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Abstract

How does hospital capacity influence physicians' treatment pattern? We address this question by
examining the impact of empty hospital beds on healthcare delivery for the oldest-old population
in Japan. Using universal administrative medical claims data from the Ministry of Health,
Labour and Welfare, we exploit a unique natural experiment arising from COVID-19 patients
across secondary medical service area (SMAS). This policy provides exogenous variation in
hospital capacity, enabling us to implement an instrumental variable approach to identify the
causal effects. We find that increased bed availability leads to a significant shift from outpatient
to inpatient care, with physicians more likely to hospitalize patients and extend hospital stays.
These effects are particularly pronounced in less populated regions and areas with higher
medical resources availability. This impact is strongest among the most vulnerable groups: the
oldest-old and those of lower socioeconomic status. Our findings reveal how healthcare
infrastructure shapes treatment decisions and have significant policy implications for hospital

resource allocation, particularly in aging societies with universal healthcare system.



1. Introduction

Hospital capacity is a critical factor in healthcare supply, directly influencing the practices
and subsequent care provided to patients. The relationship between hospital bed availability and
healthcare delivery presents a nuanced trade-off, reflecting the classic economic tension between
resource allocation efficiency and service provision incentives. While expanded hospital capacity
can improve healthcare accessibility, it may also create agency problems between physicians and
patients, potentially leading to supplier-induced demand. Indeed, previous research has revealed
that increased bed availability can create financial incentives for unnecessary service provision,
leading to over-utilization of healthcare services without corresponding health improvements
(Fisher et al., 2000; Freedman, 2016). Moreover, healthcare expenditure is directly correlated
with hospital bed availability (Gaynor & Anderson, 1995), suggesting that excess capacity can
result in inefficient resource allocation and over-investment in medical infrastructure. The
intricate dynamic underscores the importance of understanding how physicians’ treatment
patterns respond to the changes in hospital capacity to maintain the efficiency and sustainability
of the healthcare system.

Empirically measuring the causal relationship between hospital capacity and physicians’
treatment pattern poses significant methodological challenges due to endogeneity concerns.
Healthcare delivery and bed availability exhibit reverse causality, as treatment patterns can
influence bed capacity. This bidirectional relationship complicates causal inference, necessitating
careful identification strategies. Previous studies have documented nuanced findings across
different medical contexts. Sharma et al. (2008) found that constrained hospital capacity led to
earlier discharges while admission decisions are less affected, providing evidence that physicians

alter treatment decisions with constrained hospital capacity. In addition, previous studies by



Watts et al. (2011) and Walsh et al. (2022) reported positive correlations between bed capacity
and length of stay in psychiatric and emergency settings, respectively. In childbirth settings,
Freedman (2016) provided pioneering causal evidence demonstrating that neonatal intensive care
unit (NICU) bed availability minimally impacted the sickest infants, but increased utilization for
the infants with more discretionary admission criteria. Building on this, Goodman et al. (2024)
observed that NICU utilization increased for late preterm and non-preterm newborns as bed
supply expanded, without reducing adverse events. While these studies consistently indicate a
positive relationship between hospital capacity and utilization, causal evidence remains limited,
particularly beyond childbirth contexts.

This study investigates how hospital capacity affects the composition and quantity of
treatments provided by physicians, offering critical policy implications for healthcare system
optimization. Utilizing unique administrative data from Japan’s Ministry of Health, Labor and
Welfare (MHLW), we make three primary contributions. First, we focus on the oldest-old
population aged 75 and above (75+), a demographic of increasing global significance given rapid
population aging (WHO, 2024). This population is particularly vulnerable to both physical and
mental health challenges, often requiring intensive healthcare services and experiencing
information asymmetries that can make them susceptible to induced demand (Hay and Leahy,
1982; Johnson, 2014; Johnson and Rehavi, 2016; Mohammadshahi et al., 2019). Second, we
extend the scope of existing research beyond childbirth, establishing a causal relationship
between hospital capacity and healthcare delivery across general healthcare services. This
approach allows us to provide a more comprehensive understanding of supply-side responses
across diverse medical conditions, especially for older patients requiring complex, long-term

care. Third, to address endogeneity concerns, we employ a novel instrumental variable approach



using the Japanese government’s “Hospital Beds Securing Plan” implemented during the
COVID-19 pandemic (MHLW, 2024c).2 This policy designated specific hospital beds
exclusively for COVID-19 patients across secondary medical service area (Niji-lryoken in
Japanese, explained in detail in the next section), providing exogenous variation in hospital
capacity for non-COVID patients. Further, the timing and magnitude of bed designations were
largely independent of pre-existing healthcare utilization patterns.

Our findings reveal several important insights. We observe a significant substitution from
outpatient to inpatient services, where a 1% increase in bed availability leads to a 0.014
percentage point reduction in doctor visits with a reduction of 0.7 times in the frequency, and a
0.017 percentage point increase in hospital admissions with an extension of 0.2 days of
hospitalization. Second, our analysis uncovers multiple mechanisms through which hospital
capacity influences treatment patterns: (a) physicians in less populated areas demonstrate
stronger responses due to income effects; (b) regions with higher bed availability show larger
change in physicians’ treatment patterns, potentially to justify capacity investments; and (c)
regions with fewer physicians exhibit limited increase in inpatient services while regions with
more physicians show a significant shift from outpatient to inpatient services, suggesting leisure-
motivated behaviors. The effects are particularly pronounced among oldest-older patients and
those with lower socioeconomic status, indicating that these groups are more susceptible to

physicians’ decisions. Our findings suggest that careful government oversight of hospital bed

2 The MHLW outlined a detailed plan for securing hospital beds, which includes provisions for temporary
medical facilities and inpatient waiting areas designated as secured beds, for the period from April 2021 to
March 2024. This information (in Japanese) is available on the MHLW website:

https://www.mhlw.go.jp/stf/seisakunitsuite/newpage_00062.html (accessed November 8, 2024).



allocation is crucial for preventing healthcare service over-utilization and managing medical
expenses effectively, particularly in a healthcare system with constrained physician resources
like Japan’s.

