenders
based not only on distance but also on unobservable factors ωij in equation (2). There-
fore, closures of lending branches mean that firm i loses lenders with favorable shocks,
leading to further increases in borrowing costs.

Second, the regression analysis of equation (7) also implies that closures of nearby
branches increase borrowing costs. Figure 5 plots the estimated values of βR,j for j =

1, · · · , 17 in equation (7), which capture the marginal effects of closures of the jth near-
estbranches. Thefigure shows that theclosureof thenearestbankbranch forfirm i raises
its borrowing cost by 17 bps on average, and that the marginal effects decline gradually
as the closed branch becomes more distant (i.e., as j increases). In the counterfactual
analysis, the interest rate increases only if the closed branch is the lending branch or the
second-efficient branch. In that sense, it may appear somewhat surprising that the clo-
sure of relatively distant branches still has economically significant effects on borrow-
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Table 8: Effects of Closure of Lending Branch

Model (i) Model (ii)
Dependent Var. ∆ri ∆ri
ClLend 0.789∗∗∗ 1.028∗∗∗

(0.004) (0.014)

ClLend× # of Rivals -0.0153∗∗∗
(-0.0008)

N 68,345 68,329
Note: The table shows the estimation results for βL,
themarginal effects of lending branches’ closure, in (7).
Columns (1) and (2) are the estimates in the specifica-
tion without and with interaction terms. The numbers
in parentheses show the standard errors. Significance
levels are denoted by < 0.10 (*), < 0.05 (**), and < 0.01
(***).

ing costs (for example, the closure of the 10th-nearest branch raises borrowing costs by
around6bps). However, given that somefirmschoose relativelydistantbranchesas their
lending branches as shown in Figure 2, it is not surprising that some distant branches
constitute the second-efficient branches for firm i as well.

For firms whose lending branch, or second-efficient branch, is closed, the magni-
tude of the increase in borrowing costs should depend on the availability of alternative
nearby branches. We examine this hypothesis by allowing βL to vary with measures of
availability captured by the number of bank branches in vicinity. Column (2) of Table 8
reports the estimation results for the interaction terms betweenClLend,i and the number
of bank branches within 15 km. The results indicate that the availability of nearby al-
ternative branches significantly affects the marginal effects of lending-branch closures.
In particular, for each additional nearby branch, the impact of a lending-branch clo-
sure ismitigated by 1.5 bps, underscoring the importance of nearby branches as alterna-
tive lenders or rivals.11 Figure 6 presents the histogram of ∆ri by the number of nearby
bank branches. Consistent with the estimation results above, the figure indicates that

11While we do not report the estimation results for the interaction terms between βR,j and the number
of nearby banks, these interaction terms also have statistically significant effects on changes in borrowing
costs.
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Figure 5: Effects of Nearby Branches’ Closures

Note: The figure plots the estimated values of βR,j for j = 1, · · · , 17 in (7), which capture the marginal
effects of closures of the jth nearest branches.

the availability of nearby branches significantly affects the impact of branch closures on
borrowing costs. Specifically, the magnitude of the impact is relatively large when the
number of nearby branches is 10 or fewer (left panel), becomes substantially smaller
when the number is between 11 and 20 (middle panel), and is quite limited when the
number exceeds 20 (right panel).

5.2 Prefecture-level Analysis

Our counterfactual analysis assumes a common scenario across all prefectures inwhich
the second-largest bank closes all of its branches. Nonetheless, the impact on borrowing
costs varies across regions, reflecting the heterogeneous effects across firms discussed
above.

Regarding the heterogeneous effects across regions, the left panel of Figure 7 shows
the average increase in borrowing costs by region in our counterfactual simulation and
indicates substantial heterogeneity across regions. As an example of this heterogeneity,
the right panel of the figure presents the histogram of∆ri for two representative prefec-
tures that experience large and small impacts in the counterfactual analysis. The panel
indicates that firms in Kanagawa Prefecture, which is adjacent to Tokyo and character-
ized by a highly competitive banking market, face much smaller increases in borrowing
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Figure 6: Borrowing Costs and Number of Nearby Banks

Note: The figure presents the histogram of∆ri by the number of nearby bank branches.

costs than firms in Nagasaki Prefecture, where alternative banking options are relatively
limited.

