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Abstract

The Great East Japan Earthquake of March 2011 and it’s massive tidal waves wreaked devastating damage
on residences and communities along 400 km of the Pacific coast in Japan. Using the panel data from the
Japanese Study of Aging and Retirement, we estimate the effects of this disaster on individual health, find-
ing a significant negative impact on the health of those in the area. In addition, we exploit a discontinuous
decrease in copayments for medical care at the age of 70 years and find that the reduction in copayment
increased medical and long-term care utilization and significantly reduced health deterioration after the
earthquake.
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1. Background

Natural disasters, such as earthquakes, hurricanes, and other extreme weather events, have a devastat-
ing effect on societies. The frequency of such disasters is increasing worldwide, with loss of life and
economic damage also increasing (Man et al., 2018). To enhance disaster preparedness, the UN mem-
ber states adopted the Sendai Framework for Disaster Risk Reduction in 2015, which prioritizes access
to health care services following natural disasters. Specifically, improving resilience against natural dis-
asters is a priority and for this goal, it was recommended that the resilience of the national health sys-
tem be enhanced by guaranteeing access to basic health care services in the post-disaster phase (United
Nations, 2015).

On March 11, 2011, the Great East Japan Earthquake (GEJE) and resulting massive tidal waves
hit the approximately 400 km-long Pacific sides of the Japanese archipelago, including the Iwate,
Miyagi, and Fukushima prefectures. The result was devastating damage to residences and entire
communities, as well as the nuclear accident at the Fukushima Daiichi Nuclear Power Plant.
According to the Fire and Disaster Management Agency (FDMA) in Japan (2013), the GEJE was
a magnitude 9.0 earthquake, the largest on record in Japan and the fourth largest anywhere in
the world since 1900. As of March 1, 2019, it led to 19,689 deaths, 2,563 missing persons, and
6,233 injuries, and caused damage to more than 1.2 million buildings (FDMA, 2019). This disaster
and its outcomes provide a localized natural experiment on health care and outcomes, which we
exploit in this study. Further, by exploiting the Japanese health insurance schemes that have varying
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copayment requirements, we examine how the generosity of health insurance influences the health
of those afflicted by the GEJE.

1.1 The Japanese health insurance scheme

Health insurance coverage is an important determinant of access to health care. Over the past decade,
numerous medical and economic studies have shown the effects of coverage on health care use and
outcomes (Sommers et al., 2017). This research suggests that expanded coverage significantly increases
access to care and use of both preventative and curative care, yielding significant positive benefits to
health. We investigate whether expanded health insurance coverage might also increase access to care
and improve the health of individuals in areas affected by natural disasters. Specifically, we use a triple
differences (DDD) model to examine the effects of health insurance coverage on health care use and
outcomes following the GEJE. To assess how copayment affects health care use, we exploit a discon-
tinuous decrease in the copayment rate for medical care at the age of 70 years in the Japanese public
health insurance system.

The Japanese public health insurance scheme is a backbone of the social security system for the
elderly, together with public pension and long-term care insurance. The universal coverage in public
pension and health insurance is a main characteristic of the Japanese social security system, and both
schemes adopted the social insurance system, financed by social insurance premiums and supplemen-
ted by tax revenue in the form of subsidies. Since the 1990s, measures against the declining birthrate in
addition to the aging society have surfaced as an important policy issue, and pension and health insur-
ance system reforms have been implemented. Concerns regarding fiscal burden have been continu-
ously raised with various proposals on policy reforms (National Institute of Population and Social
Security Research, 2019). However, such fiscal burdens often do not fully account for its beneficial
health effects. We examine health effects of such institutional provision and provide additional
insights to evaluating governmental old-age support programs. As previously noted, the copayment
rate varies across age under the Japanese public health insurance scheme that provides standard med-
ical treatment under the uniform medical fee schedule. We exploit this policy variation in copayment
rates. Specifically, the copayment rate in 2011, when the GEJE occurred, was 30% for those aged 7-69
years, 20% for those aged 6 and under, and 10% for those ages 70 or above.

