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Abstract

In this paper, we examine how firms’ borrowing costs are affected by geographic dis-
tance from bank branches. We develop a model 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’ and borrowers’ costs, and that a sim-
ple reduced-form approach may yield biased estimates due to firms’ endogenous
lender choice. Counterfactual simulations indicate that the impact of bank consoli-
dation depends on regional competitive conditions.
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1 Introduction

Accessibility to banks has been declining in many countries due to bank branch clo-
sures.1 For example, as shown in Figure 1, more than 20 percent of bank branches have
closed in Japan over 15 years. This trend is driven by bank consolidation in response
to, for example, low profitability and the digitization of financial services. Though these
changes may represent banks’ optimal responses to evolving financial conditions, they
raise policy concerns about declining competition in the banking sector. In particular,
reduced access to banks can increase borrowing costs for small businesses, as loan rates
tend to rise with the distance between firms and competing banks (e.g., Degryse and
Ongena, 2005; Agarwal and Hauswald, 2010). Given the ongoing decline in bank acces-
sibility due to branch closures, a key question for financial authorities is the extent to
which the longer distances increase borrowing costs for businesses.

Thispaper examineshowgeographicdistancebetweenborrowers and lenders affects
loan ratesbyadoptinga structural estimationapproach. Specifically,wedevelopamodel
in which firms optimally select a bank branch to borrow (hereafter, the “lender”), and
equilibrium interest rates are determined through an English auction under Bertrand
competition among banks (Allen et al., 2019). As explained below, we assume that dis-
tance influences interest ratesbypotentially affectingboth lenders’ andborrowers’ costs,
consistent with prior empirical and theoretical studies. We then estimate themodel pa-
rameters via maximum likelihood using a unique dataset that combines firm-level mi-
crodatawithafinancial institutiondirectory in Japan. Finally,weuse theestimatedmodel
to conduct a counterfactual simulation to assess how bank branch closures affect busi-
nesses’ borrowing costs.

Previous theoretical and empirical literature argues that greater distance between
firms and bank branches may affect loan rates by increasing both lenders’ and borrow-
ers’ costs. On the lender side, prior studies emphasize that longer distances raise banks’
monitoring costs, as banksmayfind itmore difficult to obtain private information about
more distant firms (e.g., Agarwal and Hauswald, 2010; Granja et al., 2022; Petersen and

1See Keil and Ongena (2024) for the U.S. and Legran et al. (2024) for Europe.
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Figure 1: Number of Bank Branches in Japan

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

Rajan, 2002). On the borrower side, empirical works highlight that greater distance can
increaseborrowers’ costs throughhigher transportationcosts, consistentwith theclassic
Hotelling framework (e.g., Degryse andOngena, 2005). Thismechanism is also intuitive,
as firmsmust physically visit bank branches to, for example, negotiate andmanage loan
contracts.

Given these effects on lenders’ and borrowers’ costs, the empirical literature has ex-
tensively documented the role of distance in loan pricing, primarily using reduced-form
methods. Our structural estimation approach makes a marginal but distinct contribu-
tion to this literature by offering several advantages over reduced-formmethods, in par-
ticular through theexplicit jointmodelingof interest-rate competitionamongbanks and
firms’ endogenous lender choices. First, our framework allows us to examine why dis-
tance matters for loan pricing under explicit structural assumptions. In particular, we
distinguish between the effects of distance on lenders’ costs and on borrowers’ costs,
exploiting a theoretical implication that distance to a firm’s own lender and distance to
other nearby banks both affect loan rates through these two channels, but in different
ways. This structure enables our empirical analysis to quantify the contribution of each
channel by estimating the corresponding parameters. Second, ourMonte Carlo simula-
tions show thatwhile our structural estimationproperly identifies themarginal effects of
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distance on borrowing costs, simple reduced-form regressionsmay yield attenuated es-
timatesdue tofirms’ endogenous lender selection. Althoughcompetitionamongnearby
banks is known to affect loan pricing, directly identifying the relevant competitors from
the data is challenging. Ourmodel addresses this issue by allowing each bank branch to
becomeapotential rival to thecurrent lenderwithacertain likelihood, therebycapturing
the roleof rival branches indeterminingequilibrium loan rates. Third, in the counterfac-
tual analysis, our framework examines how loan rates adjust endogenously in response
to shocks such as bank branch closures, while accounting for firms’ endogenous lender
choices.