The remainder of this paper is structured as follows: Section 2 provides institutional
background. Section 3 presents the conceptual framework and Section 4 describes data and
measurements with basic statistics. Section 5 elucidates the identification strategy. Section 6
presents the main results, robustness and heterogeneity analyses. Lastly, Section 7 offers

concluding remarks.

2. Institutional background

2.1 Population aging and healthcare utilization in Japan

Japan and other East Asian countries have been experiencing unprecedented demographic
aging. As of 2023, Japan leads the 38 OECD countries with 16.6% of its population aged 75+, a
proportion projected to increase to 23.7% by mid-century (United Nations, 2023). This rapid
aging has placed extraordinary pressure on the healthcare system, as evidenced by
hospitalization patterns. The age-related healthcare burden is stark: hospitalization rates for
individuals aged 75+ reach 3,568 per 100,000 inhabitants, compared to just 302 per 100,000 for

younger populations (MHLW, 2020). Japan’s healthcare system presents a unique research

3 In 2023, individuals aged 75 and above comprised 11.3% of the total population in Germany, 10.4% in
France, 9.3% in the UK, 7.7% in South Korea, and 7.3% in the US. By 2050, these proportions are projected to
reach 18.4% in Germany, 16.9% in France, 14% in the UK, 24.1% in South Korea, and 12.8% in the US, with
an average rate of 15.6% among 38 OECD countries. These statistics indicate that South Korea's population is

aging at a pace surpassing that of Japan (United Nations, 2023).



context, characterized by the world’s highest hospital capacity at 27.3 beds per 1,000
inhabitants—more than three times the OECD average of 8.1.

Despite gradual reductions in recent decades, Japan maintains exceptionally long hospital
stays. The national average of 12.6 days significantly exceeds the OECD average of 4.3 days,
second only to South Korea’s 12.8 days (Hashimoto et al., 2011; OECD, 2024).* For the 75+ age
group, average hospitalization duration extends to 45 days (MHLW, 2020), reflecting the
complex healthcare needs of an aging population. Financially, these extended stays represent a
substantial healthcare expenditure. In 2022, inpatient care for the 75+ population reached 8.5
billion USD (calculated at 1USD=100JPY), accounting for approximately 51% of Japan’s total
inpatient care costs (MHLW, 2024b).

The combination of Japan's aging population and high hospital capacity creates a unique
setting for studying how bed availability affects treatment decisions. The substantial variation in
healthcare utilization between age groups, coupled with Japan's exceptionally high bed-to-
population ratio, provides an ideal context for examining physician responses to capacity
constraints.

2.2 Regulation of hospital beds in secondary medical service areas (SMAS)

Under the Medical Care Act, the Japanese healthcare provision system is organized into a

three-tier hierarchical framework of medical service areas (primary, secondary, and tertiary)

4 In 2023, or the latest year available in OECD health statistics, the number of hospital beds per 1,000
inhabitants was 8.9 in Germany, 9.1 in France, 7.7 in the UK, 19.6 in South Korea, and 6.6 in the US. The
average length of hospital stay was 7.7 days in Germany, 5.5 days in France, 2.5 days in the UK, 12.8 days in

South Korea, and 2.8 days in the US.



designed to ensure efficient service delivery.® This structure was introduced in 1985, when
prefectural governments began implementing medical care plans. Among these tiers, the
secondary medical service area (SMA: Niji-Iryoken in Japanese) serves as the most critical
administrative division in healthcare policymaking (Tanihara et al., 1997; Hosokawa et al. 2020;
MHLW, 2022a). As of April 2024, Japan comprises 335 SMAs, defined based on geographic
conditions, transportation infrastructure, population density, and other relevant factors (MHLW,
2022b; MHLW, 2024d; Ministry of Internal Affairs and Communication, 2024). National and
prefectural governments use these SMASs as the primary unit for medical resource allocation,
including the distribution of hospital beds and doctors within their medical care plans.

The number of hospital beds in each SMA is legally regulated by prefectural governments
according to a uniform nationwide formula.® Any modification to bed numbers of facility

applications requires submission and approval from the prefectural governor, as stipulated by

5 The primary medical service area in Japan provides daily outpatient medical care and generally aligns with
municipalities, the smallest administrative units, which includes cities, wards, towns, and villages. The
secondary medical service area encompasses multiple municipalities, to offer a broader range of healthcare
services. The tertiary medical service area covers an even larger region, providing specialized and advanced
medical care, typically across an entire prefecture, with the exception of Hokkaido, where multiple zones are
designated due to its size and geographical layout (MHLW, 2022b). As of October 2024, Japan has 1,741
municipalities designated as primary medical service areas (Ministry of Internal Affairs and Communication,
2024). Additionally, as of April 2024, there are 52 designated tertiary medical service areas (MHLW, 2024d).
6 The formula is as follows: Number of beds = ((population by sex and age group) x

(discharge ratio by sex and age group) X (average length of hospital stay) +

(number of inpatients admitted from outside the SMA) —

(number of inpatients admitted to hospitals outside the SMA)) - bed occupancy rate.



Article 7 of the Medical Care Act. In regions with bed surpluses, prefectural governors may,
after consulting the Prefectural Medical Council, deny approval for bed changes or new medical
institution establishments.” The SMA-based bed standards are revised every six years, coinciding
with medical care plan revisions (MHLW, 2022b). As a country with one of the highest numbers
of hospital beds globally, Japan allocates substantial hospital beds for its healthcare services
(OECD, 2023h).

In summary, the SMA-level regulation of hospital beds, combined with the geographical and
demographic variation across these areas, provides a natural laboratory for studying how
capacity constraints influence physician behavior. The standardized nationwide formula for bed
allocation, coupled with strict regulatory oversight, creates clear boundaries for hospital capacity
that are largely independent of local physician preferences.

2.3 Hospital bed planning during the COVID-19 pandemic

The global COVID-19 pandemic posed unprecedented challenges to healthcare systems
worldwide, straining medical resources and disrupting routine services (Sen-Crowe et al., 2021).
In response, the Japanese government introduced multiple policy measures. First, it declared a
State of Emergency to restrict human mobility (Nakamoto et al., 2022; Okamoto, 2022) and a
State of Precautionary Emergency to reduce restaurant operating hour, and crucial to our
analysis, the government implemented a “Hospital Beds Securing Plan” to ensure COVID-19

treatment capacity.