1.2 Effects of the Great East Japan Earthquake

Previous studies have examined the effects of the 2011 GEJE on labor markets (Higuchi et al., 2012),
risk preference (Naoi et al., 2012; Jiang et al., 2013; Hanaoka et al., 2018), macroeconomic outcomes
(Ando and Kimura, 2012; Hosoe, 2014), and psychological happiness, and well-being (Yamamura
et al., 2015; Sone et al., 2016; Sugano, 2016; Okuyama and Inaba, 2017). Several studies have also
examined the health effects of the disaster (Nishigori et al., 2014; Yonekura et al., 2014; Tomata
et al., 2015; Tsuboya et al., 2016, 2017; Murakami et al., 2017).

Most of these studies focused on examining the health of those in disaster-afflicted areas. For
example, Yonekura et al. (2014) examined salivary cortisol levels of 63 GEJE victims and found
that 22% could be classified as having ‘high depression.” Nishigori et al. (2014) also reported 21%
of postnatal women recruited from 26 hospitals and clinics in the coastal area of the Miyagi prefecture
had depression, which was much higher than the previously reported prevalence rate of 13.9%. Using
data from the Japan Gerontological Evaluation Study, Tsuboya et al. (2016, 2017) found that house
loss and disruption of access to medicine after the disaster were associated with increased depressive
symptoms and reduced ability to perform instrumental activities of daily living among those living in
the affected area in Miyagi prefecture. Using 2011 and 2013 health check-up records in Miyagi

"The National Institute of Population and Social Security Research (2019) summarizes the recent social security system in
Japan.
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prefecture, Murakami et al. (2017) found that disaster victims who had moved to temporary or rental
housing had the highest risk of negative health effects resulting from alcohol consumption. These
studies did not control for the common effect of the GEJE and unobserved heterogeneity across
regions, potentially leading to overestimation. An exception is Tomata et al. (2015), who used monthly
municipal insurer-aggregate panel data from January 2011 to January 2014 and found that disabilities
were more prevalent in disaster areas than elsewhere. However, the authors did not control for hetero-
geneity among individuals.

We use data from a comprehensive panel survey, the Japanese Study for Aging and Retirement
(JSTAR), to examine the effect of the catastrophic natural disaster on afflicted individuals’ health
and their demand for medical and long-term care and then investigate the protective health effects
of health insurance against disaster. Using the JSTAR has great advantages for this purpose. First,
since the survey region includes Sendai, which is near the GEJE epicenter (Figure 1), and other
areas not affected by the earthquake, we can estimate the average treatment effect of the GEJE by
using a difference-in-differences (DD) model. Second, rich data from the JSTAR enables a comprehen-
sive study of the health effects of GEJE.

We find that the disaster had a large negative impact on individuals™ health. However, we also find
that use of medical and long-term formal care after the earthquake helped limit this negative impact.
Moreover, we find that a discontinuous decline in the copayment rate for medical care at age 70 in the
public health insurance system had a protective impact on health and that the reduction in copayment
did not increase health care utilization among those who were affected by the GEJE, suggesting a sub-
stitution effect.

The rest of this paper is organized as follows. Section 2 provides a discussion of our data and mea-
sures. In Section 3, we present our estimation strategy and present the estimation results of the DD
effect of the 2011 GEJE on health. Our empirical results on the effect of health insurance policies
for the elderly affected by the GEJE are reported in Section 4. Finally, concluding remarks are provided
in Section 5.

2. Data and measures

We use data from the JSTAR, a panel survey of the middle-aged and elderly population of Japan, con-
ducted by the Research Institute of Economy, Trade, and Industry (RIETI), Hitotsubashi University,
and the University of Tokyo every two years since 2007. The JSTAR is one of the Health and
Retirement Study international network of studies. It collects information on the health and socio-
economic characteristics of respondents and their family members through a self-completion ques-
tionnaire and a computer-assisted personal interview.”

In 2007, the JSTAR sampled five municipalities: Adachi-Ku (N =868), Kanazawa (N=1,011),
Sendai (N=908), Shirakawa (N=570), and Takigawa (N=2806). In 2009, it added two further
municipalities: Naha City (N=922) and Tosu City (N=645), and in 2011 it added three more:
Chofu (N=567), Hiroshima (N=1,100), and Tonbayashi (N=517), bringing the total number of
municipalities in the sample to ten. Its respondents are persons aged 50-75 years randomly selected
from the Basic Resident Register. The JSTAR’s sampling strategy allows analysts to compare the eco-
nomic activities of individuals with similar circumstances. The average baseline response rates for all
municipalities is 61.3% (ranging from 45.9% to 87.8%), and the average retention rate in the follow-up
waves is 86.1% (ranging from 69.4% to 96.4%).

