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Abstract

Physicians may change their practices when introducing advanced medical equip-
ment, and, in particular, they tend to overuse it. We investigate further inefficiency
arising fromphysiciansat surroundinghospitals. Using thepaneldataon the Japanese
hospitals, we find that there exists a business-stealing effect: Hospitals lose their pa-
tients because of MRI adoption by nearby public hospitals, and, to compensate for
the loss of patients, physicians takemoreMRI scans per patient. Our results suggest
that the decision to adopt medical equipment needs to be made collectively rather
than individually to avoid not only excessive adoption but also further physician-
induced demand.

JEL Classification: I11, I12, I19.
Keywords: Physician-induced demand, Business-stealing effects, Externalities.

*We are grateful to Yoko Ibuka, Daiji Kawaguchi and Hitoshi Shigeoka for their helpful comments. We
also wish to thank the participants at various conferences and seminars. Wakamori gratefully acknowl-
edges financial support from the Health Labour Sciences Research Grant (MHLW Grant) [Grant Number
H30-Toukei-Ippan-005]. The analysis and conclusions set forth are those of the authors and do not indi-
cate concurrence by othermembers of the staff, by the Board of Governors of the Federal Reserve System,
or by the Federal Reserve Banks. Any remaining errors are our own.

†Graduate School of Economics, The University of Tokyo, Hongo 7-3-1, Bunkyo-ku, Tokyo 113-0033
JAPAN. Email: ikegami.kei0120@gmail.com.

‡Federal Reserve Board, 20th Street and Constitution Avenue N.W., Washington, DC 20551 USA. Email:
ken.t.onishi@frb.gov.

§(Corresponding Author) Graduate School of Economics, The University of Tokyo, Hongo 7-3-1,
Bunkyo-ku, Tokyo 113-0033 JAPAN. Email: nwakamo@gmail.com.

1



1 Introduction

Increasing medical expenditure has attracted attention in many developed countries.

In particular, there is an growing concern about the excessive introduction and use of

advanced medical equipment. Though such advanced equipment certainly enhances

the quality of healthcare, physicians may use it more than necessary, a practice typi-

cally known as physician-induced demand or supplier-induced demand. Such physi-

cians’ opportunistic behavior is driven by the high reimbursement price for physicians,

whereas the usage cost and the burden on patients (patients’ out-of-pocket expense)

are low. As discussed in Baker (2010), physician-induced demand may become more

prominentwhenhospitals newly adoptmedical equipment. This paper investigates fur-

ther inefficiencies arising from the local competition among hospitals. When a hos-

pital purchases medical equipment, the patients attending the surrounding hospitals

may switch to that hospital, known as business-stealing effects in the industrial orga-

nization literature. This business stealing may strengthen the incentive of physician-

induced demand at the surrounding hospitals to compensate for their loss of revenue.

We call this class of physician-induced demand induced physician-induced demand, as

themagnetic resonance imaging (MRI) adoptionof the surroundinghospitals induces it.

Physician-induced demand through this channel is important, because ignoring the in-

direct effects on the surrounding institutions underestimates the social cost of adoption

and taking this channel into account allows us to shed light on designing better health-

care policies.

To this end,weuse the administrative data on allmedical institutions in Japan,which

give an ideal environment to investigate such a new mechanism of physician-induced

demand thanks to its institutional features. First, as Japan has achieved universal health

coverage since the 1960s, all citizens can go to any medical institution in Japan and re-

ceive medical service at the same price for the same medical treatment, regardless of

their choice of medical institution. Together with the panel structure of the data which

allows us to calculate the change in the number of MRI scanners within a 1 kilometer

radius from each medical institution, this institutional feature enables us to examine
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how MRI adoptions of nearby hospitals affect the numbers of patients and MRI scans

taken for the surrounding hospitals. Second and, again, related to the first feature, our

environment is free from an endogeneity concern about prices; Becausemedical prices

are fixed and regulated by the government under the Japanese health insurance system,

physicians cannot adjust the prices flexibly in response to changes in demand.

We takeadvantageof these institutional features, andseek toverifyourhypothesis, by

first examining whether the business-stealing effects exist in the MRI scanning market.

Our estimation results show that a hospital loses its patients by up to 4 percentage points

for an additionalMRI scanner purchased by the surrounding hospitals. These business-

stealing effects are found only for MRI purchases by public hospitals. We then inves-

tigate whether the hospitals that lose their patients take MRI scans more often to com-

pensate for the reduction inpatients. Toprovide such evidence,wedefine the conversion

rate as the fraction of patients who receiveMRI scans, andwe demonstrate that the con-

version rate increases after surrounding public hospitals purchaseMRI scanners, which

confirms the existence of induced physician-induced demand. In particular, our estima-

tion results shows that hospitals take roughly the same number ofMRI scans, regardless

of the change in the number of patients. One may worry that this induced physician-

induced demand might be overestimated, if increases in both the conversion rate and

the number of surrounding MRI scanners are driven by the increase in local demand,

which is unobserved. However, our data reveal that purchases ofMRI scanners by public

hospitals are not correlatedwith the change in local demand, which circumvents the en-

dogeneity concern in our analysis. Taking advantage of those findings, we further quan-

tify physician-induced demand in a more general sense: how physicians change their

behavior when the number of patients changes, exogenously. We take an instrumental

variable (IV) approach, using theMRI purchases of public hospitals as an instrument for

the number of patients, and confirm that physicians take MRI scans more often when

the number of patients decreases. We further quantify the increase in healthcare expen-

diture due to this physician-induced demand. Our estimates suggest that total annual

healthcare expenditure increases up to ¥12 billion (Japanese yen).

This paper contributes to two strands of literature. First, we contribute to the litera-
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ture on supplier-induced demand by adding an eloquent evidence of its existence and

by revealing a newmechanism, externalities from the surroundingmedical institutions,

whichhasnot yet beenexplored inprevious studies. Supplier-induceddemandhasbeen

studiedextensivelyboth in thecontext of thehealthcare industry (Kessler andMcClellan,

1996; Chandra and Staiger, 2007; Geruso and Layton, forthcoming) and outside health-

care industry (Balafoutas et al., 2013). Debate on themagnitude of induced demand and

even on its existence is still ongoing (Dranove and Wehner, 1994; Chandra and Staiger,

2007; Currie and MacLeod, 2008). We provide an new piece of evidence of physician-

induced demand and quantify its economic significance by investigating theMRI scan-

ning market, where Baker (2010) and Clemens and Gottlieb (2014) also find physician-

induced demand. We also exploit the unique features of the Japanese healthcare sys-

tem to quantify its existence andmagnitude, as Iizuka (2012) and Shigeoka and Fushimi

(2014) do. In terms of themechanism, Johnson (2014) classified the existing studies into

three groups based on the sources of identification: (i) patients’ income shocks (Fuchs,

1978; Cromwell and Mitchell, 1986), (ii) changes in physician fees (Rice, 1983; Nguyen

and Derrick, 1997; Dafny, 2005), and (iii) variations in patient information (Currie et al.,

2011; Angott et al., 2019). Although all existing studies view physician-induced demand

as a phenomenon at each institution, this paper attempts to identify physician-induced

demand from interactions and competition amongmedical institutions.