How can policymakers infer the heterogeneous effects of bank consolidation across
regions? Although thenumberoffirmswhose lendingbranchesor second-efficientbranches
are closed can predict these effects, such information is not readily available to policy-
makers. Instead, we propose using the market shares of the first- and second-largest
banks in eachprefecture aspractical predictors of the regional impact of bank consolida-
tion. Toexamine this hypothesis, we runaprefecture-level regressionof average changes
in borrowing costs on themarket shares of the first- and second-largest banks. The esti-
mation results are as follows:

∆rp = β0 + 0.55
[0.15]

× Share1,p + 1.03
[0.15]

× Share2,p adj.R2 = .65

where ∆rp is the average change in borrowing costs in prefecture p, and Share1,p and
Share2,p denote the market shares of the first- and second-largest banks, respectively,
measured by the number of borrowers in prefecture p. Numbers in brackets report stan-
dard errors. The results indicate that higher market shares of either the first- or second-
largest bank are associated with larger increases in borrowing costs following bank con-
solidation. Thisfinding suggests thatpolicymakers canuse these readilyobservable con-
centrationmeasures to assess and predict the regional impact of branch closures.
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Figure 7: Changes in Borrowing Costs by Region

Note: The left panel shows the average increase in borrowing costs by region in our counterfactual simu-
lation. The right panel focuses on two representative prefectures that experience large and small impacts
in the counterfactual analysis, Kanagawa and Nagasaki, and presents the histogram of∆ri.

Why do the first- and second-largest banks’ shares predict the effects of branch clo-
sures across regions? First, ahigher second-largestbank’s share,Share2,p, leads toa larger
impact simply becausewe assume that the second-largest bank closes all of its branches
in our counterfactual analysis. That is, when the second-largest bank’s share is high, its
branches are more likely to be the lending branch or the second-efficient branch for
firms, thereby generating larger increases in borrowing costs. Second, a higher first-
largest bank’s share, Share1,p, also predicts a larger impact because it proxies the avail-
ability of nearby alternative branches. When the first-largest bank’s share is high, branch
closures by the second-largest bank make the regional banking market effectively mo-
nopolistic, thereby leading to larger increases in borrowing costs.

In sum, our counterfactual analysis indicates that if bank consolidation entails large-
scale bank branch closures, it may substantially increase firms’ borrowing costs. The
analysis also shows that the impact on borrowing costs is highly heterogeneous across
firms and regions, reflecting differences in the availability of nearby alternative banks.
Accordingly, the share of the largest bank, in addition to the share of the bank conduct-
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ing the consolidation, predicts the regional impact of branch closures. This finding sug-
gests thatpolicymakers canuse thesemeasures topredict, in advance, the effects of bank
consolidation on regional borrowing costs.

6 Conclusion

In this paper, we examine how firms’ borrowing costs are affected by geographic dis-
tance from bank branches. We develop amodel where firms endogenously choose their
lenders by considering loan rates determined à la Bertrand competition among banks,
and estimate the structural parameters using a dataset that combines firm- and bank-
level microdata from Japan. The estimation results indicate that distance affects loan
pricing by influencing both banks’ andborrowers’ costs, and that a simple reduced-form
approachmay yield biased estimates due to firms’ endogenous lender choice. Counter-
factual simulations indicate that the impact of bank consolidation depends on regional
competitive conditions.
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Appendix A: Data Sources

As stated in the main text, this study primarily utilizes two datasets: the Teikoku Data-
bank database and Kinyu Meikan (Financial Directory). This appendix provides a more
detailed description of these datasets, including the construction of the variables used
for the estimation.

A.1: Firm-level Data

Our firm-level data are provided by Teikoku Databank Ltd., a leading business credit
bureau in Japan. We use several datasets from Teikoku Databank, including the corpo-
rate financial database, the corporate profile database, and the corporate credit research
database.