Our main findings are summarized as follows. First, our estimation results indicate
that distance significantly affects loan pricing through both banks’ lending costs and
firms’ perceived utility. We identify these effects through two distinct channels by ex-
ploiting variation in firms’ borrowing rates and their distances not only to the lending
branchbut also to nearby rival branches. The estimates imply that a 1 kilometer increase
in thedistance tonearbybankbranches raises borrowing costs by approximately 8.7 bps,
which is economically significant given Japan’s low-interest environment. In contrast,
the effect of distance to the lending branch is more moderate, at about−2.2 bps per ad-
ditional kilometer, underscoring the central role of competition among banks in deter-
mining loan rates. Second, our counterfactual simulations indicate that bank consolida-
tion can lead to sizable increases in loan rates when accompanied by large-scale branch
closures that alter the geographic distance between lenders and borrowers. This find-
ing implies that, while bank consolidationmay yield benefits such as reduced operating
costs, it can also impose welfare costs by increasing firms’ borrowing costs. Moreover,
the magnitude of these effects varies substantially across firms and regions, reflecting
differences in the availability of nearby alternative banks. In particular, themarket share
of the largest bank in a region is a useful predictor of the regional impact of branch clo-
sures, suggesting that policymakers can use such concentration measures to anticipate
the adverse effects of bank consolidation.

Our study contributes to several strands of the banking research literature. First, this
paper is closely related to recent studies that apply structural estimation inbanking, such

4



as Egan et al. (2017), Pavanini et al. (2022), and Wang et al. (2022). In particular, Allen
et al. (2019) investigate bank competition in the Canadian mortgage market, and our
likelihood-basedestimation framework,whichmodelsBertrandcompetitionamongbanks,
closely follows their methodology. In addition, our approach to separating two distinct
determinants of financial contracts is similar in spirit to Yasuda (2005). Second, our
study builds on the traditional empirical literature examining the role of distance in loan
pricing, including Petersen and Rajan (2002), Alessandrini et al. (2009), and Granja et
al. (2022). Among these studies, Degryse andOngena (2005) and Agarwal andHauswald
(2010) areparticularly relevant, as they show that firms’ borrowing costs dependnot only
on their distance to the lending bank but also on their distance to competing banks. In
contrast to these reduced-form studies, we adopt a structural estimation approach that
jointly models firms’ bank choice and loan pricing, thereby uncovering the mechanism
through which distance shapes competitive pressure in loan markets. Third, this paper
contributes to the literature on bank consolidation and loan pricing, includingDeYoung
et al. (1999), Sapienza (2002), Degryse et al. (2011), and Nguyen (2019). Our structural
framework allows us to quantify the effects of consolidation on loan pricingwhile taking
into account firms’ endogenous bank choice and the competitive structure they face.

The remainder of the paper is organized as follows. Section 2 explains the data used
for empirical analyses in this study, as well as the institutional background of the bank-
ing systemin Japan. Section3presents reduced-formevidence tomotivateour structural
model. Section 4 presents the structural model, and the estimation results are demon-
strated in Section 5. Section 6 concludes.

2 Data and Background

This study primarily utilizes two datasets: the Teikoku Databank database and Kinyu
Meikan (Financial Directory). We first describe these data sources, outlining their struc-
ture. Additionally,weprovide institutionalbackgroundonthe Japanesecommercialbank-
ing sector, explaining its market structure.
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2.1 Teikoku Databank and Financial Directory (KinyuMeikan)

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.2

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
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 are merged using the bank-branch code. We then calculate the
distance between each firm and its lending branch, as well as the distance between the
firm and the 20 nearest bank branches as a potential “rival branch.” Because our focus
is on bank accessibility for small businesses in regional areas, we examine only firms in
those areas that borrow from regional banks. Specifically, we exclude some firms from
our sample if: (i) they are located inTokyoorOsaka, or (ii) theyborrow from large banks.3

2When the firm transacts with multiple bank branches, the list of bank branches is supposed to be or-
dered by loan volume. Thus, we designate the top-listed bank branch as the firm’s lender in our study,
following themethodology in Hosono et al. (2016).

3We also exclude firms that borrow from credit cooperatives, as they tend to be too small—primarily
individual businesses—to be comparable with other firms.
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Table 1: Descriptive Statistics

Obs. Mean S.D. p5 p50 p95
Lending Bank
Distance (km) 993,284 3.20 3.94 0.25 1.93 10.40

Distance to rivals
The closest (km) 993,284 1.35 1.88 0.12 0.79 4.26
Second closet (km) 993,284 2.01 2.88 0.26 1.20 6.18
Third closest (km) 993,284 2.74 5.44 0.40 1.56 8.14
Forth closes (km) 993,284 3.28 6.14 0.51 1.87 9.64
Fifth closest (km) 993,284 3.84 8.80 0.61 2.16 11.13
Other variables
Interest Rate (%) 993,284 1.87 1.27 0.38 1.66 4.02
Assets (mil. yen) 993,284 1.11 10.20 0.02 0.23 3.64
ROA 993,284 0.03 0.08 -0.09 0.02 0.17
Capital Ratio 993,284 0.31 0.21 0.03 0.27 0.72

2.2 Descriptive Statistics

Table 1 demonstrates the descriptive statistics of ourmerged data, pooling all years. The
number of observations is 993,284 over 11 years, implying that about 90,000 firms are
included in each year. The figure presents the distance to the lending branch and the
distribution of bank types of the lending branches. The first row shows that the aver-
age distance to the lending branch is about 3.2 km, with a standard deviation of 3.9 km
and amedian distance of 1.9 km. These results suggest that firms tend to select lending
branches relatively close to their locations.