Figure 1 shows the JSTAR study regions and their maximum seismic intensity scales (Shin-do in
Japanese) during the GEJE.” The seismic intensity scale describes the scale of ground motion at a par-
ticular location. The maximum scale of the GEJE was 7.0 in Kurihara—about 60 km north of Sendai.

*See Ichimura et al. (2009); also available on the website of the Gateway to Global Aging Data (https://g2aging.org/).
*The maximum seismic intensity scale of the GEJE was 7.0, among the highest reached in Japan and about the same as the
intensity of the Great Hanshin-Awaji Earthquake in 1995 (M 7.3) and the Niigata Chuetsu earthquake in 2004 (M 6.8).
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Figure 1. The JSTAR study regions and their maximum seismic intensity scales of the GEJE.
Notes: Maximum seismic intensity scales (see Appendix 1) of the GEJE are in parentheses.

In Sendai, where the earthquake completely destroyed >30,000 houses and partially destroyed
>100,000, the scale ranged from a high-6 to a low-6, decreasing with distance from the epicenter
(see Appendix 1 for more details). There were 913 deaths, 30 missing, and 276 serious injuries in
Sendai, but all the other JSTAR municipalities, with the exception of Adachi, were not affected by
the GEJE (FDMA, 2011, 2014). Even in Adachi, human and property damages were very modest,
involving no deaths and mostly minor injuries and partial damage (see Table 1 for human and prop-
erty damages from the GEJE).* Given that GEJE was a localized natural disaster, we can consider
Sendai residents to be the ‘treatment’ group of the natural experiment while the control group is com-
prised of residents of other municipalities.

We use three waves of the JSTAR for seven municipalities: Adachi, Kanazawa, Shirakawa, Sendai,
Takigawa, Tosu, and Naha, for which we have data both before and after the GEJE. Table 2 presents
the study sample characteristics at the baseline and Table 3 presents the variable definitions. We do
not observe any significant sociodemographic differences between the treatment and control groups
in terms of age, gender composition, marital status, income, and real estate ownership at the baseline
prior to the GEJE. However, Sendai residents were slightly more educated with greater wealth than the
control group.

*As a robustness check, we conducted the analyses without including Adachi and present the findings in Appendix 4.
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Table 1. Health and property damage by the Great East Japan Earthquake

Human damage House damage

Municipality Death  Missing Injured Serious Minor Complete collapse Half collapse  Partial damage

(i) As of November 11, 2011
Adachi 0 0 34 7 27 3 17 518
Kanazawa 0 0 0 0 0 0 0 0
Naha 0 0 0 0 0 0 0 0
Sendai 704 26 2,269 275 1,994 23,166 59,394 91,741
Shirakawa 0 0 0 0 0 0 0 0
Takigawa 0 0 0 0 0 0 0 0
Tosu 0 0 0 0 0 0 0 0
Chofu* 0 0 0 0 0 0 0 0
Hiroshima* 0 0 0 0 0 0 0 0
Tonbayashi* 0 0 0 0 0 0 0 0

(i) As of September 1, 2014
Adachi 0 0 34 7 27 0 0 0
Kanazawa 0 0 0 0 0 0 0 0
Naha 0 0 0 0 0 0 0 0
Sendai 913 30 2,275 276 1,999 30,034 109,609 116,046
Shirakawa 0 0 0 0 0 0 0 0
Takigawa 0 0 0 0 0 0 0 0
Tosu 0 0 0 0 0 0 0 0
Chofu* 0 0 0 0 0 0 0 13
Hiroshima* 0 0 0 0 0 0 0 0
Tonbayashi* 0 0 0 0 0 0 0 0

Note: * =the municipality that is not included in our sample.
Source: Fire and Disaster Management Agency, White Report on Fire Service 2011 and 2014.