First, the corporate profile database provides firm-level information, includingfirms’
addresses. Because addresses are recorded in termsof latitudeand longitude,weuse this
information to calculate thegeographicdistancebetweenfirmsand their lenders, aswell
as the distance to nearby bank branches. Second, the corporate credit research database
reports the branch code of the bank branchwithwhich a firmprimarily transacts. When
a firm transacts with multiple bank branches, the branches are listed in descending or-
der of loan volume. Following themethodology ofHosono et al. (2016), we designate the
top-listedbankbranchas thefirm’s lender inour analysis. Finally, the corporatefinancial
database contains firms’ financial information, including interest payments, profitabil-
ity, and asset and loan sizes. Using these data, we construct the firm-level variables used
for estimation as follows. We first define firm i’s loan size as the sum of long- and short-
term loans:

LoanSizeit = Long-Term Loanit + Short-Term Loanit.

We then compute the interest rate and the long-term loan ratio by dividing interest pay-
ments and long-term loans, respectively, by outstanding loans:

InterestRateit =
Interest Paymentit

LoanSizei,t−1

,

LongTermRatiot =
Long-Term Loant

LoanSizet
.

Next, we define firm size as the logarithm of total assets: FirmSizeit = log(Total Assetsit).
Finally, we define return on assets (ROA), liquidity ratio, and capital ratio as the ratios of
operating profits, liquid assets, and net assets to total assets, respectively.
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A.2: Bank-level Data

FinancialDirectory (KinyuMeikan) is anannualdataset that comprehensively listsbranches
of financial institutions in Japan. First, the dataset contains address information for all
bank branches in Japan. Since we need to convert these addresses into latitude and lon-
gitude to calculate geographic distances between firms and bank branches, we use the
“CSVGeocoding Service” providedby theUniversity of Tokyo.12 Second, thedataset con-
tains information on bank categories. Hereafter, we refer to these bank categories as
“bank type.” As explained in the main text, we use this information to control for the
possibility thatfirmsprefer aparticularbank typeoverothers. Third, thedataset includes
bank and branch codes for all bank branches in Japan, which we use to match address
and bank-type information for bank branches with the firm-level data.

In our analysis, the presence of rival bank branches in the vicinity plays an impor-
tant role in loan pricing. To capture the effects of rival banks more accurately, we make
the following adjustments. First, we exclude branch codes from our sample if they are
categorized as “branches-in-branch.” In Japan, for logistical reasons, some banks retain
branch codeswhen closing branches by relocating their addresses to an existing branch.
If such de facto closed brancheswere counted as nearby rival branches, thiswould result
in double-counting. Hence, we exclude all branches that belong to the same bank and
share the same address. Second, we exclude branches that do not engage in corporate
lending. Specifically, we remove branches from the set of potential rival branches if they
do not serve as a lender for any firm in any period in our sample.

A.3: Combining the TwoDatabases

These two databases are merged using the bank-branch code, as in Ono et al. (2023).
Using the latitude and longitude for firms and bank branches, we calculate distances
between firms and their lenders, as well as between firms and 30 nearby bank branches
that could serve as potential rivals.

A.4: Sample Selection

Because our focus is on bank accessibility for small businesses in regional areas, our
analysis examines only firms located in regional areas that borrow from regional banks.
First, we exclude firms located in Tokyo or Osaka. Since bank access is substantially bet-
ter in these very large cities, we consider it difficult to analyze firms in these areas along-
side those in other regions. Second, we exclude firms that borrow from the four largest
banking groups—namely, Mizuho, MUFG, SMBC, and Resona—and focus instead on

12At https://geocode.csis.u-tokyo.ac.jp/geocode-cgi/geocode.cgi?action=start, this service is
available for free.
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firms that borrow from tier-one regional banks, tier-two regional banks, or credit asso-
ciations.13 We also exclude branches of the four large banking groups from the list of
nearby banks, as they are unlikely to serve as realistic alternatives for small businesses in
regional areas.

In addition to the above sample selection based on region and bank type, we exclude
firms as outliers if at least one of the following conditions is satisfied: (i) the interest rate
is below zero or above the 99th percentile; (ii) the ROA is below the 1 percentile or above
the 99 percentile; (iii) the capital ratio is below zero or above the 99 percentile; (iv) the
distance to the lender is above the 99 percentile; and (v) the distance to the nearest bank
branch is above the 99 percentile. In addition, in the regression analyses using the aver-
age distance to the three or five nearest banks, we exclude firms if these variables exceed
the 99 percentile.