The table also displays the distances to the closest branch, as well as the second-
, third-, fourth-, and fifth-closest branch, excluding the lending branch. The average
distance to the closest bank branch, excluding the lending branch, is 1.35 km, with a
median of 0.79 km, and the average distance to the second-closest branch is 2.01 km,
with a median of 1.20 km. This indicates that the distance to the second-closest bank is
slightly longer than the distance to the lending branch on average. Looking at the me-
dian, though, the distance to the second-closest branch is shorter than the distance to
the lending branch. The average distance to the fifth-closest bank branch is 3.72 km, im-
plying that there are more than five financial institutions, on average, within a radius of
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Figure 2: Rank of Lending Branch by Distance (Cumulative)

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.

4.0 km.
Lastly, the table presents descriptive statistics for the control variables. The average

interest rate is very low at 1.87%, with a median of 1.27%. Although not shown in the
table, note that average loan rates in Japan have declined over the last few decades. The
table also presents descriptive statistics for additional financial variables, such as asset
size, ROA, and capital ratios, that may influence interest rates.

3 Motivating Facts

In this section,weperformdescriptive and reduced-formanalyses tomotivate our struc-
turalmodels, using the data described in Section 2. In our analysis, we particularly focus
onhowfirms’ choice of lending branches, aswell as their loanpricing, are affectedby the
geographical distance between firms and bank branches.
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3.1 Does DistanceMatter When Choosing a Lending Branch?

To begin our descriptive analysis, we ask the following question: Do firms actually bor-
row from nearby bank branches? In other words, does the distance between borrowers
and lenders matter when firms choose their lender? If a greater distance between bor-
rowers and lenders entails costs for borrowers and/or lenders, as suggested by the theo-
retical and empirical literature, we would expect firms to be more likely to borrow from
closer 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, while 12% choose the second-nearest branch. Moreover, more than 70%
of firms select their lender from among the ten closest bank branches, suggesting that
distance to bank branches is an important determinant of firms’ lender choices.

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.
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Table 2: Firm’s Lender Choice by Loan Size

(1) (2) (2)
Select3 Select5 Select10

Loan -0.173∗∗∗ -0.184∗∗∗ -0.193∗∗∗
(-132.08) (-137.06) (-17.41)

# of Rivals -0.128∗∗∗ -0.134∗∗∗ -0.150∗∗∗
(-225.71) (-231.55) (-231.16)

N 880345 880345 880345
t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: Selecti,j for j = 3, 5, and 10 are dummy variables that take the value one if firm i chooses its lending
branch from among the j nearest bank branches. The table shows the estimation results of a logit analysis
in which these dummy variables are regressed on loan volume and the number of nearby branches.

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).
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3.2 Does DistanceMatter When Setting Loan Rates?

To understand how banks set loan rates, it is important to examine (i) the relationship
between the loan rate and thedistance to the lendingbranch, and (ii) the relationshipbe-
tween the loan rateand thedistance to rivalbankbranches. Figure3 illustrates these rela-
tionships using local polynomial regressions. The horizontal axis in the left panel repre-
sents the distance to the lending branch, while that in the right panel represents the dis-
tance to rival branches.4 Figure 3 shows that, while there is no clear relationshipbetween
borrowing costs and the distance to the lending branch, borrowing costs increase signif-
icantly with the distance to nearby rival branches. Specifically, as 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 lending bank—is an important determinant of firms’ borrow-
ing costs.

Next, followingDegryse andOngena (2005), we run the following regression to assess
the relationship between borrowing costs and the distance to the lending and rival bank
branches:

Interest Ratei = β0 + β1DLend,i + β2DRival,k,i + Controlsit + Yeart + ϵij

Here, Interest Ratei denotes the loan rate for firm i, and DLend,i is the distance between
firm i and its lending branch. As proxies for the distance to rival branches, DRival,k,i, we
consider four alternativemeasures indexed by k = 1, 2, 3, 4. First,DRival,1,i is the distance
to the nearest bank branch for firm i (or the second-nearest branch if the lending branch
is the nearest). Second, DRival,2,i is the distance to the nearest branch within the same
bank type. For example, when the lender for firm i is a tier-one regional bank, DRival,2,i

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 the
possibility that firms may prefer particular types of banks over others. Third,DRival,3,i is

4As 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)
DLend .0015*** .0016*** .0007* .0005

(4.09) (4.17) (2.02) (1.45)

DRival,1 .0068***
(6.75)

DRival,2 .0080***
(17.52)

DRival,3 .0122***
(17.18)

DRival,4 .0129***
(23.08)

Controls √ √ √ √

Year FE √ √ √ √

The numbers in parentheses show the t-values.
*, **, and *** denote p < 0.1, 0.05, and 0.01.