Thesecondstrandof literature that thispapercontributes to focusesonhospital com-

petition. Manystudieshavebeenconductedonhowhospital competitionaffectshealth-

care quality, which Katz (2013) summarizes. For example, Dranove, Shanley and Simon

(1992); Kessler andMcClellan (2000); and Bloom, Propper, Seiler and Van Reenen (2015)

find thathospital competition increaseshealthcarequality. Though thebusiness-stealing

effect is a central issue related to competition and is studied intensively both theoret-

ically (Mankiw and Whinston, 1986) and empirically (Davis, 2006), not much attention

hasbeenpaid to thebusiness-stealingeffect in thehealthcare industry. Thispaper, there-

fore, is the first to establish some evidences that hospital competition creates business-

stealing effects, which further induces physician-induced demand.

This paper is organized as follows. Section 2 describes the institutional background
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and the data. We use the Japanese MRI scanning market to show in the first part of Sec-

tion 3 that there are business-stealing effects by MRI purchases of surrounding hospi-

tals and these business-stealing effects cause further physician-induced demand there,

which verifies our induced physician-induced demand hypothesis. Taking advantage

of our finding in the first half of section 3, we attempt to identity more broadly defined

physician-induced demand in the subsequent section. Section 4 provides various ro-

bustness check to address some concerns in our approach taken in Section 3. Section 5

concludes.

2 Institutional Background and Data

2.1 Institutional Background

Healthcare System in Japan. Since 1961, Japanhas achieveduniversal health coverage

like many Organization for Economic Co-operation and Development countries. Un-

der the Japanese healthcare system, every citizen in Japan is insured, and two types of

insurance programs are available in Japan. If a citizen’s employer offers its own insur-

ance program, the employee enroll in it, which is called “Employee Health Insurance”

(Kenko-Hoken). Dependents of the employee may also enroll in the program. Citizens

not enrolled in EmployeeHealth Insurancemust enroll in so-called “National Health In-

surance” (Kokumin-Kenko-Hoken). Both insurance programs offer the same insurance,

and, regardless of their insuranceprogram,when the insureds (patients) receivemedical

services at medical institutions, the patients pay 30% of the healthcare fee and their in-

surers cover the remainder.1 The Japanese health care system has two notable features:

(i) “free access,” and (ii) fee-for-service (FFS) payment.

First andmost important, patients have free access, whichmeans they can go to any

medical institution in Japan, unlike the U.S. healthcare system which allows patients,

in principle, to go only to medical institutions belonging to the network of their health

insurer. Furthermore, unlike countries such as France, the United Kingdom, and the
1There are some exceptions. For example, the co-payment is 20% for patients aged 70 or older. Further-

more, insurers subsidize some expensivemedical treatments.
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Netherlands, there is no general practitioner system in Japan and, thus, people gener-

ally go directly to specialized medical institutions when they get sick. These aspects are

particularly relevant to this paper, as patientsmay change their choices ofmedical insti-

tution because of MRI adoption by nearby hospitals. Second, healthcare fees are regu-

lated in Japan and are set by the government with biannual revisions, and the govern-

ment sets a fixed fee for each medical treatment in an FFS payment system, patients

pay for each medical treatment they receive, and physicians receive payment for each

treatment they provide. Since 2003, some hospitals have started adopting the DPC (Di-

agnosis Procedure Combination) payment system, where patients’ payment is based on

diagnosis categories anddiagnosis groups rather thanon each treatment they receive, as

in FFS. Healthcare service providers are paid a flat-rate prospective fee per day of an in-

patient hospital stay for certainDPCservices andarepaidFFS fornon-DPCservices. The

Japanese government encourages hospitals to shift from FFS to DPC to reduce medical

expenses. However, the FFS payment system remains themost popular payment system

during our sample period and we discuss this point thoroughly in Section 4.2.

In Japan, medical institutions are formally divided into two main categories, hospi-

tals and clinics, depending solely on the number of beds. A medical institution with

less than 20 beds is classified as a clinic. Otherwise, it is classified as a hospital. Most

of MRI scanners are owned by hospitals, which restrict our attention to hospitals rather

than clinics. In general, clinics provide basic treatment whereas hospitals provide ad-

vanced and specialized treatment. Furthermore, in terms of the ownership of medical

institutions, there are 28 classifications in the Japanese official statistics, based on the

founder of hospitals, such as somenational government organizations, localmunicipal-

ities, medical corporations and so on. We re-classify them as either public or private

based on ownership information.2 Notice that, despite such variation in medical insti-

tutions’ ownership, the insuredsmust pay the same fees for the samemedical treatment

in Japan, regardless of their medical institution choices.
2We classifymedical institutions as public if they are owned by the Japanese government, local munic-

ipalities, or any public institutions. Otherwise, we classify them as private.

6



TheMRI ScanningMarket MRI is one of themedical imaging techniques that enables

the scanning of body tissues. In particular, it is a useful tool for identifying diseases in

the brain, other organs and soft tissues and it is used mainly in neurosurgery, neurol-

ogy, and orthopedics.3 Thus, the average patient whose co-payment is 30% must pay

approximately ¥7,000 ($65) for a high tesla MRI scanning service and ¥5,800 ($ 54 USD)

for a low-tesla MRI scanning service.4 This feature may change physicians’ incentive of

physician-induced demand and thus we discuss it thoroughly in Section 4.2.

Lastly, neither regulationsnor subsidies are affectingmedical institutions’MRI adop-

tion. According toHo, Ku-Goto and Jollis (2009), theUnited States is in a similar situation

where there is no effective regulation onMRI adoption. On the other hand, many Euro-

pean countries, including France and Germany, have regional restrictions to discourage

excessive adoption of expensive medical equipment see (see König, 1998, for details of

the regulations).

2.2 Data

2.2.1 Overview

We use the administrative data on Japanese medical institutions, called Static Survey of

Medical Institutions. The Japanese Ministry of Health, Labor and Welfare conducts this

survey every three years. In the data, we observe basic information on medical institu-

tions, such as address, establishing organization (ownership), number of beds, clinical

specialty, and numbers of outpatients, inpatients, and doctors for each clinical special-
3MRI scannersusemagnetic fields and radiowaves and thus, naturally, oneof themost important char-

acteristics of an MRI is the field strength of its magnet, which is measured in tesla. Although there are
some exceptions, a higher-tesla machine is basically better than one with lower tesla, because a higher-
teslamachine allows doctors to take higher-quality images in less time. Although themost popularMRI is
a 1.5-tesla machine, the field strength varies by machine, typically ranging from 0.2 to 3 tesla. In the MRI
treatment market, the regulated reimbursement price depends on the MRI’s tesla. If an MRI’s magnetic
strength is 1.5 tesla or higher,medical institutions typically receive about ¥23,400 for each treatment. Oth-
erwise, the reimbursement price is ¥19,200. Here, the reimbursement prices are imputed in the following
way: First, if the MRI field strength is less than 1.5 tesla, the sum of the fee for undergoing an MRI scan
and the standard consultation fee is ¥19,200. For a high-tesla MRI, the fees typically include more com-
ponents and it is not clear how to calculate the average reimbursement price. Thus, we calibrate these
high-tesla fees by matching the average reimbursement prices to those reported in Imai, Ogawa, Tamura
and Imamura (2012).