Table 2 also reports macro-level characteristics, such as medical institution density, nursing care
facility density, unemployment rate, and financial capability index, which would also affect health
and care utilization. The density of medical institutions is the number of institutions per 100,000 resi-
dents, and that of nursing care facilities is the number of facilities per 1,000 individuals aged 65 years
or older. The density variables capture accessibility to medical and long-term formal care services that
can improve health. The density of medical and long-term care facilities was higher in Sendai than in
the other municipalities. We use the unemployment rate as a proxy for economic conditions. Previous
research finds that business fluctuations affect population health and medical care utilization in several
developed countries (Ruhm, 2000, 2003, 2005; Gerdtham and Ruhm, 2006; Haaland and Telle, 2015).
The financial capability index, which is defined as the three-year average of the ratio of standard finan-
cial revenue to standard financial need,” indicates the condition of local government finances. Local
governments with fiscal hardship may reduce their budget for public medical institutions or not
actively carry out health-promotion measures, which would adversely affect health in the area.
Sendai had slightly higher unemployment rate and greater financial capacity compared to other
municipalities.

Following the 2007 baseline wave, two waves of JSTAR were fielded in 2009 and 2011. The 2011
wave was fielded about six months after the GEJE. Figures 2 and 3 present the longitudinal changes
in health and health care utilization of the treatment and control groups, respectively. Taking advan-
tage of rich JSTAR data, we examine a comprehensive set of health indicators, including subject health,
chronic disease, limitations in functional health, depression, and memory. All health indicators are
binary, suggesting poor subjective health, having a chronic disease, functional limitation, depression,
and memory problems.

As shown in Figure 2, subjective health improves from 2007 to 2009 but worsens in 2011, with
Sendai residents reporting better health than those in the control group. Chronic disease conditions

3See Doi and Thori (2009, Ch. 7) for further details.
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Table 2. Sample characteristics: treatment versus control groups at the baseline (2007)

Sendai (Treatment) Other Municipalities (Control) ~ Mean difference test
Samples
Variables N Mean SD N Mean SD Difference SE
Individual characteristics
Female 908 0.494 0.500 3,256 0.501 0.500 —0.006 0.019
Age 908 62.695 6.854 3,253 63.680 7.067 —0.985*** 0.259
Years of education 899 12.697 2.345 3,243 11.448 2.334 1.249*** 0.088
Married 946 0.781 0.414 3,345 0.789 0.408 0.008 0.015
Widowed 946 0.088 0.283 3,345 0.101 0.301 —0.013 0.011
Dependents 946 0.088 0.353 3,345 0.067 0.324 0.020 0.013
Household income 946 328.280 394.666 3,345 300.687 466.983 27.593* 15.160
Household financial assets 946 629.578 1,354.895 3,345 590.941 1,705.261 38.637 53.008
Real estate holder 946 0.783 0.412 3,345 0.827 0.378  —0.044*** 0.015
Community characteristics
Medical institutions density 946 90.974 0.000 3,345 79.542 13.733 11.432*** 0.237
Long-term care facility density =~ 946 38.893 0.000 3,345 35.085 9.088 3.808*** 0.157
Unemployment rate 946 4.800 0.000 3,345 3.470 0.963 1.330*** 0.017
Financial capability index 946 0.830 0.000 3,345 0.752 0.393 0.078*** 0.007

Note: This table shows summary statistics for the three waves of the JSTAR (2007-2011) by groups and years.
*** ** and * represent statistical significance at the 1%, 5%, and 10% levels, respectively.

Table 3. Variable definitions

Variables Definition
Health indicators
Poor subjective health The respondent’s subjective self-reported health status =1 for poor and very poor; 0
otherwise
Chronic disease’ =1 if the respondent with more than one chronic diseases, 0 otherwise.
Functional limitation? =1 if the respondent with more than one functional limitation for daily activities, 0
otherwise
Depression =1 if the respondent with the CES-D score of 16 and more, 0 otherwise
Poor memory =1 if the respondents cannot answer the memory test, 0 otherwise
Care utilization
Outpatient =1 if the respondent uses outpatient healthcare services
Inpatient =1 if the respondent uses inpatient healthcare services
Dentistry =1 if the respondent uses dentistry services
Formal home care =1 if the respondent uses formal home care services
Individual characteristics
Female =1 if female. 0 otherwise
Age Respondent’s age
Years of education Respondent’s years of education
Married =1 if married, 0 otherwise
Widowed =1 if widowed, 0 otherwise
Dependents =1 if having dependent(s)
Household income Gross yearly marital income (million yen)
Household financial asset Amount of martial financial assets (million yen)
Real estate ownership =1 if owns real estate, 0 otherwise

Community characteristics
Medical institutions density!  Number of medical institutions per 1,000 people (municipal level)

Long-term care facility Number of long-term care facilities per 1,000 people (municipal level)
density?