Note: The table the estimation results, where each column uses a different measure of distance to rival
bank branches: (1) DRival,1,i 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,i is the distance to the nearest branch within the
same bank type, (3) DRival,3,i is the average distance to the three closest bank branches for firm i, (4)
DRival,4,i 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 timefixed
effects, denoted by Yeart, to capturemacroeconomic factors affecting interest rates.

the average distance to the three closest bank branches for firm i, and fourth,DRival,4,i is
the average distance to the five closest bank branches for firm i. These latter measures
address the possibility that the relevant rival branch is not necessarily the nearest one,
but rather one of several branches in the vicinity. 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.

Table 3 reports the estimation results. Each column uses a different measure of dis-
tance to rival bank branches. When we use the distance to the nearest bank branch,
DRival,1, shown in the first column, the coefficients on both the distance to the lending
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Table 4: Distance and Borrowing Cost for Firms Borrowing from Five Nearest Banks

(i) (ii) (iii) (iv)
DLend .0055*** .0051*** -.0037** -.0052***

(3.93) (4.21) (-2.88) (-4.40)

DRival,1 .0074***
(4.53)

DRival,2 .0087***
(15.04)

DRival,3 .0169***
(16.04)

DRival,4 .0175***
(22.38)

Controls √ √ √ √

Year FE √ √ √ √

The numbers in parentheses show the t-values.
*, **, and *** denote p < 0.1, 0.05, and 0.01.

Note: The table reports the estimation results for firms borrowing from one of the five nearest banks. The
same notes as in the previous table apply.

branchand thedistance to the rival brancharepositive andstatistically significant. How-
ever, the effect of rival distance is larger in magnitude andmore statistically significant.
Using the distance to the nearest branch within the same bank type, DRival,2, shown in
the second column, yields qualitatively similar results. When we instead use average
distances to nearby branches, as shown in the third and fourth columns, the estimated
effects of rival distance become larger andmore statistically significant, while the effects
of distance to the lending branch become smaller and statistically less significant. The
average distances to nearby branches maymore appropriately capture rival distance by
accounting for the possibility that the nearest bank branch is not a relevant competitor.
Accordingly, the results in the third and fourth columns indicate that the distance to the
lending branch is not a significant determinant of borrowing costs once the distance to
rival branches is controlled for. Overall, these estimation results suggest that competi-
tion among bank branches plays a central role in determining equilibrium loan rates.

Figure 2 shows that some firms borrow from distant banks rather than nearby banks,
and Table 2 suggests that firms with different loan sizes exhibit different preferences re-
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garding distance. To examine whether firms that are more sensitive to distance when
choosing their lender are also sensitive to distance in loan pricing, we re-estimate re-
gression (1) using only firms that borrow from one of the five nearest bank branches.
The estimation results in Table 4 show that, while most results are qualitatively similar
to those obtained using the full sample in Table 3, a key difference is that, in columns (3)
and (4), the distance to the lending branch has statistically significant and negative ef-
fects on borrowing costs. Although this result contrasts with the estimates in Table 3, it is
more consistentwith thefindings in theprevious literature, such asDegryse andOngena
(2005). In the next section, we use a structural model of bank competition to discuss a
possible mechanism underlying these reduced-form results in Tables 3 and 4.

4 Structural Model of Bank Competition

This section presents our structural model to investigate the relationship between dis-
tance and firms’ borrowing costs. In the model, firms select their lender from nearby
banks based on the interest rate offered, geographic distance, and other characteristics
such as bank type. The equilibrium interest rate is determined through an English auc-
tion inBertrand’s competitionamongbanks. Inwhat follows, first,wedescribe thebank’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 estimate those structural parameters.

4.1 Bank’s Lending Cost and Distance

Bank j extends loans to firms in its vicinity, incurring lending costs. The cost for bank j
to lend to firm i is denoted by rij and defined 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-
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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)

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

(regional I, regional II, or cooperative), 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.

4.2 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
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benefit vij is assumed to be a function of distance,

vij = v(dij),

where dij is distance between firm i and bank branch j. The previous literature argues
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 ∂Loanij

≤ 0,

whereLoanij denotes the loan size between firm i and branch j. This assumption is nat-
ural, as vij and rij represent the benefit and cost per dollar of the loan. Given that trans-
portation costs are largely invariant to loan size, their importance per dollar borrowed
should decline as loan size increases.

Firm i chooses its lender from nearby branches that compete under Bertrand com-
petition. We assume that the lending branch has bargaining power in loan negotiations
and sets the loan rate to maximize its profit under Bertrand competition. Accordingly,
the equilibrium interest rate, r∗i , is determined through an English auction, in which the
most efficient branch offers the interest rate that makes firm i indifferent between bor-
rowing from the most 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
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(i.e., under the zero-profit condition) and are numbered sequentially.

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

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. Equation (3) implies that the equilibrium interest rate is determined
through an English auction among banks. Specifically, the most efficient bank raises its
offered interest rate ri(1) up to the point at which firm i is indifferent between borrowing
from the most efficient bank and borrowing from the second-efficient bank under the
zero-profit condition, that is, vi(1) − ri(1) = vi(2) − ri(2). The pair (b∗i , r∗i ) constitutes an
equilibriumoutcome, 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.