41 U.S. dollar = ¥108.3 as of February 2, 2020.
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ity, as well as MRI ownership and usage, for all medical institutions in Japan.5 Our sam-

ple period is from 2005 through 2014, and Table 1 describes summary statistics for the

variables employed in this paper. We can see that of the 9,223 hospitals in 2005, 3,004

own at least one MRI scanner, whereas of the 8,632 hospitals in 2014, 3,033 own at least

one MRI scanner. The data also identify the number of inpatients and outpatients for

each medical department, separately. Throughout this paper, we focus on patients in

the neurosurgery, neurology and orthopedics department, unless otherwise noted. The

second and third row show the average number of patients, the sum of inpatients and

outpatients, that each private and public hospital admit. In our sample, public hospitals

tend to attract more patients. Note that private hospitals own about two-thirds of the

MRI scanners. The aggregate number of MRI scanners is stable over time. However, at

the hospital level, adoption and abandonment happened frequently. The seventh row

shows the fraction of hospitals that experienced any change in the number ofMRI scan-

ners among hospitals that ownedMRI scanners in the survey year or the previous survey

year. We find that about 25% of the hospitals newly adopt or abandonMRI scanners be-

tween each survey year.

The lower panel of Table 1 shows the utilization ofMRI scanners. The utilization rate

ofMRI scanners is well documented to be low in Japan. In fact, suppose a hospital oper-

ates 22 days per month, 8 hours a day and one MRI scan takes 30 minutes to complete.

Then, themaximum number of MRI scans per month (physical capacity) would be 352.

Table 1 shows that themedianutilization rate of anMRI scanner is slightly less than 50%.

Furthermore, using address information, we calculate distance among hospitals—in

particular, distance among hospitals that ownMRI scanners. Table 2 shows the average

number of MRI scanners within 1 kilometer from each hospital that is equipped with

MRI scanners. In Panel (A), we look at all hospitals that are equipped with MRI scan-

ners and count the number of MRI scanners within 1km except their own scanners. We

also show the breakdowns for the number ofMRI scanners owned by public and private

hospitals, separately. In Panels (B1) and (B2), we also compute the same statistics from
5The survey is conducted in September, and the units for the numbers of outpatients, inpatients, and

so on are person per month.
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Table 1: Descriptive Statistics
2005 2008 2011 2014

Number of hospitals 9,223 9,047 8,814 8,632
Average number of patients
at private hospitals 2,174 2,002 1,941 1,890
at public hospitals 2,854 2,514 2,413 2,354

Number of hospitals equipped withMRIs 3,004 2,990 3,124 3,033
Number of private hospitals equipped withMRIs 1,897 1,896 2,036 1,995
Number of public hospitals equipped withMRIs 1,107 1,094 1,088 1,038

Fraction of hospitals adopting or abandoningMRIs 0.26 0.26 0.24 0.24
Number of MRI scans (per MRI scanner)
Mean 189 198 195 193
25% 86 89 81 78
50% 169 175 176 170
75% 270 283 283 280

Note: This table provides summary statistics of the data on hospitals and MRI scanners for each sample year. The first seven
rows in theupper panel show thenumber of hospitals, averagenumber of patients visitingprivate hospitals, averagenumber of
patients visiting public hospitals, number of hospitals that own anMRI scanner, number of private hospitals that own anMRI
scanner, number of public hospitals that own an MRI scanner, fraction of hospitals that change the number of MRI scanners
they own between the current sample year and the previous sample year, respectively. The lower panel of the table shows the
mean and the quartiles of the number of MRI scans per MRI among the hospitals in the data.

the viewpoints of private and public hospitals equipped with at least one MRI scanner,

respectively. In all panels, the standard deviations are reported in the parentheses.

Table 2 shows the difference in theMRI purchase patterns between private hospitals

and public hospitals. First, the number of MRI scanners within 1 kilometer from a pub-

lic hospital is smaller than that from a private hospital. We can see this distinction by

comparing the numbers in the first rows of Panels (B1) and (B2). This difference implies

that public hospitals purchase MRI scanners in regions where MRI scanners are sparse.

For example, in 2005, a private hospital has 0.76 MRIs owned by other hospitals within

1 kilometer whereas a public hospital has only 0.50, on average. Furthermore, the ratios

of the third row to the second row of Panels (B1) and (B2) tell us that the entry decision

of public hospitals differs from that of private hospitals. For instance, in Panel (B1) of

2005, the number of MRI scanners owned by public hospitals within 1 kilometer from

public hospitals equipped withMRI scanners is about one-third
(
0.13
0.37

)
of the number of

MRI scanners owned by private hospitals whereas the rate is about one-half
(
0.24
0.52

)
when

we focus on the Panel (B2). This observation implies that public hospitals tend to pur-

chase MRI scanners in the area with a smaller number of MRI scanners—in particular
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Table 2: The Number of MRIs within 1 Kilometer (byWwnership)
2005 2008 2011 2014

Panel (A): From hospitals equipped withMRI scanners
Number of MRI scanners within 1km 0.66 0.63 0.69 0.60

(1.29) (1.35) (1.44) (1.18)

...owned by private hospitals 0.46 0.43 0.48 0.44
(0.99) (0.96) (1.07) (0.97)

...owned by public hospitals 0.20 0.20 0.21 0.17
(0.61) (0.71) (0.72) (0.54)

Panel (B1): From private hospitals equipped withMRI scanners
Number of MRI scanners within 1km 0.76 0.74 0.80 0.69

(1.40) (1.48) (1.59) (1.27)

...owned by private hospitals 0.52 0.48 0.56 0.50
(1.04) (1.01) (1.15) (1.03)

...owned by public hospitals 0.24 0.25 0.25 0.19
(0.67) (0.80) (0.79) (0.58)

Panel (B2): From public hospitals equipped withMRI scanners
Number of MRI scanners within 1km 0.50 0.44 0.49 0.43

(1.08) (1.06) (1.09) (0.98)

...owned by private hospitals 0.37 0.33 0.36 0.31
(0.90) (0.86) (0.89) (0.85)

...owned by public hospitals 0.13 0.11 0.14 0.12
(0.47) (0.50) (0.54) (0.45)

Note: This table provides summary statistics of the number of surrounding MRI scanners from each
hospital. Panel (A) shows the average number of MRI scanners and its standard deviation (in paren-
theses) from each hospital that owns an MRI scanner. Panels (B1) and (B2) show the same statistics
from each private hospital and public hospital, respectively. In each panel, the first row shows the to-
tal number ofMRI scanners within 1 kilometer distance. The second and third rows show the number
of MRI scanners within 1 kilometer distance owned by private hospitals and public hospitals, respec-
tively.

MRI scanners owned by public hospitals.