Unemployment rate® Regional unemployment rate (prefectural level)

Financial capability index Municipal financial capability index

Notes: (i) Chronic diseases include heart disease, high blood pressure, cerebral stroke, diabetes, chronic lung disease, and joint disorders. (ii).
Functional limitations include: (1) Walk 100 m, (2) Sit in a chair for two hours continuously, (3) Get up from a chair after sitting continuously
for a long time, (4) Climb several flights of stairs without using the handrail, (5) Climb up one flight of stairs without using the handrail, (6)
Squat or kneel, (7) Raise your hands above your shoulders, (8) Push or pull a large object such as a living-room chair or sofa, (9) Lift and carry
an object weighing 5 kg or more, such as a bag of rice, and (10) Pick up a small object such as a one-yen coin from a desktop with your
fingers.

Sources: [1] Survey of Medical Institutions, the Ministry of Health, Labour, and Welfare.

[2] Survey of Institutions and Establishments for Long-term Care, the Ministry of Health, Labour, and Welfare.

[3] Labour Force Survey, the Ministry of Internal Affairs and Communications.

[4] Annual Statistical Report on Local Government Finance, the Ministry of Internal Affairs and Communications.
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Figure 2. Health Indicators by Groups.

Notes: ***, **, and * represent statistical significance in the mean differences by year at the 1%, 5%, and 10% levels, respectively.

slightly improved from 2007 to 2009, but in 2011 the proportion of Sendai respondents with chronic
diseases sharply increased and slightly exceeded that of the control group. Functional limitation
became significantly worse after the GEJE in 2011 for both treatment and control groups, but more
so for the treatment group. The proportions of respondents with depression and poor memory func-
tion were at about the same level for both groups in 2007 but worsened more for those in Sendai
between 2009 and 2011. We also examined the aggregate data to compare the health indicators of
the afflicted and the non-afflicted areas and found that all health indicators in the afflicted area

(b) Chronic disease

2007** 2009*** 2011

Sendai ------- Others

(d) Depression

2007 2009** 2011

S Others

were worse than in the other areas (see Figure Al in Appendix 2).
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Figure 3. Health care utilization by Groups.
Notes: ***, **, and * represent statistical significance in the mean differences by year at the 1%, 5%, and 10% levels, respectively.

Figure 3 presents the changes in health care utilization before and after the GEJE by treatment and
control group. Utilization of outpatient and dentistry for Sendai is greater than the controls, and both
decreased in 2011. Formal home care utilization in Sendai sharply increased in 2011. Although
inpatient utilization in the other areas gradually increased during the period, it decreased in 2009
and increased in 2011 for Sendai.

3. Difference-in-differences estimation on health
3.1 Estimation strategy

Because the GEJE disaster is a localized natural disaster, we use a DD approach to examine its effects
on health. Previous studies estimated the effect of the GEJE disaster as the average change in the health
and medical care utilization in the afflicted area. Specifically, their estimates can be written as E[Y}; —
Y| Treat; = 1], where Y;; is health status or medical care use of individual i at period ¢, and Treat is an
indicator variable equal to one for the afflicted area and zero elsewhere. This difference includes the
effect of both the GEJE disaster and other common macroeconomic conditions, including those dis-
cussed in Section 1. To identify the true effect of the GEJE disaster, we use the average difference in the
non-afflicted area as the counterfactual, which is denoted asE[Y;, — Y;o| Treat; = 0]. Because this differ-
ence only includes national common shocks around the GEJE disaster, we can identify the average
treatment effect of the GEJE disaster alone by taking the DD: DD = E[Y;, — Yjo|Treat;=1] — E[Y;, —
Y| Treat; = 0]. The key assumption for identification in the DD model is that the trends of health
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in both groups would be similar without treatment. As shown in Figure 2, every health indicator for
both groups, except for symptoms of depression and poor memory function, has a similar trend from
2007 to 2009 before diverging from 2009 to 2011.