4.3 Identification for Borrowers’ and Lenders’ Cost of Distance

In this model, an increase in the distance between borrowers and lenders affects the
equilibrium interest rate and, consequently, firms’ lender choices through two distinct
channels: by increasing banks’ lending costs and by lowering borrowers’ perceived util-
ity. We construct a unique dataset by merging firm-level microdata with a financial in-
stitution directory, which enables us to separately identify the effects of distance on bor-
rowers’ costs (e.g., transportationcosts) and lenders’ costs (e.g.,monitoringcosts) through
these channels.
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Figure 4: Identification for Lending and Borrowing Costs

Note: Thefigure illustrateshowto separately identify theeffectsofdistanceonborrowers’ costs (e.g., trans-
portation costs) and lenders’ costs (e.g., monitoring costs).

To understand the identification issue in our model, consider two firms, A and B,
whose distances to their second-efficient branches are identical (after controlling for
other observable factors), but whose distances to their respective lending branches dif-
fer (Figure 4). In equilibrium, the interest rates for 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-efficient branches are the same for firmsA andB, we have

r∗A − r∗B = vA(1) − vB(1).

Now suppose that the relationship between distance and a firm’s perceived utility is lin-
ear. Under this assumption, the equation above implies that we can identify the effect of
distance on firms’ perceived utility by comparing the equilibrium interest rates of firms
X and Y . Finally, once the effect of distance on firms’ perceived utility is identified, we
can recover the effect of distanceonbanks’ lending costs, ri(2), from theequilibriumpric-
ing condition in (3).
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4.4 Likelihood Function for Estimating Structural Parameters

As we describe in Section 2, our dataset consists of the following items for firm i where
i = 1, · · · , n. First, the firm-level microdata provide firm i’s borrowing cost ri, the ad-
dress of its headquarters, and a vector of characteristicsxi, such as profitability, firmsize,
and debt levels. Second, the financial institution directory provides the bank branch ad-
dresses and the bank types of the lender, Tm, as well as other banks Tj where j ∈ Ji\{m}.
Third, by combining those two datasets, we can calculate the distance between firm i

and its lender, dim, as well as other banks in its neighborhood, dij , where j ∈ Ji\{m}.
We focus only on firms outside Tokyo and Osaka prefectures that borrow from tier-one
or tier-two regional banks or Shinkin banks (i.e., credit associations), as our interest lies
in the effects of bank accessibility on regional economies. As shown in Figure 2, firms
exhibit heterogeneous preferences regarding distance—some are sensitive to it, while
others do not care about it at all. Therefore, we exclude firms that borrow from banks
beyond their ten nearest banks, as their preferences differ from those of others.

We construct a likelihood function to estimate the parameter values in the following
two steps. First, the probability for firm i to choose bankm as its lending bank, 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 bank m as their lender, we compute the
conditional probability that the equilibrium interest rate equals ri, L2(ri|bi = m). Given
the equilibrium interest rate is determined by Equation (3), L2(ri|bi = m) is,

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

]
= Pr

[
ωi(2) = −vim + vi(2) + ri − xiβ

]
where the variables vi(2), ri(2), andωi(2) are variables for second-efficient banks. Note that
whilewecanobservewhichbank is the lender forfirm i indata,we cannot identifywhich
bank is the second-efficient bank for firm i from the dataset. Thus, in constructing the
likelihood function, we need to consider all cases where one of the nearby banks other
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than the lender is the second-efficient bank for firm i. Specifically, let bankm and k be
the lender and the second-efficient bank for firm i, respectively. Then, given that bank
m is the lender for firm i, the conditional probability for bank k to become the second-
efficient bank is,

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∈Li\{m,k}

{1−Gil(ximl)}

whereGij is a cdf of TIEV(ξij, σw) for firm i and bank j, and ximj ≡ −vim + vij + ri − xiβ.
The equality in the first line utilizes the fact that the equilibrium interest rate is deter-
mined by an English auction in Equation (3). The second and third lines come from the
assumption that the lending cost ril is additively separable as described in Equation (1),
and the idiosyncratic component ωil follows TIEV(ξil, σw). Note that any variable for the
second-efficient bank k does not show up in the right-hand side of the above equation.
Then, given theprobability for eachbank tobe thesecond-efficientbank, theconditional
likelihood for interest rate, L2(ri|bi = m), is rewritten as

L2(ri|bi = m) =
∑

k∈Li\{m}

gik(ximk)

 ∏
l∈Li\{m,k}

{1−Gil(ximl)}


where gij is a pdf of TIEV(ξij, σw) for firm i and bank j. That is, we can compute the
weighted average of gik(ximk), the probability for each bank k’s lending cost to be consis-
tent with ri, using the probability for bank k to be a second-efficient bank as their weight
in the weighted average.