2.2.2 Motivating Observations

To motivate our empirical analysis, we provide two pieces of evidence in this subsec-

tion for whywe suspect new purchases ofMRI scanners by nearby hospitalsmay further

induce physician-induced demand. Unfortunately, as discussed in the literature, iden-

tifying the total physician-induced demand is difficult because, given a set of patients,

we do not know what the appropriate number of MRI scans would be and thus cannot

determine how excessive the number ofMRI scans taken in the observed data. However,

we may still be able to determine whether physicians engage in physician-induced de-

mand by looking at the changes in the environment that are unrelated to the patients’
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conditions. If physicians change the number of MRI scans in response to such changes

in the environment, it implies that physicians take MRI scans not to suit patient’s inter-

est but to suit their own, which allows us to quantify the induced demand. We, therefore,

focus on how physicians change their decisions on taking MRI scans. In the remain-

der of this section, we show descriptive evidence on how the MRI usage and conver-

sion rate—defined as the percentage of patients that result in takingMRI scans—change

when nearby hospitals purchase new MRI scanners. If the severity distribution of pa-

tients does not change before and after nearby hospitals purchase new MRI scanners,

the increase in the conversion rate after the nearby introduction of MRI scanners sup-

ports our hypothesis of induced physician-induced demand. Subsection 4.1 thoroughly

examines the assumption that the distribution of severity does not change .

Observation1: Small pass-through fromthenumberofpatients to thenumberofMRI

scans When a hospital faces a decreased number of patients compared with the pre-

vious period, does it proportionally take less MRI scans? To answer this question, we

examine the relationship between the changes in the number of patients and the num-

ber ofMRI scans. Here, we restrict the sample to hospitals that did not adopt or abandon

MRI scanners between t −1 and t . We first compute the distribution of the change in the

number of patients at each hospital, and then, using the quartile of this distribution, we

classify thehospitals intoGroupsA,B,C, andD.Note that thequartiles of thedistribution

of the change in the logarithmof number of patients are negative 0.16, negative 0.03 and

0.09, implying that the hospitals in Group A experience a sharp decrease in the number

of patients, whereas the hospitals in Group D experience an increase in the number of

patients. Figure 1 shows the distribution of the change in the logarithm of the number

ofMRI scans in each group. Themean values for Groups A, B, C, and d are negative 0.38,

negative 0.09, 0.03 and0.38, respectively. Despite the large variation in thenumberof pa-

tients, Figure1 shows that thenumberofMRI scans is centeredaround0 for all groups. In

fact, the medians of each group are negative 0.01, 0.04, 0.07 and 0.13, which have much

smaller differences than negative 0.38, negative 0.09, 0.03 and 0.38. Those differences

show that the extent of pass-through from the change in the number of patients to the
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Figure 1: Changes in the Number of MRI Scans

Note: Each panel shows the distribution of the change in the logarithm of the number of MRI scans within each

quartile group. The quartile group is defined based on the change in the number of patients at each hospital and

Panels (A), (B), (C) and (D) correspond to the first, second, third and fourth quartile group, respectively.

number of MRI scans is small.

Observation 2: Changes in the conversion rate The first observation suggests that the

fraction of patients who receive MRI scans is affected by the number of patients. To ex-

amine this possibility, we now see the change in theMRI conversion between time t − 1

and t in Figure 2. Here, theMRI conversion rate is defined as the fraction of patients who

receive MRI scans. If there is no physician-induced demand, i.e., physicians take MRI

scans based solely on the patients’ condition, this conversion ratewould not change un-

less the distribution of patients’ severity changes.

For each of the eight panels in the figure, the horizontal axis shows the conversion

rate in the previous period, and the vertical axis shows the conversion rate in the cur-

rent period. Orange circles in the top four panels represent private hospitals, and navy
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crosses in the bottom four panels represent public hospitals. The two panels in the first

column use all hospitals, whereas the rest use only a subset of the hospitals to draw the

scatter plots as data. The panels in the second, third, and fourth columns use the hospi-

tals that face an increasing number of patients, a declining number of patients, and the

increase in the number ofMRI scanners owned by surrounding hospitals located within

1 kilometer, respectively.

From the panels in the first column, we can see that the conversion rate does not

change over time on average, as most of the orange circles and the navy crosses are dis-

tributed symmetrically around the45-degree line. In thenext twopanelswherehospitals

face increasing demand, we can again see that the conversion rates do not change over

time. However, in the next two panels where hospitals face decreasing demand, we can

see that many hospitals are above the 45-degree line, implying that they take more MRI

scans per patient. Of course, one cannot interpret this observation solely as evidence

of physician-induced demand, because we do not know why demand has decreased

for these hospitals. So, we further plot the same graph for hospitals where at least one

surrounding hospital located within 1 kilometer purchases MRI scanners. Now we can

clearly see that most hospitals are above the 45-degree line, implying that physicians at

thesehospitals are likely to takemoreMRI scans, given the samenumberofpatients. Per-

haps these hospitals are likely to lose their patients due to the business-stealing effects,

and, tomaintain the same level of revenue fromMRI scanning, they takeMRI scansmore

than they did before.

Ofcourse, asmentionedearlier, thereare several concerns for thisgraphical evidence.

First, we do not control any hospital characteristics, and thus, in our main analysis, we

include the hospital fixed effects to purely examine the effects caused by the MRI pur-

chase of surrounding hospitals in Section 3.1. Second, there might be an endogeneity

concern for MRI adoption of surrounding hospitals. This concern arises because if an

unobserved factor increases the demand for the MRI scanning service in that area, it

would affect both (i) the MRI conversion rates, as the number of MRI scans would in-

crease, and (ii) the MRI adoption behavior of surrounding hospitals. Thus, we address

such a concern in Section 3.1.3. Third, the severity distribution of patients could be dif-
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Figure 2: Changes inMRI Conversion Rates

Note: Each scatter plot shows the MRI conversion rate where the x-axis and y-axis shows the MRI conversion rate

at t − 1 and t , respectively. Each dot represents a hospital. The scatter plots in the first and second rows show the

conversion rate of private hospitals andpublic hospitals, respectively. The scatter plots in thefirst, second, third, and

fourth columns show the conversion rate of all hospitals, hospitals facing an increasing number of patients between

period t − 1 and t , hospitals facing a decreasing number of patients between period t − 1 and t , and hospitals facing

newMRI adoption by surrounding hospitals.

ferent when surrounding hospitals purchaseMRI scanners, because some patients who

have a serious illnessmight tend to remain in the samehospital (as the earlyMRI adopter

could be a good hospital), and thus, the MRI conversion rate could increase. To address

such concern, we conduct various robustness checks in Section 4.1.

3 Empirical Strategy and Results

The objective of this section is twofold. First, we show that a phenomenon that we call

induced physician-induced demand in Section 3.1. Although there are many potential

identification sources forphysician-induceddemand, suchas changes in the reimburse-

ment systemand informationstructure, thispaperproposes theexternalities fromnearby

hospitals as a primary source of identification for physician-induced demand. More

specifically, we focus on business-stealing effects: A hospital may lose its patients when
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nearbyhospitals introduceMRI scanners and, as a response to thedeclineddemand, the

hospital may take more MRI scans per patient, even unnecessarily. We also address the

endogeneity concern for the purchases of MRI scanners by surrounding hospitals.

Second, we quantify the physician-induced demand in a more general context as a

phenomenon that physicians over-treat in response to a reduction in demand. When

thoroughly examining our induced physician-induced demand hypothesis, we find that

publichospitals’MRIpurchasedecisionwouldbe suitable for an instrument. Weuse this

instrument and attempt to identifymore broadly defined physician-induced demand in

Section 3.2.