" However, even in SMAs with an excess of hospital beds, new beds may be established under special
exceptions if certain conditions are met. Examples include the creation of specialized hospital beds, such as
those for cancer or cardiovascular disease, or the reorganization and integration of multiple medical

institutions, including public facilities.



Under this plan, each SMA was required to designate a specific number of hospital beds
exclusively for COVID-19 patients. The bed assignment primarily depended on the COVID-19
situation and the total bed capacity in the SMA. Given that the total number of beds in each
SMA is regulated by medical care plans, this requirement effectively reduced the availability of
beds for other medical services. Critically, the decrease in hospital bed availability for non-
COVID-19 conditions was determined by prefectural government directives, providing an

exogenous source of variation in hospital capacity that can be leveraged for analytical purposes.

3. Conceptual framework

We propose a conceptual model to examine how hospital capacity influences physicians’
treatment decisions. Building on McGuire and Pauly (1991), we model physicians as primary
decision-makers whose choices are shaped by earnings, leisure, and ethical considerations. In our
framework, physicians choose between two treatment types: inpatient or outpatient services. We
focus on the utility derived from providing inpatient services, where negative utility indicates
that physicians obtain higher utility from outpatient versus inpatient care. Physicians and
hospitals receive both financial and non-financial benefits including professional reputation and
career opportunities from service provision. Following McGuire and Pauly (1991), let m be the
marginal benefit obtained from providing services, t be the time spent on each patient, and X be
the quantity of services provided which, for this study, only depends on the empty beds available
b. Physician utility depends positively on their earnings (Y) and leisure (L), and negatively on
the level of inducement (7).

u,L,D

where
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Y = mX(b)
L =24 — tX(b)
I =1(b)
Uy >0,U,>0U <0
Taking first order derivative with respect to b,
UymX'(b) + U, (—tX'(b)) + U;I'(b) = 0
Solving for the effect of a change in empty beds on the quantity of inpatient services,

s U (b)
X'(b) = Um=Ut €]

The sign of the numerator in equation (1) is positive but the sign of the denominator is
undetermined. We identify three primary mechanisms through which hospital capacity can affect
treatment patterns. First, physicians and hospitals have incentives to induce demand when facing
negative income shocks (McGuire and Pauly, 1991; Gruber and Owing, 1996; Gruber et al.,
1999; McGuire, 2000; Clemens and Gottlieb, 2014). When facing higher empty bed rates,
hospitals and physicians regard this as potential income loss, and hospitals may encourage
physicians to adjust treatment patterns to maximize bed utilization. Furthermore, investment
decisions are usually made based on the hospitals and physicians’ demand for medical facilities
(Kamath and Elmer, 1989). High empty bed rates can be a signal of excess capacity, potentially
deterring future investments and creating additional economic pressures.

Secondly, patient volume directly impacts physicians’ workload and leisure time. Increased
patient numbers (fewer empty beds) reduce physicians’ discretionary time. The additional effort
required may deter providing extra services, introducing a critical work-life balance
consideration into treatment decisions. This leisure constraint represents a second significant

mechanism through which hospital capacity influences medical practice.
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Thirdly, physicians’ decisions are fundamentally guided by patient welfare considerations,
extending beyond purely economic interests. Following Ellis and McGuire (1986) and McGuire
(2000), we incorporate physicians’ ethical constraints through the inducement term I(b) in our
utility function. This captures the psychological cost or “internal conscience” that physicians
experience when contemplating potentially unnecessary interventions. Physicians recognize that
excessive or unwarranted services may harm patients both physically and financially, creating a
moral constraint on their decision-making. This ethical dimension is represented in our model
through U, < 0, indicating that higher levels of inducement reduce physician utility. When
hospital capacity is high (more empty beds), the pressure to fill beds may conflict with these
ethical considerations, creating a tension between institutional pressures and professional
medical judgment.

Our conceptual framework demonstrates how these three mechanisms - financial incentives,
leisure constraints, and ethical considerations - interact to influence physician decision-making.
The sign of X'(b) in equation (1) captures these competing effects: while financial pressures
from empty beds may encourage increased inpatient services (through the Uy term), both leisure
constraints (U, ) and ethical considerations (U;) may counteract this tendency. This theoretical
tension aligns with empirical realities of medical practice, where physicians must balance
institutional pressures, professional obligations, and patient welfare. By modeling these distinct
yet interconnected mechanisms, our framework provides a more nuanced understanding of how
hospital capacity shapes physician behavior. The model suggests that the ultimate impact of
hospital capacity on treatment decisions depends on the relative strength of these competing
forces, highlighting the complexity of healthcare delivery systems and the multiple factors that

influence clinical decision-making.
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4. Data and measurements

4.1 Data

This study integrates three primary datasets to provide a comprehensive analysis of the
treatment patterns provided to Japan’s oldest old population. The first dataset, the “Medical
Claims Data with Income Tax Information for the Oldest-Old in Japan (MCD-Tx),” is provided
by the MHLW. This individual-level panel dataset represents a pioneering effort in Japan,
combining monthly medical claims with income data for individuals aged 75+. As of September
2022, the dataset covers 18.52 million individuals, representing 98.6% of Japan’s 75+ population
and encompassing those enrolled in the Latter-Stage Elderly Healthcare System (LSEH).2 The
second dataset, the “Hospital Report,” offers detailed information on hospital characteristics,
including total bed numbers and patient occupancy. This source enables the computation of
empty beds for each SMA on a monthly basis. The third dataset, also provided by the MHLW,
records COVID-19 patient bed allocations, documenting the total beds designated for COVID-19

patients and current hospitalizations. Data collection for this dataset began in December 2021.