Finally, by computing the product of L1(bi = m) and L2(ri|bi = m), we can compute
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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∈Li\{m}

gik(ximk)

 ∏
l∈Li\{m,k}

{1−Gil(ximl)}


= Gim(ri − xiβ)

∑
k∈Li\{m}

gik(ximk)

 ∏
l∈Li\{m,k}

{1−Gil(ximl)}


where ximj ≡ −vim + vij + ri − xiβ. The equality in the last line utilizes the fact that the
equilibrium interest rate is determined by an English auction in Equation (3). In the next
section, we use this likelihood function for estimating structural parameters by maxi-
mum likelihood estimation.

5 Structural Estimation

In this section, we conduct quantitative analysis using the structural model described
in the previous section. First, we parameterize the relationship between distance and
lending costs, as well as perceived utility. Second, before estimating the model param-
eters using microdata, we conduct a Monte Carlo simulation to understand the model
properties. Third, we estimate themodel parameters using our dataset and interpret the
estimation results. Fourth, we conduct a counterfactual simulation for bank branch clo-
sures to assess their impact on the equilibrium interest rate.

5.1 Parameterization

To investigate the structural relationship between distance and the interest rate, we as-
sume the following specifications forutility vijwhenfirm iborrows frombank j and lend-
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ing costs ci and ξij .

vij ≡ γDistdij + γDist×Loandij · log(Loani)

ci ≡ βSize log(Asseti) + βROAROAi + βLiqLiquidityi + βcapCapRatioi + βlongLongRatioi

ξij ≡ θDistdij +
∑
b

[
θT,bBankTypeb,j + θTS,bBankTypeb,j × log(Asseti)

]
In this specification, the distance betweenborrowers and lenders, dij , affects the interest
rate throughbothborrowers’ perceivedutility andbanks’ lending costs, capturedby γDist

and θDist, respectively. The effect of distance on borrowers’ perceived utility is allowed
to vary with loan size, as captured by the interaction term coefficient γDist×Loan. With re-
spect tobank type,weclassifyall banks intooneof threecategories, b ∈ {Regional I,Regional II, Shinkin}.

Using this specification, we first conduct aMonte Carlo simulation to assess whether
our likelihood-based estimation can recover the true parameter values and to examine
its relationship with the reduced-form estimation in Section 3. We then estimate the
structural parameters by maximum likelihood and conduct counterfactual simulations
based on the estimated parameter values.

5.2 Monte Carlo Simulation

Before estimating our model with the Japanese data, we conduct aMonte Carlo simula-
tion toassesswhether theparameter valuesareproperly identified. Furthermore,weaim
to ensure that the generated data closely replicate the reduced-form results presented in
Section 3, andwe expect that the results of reduced-formestimationusing the simulated
data give some interpretations for the reduced-form estimation in Section 3. TheMonte
Carlo simulation proceeds as follows. First, we generate 100,000 artificial firms, specify-
ing their geographic characteristics and financial environments. Then, according to the
equilibrium conditions in the model, firms optimally choose their lender, and interest
rates are determined through Bertrand competition among banks.

Given the generated data through the Monte Carlo simulation, we run the following
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Table 5: Estimated Coefficients Using Simulated Data

[i] (γ, θ) = (0.0, 0.1) [ii] (γ, θ) = (−0.1, 0.0) [iii] (γ, θ) = (−0.1, 0.1)

DLend 0.021 -0.075 -0.052
DRival 0.067 0.042 0.128

Note: The table shows the estimation results using the artificial data generated by the Monte Carlo simu-
lation. Columns 1, 2, and 3 show the three cases with different parameter values for the pecuniary effects
of distance (i.e., the lending cost) and the non-pecuniary effects of distance (i.e., the perceived benefit), γ
and θ.

reduced-form estimation:

Interest Ratei = β0 + β1DLend,i + β2DRival,i + ϵi (4)

whereDLend,i is the distance to the lending bank, andDRival,i is the distance to the near-
est bank for firm i (or the distance to the second nearest bank if the lender is the nearest
bank). Since the definition of explanatory variables is the same as in the estimation in
Section 3, the coefficients β1 and β2 correspond to the reduced-form estimation in Sec-
tion 3.

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 pecuniary effects of distance (i.e., the lending cost) and the non-pecuniary
effects of distance (i.e., the perceived benefit), γ and θ. By differentiating the parameter
values for the pecuniary and non-pecuniary effects of distance, we can assess how they
affect reduced-form estimation results. In all cases, the first and second rows show the
estimated values for β1 and β2 in Equation 4.