Our specified DD model is:

Yir = ag + ajAfter, + ap Treat; + as(After, x Treat;) + xipt + zipat + ¢; + uy (1)

Y;; is an individual 7’s health indicators, with higher values representing worse health conditions in
year t. After, is equal to 1 for the sample in 2011, representing the period after the GEJE, and zero
otherwise. Treat; is equal to one for a Sendai resident and zero otherwise. a3 is a DD estimator repre-
senting the average treatment effect of the GEJE disaster on health and we expect a; to be positive if it
had an adverse effect on health. x;, includes individual /s demographic and socioeconomic status,
including gender, age, marital status, yearly gross household income, amount of household financial
assets, as well as indicators of having family dependents and owning real estate (housing or land). z;
refers to community characteristics which include prefectural or municipal level (see Table 2) macro
characteristics, such as medical institution density, nursing care facility density, unemployment rate,
and financial capability index, which would also affect health and care utilization. ¢ is an individual
fixed effect and u is an error term. We take the first-difference (FD) to eliminate individual effect ¢
and time-invariant variables of x (Wooldridge, 2010) and estimate equation (2) using ordinary least
squares (OLSs).

AY; = ayAAfter; + az(AAfter; x Treat;) + Axya, + Az, + Ay 2)

In this model, the OLS estimator of a; represents the year effect and o represents the average ‘treat-
ment’ effect of the GEJE disaster on health. In addition, we estimate clustered robust standard errors
that allow correlated residuals within municipalities to accommodate any serial correlation (Bertrand
et al., 2004).

It is important to note that sample attrition could be an issue, especially in the third wave of the
JSTAR, given the devastating effects of the GEJE on the Tohoku district. We examine this potential
sample attrition (see Appendix 3 for further details) but do not find a significant effect. Indeed,
our probit estimation result suggests that Sendai respondents had a higher participation rate than
those in other regions. Nevertheless, to control for any adverse attrition bias, we employ the inverse
weighting model® (Robins et al., 1995; Wooldridge, 2002, 2007).

3.2 Empirical results

Table 4 shows the average treatment and time effects of the GEJE disaster (DD estimator) on health
indicators. The disaster had significantly adverse effects on all health indicators. Its largest effects were
on memory function, indicating that the GEJE increases the probability of having poor memory func-
tion by 15.2%. It has also significantly adverse impacts on the probabilities of having difficulties in
functional health by 7.2%. We also observe modest, but significant adverse effects on chronic disease
(2.8%) and depression (4.5%), but no significant effect on subjective health. However, it should be
noted that the number of observations for each outcome varies due to missingness, which may poten-
tially lead to underestimation of the impact on some indicators. As shown in Table 4, missingness is
most often observed in the questions assessing depression and memory, and as those with depression
and poor memory are more likely to refuse to provide an answer (Fisher et al., 2017), our results are
more likely to underestimate the effects.

®The empirical results without considering sample attrition are the same as those of the inverse weighting model.
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Table 4. Effects of the GEJE on health

Functional limitation Depression Poor memory

(N =3,445) (N=3,291)

(3) (1) ) (3) (1) ) (3)

Poor subjective health Chronic disease
(N=4,503) (N =5,346)

Health outcome
Model (1) (2) (3) (1) ()
After x Treat 0.005 0.006 0.003 0.010 0.010

(0.007) (0.007) (0.007) (0.010) (0.010)
After 0.004 0.004 -0.002 0.015 0.013

(0.007) (0.007) (0.006) (0.010) (0.010)
R? 0.000 0.001 0.007 0.000 0.003
Individual characteristics (x) Yes Yes Yes
Community characteristics (z) Yes

0.072***  0.029*** 0.029***  0.045***  0.152** 0.136**  0.152***
(0.011)  (0.005)  (0.005)  (0.008) (0.047)  (0.042)  (0.037)

0.023* 0.008 0.008 —0.003 —0.009 0.002 —0.033
(0.010) (0.005) (0.005) (0.007) (0.047)  (0.044) (0.041)
0.008 0.000 0.001 0.002 0.002 0.009 0.038
Yes Yes Yes Yes Yes
Yes Yes Yes

Note: This table reports FD estimates of the effects of the GEJE and years on health outcomes.
***,** and * represent statistical significance at the 1%, 5%, and 10% levels, respectively. Clustering robust standard errors allowing for correlated residuals within municipalities are in parentheses.
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4. Triple differences estimation