8 The LSEH system, launched in 2008, provides targeted healthcare coverage for Japanese seniors aged 75+.
By focusing on reduced copayments and equitable access to care, the program addresses the specific healthcare
needs of an aging population while managing costs through municipal-level administration and a cost-sharing
model. Funding is derived from contributions by the national and local governments (50%), occupation-based
and community-based healthcare insurance schemes for individuals under 75 (40%), and premiums paid by
those aged 75+ (10%). Emphasizing preventive care and chronic disease management, the LSEH seeks to
reduce long-term healthcare expenses by encouraging healthier lifestyles among elderly participants (Ikegami

etal., 2011; MHLW, https://www.mhlw.go.jp/stf/newpage_40287.html, access November 11, 2024).
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The research period spans from December 2021 to November 2022, strategically chosen to
align with the 6th and the 7th waves of the COVID-19 pandemic in Japan. This timeframe
corresponds to the Omicron wave, characterized by heightened pandemic awareness with no
mobility restrictions. Such conditions ensure consistent healthcare-seeking behaviors across the
study period. Through merging these datasets by SMA and month, we developed a
comprehensive analytical sample. We excluded individuals who were ever diagnosed with
COVID-19 to maintain the precision of our identification strategy. The final sample comprises
175,040,107 observations, with 68,826,402 male and 106,213,705 female participants.

4.2 Measurements

Hospital capacity is operationalized through the share of empty beds, calculated as the ratio
of unoccupied empty beds to total beds in each SMA. We evaluate treatment patterns across
multiple dimensions. For inpatient treatment, we develop two measures: a binary variable
indicating the likelihood of hospital admission, with “1” representing at least one inpatient
service provided in a month and “0” otherwise; and a continuous variable capturing the hospital
length of stay in days. Similarly, for outpatient treatment, we construct two measures: a binary
variable indicating the likelihood of doctor visits, with “1” representing at least one outpatient
service provided by a physician in a month, and “0” otherwise; and a continuous variable
measuring the frequency of doctor visits.

The claims data encompasses patients with various chronic conditions, including infectious
diseases, cancer, blood and immune system disorders, endocrine diseases, psychiatric conditions,
neurological disorders, eye and ear diseases, circulatory and respiratory conditions, digestive and
kidney diseases, musculoskeletal disorders, accident-related conditions, and other diseases.

3.3 Basic statistics

14



Table 1 provides summary statistics for individual characteristics, SMA characteristics, and
healthcare utilization. As our study focuses on Japan’s oldest-old population, the minimum age
in the sample is 75 years, with a mean age of 83. The average annual income is 2,030,973 JPY
(approximately 20,301 USD). Regarding SMA characteristics, the total number of beds and
empty beds varies across areas. The average occupancy rate is 2.3%, with an empty bed rate of
approximately 27%. Healthcare utilization patterns reveal that the probability of physicians
providing inpatient services is 4%, while the probability of outpatient services is 79%. This high
level of outpatient care utilization is likely attributable to the advanced age of the population.

[Table 1]

5. Identification

The primary methodological challenge in identifying the causal effect of hospital capacity on
treatment patterns lies in the endogeneity problem of reverse causality. Hospital capacity can
influence treatment patterns, while simultaneously, physicians’ treatment decisions reversely
affect bed availability. To address this endogeneity, we constructed an instrumental variable (1V)
to isolate the causal effect of hospital capacity on physicians’ treatment patterns. The Japanese
government’s “Hospital Beds Securing Plan” provides an exogenous source of variation by
reserving a specific number of hospital beds exclusively for COVID-19 patients in each SMA.
The total number of beds is legally regulated and predetermined by prefectural medical care
plans, which remained unchanged during our observation period from December 2021 to
November 2022. We calculate the occupancy rate as the ratio of beds assigned or occupied by
COVID-19 patients to the total number of beds in SMA j at month ¢, which serves as an

instrument for the share of empty beds available. The IV is defined as below.
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number of beds assigned to COVID patients;;

COVID occupancy ratej, =

(2)

total number of beds;,

[Figure 1]

Figure 1 illustrates the variations in average occupancy and empty bed rates across SMASs
during the observation period. We address two critical requirements for 1V validity. First, the IV
must strongly correlate with the causal variable of interest (Angrist and Pischke, 2009). Our
analysis demonstrates a strong negative correlation between occupancy rate and empty bed
share: as the occupancy rate rises, the available beds for non-COVID patients decreases. The
first-stage result in column 2 of Table 2 confirms this relationship, showing that a 1 percentage
point increase in occupancy rate reduces the empty bed rate by 0.66 percentage points. The F-
statistics validate that the instrument passes the weak instrument test. The second crucial
requirement is the exclusion restriction, which stipulates that the IV must be uncorrelated with
outcome variables through any channel other than the primary mechanism (Angrist and Pischke,
2009). The occupancy rate, determined by government-assigned COVID-19 bed allocations and
predetermined total bed numbers, is unlikely to correlate with healthcare utilization for non-
COVID-19 conditions except through bed supply.

[Table 2]

We carefully address a potential identification threat: the possibility that individuals might
avoid medical facilities due to the pandemic fears (Haritha & Praseeda, 2024; Zhang, 2021). Our
study focuses on Japan’s 6th and 7th Omicron waves, characterized by lower severity and
reduced mortality compared to the previous waves (Esper et al, 2022; Uemura et al., 2023).
During this period, individual mobility remained unrestricted, and individuals had already

developed protective strategies such as masking and vaccination, reducing virus-related anxiety.

16



As a result, individuals requiring healthcare services would continue visiting medical facilities.
Moreover, previous research suggests that hospital avoidance primarily affects younger adults
and less-educated populations (Haritha & Praseeda, 2024). We concentrate on Japan’s oldest-old
population, whose demand for medical services is relatively inelastic. Figure 2 substantiates this,
demonstrating a consistent 80% medical care utilization rate regardless of the COVID-19 case
numbers.
[Figure 2]
To estimate the first-stage, we used the following equation:
Empty Ratej: = mo + miOccupancy Ratejt + Djt0 + yj + Ae + ejc  (3)
where Empty Ratej: represents the share of empty beds available and Occupancy Ratej: is the
proportion of beds assigned to COVID-19 patients, in SMA j in month t. We controlled for
regional characteristics (Djt), including the number of confirmed cases and hospitalized COVID-
19 patients to account for potential physician allocation to COVID sectors. Additionally, we
controlled for the proportion of days that the SMA was under the “State of Precautionary
Emergency” in a given month. We include SMA fixed effect (y;) and time fixed effect (1¢), with
standard errors clustered at SMA level. The parameters to be estimated are o, 1, and 8 with ejt
representing an error term.
In the second-stage regression, we estimated:
yijt = Bo + B1iEmpty Ratejt + Xijtd + Dje + Wi + nj + ¢t + €ije. (4)
where yijc represents the treatment provided to individual i in SMA j in month ¢, encompassing
hospital admission, length of hospital stays, doctor visits, and frequency of doctor visits. The
variable Xij: denotes individual characteristics, including a male dummy, age, income (JPY), and

a dummy variable indicating whether the individual used medical services in that month,
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controlling for potential hospital avoidance. We also incorporate fixed effects for individual,
regional, and time periods (i, 17j, and ¢¢) with standard errors clustered at the individual level.
The parameters to be estimated are fo, f1, §, and ¢, with &ijcas a residual.