Theestimationresults inTable5provideuseful insights into interpreting the reduced-
formestimates. First, Table5 indicates thatwhen theabsolutevalueof thenon-pecuniary
effectsofdistance, γ, becomes larger, theestimatedvaluesofβ1 andβ2 becomemoreneg-
ative and positive, respectively. Specifically, the estimated value for β1 is 0.021 in case (i)
and -0.052 incase (iii), while theestimatedvalue forβ2 is 0.067 incase (i) and0.128 incase
(iii). Second, the table also indicates that as the absolute value of the pecuniary effect of
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distance, θ, increases, the estimated values of β2 becomemore positive. Specifically, the
estimatedvalue forβ2 is 0.042 in case (ii) and0.128 in case (iii). Those effects of pecuniary
and non-pecuniary effects of distance, θ and γ, can be understood from the fact that the
equilibrium interest rate is determined through an English auction. That is, given that
the equilibrium interest rate is determined by the equation, r∗i = vi(1) − vi(2) + ri(2), the
marginal effects of θ and γ on the equilibrium interest rate are determined by:

∂r∗i
∂DLend

= γ and ∂r∗i
∂DRival

= θ − γ (5)

which implies thatγ hasnegative andpositive effectson themarginal effectsofDLend and
DRival, respectively, while θ has positive effects on the marginal effects of DRival. Those
theoretical implications are consistent with our estimation results using the simulated
data in Table 4. Furthermore, the negative estimates for DLend in Table 5 are consis-
tent with the negative effects of distance to the lending bank in the reduced-estimation,
as estimated in Section 3 and in many previous studies such as Degryse and Ongena
(2005). The Monte Carlo simulation here implies that, in the real economy, there are
non-pecuniary effectsofdistance, inaddition topecuniary effects through lendingcosts,
leading to a negative impact of distance to the lending bank on borrowing costs.

While the estimation results in Table 4 are broadly consistent with the estimation re-
sults in Section 3, it implies that there are some biases in the reduced-form estimation.
Specifically, theestimationofβ1 ispositivelybiased,whereas theestimatesofβ2 arenega-
tively biased. Given the theoretical implications in Equation (5), in case (i), for example,
the estimated values of β1 and β2 should be centered around 0.0 and 0.1, respectively.
However, the estimated values are 0.021 and 0.067, implying that the reduced-form es-
timates of β1 and β2 are positively and negatively biased, respectively. The estimation
of β1 is positively biased because distance to the lender is positively correlated with un-
observable lending costs for the second-efficient bank, ωi(2). Specifically, when a near
bank’s lending cost is high for some reason (i.e., high ωi(2)), firms choose a distant bank
as their lender (i.e., long di(1)), which leads to the positive correlation between ωi(2) and
di(1). On the other hand, the estimation of β2 is negatively biased due probably to atten-
uation bias caused by the error-in-variables problem. Asmentioned, we cannot identify
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Table 6: Estimation Results of Structural Parameters

Model (i) Model (ii)
Borrower’s utility
γDistance -0.022 (0.014) -0.241 (0.005)
γDistance×Loan 0.019 (0.006)
Lender’s cost
θDistance 0.065 (0.005) 0.059 (0.006)
βFirmSize -0.183 (0.007) -0.165 (0.007)
βROA 1.398 (0.009) 1.410 (0.008)
βLiquidity 0.264 (0.020) 0.261 (0.020)
βCapitalRatio -0.473 (0.011) -0.538 (0.010)
βLongRatio 0.351 (0.011) 0.352 (0.011)

Note: The numbers in parentheses show the standard errors.

the second-efficient bank from our dataset. Thus, the distance to the second nearest
bank is a reasonable proxy for di(2) but contains some measurement errors, leading to a
negative bias for the estimation of β2.

In sum, theMonte Carlo simulation indicates that reduced-form estimation is some-
whatbiasedand that thenegative coefficient ondistance to the lender canbe interpreted
as non-pecuniary effects of distance on a firm’s perceived utility. Therefore, it implies
that our structural approach to estimating structural parameters is helpful for counter-
factual simulations, as it enables us to measure the true marginal effects of distance on
lending costs and perceived utility, and provides some guidance for interpreting the re-
lationship between distance and firms’ borrowing costs.

5.3 Estimation Results of Structural Parameters

We estimate the parameter values using maximum likelihood, based on the likelihood
function presented in the previous section. Table 6 demonstrates the estimation results
for parameter values. The first and second columns, labeled Model (i) and Model (ii),
present estimates without andwith the interaction term between distance and loan vol-
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umes in firms’ perceived utility, respectively.
First andmost importantly, the results indicate that the distance between borrowers

and lenders affects interest rates through both borrowers’ perceived utility and banks’
lending costs. The first column reports positive and negative estimates for γ and θ, re-
spectively, indicating that greater distance lowers borrowers’ perceived utility while in-
creasing banks’ lending costs. Second, the estimation results suggest that the effects of
distance on perceived utility are heterogeneous across firms and are particularly pro-
nounced for firms with smaller loan sizes. Specifically, the second column shows that
the interaction term between distance and loan size, γDistance×Loan, is positive and sig-
nificant. Moreover, the estimate of γ in the first column, which imposes homogeneous
sensitivity to distance, is negative but imprecisely estimated with a relatively large stan-
dard error, whereas the estimate in the second column yields clearer and more precise
results. These findings are consistent with the reduced-form evidence reported in Ta-
ble 2. Accordingly, in the counterfactual analysis, we use the specification that allows for
heterogeneous effects of distance by loan size.