3.1 Testing Induced Physician-Induced DemandHypothesis

3.1.1 Business-Stealing Effects

Throughout this paper, subscripts h and t denote the indices of each individual hospital

and period, respectively. Let Mh,t and M−h,t denote the number of MRI scanners owned

by hospital h and by surrounding hospitals, respectively.6 Also, let Nh,t denote the num-

ber of patients at the relevant medical departments, which we explain in Section 2, in

hospital h at period t .

To examine the business-stealing effects ofMRI purchases by surrounding hospitals,

we use the followingmodel:

∆ log
(
Nh,t

)
= δ∆ log

(
M−h,t + 1

)
+ controls + ϵh,t , (1)

where ∆Xt denotes the first difference of Xt (i.e., Xt − Xt−1), and ϵh,t is an error term. As

for control variables, we include year fixed effects, the change in the number of hospital

beds, the number of MRIs that hospital h owns at t − 1, the number of patients at the

relevant medical department at t − 1, and the number of MRI scans taken at hospital h

at t − 1.7 We are interested in the coefficient for ∆ log
(
M−h,t + 1

)
, namely δ. A negative

6Here, the hospitals of surrounding hospital h are defined as the hospitals within 1 kilometer radius
from hospital h.

7As we take first difference of the variables, we do not include hospital fixed effects, because hospital
fixed effects are differenced out. This specification is more general than estimating a fixed-effect model
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value of δ implies thatmoreMRI scanners at surrounding hospitals negatively affect the

patients fromhospitalh—i.e., there indeed is abusiness-stealing effect. Note thatweadd

one toM−h,t when taking logarithm to avoid log(0)when constructing the variable.

In addition to this baseline specification,weadopt another specificationwhereweal-

low for a heterogeneous business-stealing effect. As it is natural to assume that the MRI

adoption incentives differ between private hospitals and public hospitals, the resulting

business-stealingeffectsmaydiffer. Privatehospitalsmaybecloser toprofit-maximizing

entities and, thus, their adoption decisionmay better reflect local demand forMRI scan-

ning or they may have higher incentive to steal patients from nearby hospitals, which

results in a lower or higher business-stealing effect compared with the adoption of MRI

at public hospitals. Also, theMRI adoption decisions of public hospitalsmay be less sen-

sitive to local demand, as they may care less about the profitability of MRI, which may

result in a higher business-stealing effect. Depending onwhat effect exists/is dominant,

we would expect a heterogeneous effect of the business-stealing effect determined by

the owner of the MRI scanners. To capture this heterogeneity, let M Pub
−h,t and M Pr i

−h,t de-

note the numbers of MRI scanners purchased by surrounding public hospitals and by

surrounding private hospitals, respectively. And, we estimate the following equation:

∆ log
(
Nh,t

)
= δpub∆ log

(
M Pub

−h,t + 1
)
+ δpr i∆ log

(
M Pr i

−h,t + 1
)
+ controls + ϵh,t . (2)

Note that we include the first difference of the number of beds to control for change

in hospital size, and inclusion of this variablemay create a simultaneity issue. To address

this concern, we run both ordinary least squares (OLS) regression and IV regressionwith

the lagged value of the number of total outpatients, inpatients, and hospital beds as the

instrument for the first difference of hospital beds.

Table 3 depicts the results. The first four columns present OLS estimation results,

whereas the last four columns present IV estimation results. In the regression, we use

only the hospitals that owned MRI scanners both at period t − 1 and t . As we expect

that public and private hospitals are affected byMRI adoption of surrounding hospitals

on the level of the variables, as it allows for time-specific growth rate of the number of patients.
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differently and the substitution between public and private hospitals is different. The

first and fifth columns show the baseline specification corresponding to Equation (1) by

using all hospitals that own MRI scanners, whereas the rest of the columns correspond

to Equation (2). we estimate the business-stealing effect to public and private hospitals

separately. The second and sixth columns show the results using observation only when

h is a private hospital, the third and seventh columns show the results using observation

only when h is a public hospital, and the fourth and eighth columns show the results

using all hospitals, respectively.

Table 3: Business-Stealing Effects
(i) (ii) (iii) (iv) (v) (vi) (vii) (viii)
OLS OLS OLS OLS IV IV IV IV

Dependent Var: ∆ log(Nh,t ) All Private Public All All Private Public All
∆ log(M−h,t − 1) -.031∗ -.035∗

(.018) (.018)

∆ log(M Pub
−h,t + 1) -.067∗ -.055 -.062∗∗ -.065∗ -.053 -.060∗∗

(.036) (.040) (.027) (.036) (.043) (.027)

∆ log(M Pr i
−h,t + 1) -.000 .001 .000 -.007 -.016 -.006

(.032) (.028) (.024) (.034) (.031) (.025)

∆Bedsh,t .001∗∗∗ .002∗∗∗ .001∗∗∗ .001∗∗∗ -.000 -.001 -.002∗∗ -.000
(.000) (.001) (.000) (.000) (.001) (.001) (.001) (.001)

Fixed Effects
Time

√ √ √ √ √ √ √ √

N 7,375 4,668 2,707 7,375 7,375 4,668 2,707 7,375
R2 .075 .064 .110 .075 .069 .055 .071 .069

Note: Standard errors in parentheses and significance levels are denoted by <0.1 (*), <0.05 (**), and <0.01 (***). All specifications
include the number of MRI scanners hospital h owns at t − 1, the number of patients at the relevant medical department at t − 1,
the number of MRI scans taken at hospital h at t − 1, and a constant term, as control variables.

First, the estimation results corresponding to Equation (1) show thenegative and sta-

tistically significant effect of log
(
M−h,t + 1

)
, suggesting that there exist business-stealing

effects. By comparing these results with the results corresponding to Equation (2), we

can see that the business-stealing effects results from MRI scanner adoption of pub-

lic hospitals. Though estimated coefficients for specification Equation (2) have similar

magnitude, the levels of significance are different. This difference may be due to the

number of observations used in the estimation. It is natural to expect the statistics to

have the highest power whenmore observation is used. In fact, the level of significance
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gets higher as the number of observations increases. Therefore, we believe that the re-

sults presented in the fourth and eighth columns are the most reliable.8 The coefficient

on the number of hospital beds is positive and statistically significant in the OLS speci-

fication but negative or statistically insignificant in the IV specification, which suggests

that the size of thehospital is correlatedwith thenumber of patients in the relevantmed-

ical department but does not have any causal effect.

In terms of the economic significance, when the number of nearby public hospitals

with MRI scanners increases from zero to one, the number of patients at the relevant

medical department decreases by 4.2% (δpub × (log(2) − log(1)) = 0.042), which is a sig-

nificant loss for hospitals. In thenext subsection,we further examinehowhospitals react

to such a loss in patients.

3.1.2 Induced Physician-Induced Demand

Given our finding in the previous section—there do exist business-stealing effects from

public hospitals’MRI scanner purchases—nowweare interested in how these business-

stealing effects are translated into the changes in the use ofMRI scanners. Do the hospi-

tals facing fewer patients due to the business-stealing effects take more MRI scans than

they did before to compensate for their foregone revenue? To study this question, we

define a new variable, theMRI conversion rate. Let Sh,t denote the number of MRI scans

taken in hospital h at time t , and the MRI conversion rate is defined as the fraction of

patients that receiveMRI scans—i.e.,

C RM RI
h,t =

Sh,t

Nh,t
.