Finally, we conducted robustness checks by excluding individuals diagnosed with any diseases
related to respiratory system since physicians treating respiratory diseases may be assigned to
treat COVID patients and the level of physician supply is more likely to be affected in this

sector.

6. Results

6.1 Main results

Table 3 presents the baseline results using IV estimates and Ordinary Least Square (OLS)
estimates for four treatment pattern measures: hospital admission, length of hospital stays, doctor
visits, and frequency of doctor visits. All regressions are adjusted for individual, regional, and
time fixed effects.

The 1V results, adjusted for all covariates, reveal significant effects on inpatient care.
Specifically, a one percentage point increase in the share of empty beds raises the probability of
hospital admission by 0.017 percentage points, which represents 42.5% of the mean. The
increase is accompanied by an approximate 0.2-day extension in hospital stay, indicating a
statistically significant change in inpatient service provision. For outpatient care, the same 1V
specification demonstrates a contrasting pattern. A one percentage point increase in the share of
empty beds decreases the probability of doctor visits by 0.014 percentage points and reduces the
frequency of doctor visits by approximately 0.7 times. The findings indicate a substitution in

treatment patterns from outpatient to inpatient services as hospital capacity increases. The OLS
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estimates differ markedly from the IV estimates, with some signs reversed. This discrepancy
suggests potential significant bias in OLS results, likely stemming from reverse causality where
increased hospital admission and length of stay might decrease the share of empty beds. The
results demonstrate varying sensitivity to additional covariates, with inpatient care effects
remaining relatively stable across model specifications, while outpatient care effects show
greater variability.

[Table 3]

6.2 Robustness check

We conducted robustness by excluding individuals diagnosed with any respiratory system
related diseases since physicians specialized in treating respiratory diseases might be assigned to
treat COVID-19 patients and the level of physician supply is mostly likely to be influenced in
this sector.

[Table 4]

From Table 4, a one percentage point increase in the share of empty beds increases the
probability of inpatient service provision by 0.024 percentage point. On average, the length of
hospital stay increases by one-third of a day. Simultaneously, a one percentage point increase
reduces the probability of doctor visits by 0.022 percentage point with a decreased frequency of
0.733 times. The results are robust and indicate a consistent shift from outpatient services to
inpatient services when there is a larger share of empty beds available. The magnitude of the
change is larger than the baseline results, implying that level of physician supply may potentially

affect the treatment pattern.

19



6.3 Heterogeneity
6.3.1 Heterogeneity by SMA’s characteristics
[Table 5]

To deepen our understanding of the supply-side effect and its underlying mechanisms, we
conducted several heterogeneity analyses by segmenting the sample based on population density,
physician density, and bed capacity per capita within each SMA. We define these characteristics
as follows: population density is calculated as the total population divided by the SMA’s area;
physician density represents the total number of physicians per capita; and bed capacity per
capita is determined by the total number of hospital beds relative to the total population.® For
each density measure, we divide the samples into two groups: those at or above mean and those
below the mean. Regressions were then run separately for each group. The results of these
analyses are presented in Table 5.

The 1% panel of Table 5 exhibits that, in SMAs with lower population density, we observe a
pronounced effect where a one percentage point increase in the empty bed share raises the
probability of hospital admission by 0.016 percentage point, with an average increase in the
length of hospital stay by approximately one-third of a day. At the same time, it lowers the
probability of doctor visits by 0.012 percentage point and reduces the probability of doctor visits

by 0.6 times on average. While SMAs with higher population density also demonstrate a shift to

9 SMA population is obtained by aggregating municipality population obtained from Ministry of Internal

Affairs and Communications (https://www.soumu.go.jp/menu_news/s-news/01gyosei02 02000259.html).

Area of SMA is calculated by aggregating the area of municipalities obtained from Geospatial Information

Authority of Japan (https://www.gsi.go.jp/KOKUJY OHO/MENCHO-title.htm).
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inpatient services, the magnitude of the change is smaller especially on the intensive margin.
This differential response can be attributed to variations in physicians’ and hospitals’ utility,
which correlates with both financial and non-financial earnings (Y). In less populated SMAs, the
limited patient base potentially constrains overall earnings. Consequently, physicians may be
incentivized to offer more services to compensate for lower level of demand. This finding aligns
with established economic literature suggesting that physicians may induce demand in response
to negative income shocks (McGuire and Pauly, 1991; Gruber and Owings, 1996, McGuire,
2000).

Second, we examined heterogeneity based on physician density within each SMA, as
presented in the 2" panel of Table 5. SMAs with higher physician-to-population ratios
demonstrate a 0.039 percentage point increase in hospital admission and a 0.6-day extension of
hospital stay, with a 0.021 percentage point reduction in doctor visits and 0.7 times decrease in
frequency. In contrast, SMAs with fewer physicians show insignificant impact on inpatient care
and minimal change on outpatient care. This variation likely stems from physician supply
constraints and individual professional considerations. Physician utility is intricately linked to
leisure time (L). In SMAs with limited physician numbers, the marginal cost of additional
patient admissions is substantially higher. Each physician faces a more significant reduction in
personal time, thereby diminishing incentives for admitting new patients. Conversely, in
physician-dense areas, the individual burden of additional admissions is mitigated, facilitating
more flexible treatment patterns. Notably, SMAs with greater physician density exhibit a
significant increase in inpatient care at both extensive and intensive margins (Table 5),

supporting our hypothesis about supply-side mechanisms.
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Finally, we analyzed heterogeneity by bed capacity per capita in each SMA. The findings
closely mirror the physician density results. SMAs with higher bed allocations demonstrate a
more pronounced substitution from outpatient to inpatient care where a one percentage point
increase in empty bed share leads to a 0.079 percentage point increase in the probability of
hospital admission with an average increase of more than 1.5 days in the length of stay, and a
reduction of 0.025 percentage point in doctor visits with a reduction of 0.6 times in the
frequency. In contrast, SMAs with fewer beds per capita show only marginal reductions in
outpatient care and negligible inpatient care effects. This pattern suggests that hospitals in
resource-rich SMAs have stronger incentives to optimize bed utilization. The significant
infrastructure investment creates a compelling rationale for maximizing resource development,
potentially driving physicians to adjust treatment patterns to justify existing healthcare
investments