Finally, we set the sample period from 2009 to 2020, as the Japanese government in-
troduced policy support for commercial banks at the onset of the COVID-19 pandemic.
Because firms issue their financial statements in different months, we construct an an-
nual panel dataset by labeling, for example, data from January 2009 to December 2009
as 2009 data.

Appendix B: Monte Carlo Simulation

This appendix provides details of the Monte Carlo simulation in Section 5.2 and shows
that our likelihoodestimationusing simulateddata successfully identifies theparameter
values. In theMonteCarlo simulation, we assume for simplicity that firms are character-
ized only by distance to bank branches and firm size. Specifically, we parameterize vij ,
ci, and ξij as:

vij ≡ γDdij, ci ≡ βS log(Asseti), and ξij ≡ θDdij

Thus, γD, βS, and θD are the only parameters in the simplifiedmodel. We set the param-
eter values to γD = −0.1, βS = −0.1, and θD = 0.1 and examine whether the likelihood
estimation recovers these true values.

The Monte Carlo simulation proceeds as follows. First, we generate 10,000 artificial
firms, specifying their geographic characteristics and firm size. For the distance to bank
branches, we assume that each firm has fifteen nearby branches, and the distance to
each branch is drawn from a log-normal distribution. Themean and standard deviation
of the log-normal distributionare set to 0.99 and0.48 tomatchour samplemoments. For
firm size, we draw each firm’s size from a log-normal distribution with mean and stan-

13We also exclude firms that borrow from credit cooperatives or government-affiliated financial institu-
tions, as these firms tend to be too small—primarily individual businesses—to be comparable with other
firms.
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Table 9: Estimated Coefficients Using Simulated Data

γD βS θD

-0.100 -0.100 0.100
[-0.107, -0.092] [-0.103, -0.096] [0.092, 0.107]

Note: The table reports the results for themaximumlikelihoodestimationusingartificialdatageneratedby
Monte Carlo simulations. Columns 1, 2, and 3 show the estimation results for γD, βS , and θD, respectively.
The table reports the medians of the estimated coefficients from 100 simulations, with the 5th and 95th
percentiles shown in brackets.

dard deviation set to -1.26 and 1.61, respectively, again to match our sample. As the un-
observable component of lending costs, we generate random variables following a Type
I extremevaluedistribution, TIEV(ξij, σω), whereσω = 1.0, and construct the lending cost
rij based on equation (1) in themain text.

Second, given the equilibrium conditions of the model, the artificial firms optimally
choose their lenders, and the interest rate is determined through an English auction à la
Bertrand competition among bank branches. By sorting the values of vij − rij for firm i

and bank branch j, we identify the lender as well as the second-efficient rival branch for
firm i. The equilibrium interest rate for firm i is then determined as r∗i = vi(1) − vi(2) +

ri(2) where variables with (1) and (2) denote those for the lender and the rival branch,
respectively.

Third,weestimate theparametervaluesbymaximizing the likelihood function. Specif-
ically, we construct the likelihood function based on equation (4) in the main text us-
ing the artificially generated data on firm i’s lender choice, lending rate, and distance to
nearby banks. Note that we assume that econometricians cannot identify which branch
is firm i’s second-efficient bank, as in the estimation using real data.

Table 9 presents the estimation results for γD, βS, and θD. The table reports themedi-
ans of the parameter estimates from 100 simulations, with the 5th and 95th percentiles
shown in brackets. The results indicate that the maximum likelihood estimation using
the simulated data correctly identifies the parameter values. Specifically, although our
likelihood function depends only on observable variables for firm i, the lender m, and
the nearby branches in Ji, it successfully recovers the calibrated parameter values used
in theMonte Carlo simulation, namely γD = −0.1, βS = −0.1, and θD = 0.1. In particular,
consistent with the argument in Section 3.3, themaximum likelihood estimation is able
to separately and precisely identify the parameters governing the effects of distance on
borrowers’ costs, γD, and on lenders’ costs, θD.
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