The conversion rate ismeant to capture physician-induceddemand. Suppose thephysi-

cians take MRI scans based solely on the severity of the condition of patients, then the

conversion rate should be constant regardless of other factors as long as the distribution
8Onemay worry that the business-stealing effect to public hospitals and to private hospitals are differ-

ent. By comparing the results in the second and third, or sixth and seventh, one may conclude that the
former does not exist while the latter exists. We also performed a formal test using all observation but we
could not reject the null hypothesis that the effect to public hospitals and the effect to private hospitals are
the same.

18



of the severity remains the same. Therefore, we can test whether the business-stealing

effect induces PID by estimating the following two specifications:

∆C RM RI
h,t = βpub∆ log

(
M Pub

−h,t + 1
)
+ βpr i∆ log

(
M Pr i

−h,t + 1
)
+ controls + ϵh,t , (3)

and

∆C RM RI
h,t = βpub∆ log

(
M Pub

−h,t + 1
)
+ βpr i∆ log

(
M Pr i

−h,t + 1
)

+γpub∆ log
(
M Pub

h,t + 1
)
× Ph + γpr i∆ log

(
M Pr i

h,t + 1
)
× Ph

+controls + ϵh,t , (4)

where Ph is an indicator variable, taking a value of one if hospital h is a public hospital

and of zero otherwise, and controls include Ph , the lagged values, values at t − 1, of the

number of hospital beds, MRI scans, patients in the relevant medical department, and

MRI scanners owned by hospital h. The sign of βs and γs allow us to test the existence of

the induced physician-induced demand. When estimating Equation (3), we separately

run the regression using observation of private hospitals, public hospitals, and all hospi-

tals, whereas we use all observations when estimating Equation (4). When we estimate

themodel, we restrict our sample tohospitals that ownedandusedMRI scanners inboth

period t −1 and t . Furthermore, because the construction ofC RM RI
ht involves division, the

variable contains extreme values. To avoid the results to be driven by those outliers, we

drop 5% of the tail observations. Table 4 depicts the estimation results.

The first three columns of Table 4 show the results corresponding to Equation (3) and

present the results using observation when h is a private hospital, observation when h is

a public hospital, and all observation, respectively. As in the results in Table 3, all three

columns show similar qualitative results with different significance levels. The results in

those three columns clearly indicate that the adoption of MRI scanners at pubic hospi-

tals has a statistically significant effect. However, it is hard to conclude whether private

hospitals andpublic hospitals are affected differently. To examine this issue, we estimate

the model corresponding to Equation (4). The fourth column presents the result. The
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Table 4: Induced Physician-Induced Demand
(i) (ii) (iii) (iv)

Dependent Var: ∆C RM RI
h,t Private Public All All

∆ log(M Pub
−h,t ) .011∗∗∗ .006 .009∗∗∗ .011∗∗∗

(.003) (.005) (.003) (.003)

∆ log(M Pr i
−h,t ) -.005∗ -.000 -.003 -.004

(.003) (.004) (.002) (.003)

Public ×∆ log(M Pub
−h,t ) -.004

(.006)

Public ×∆ log(M Pr i
−h,t ) .003

(.005)

Fixed Effect
Time

√ √ √ √

N 3,960 2,562 6,522 6,522
R2 .022 .048 .032 .032

Note: Standard errors in parentheses and significance levels are denoted by <0.1
(*), <0.05 (**), and <0.01 (***). All specifications include an indicator for public
hospitals, the number of hospital beds at t − 1,MRI scans at t − 1, patients in the
relevant medical department at t − 1, and MRI scanners owned by hospital h at
t − 1 and a constant term, as control variables.

coefficient on ∆M Pub
−h,t is still estimated as positive and statistically significant at 5% level,

and we cannot reject the hypothesis that the effect is the same to private hospitals and

to public hospitals.

Theestimatedvalueof βpub suggests that theconversion rate increases0.8%when the

number of nearby public hospitals increases from zero to one (βpub × (log(2) − log(1)) =

0.0076). TheaverageconversionrateconditionalonhavingMRIscanners is 14.6%. There-

fore, 0.8% increase in conversion rate can be interpreted as 5.2% increase from the av-

erage conversion rate (0.8%/14.6%). Together with the finding in Section 3.1.1, the es-

timated coefficients suggest that hospitals keep the number of MRI scans constant re-

gardless of the number of patients visiting the hospitals—i.e., MRI adoption by nearby

public hospitals reduces the number of patients but hospitals increase the conversion

rate so that the number of MRI scans remains the same. This observation is consistent

with anecdotes from interviewswith physicians indicating an implicit quota imposedby

hospital managers for the number of MRI scans.
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3.1.3 Addressing an Endogeneity Concern

Our results presented in the previous sections may potentially suffer from endogeneity

of MRI purchases, because MRI purchases could be driven by unobserved changes in

the demand for MRI scanning. For example, if a large-scale nursing home were built in

one area, the elderly population would increase as would the demand forMRI scanning

service. Expecting such an increase in demand, hospitals might purchaseMRI scanners

and, at the same time, the conversion rate might increase without any physicians’ op-

portunistic behavior.

Such a mechanism would lead to an overestimation of induced physician-induced

demand. In particular, the estimated business-stealing effect in Table 3 and the esti-

matedPID inTable 4maybeupwardbiased, whichmay explainwhynewMRIpurchases

of private hospitals do not create a business-stealing effect. Private hospitals may care

more about the profitability of MRI purchases and take the local demand growth into

their purchase decision more than public hospitals do. However, even with such possi-

ble upward biases, we do find a business-stealing effect for newMRI purchases of public

hospitals. TheMRI purchase decision of public hospitalsmay not be correlatedwith the

local demand growth for a variety of reasons—e.g., local governmentmay constraint the

budget of public hospitals, public hospitalsmay have amore rigid decision process than

private hospitals, the bureaucratic management structure at public hospitals means it

may take longer to reach a decision, public hospitals are less sensitive to the profitability

of a new purchase, etc.

Our estimation result in Table 3—the public hospitals steal patients from surround-

ing hospitals—is consistent with this possibility that public hospitals do not respond to

the change in demand immediatelywhenpurchasingMRI scanners, which ends upwith

stealing patients from hospitals that enter the market beforehand. If the MRI purchase

decision of public hospitals is not correlated with the change in unobserved local de-

mand, at least, the results for the coefficients on the effect of public hospitals’ MRI pur-

chases in Table 3 and Table 4 are consistent.

To examine the validity of our results, we investigate the MRI adoption decision of
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private and public hospitals. Let Dh,t denote an indicator that takes a value of one if the

differenceof thenumber ofMRI scanners ownedbyhospitalh increases at period t—i.e.,

Dh,t = 1 implies newMRI adoption, takes a value of negative one if the difference of the

number of MRI scanners owned by hospital h decreases at period t , and takes a value

of zero if there is no change in the number of MRI scanners. We adopt the following

empirical specification, and we estimate an ordered logit model with hospital random

effects. Formally, a latent variableD∗
h,t is specified as

D∗
h,t = ζ1 log(Nh,t−1) + ζ2Mh,t−1 + ζ3 log(N−h,t−1) + controls + µh + ϵh,t , (5)

where N−h,t−1 denotes the number of patients at the surrounding hospitals of h at the

relevantmedical departments, µh denotes hospital randomeffects, and controls include

∆ log
(
M Pr i

h,t−1 + 1
)
, ∆ log

(
M Pub

h,t−1 + 1
)
, the lagged value of the number of hospital beds, the

laggedvalueof total outpatients and inpatients at allmedical departments, and the time-

fixed effects. Dh,t takes a value of either -1, 0, or 1, depending on the value ofD∗
h,t as

Dh,t =


−1, if D∗

h,t ≤ c,

0, if c < D∗
h,t < c̄,

1, if D∗
h,t ≥ c̄ .