These heterogeneous effects underscore the complex interplay between healthcare supply-
side characteristics and treatment decisions. The findings highlight how local healthcare
infrastructure, physician availability, and population dynamics intersect to shape medical service
delivery. The analysis reveals that supply-side constraints and opportunities are not uniform
across different SMAs. Instead, local context plays a crucial role in mediating how empty bed
availability influences treatment patterns. This nuanced understanding contributes to our broader

comprehension of healthcare resource allocation and physician behavior.

6.3.2 Heterogeneity by individual characteristics

[Table 6]
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We conducted a detailed analysis of treatment pattern variations by segmenting the sample
according to age (mean: 83 years) and income (mean: 2,027,419 JPY), with results shown in
Table 6.

The impact of empty bed availability demonstrates marked differences across age groups.
For individuals under 83, increased empty bed share has a minimal effect, marginally decreasing
doctor visit frequency by approximately 0.8 times, with no significant impact on inpatient care.
In stark contrast, patients aged 83 and above exhibit more substantial treatment pattern
modifications. A one percentage point increase in empty bed share for this age group yields
notable changes: it raises hospital admission likelihood by 0.026 percentage points (53% of the
mean) and increases the length of hospital stay by more than one-third of a day. Simultaneously,
it reduces doctor visit probability by 0.018 percentage points, while decreasing the frequency by
approximately 0.62 times. These pronounced differences suggest that physicians’ treatment
strategies vary more significantly for older patients. This variation likely stems from the older
population’s more complex health status and reduced bargaining power in treatment decisions.
The heightened responsiveness may reflect physicians' greater discretion in treatment approaches
for patients with more vulnerable health conditions.

Income-level analysis reveals nuanced treatment pattern variations. For individuals with
incomes below the mean, a one percentage point increase in empty beds leads to a notable
increase in hospital admission and reduction in doctor visit with decreased frequency by
approximately 0.7 times. Conversely, those with above-mean incomes only experience a
reduction on doctor visits frequency.

These findings suggest that individuals with lower socioeconomic status are more susceptible

to shift in physicians’ treatment behaviors. This vulnerability may stem from reduced healthcare
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negotiation capabilities, limited alternative medical options, or greater dependence on existing
healthcare infrastructure. The heterogeneity analyses illuminate the complex interactions
between healthcare supply-side characteristics and individual patient attributes. The results
highlight how age and income modulate the relationship between empty bed availability and
treatment patterns, demonstrating that medical decision-making is not uniform but deeply
contextual. The findings underscore the importance of considering individual-level
characteristics when analyzing healthcare resource allocation and physician behavior. They
reveal how structural healthcare constraints interact with patient vulnerabilities to shape medical

service delivery.

7. Discussion and Conclusion

Our study addresses the longstanding challenge of identifying the causal relationship
between hospital capacity and healthcare provision. Using an innovative instrumental variable
approach based on the share of beds assigned to COVID-19 patients, we uncovered significant
insights into how physicians modify treatment patterns in response to bed availability. Our
primary findings reveal a distinct shift in healthcare delivery: as the share of empty beds
increases, we observe a notable reduction in outpatient doctor visits coupled with an increase in
both hospital admission probability and length of hospital stay. This pattern suggests that
physicians strategically adjust their treatment decisions based on available hospital capacity,
potentially inducing demand when capacity increases.

Our analysis demonstrates heterogeneous effects across different SMAs. Physicians in less-
populated regions exhibit stronger inclinations toward inpatient care, likely as a compensation

strategy for lower earnings. Similarly, SMAs with higher bed capacity demonstrate greater
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propensity to maximize inpatient care, possibly to justify facility investments and cover fixed
costs. In contrast, SMAs with physician shortages show less responsiveness to bed availability,
suggesting constraints from physicians’ workload and leisure time limitations.

These findings extend the existing literature on physicians’ financial incentives beyond
childbirth contexts (McGuire and Pauly, 1991; Gruber and Owings, 1996), providing new
evidence of how treatment patterns respond to changes in healthcare infrastructure. Notably, our
results have particular significance for vulnerable populations, with stronger effects observed
among older individuals and those with lower socioeconomic status. This suggests these groups
may be more susceptible to supply-side variations in healthcare delivery.

Several limitations warrant acknowledgment. Our primary data constraint is the inability to
observe precise physician allocation within hospitals or SMAs. If physicians are reassigned to
treat COVID-19 patients, this could reduce physician availability in other medical sectors,
potentially affecting treatment patterns. This consideration is particularly relevant in Japan,
which has a lower fewer physicians-to-population ratio than most OECD countries (OECD,
2023a and 2024). *° To address this limitation, we controlled for confirmed COVID-19 cases and
hospitalized COVID-19 patients, factors likely correlated with physician allocation to COVID-
19 care. Our robustness checks, which excluded patients diagnosed with respiratory system-
related diagnoses, maintained consistent results. However, future research with more detailed

physician allocation data could enhance our understanding of these dynamics.