The estimated values suggest that distance has an economically significant impact
on interest rates. Quantitatively, the estimate in the first column of Table 6 implies that a
1 km increase in the distance to the rival branch (i.e., the second-efficient branch) raises
borrowing costs by approximately 8.7 bps (= θ − γ). In contrast, the effect of distance to
the lending branch is much more moderate, estimated at −2.2 bps (= γ) for each addi-
tional kilometer.

While thesedistanceeffectsarebroadlyandqualitatively consistentwith the reduced-
form estimates reported in Section 3, their quantitative magnitudes differ substantially.
In particular, the reduced-form estimates imply effects of at most 1.8 bps for distance to
rival branches and−0.5 bps for distance to lending branches, which aremuch smaller in
absolute value than the corresponding estimates based on Table 6. Indeed, the Monte
Carlo simulation in the previous section suggests that simple reduced-form regressions
may yield attenuated estimates, as they do not explicitly account for firms’ endogenous
lender choice. Therefore, to assess the potential effects of bank consolidation more ac-
curately, counterfactual simulations based on the estimated structuralmodel are partic-
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ularly informative.

5.4 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 (2) until we obtainM draws that are consistent with the observed
lender choices and interest rates in 2019. Note that, since numerous combinations of
shocks can rationalize the observed lender choices and interest rates, different branches
are selected as the second- and third-efficient branches across draws. Second, we se-
lect 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 headquarters are lo-
cated. Third, we calculate the increase in borrowing costs for firm i following the branch
closures. In our model, branch closures affect the equilibrium interest rate for firm i

in the following two cases. The first case is the closure of the lending branch. 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
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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.

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.

5.4.1 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. The table further shows that the 25th percentile is only 11 bps, whereas
the 75th percentile exceeds 63 bps, highlighting substantial heterogeneity in themagni-
tude 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 (6)

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 and/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
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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 (6).
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
(***).

branches, respectively.
Table 8 and Figure 5 show the estimation results for (6). First, Table 8 indicates 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 our model. Furthermore, firms select their lenders based
not only on distance but also on unobservable factors ωij in (2). Therefore, closures of
lending branches result in the loss of lenders with favorable shocks to firm i, leading to
further increases in borrowing costs.

Second, the regression analysis in (6) also implies that closures of nearby branches
increase borrowing costs. Figure 5 plots the estimated values of βR,j for j = 1, · · · , 17

in (6), which capture the marginal effects of closures of the jth nearest branches. The
figure shows that the closure of the nearest bank branch for firm i raises its borrowing
cost by 17 bps on average, and that the marginal effects decline gradually as the closed
branchbecomesmore distant (i.e., as j increases). Since the interest rate increases in the
counterfactual analysis only if the closed branch is the lending branch or the second-
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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 (6), which capture the marginal
effects of closures of the jth nearest branches.

efficient branch, it may appear somewhat surprising that the closure of relatively dis-
tant branches still has economically significant effects on borrowing costs (for example,
the closure of the 10th-nearest branch raises borrowing costs by around 6 bps). How-
ever, as shown in Figure 2, somefirms choose relatively distant branches as their lending
branches. Our estimates therefore allow for the possibility that such 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 brancheswithin a 15 km radius. Column (2)
of Table 8 reports the estimation results for the interaction terms between ClLend,i and
the proxy for availability. The results indicate that the availability of nearby alternative
branches significantly affects themarginal effects of lending-branch closures. In partic-
ular, for each additional nearby branch, the impact of a lending-branch closure is miti-
gated by 1.5 bps, underscoring the importance of nearby branches as alternative lenders
or rivals.5 Figure 6presents thehistogramof∆ri by thenumber of nearbybankbranches.

5While 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
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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.

Consistent with the estimation results above, the figure indicates that 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).

5.4.2 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. Indeed, the left panel of Figure 7 shows the average increase in borrowing costs
by region in our counterfactual simulation, which indicates substantial heterogeneity
across regions. As an example of this heterogeneity, the right panel of the figure focuses
on two representative prefectures that experience large and small impacts in the coun-
terfactual analysis and presents the histogram of ∆ri. The panel indicates that firms in
Kanagawa Prefecture, which is adjacent to Tokyo and characterized by a highly compet-
itive banking market, face much smaller increases in borrowing costs than firms in Na-

costs.
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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.

gasaki Prefecture, where alternative banking options are relatively limited.
How can policymakers infer the heterogeneous effects of bank consolidation across

regions? While 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-
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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.

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 becauseweassume that the second-largest bank closes all of its branches.
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 availability of nearby alternativebranches.
When the first-largest bank’s share is high, branch closures by the second-largest bank
make the regional bankingmarket effectivelymonopolistic, thereby leading to larger in-
creases 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-
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
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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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