The purpose of this specification is to infer the MRI purchase decision of private and

public hospitals to see whether an endogeneity issue exists. Our primary focus is to de-

termine whether ζ3 is estimated as significantly different from zero for pubic hospitals.

If so, it rejects the hypothesis that public hospitals’ MRI purchase decision is not corre-

lated to unobserved changes in demand in nearby hospitals, which violates the validity

of our argument in previous sections.

Table 5 summarizes the results. The first and third columns show the results with ob-

servation only when h is a private hospital, whereas the second and the fourth columns

show the results with observation only when h is a public hospital. ζ3, the coefficient on

log(N−h,t−1), is estimated not to be significantly different from zero for both private and

public hospitals, which supports our argument in previous sections. Furthermore, the

22



Table 5: MRI Purchase Decisions
(i) (ii) (iii) (iv)

Private Public Private Public
log(Nh,t−1) 0.32∗∗∗ 0.04 0.29∗∗∗ 0.06

(0.04) (0.10) (0.05) (0.11)

Mh,t−1 -2.18∗∗∗ -2.23∗∗∗ -2.14∗∗∗ -2.00∗∗∗
(0.11) (0.17) (0.13) (0.19)

log(N−h,t−1) -0.00 -0.08 0.03 -0.03
(0.03) (0.05) (0.04) (0.06)

∆ log
(
M Pr i

h,t−1 + 1
)

-0.06 -0.29
(0.32) (0.44)

∆ log
(
M Pub

h,t−1 + 1
)

-0.01 -0.01
(0.23) (0.35)

Fixed Effect
Year

√ √ √ √

N 5,086 1,624 3,426 1,069

Note: Standard errors in parentheses and significance levels are denoted by
<0.1 (*), <0.05 (**), and <0.01 (***). All specifications include the number of
hospital beds at t − 1, total inpatients and outpatients at all medical depart-
ments at t − 1, time fixed effects and a constant term, as control variables.

coefficient on ζ1, the number of patients in their own hospital, is estimated positive and

statistically significant for private hospitals but not significantly different from zero for

public hospitals. This observation further suggests that even local demand at their own

hospitals does not affect theMRI purchase decisions of public hospitals, consistent with

our expectation that the MRI purchase decisions of public hospitals are constrained by

non-economic reasons.

3.2 Generalized Physician-Induced Demand

In theprevious sections,wequantify physician-induceddemandcausedby theMRIpur-

chases of surrounding hospitals, which we defined as induced physician-induced de-

mand. In the literature, physician-induced demand is more broadly defined as physi-

cians’ change in behavior in response to the change in demand—changes in the number

of patients. From theprevious analysis, wenowbelieve thatMRIpurchases by surround-

ing public hospitals can be used as an instrumental variable to the number of patients
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attending each hospital, because it satisfies exclusion restriction and relevance: Public

hospitals donot respond to the potential demand immediatelywhen they purchaseMRI

scanners and thenumberofpatientswoulddecreasebecauseof thebusiness-stealingef-

fects. Taking advantage of this finding, we attempt to identify this more broadly defined

physician-induced demand in this section.

To quantify this physician-induced demand, we adopt the following two stage least

squared (2SLS) specification:

∆C Rh,t = γ1∆ log
(
Nh,t

)
+ γ2 log(Sh,t−1) + γ3 log(Nh,t−1) + controls + ϵh,t , (6)

where∆ log
(
Nh,t

)
is the endogenous variable and controls includeMh,t , the lagged num-

ber of hospital beds, the lagged number of outpatients and inpatients at all medical de-

partments, and time fixed effects. The first-stage regression for ∆ log
(
Nh,t

)
is specified

as

∆ log
(
Nh,t

)
= δ1∆M Pub

−h,t + controls
iv
+ εh,t ,

where controlsiv include all control variables in Equation (6).

If γ1 is negative, then the hospitals increase the conversion rate in response to an ex-

ogenous increase in thenumberof patients, which is an evidenceof PID.Aswediscussed

earlier, when physicians take MRI scans solely depending on the conditions of the pa-

tients, the conversion rate should remain constant when there is any exogenous change

in the number of patients.9

Table 6demonstrates the results for fourdifferent specificationswith several different

control variables. Regardless of the specifications, γ1 is negative and statistically signif-

icant. The lagged value of the number of MRI scans is negative and statistically signif-

icant, which suggests regression toward the mean. The lagged value of the number of

patients does not have any significant effect.
9This argument relies on the assumption that the severity distribution does not change depending on

the number of public hospitals withMRI scanners. We investigate whether this assumption is plausible in
Section 4.1 more thoroughly.
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Table 6: Physician-Induced Demand
(i) (ii) (iii) (iv)

Dependent Var: ∆C Rh,t All All All All
∆ log(Nh,t ) -.078∗∗ -.084∗∗ -.088∗∗ -.082∗∗

(.036) (.037) (.038) (.036)

log(Sh,t−1) -.005∗∗∗ -.010∗∗∗ -.012∗∗∗
(.001) (.003) (.002)

log(Nh,t−1) .009 .009
(.006) (.006)

Hospital-size
√

related controls

Fixed effect
Time

√ √ √ √

N 9,405 9,405 9,405 9,405
R2 .162 .153 .154 .188

Note: Standard errors in parentheses and significance levels are denoted by <0.1
(*), <0.05 (**), and <0.01 (***). All specifications include an indicator for public
hospitals, the number ofMRI scanners owned by hospitalh at t −1 and a constant
term, as control variables. “Hospital size related controls” includes the number
of hospital beds at t − 1 and the total number of inpatients and outpatients at all
medical departments at t − 1.

3.3 Implications

In theprevious subsections,wequalitativelyevaluate these two typesofphysician-induced

demands, in terms of the number ofMRI scans. Given the estimation results in Sections

3.1 and 3.2, we are able to quantify the number of MRI scans generated by (induced)

physician-induceddemand. Then,wecompute the total amountof reimbursementpaid

for the excessiveMRI scans. As we explain in Section 2.2, healthcare expenditure of MRI

scans ranges from ¥19,200 to ¥23,400 for eachMRI scan, depending on the details of the

actual treatment, and, thus, we use the average of ¥21,300 in our following calculation as

the healthcare expenditure per MRI scan.

Panel (A) of Table 7quantifies thenumberofMRI scans causedby inducedphysician-

induced demand and associated healthcare expenditure. In Panel (B), we quantify the

number of MRI scans caused by broadly defined physician-induced demand and asso-

ciated healthcare expenditure. In general, an decrease in the number of patients caused

byanymechanismunrelated topatients’ condition inducesphysician-induceddemand,

as discussed in Section 3.2. To quantify this general effect, we use the estimation re-
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sults from Table 6, where we find that a 1% decrease in the number of patients increases

the conversion rate by 0.082%. Here, we look at hospitals that experienced a reduction

in the number of patients and quantify their physician-induced demand caused by the

changes in the number of patients.