10In 2023, or the latest year available in OECD health statistics, Japan had 2.7 physicians per 1,000
inhabitants, which is below the OECD average of 3.7. For comparison, Germany reported it 4.6 physicians per

1,000 inhabitants, France 3.2, the UK 3.3, South Korea 2.6, and the US 2.7.
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Out findings have important policy implications for the Japanese healthcare system. They
suggest the need for careful government oversight of resource allocation and bed supply across
hospital sectors to prevent healthcare service over-utilization and manage medical expenses
effectively. Furthermore, the relationship between treatment variations and patient health
outcomes requires careful examination. Given that treatment methods may vary with bed
availability, it is critical to evaluate whether such variations impact patient health outcomes,
particularly under resource constraints. Future research should focus on analyzing mortality rates
and other key health indicators to provide a comprehensive understanding of how hospital

capacity affects patient care quality.
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Figure 1. Variation of Occupancy Rate and Empty Bed Rate across Prefectures

Source: “Hospital report” and COVID-19 data from obtained from the MHLW.
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Figure 2. Correlation between Number of COVID-19 Confirmed per 1,000 Population and
Probability of Medical Care Utilization

Source: “Medical Claims Data with Income Tax Information for the Oldest-Old in Japan (MCD-Tx)” obtained
from the MHLW.
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Table 1 Summary statistics

Mean SD N Min Max
Covariates
Individual characteristics
Male 0.39 0.49 175,040,107 0 1
Age 82.50 5.71 175,040,107 75 115
Income (JPY) 2,027,419 3,935,030 174,834,868 5,790,000,000
Meical service usage 0.81 0.39 175,040,107 1
SMA's characteristics
Total number of beds 4,508.41 4,981.46 4,020 55 41,5627
Total number of empty beds 1,176.20 1,334.40 4,020 18 12,977
Empty bed rate 0.27 0.08 4,020 0 1
COVID-19 beds 123.71 153.96 3,888 2 1,539
Occupancy rate 0.02 0.01 3,888 0 0
COVID-19 patients in hospital 37.40 65.42 3,888 0 1,132
Share of days under the "State of Precautionary Emergency" 0.14 0.30 3,240 0 1
Number of confirmed cases 40831.77 72177.11 564 0 757,621
Total number of physicians 980.27 1,456.22 334 27 11,029
Outcomes
Healthcare utilization
Hospital admission 0.04 0.19 175,040,107 0 1
Length of hospital stay 0.79 4.50 175,040,107 0 64
Doctor visits 0.79 0.41 175,040,107 0 1
Frequency of docutor visits 2.01 2.61 175,040,107 0 131

Source: For individual characteristics and healthcare utilization, we use the “Medical Claims Data with Income
Tax Information for the Oldest-Old in Japan (MCD-Tx),” provided by the MHLW. For SMA’s characteristics,
we use the “Hospital Report” and the data on the number of beds designated for COVID-19 patients at each
medical facility in Japan, both also provided by the MHLW.

Note: Our study period spans from December 2021 to November 2022, encompassing the 6th and 7th waves of
the COVID-19 pandemic in Japan. All statistics represent averages for the entire observation period.
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Table 2 First stage of IV estimation

Empty bed rate

(1) (2)
-0.500***  -0.665***
Occupancy rate (0.071) (0.079)
Region FE X X
Regional Characteristics X
F-statistics 49 30
Observations 175,040,107 145,196,993

Source: We used the “Hospital Report” and the data on the number of beds designated for COVID-19 patients
at each medical facility in Japan, both provided by the MHLW.

Note: Column (1) shows the coefficient of Occupancy Ratejt without regional characteristics and column (2)
shows the coefficient with regional characteristics. Both regressions are adjusted for regional, and time fixed
effects. Regional characteristics include the number of confirmed COVID-19 cases and hospitalized COVID-
19 patients in each SMA, as well as the proportion of days the SMA was under a “State of Precautionary
Emergency” in that month. Standard errors are clustered at the individual level. “***” “*#” and “*” indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 3 Effects of share of empty beds on healthcare utilization (IV and OLS)

(1) Hospital admission (2) Length of hospital stay (3) Doctor visits (4) Frequency of doctor visits
Regression methos
" 0.034*** 0.017%** 0.266** 0.218** 0.318*** -0.014%xx* 0.492%** -0.703***
(0.005) (0.005) (0.108) (0.095) (0.010) (0.003) (0.053) (0.044)
OLS -0.019%** -0.013*** -0.248*** -0.147%*x* -0.091%** -0.001 -0.373%** -0.121%**
(0.001) (0.001) (0.017) (0.017) (0.002) (0.001) (0.008) (0.008)
Covariates
Individual Characteristics X X X X
Regional Characteristics X X X X
F-statistics 49 30 49 30 49 30 49 30
Y-mean 0.04 0.04 0.79 0.81 0.79 0.8 2.01 2.01
Observations 174,727,188 144,719,124 174,727,188 144,719,124 174,727,188 144,719,124 174,727,188 144,719,124

Source: For individual characteristics and healthcare utilization, we use the “Medical Claims Data with Income
Tax Information for the Oldest-Old in Japan (MCD-Tx),” provided by the MHLW. For SMA’s characteristics,
we use the “Hospital Report” and the data on the number of beds designated for COVID-19 patients at each
medical facility in Japan, both also provided by the MHLW.

Note: The parameters for both IV and OLS show coefficients of Empty Ratejt. All regressions are adjusted
for individual, regional, and time fixed effects. Individual characteristics include a male dummy, age, income
(JPY), and a dummy variable indicating whether the individual used medical services that month, controlling
for potential hospital avoidance. Regional characteristics include the number of confirmed COVID-19 cases
and hospitalized COVID-19 patients in each SMA, as well as the proportion of days the SMA was under a
“State of Precautionary Emergency” in that month. Standard errors are clustered at the individual level. “***”
“*#” and “*” indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 4 Robustness excluding any diseases related to respiratory system

(1) Hospital admission (2) Length of hospital stay (3) Doctor visits (4) Frequency of doctor visits
Regression methos
v 0.046%** 0.024*** 0.617*** 0.318** 0.384*** -0.022*** 0.379*** -0.733%**
(0.006) (0.005) (0.114) (0.102) (0.012) (0.003) (0.059) (0.049)
OLS -0.014%*** -0.009*** -0.178%** -0.090%** -0.089%** 0.0001 -0.327**x* -0.089%**
(0.001) (0.001) (0.018) (0.019) (0.002) (0.001) (0.009) (0.009)
Covariates
Individual Characteristics X X X X
Regional Characteristics X X X X
F-statistics 49 30 49 30 49 30 49 30
Y-mean 0.03 0.03 0.69 0.71 0.75 0.76 1.75 1.76
Observations 107,880,861 89,146,002 107,880,861 89,146,002 107,880,861 89,146,002 107,880,861 89,146,002

Source: For individual characteristics and healthcare utilization, we use the “Medical Claims Data with Income
Tax Information for the Oldest-Old in Japan (MCD-Tx),” provided by the MHLW. For SMA’s characteristics,
we use the “Hospital Report” and the data on the number of beds designated for COVID-19 patients at each
medical facility in Japan, both also provided by the MHLW.