Table 7: Monetary Value of Physician-Induced Demand
2008 2011 2014

Panel (A): Induced PID
Induced scans per month 784 1,119 565
Induced payment per month (inmillion JPY) ¥16.71 ¥23.84 ¥12.04
Induced payment per year (in billion JPY) ¥0.20 ¥0.29 ¥0.14

Panel (B): General PID
Induced scans per month 45,126 30,415 22,909
Induced payment per month (inmillion JPY) ¥961 ¥648 ¥488
Induced payment per year (in billion JPY) ¥11.53 ¥7.77 ¥5.86

Note: This table provides qualitative evaluation of physician-induced demand. Panel (A) describes the estimated
physician-inducedMRI scans and resulting healthcare expenditure based on the estimates fromTable 4, whereas
Panel (B) describes the same statistics based on the estimates from Table 6.

Table 7 summarizes the results. Note that we can quantify physician-induced de-

mand generated only by newMRI purchases in Pane (A) or the changes in the number of

patients, meaning that we cannot quantify physician-induced demand that has already

exited. In this sense, one can regard the reported amount as the lower bound of the to-

tal PID that exists in the MRI scanning treatment. Panel (A) of Table 7 casts suspicion

that induced physician-induced demand cause about 600 to 1,100 scans. These num-

bers may not seem to be economically significant, because they account for additional

induced demand generated only by newMRI purchases of public hospitals, which does

not occur frequently. On the other hand, when we calculate induced demand caused by

reduced number of patients, Panel (B) of Table 7 shows that physician-induced demand

cause about 30,000 to 45,000MRI scans, which results in unnecessary additional health-

care spending of about ¥4 to ¥6 billion (Japanese yen). This healthcare spending could

have been saved ifMRI adoption decisions had beenmade collectively so that business-

stealing effects and resulting physician-induced demand wereminimal.
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4 Robustness Check

4.1 Severity Sorting

In our previous analysis, we assume that the distribution of the severity of patients’ con-

dition would not change if nearby hospitals purchase MRI scanners. However, this as-

sumption might not be true. For example, newly equipped hospitals might lack some

reputation, and, thus, patients who exhibit more severe symptoms may remain at in-

cumbent hospitals, somepatientswho exhibitsmore severe symptomsmaywant to visit

the hospital that has newMRI scanners, or theMRI adoption decision of hospitals itself

may depend on such unobserved changes in the severity distribution. In any case, the

severity distributionof patientsmaynot be independent fromMRI adoption,whichmay

result in upward or downward bias in our estimation results in Tables 4 and 6.

To address these concerns, we first investigate the change in the surgery conversion

rate, defined as the fraction of the number of all surgeries to the number of patients. This

variable canbe aproxy for thenumber of patientswith severe symptoms. If patientswith

severe symptoms tend to remain at the samehospital, the surgery conversion ratewould

not change afterMRI purchases by surrounding hospitals. As one can see from Figure 3,

surgery conversion rates do not change for both private and public hospitals, indicating

that the severity distribution of attending patients does not change. We also check the

robustness by comparing thenumber of inpatients, because this number canbe another

proxy for the number of patients with severe symptoms. Figure 4 shows the number of

inpatients in t −1and t . Asonecan see fromthefigure, theyare symmetricallydistributed

with the 45 degree line, supporting our assumption.

More formally, we estimate a similar model as Equation (3)—i.e.,

∆yh,t = β
Pub
∆ log

(
M Pub

−h,t + 1
)
+ βPr i

∆ log
(
M Pr i

−h,t + 1
)
+ controls + ϵh,t , (7)

where, as an explained variable, yh,t , weuse (i) the logarithmof thenumber of inpatients,

(ii) the computed tomography (CT) conversion rate, (iii) the cancer surgery conversion

rate, and (iv) the all surgery conversion rate, to check the robustness of our results. Those
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Figure 3: Surgery Conversion Rates in t − 1 and t

Note: Both scatter plots show the surgery conversion rate where the x-axis and y-axis shows

the surgery conversion rate at t − 1 and t , respectively, and each circle represents a hospital.

The left panel shows the conversion rate of private hospitals facing new MRI adoption by

surrounding hospitals, whereas the right panel shows the conversion rate of public hospitals

facing newMRI adoption by surrounding hospitals.

Figure 4: The Number of Inpatients in t − 1 and t

Note: Both scatter plots show the number of inpatients where the x-axis and y-axis shows

the number of inpatients at t − 1 and t , respectively, and each circle represents a hospital.

The left panel shows the number of inpatients at private hospitals facing newMRI adoption

by surrounding hospitals, whereas the right panel shows the number at inpatients of public

hospitals facing newMRI adoption by surrounding hospitals.
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conversion rates are defined analogously as the conversion rate of MRI scans. Table 8

summarizes the estimation results. For all dependent variables, the coefficients on the

change in the number of nearby MRI scanners are not significantly different from zero,

which strongly supports our assumption that the severity distribution of patients is not

correlated with theMRI adoption of nearby hospitals.

Table 8: Severity of Patients’ Condition
(i) (ii) (iii) (iv)

log(Inpatients) CRCT CRC ancer Sur g er y CRAllSur g er y

∆ log(M Pub
−h,t ) -0.004 .018 .000 .000

(.013) (.071) (.000) (.000)

∆ log(M Pr i
−h,t ) -.0015 .049 -.000 -.000

(.010) (.065) (.000) (.000)

Fixed Effect
Time

√ √ √ √

N 6,501 6,501 3,965 3,900
R2 .082 .293 .002 .003

Note: Standard errors in parentheses and significance levels are denotedby<0.1 (*), <0.05 (**), and<0.01
(***). All specifications include an indicator for public hospital, the number of hospital beds at t −1,MRI
scans at t − 1, patients in the relevantmedical department at t − 1, andMRI scanners owned by hospital
h at t − 1, and a constant term, as control variables.

4.2 Introduction of Diagnosis Procedure Combination

To prevent over-treatment by doctors, the DPC system has been introduced since 2003

in Japan. Though notmany hospitals adopted the DPC system in our sample period ini-

tially, the result could be affected, because these hospitalsmay not have any incentive to

engage in creating physician-induced demand. To address this concern, we focus on the

number of outpatients, instead of the total number of patients, because theDPC system

is applied only to inpatients. We redo the same empirical exercises, replacing the num-

ber of total patients with the number of outpatients, and obtain the same results, both

qualitatively and quantitatively.
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5 Conclusion

We investigate the adoption and usage of MRI scanners, known as one of the typical ex-

amples of expensive medical equipment, using panel data on all of the Japanese medi-

cal institutions. We find that MRI adoption creates business-stealing effects on nearby

hospitals, further inducing physician-induced demand there. In particular, public hos-

pitals do not take into account the local demand for MRI scans when making their MRI

purchase decisions. As a result, their MRI purchases cause business-stealing effects and

inducephysician-induceddemandatnearbyhospitals. Our results suggest that thedeci-

sion to adopt expensivemedical equipmentneeds tobemadecollectively rather than in-

dividually to avoid not only excessive adoption but also unnecessary physician-induced

demand.
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