Note: The parameters for both IV and OLS show coefficients of Empty Ratejt. All regressions are adjusted
for individual, regional, and time fixed effects. Individual characteristics include a male dummy, age, income
(JPY), and a dummy variable indicating whether the individual used medical services that month, controlling
for potential hospital avoidance. Regional characteristics include the number of confirmed COVID-19 cases
and hospitalized COVID-19 patients in each SMA, as well as the proportion of days the SMA was under a
“State of Precautionary Emergency” in that month. Standard errors are clustered at the individual level. “***”
“**” and “*” indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 5 Heterogeneity by SMA’s characteristics

Hosptial admission

Length of hospital stay

Doctor visits

Frequency of doctor visits

SMA's characteristics
Heterogeneity by population density

0.016** 0.319** -0.012** -0.610%**
Below mean
(0.007) (0.139) (0.004) (0.060)
Y-mean 0.04 0.91 0.78 1.92
Observations 84,707,663 84,707,663 84,707,663 84,707,663
0.015%* 0.292** -0.018*** -0.470***
Above mean
(0.006) (0.115) (0.004) (0.066)
Y-mean 0.03 0.66 0.81 2.15
Observations 60,011,461 60,011,461 60,011,461 60,011,461
Heterogeneity by physician density
0.004 0.024 -0.007* -0.626%**
Below mean
(0.007) (0.129) (0.004) (0.059)
Y-mean 0.04 0.8 0.79 1.93
Observations 80,913,913 80,913,913 80,913,913 80,913,913
0.039%** 0.603*** -0.021%** -0.701%**
Above mean
(0.007) (0.134) (0.004) (0.065)
Y-mean 0.04 0.87 0.81 2.12
Observations 63,805,210 63,805,210 63,805,210 63,805,210
Heterogeneity by beds per capita
0.009* 0.140 -0.012%** -0.642%**
Below mean
(0.005) (0.101) (0.003) (0.049)
Y-mean 0.03 0.67 0.8 2.01
Observations 103,901,948 103,901,948 103,901,948 103,901,948
0.073%** 1.544%** -0.025** -0.617%**
Above mean
(0.014) (0.278) (0.009) (0.112)
Y-mean 0.05 1.16 0.79 2.01
Observations 40,816,954 40,816,954 40,816,954 40,816,954

Source: For individual characteristics and healthcare utilization, we use the “Medical Claims Data with Income
Tax Information for the Oldest-Old in Japan (MCD-Tx),” provided by the MHLW. For SMA’s characteristics,
we use the “Hospital Report” and the data on the number of beds designated for COVID-19 patients at each

medical facility in Japan, both also provided by the MHLW.

Note: The parameters for the IV regressions represent the coefficients of Empty Ratejt. All regressions are
adjusted for individual, regional, and time fixed effects. Individual characteristics include a male dummy, age,
income (in JPY), and a dummy variable indicating whether the individual used medical services during the
month, controlling for potential hospital avoidance. Regional characteristics include the number of confirmed
COVID-19 cases and hospitalized COVID-19 patients in each SMA, as well as the proportion of days the
SMA was under a “State of Precautionary Emergency” during the month. Standard errors are clustered at the

individual level. “***” «“**¥” and “*” indicate statistical significance at the 1%, 5%, and 10% levels,

respectively.



Table 6 Heterogeneity by individual characteristics

Hosptial admission  Length of hospital stay Doctor visits Frequency of doctor visits

Individual characteristics

Heterogeneity by age
. 0.002 -0.070 -0.005* -0.786***
Below median (age<83)
(0.006) (0.101) (0.003) (0.061)
Y-mean 0.03 0.52 0.79 1.98
Observations 81,464,332 81,464,332 81,464,332 81,464,332
) 0.026** 0.348** -0.018** -0.617***
Above median (age>=83)
(0.008) (0.170) (0.005) (0.064)
Y-mean 0.05 1.19 0.8 2.06
Observations 63,092,775 63,092,775 63,092,775 63,092,775
Heterogeneity by income
) 0.014** 0.129 -0.016*** -0.778%**
Below mean(income<2,027,419)
(0.006) (0.119) (0.004) (0.052)
Y-mean 0.04 0.89 0.79 1.98
Observations 95,056,953 95,056,953 95,056,953 95,056,953
) 0.010 0.107 -0.003 -0.560***
Above mean (income>=2,027,419)
(0.009) (0.156) (0.005) (0.083)
Y-mean 0.04 0.66 0.81 2.08
Observations 49,654,071 49,654,071 49,654,071 49,654,071

Source: For individual characteristics and healthcare utilization, we use the “Medical Claims Data with Income
Tax Information for the Oldest-Old in Japan (MCD-Tx),” provided by the MHLW. For SMA’s characteristics,
we use the “Hospital Report” and the data on the number of beds designated for COVID-19 patients at each
medical facility in Japan, both also provided by the MHLW.

Note: The parameters for the IV regressions represent the coefficients of Empty Ratejt. All regressions are
adjusted for individual, regional, and time fixed effects. Individual characteristics include a male dummy, age,
income (in JPY), and a dummy variable indicating whether the individual used medical services during the
month, controlling for potential hospital avoidance. Regional characteristics include the number of confirmed
COVID-19 cases and hospitalized COVID-19 patients in each SMA, as well as the proportion of days the
SMA was under a “State of Precautionary Emergency” during the month. Standard errors are clustered at the
individual level. “*#*» “**> and “*” indicate statistical significance at the 1%, 5%, and 10% levels,
respectively.
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