Health insurance coverage is an important determinant of access to health care, which in turn may
have influenced the effects of the GEJE on health outcomes. One particular idiosyncratic feature of
the Japanese public health insurance system offers an opportunity to examine how health insurance
coverage may affect those affected by natural disasters. At the age of 70 years, an individual’s copay-
ment rate for medical care drops from 30% to 10%. Shigeoka (2014) and Fukushima et al. (2016) use
the regression discontinuity design and find that this reduction increases medical care use by the eld-
erly. However, this copayment reduction can also lead to substitution effects. For example, those aged
70 and older may not only increase the use of medical care (income effect) but also of other goods and
services using the savings in copayment (substitution effect). Previous studies have focused exclusively
only on the income effect of the copayment while we investigate both the income and substitution
effects.

Since the DD estimators in Table 4 include both the direct effect of the GEJE disaster on health and
the indirect effect of an increase in care utilization due to income and substitution effects driven by
health insurance, the adverse health effect of the GEJE may have been underestimated. Separating
these effects can deepen our understanding of how the use of medical and long-term care service
helps to improve the health of the afflicted elderly and the role of health insurance after a natural dis-
aster. Specifically, we use a DDDs model to identify these direct and indirect effects.

Yie =B, + B, Treat; + B,After, + BsPolicy; + By4(Treat; x After;)
+ Bs(Treat; x Policyy) + Bg(After; x Policy;) 3)
+ B;(Treat; x After; x Policy;s) + xitB, + zit B, + ¢; + it

Policy;, is a policy dummy variable that equals one if individual i is 70 years or older at year t. 3, is the
DD estimator that represents the direct effect of the GEJE disaster on health and is expected to be posi-
tive as with equation (1). The coefficients ;3 and S represent the overall policy effect in control muni-
cipalities before and after the disaster, respectively. The coefficients 5 and 3, represent the overall policy
effect in Sendai before and after the GEJE disaster, respectively. That is, 3, is the DDD estimator that
captures the policy effect after the earthquake in Sendai, which can be interpreted as the indirect effect
that is due to the income and/or substitution effect of the discontinuous copayment reduction at age 70.
Specifically, if B, is negatively estimated, it indicates that the reduction in copayment reduces health
deterioration caused by the GEJE disaster. We then specify the following FD equation

AY; =B,AAfter, + B;APolicy; + B,(Treat; x AAfter;)
+ Bs(Treat; x APolicy;) + Bg(AAfter, x APolicy;) (4)
+ B,(Treat; x AAfter; x APolicy) + Axi 3, + Az B, + Auy

However, there is a potential concern that Policy may substantively capture the age effect on health
because this binary variable of policy is an indicator of being 70 years of age and over. To address this
concern, we further control the non-linear age effect by adding continuous variables of age and its
squares in equation (4):

AY; =B,AAfter, + B;APolicy; + B,(Treat; x AAfter,)
+ Bs(Treat; x APolicyy) + Bs(AAfter,APolicy;)

+ B,(Treat; x AAfter, x APolicy;) + Axy B, + Azy B, ®)

+ &1Agei + 52Age?t + Auyy
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We also estimate the following equation (6) to examine the specific effects of the disaster and how
health insurance policies affect the utilization of medical and long-term care services.

Ay =y, AAfter, + y;APolicyy + y,(Treat; x AAfter;)
+ y5(Treat; x APolicy;) + ys(AAfter; x APolicy;)

+ v;(Treat; x AAfter, x APolicyy) + Axiyy, + Azyy, (©)

+ 8,Ageir + 62Ageft + Aey

C is a dummy variable that becomes equal to 1 when individual i uses outpatient, inpatient, den-
tistry, or formal home care. The DD estimator, 4, represents the effect of the GEJE disaster on medical
and long-term care utilization. If the policy variables, 73, s, ¥s, and y; were to have significant positive
effects on medical care utilization, they would confirm the income effects identified by Shigeoka
(2014) and Fukushima et al. (2016). Conversely, a substitution effect would exist if the policy variables
were to have a significant positive effect on long-term care utilization. The DDD estimator, ¥, repre-
sents the effect of inhibitive effect of health deterioration due to the GEJE disaster. e is an error term.

Moreover, as shown in Table 1, the municipality of Adachi was also affected by the earthquake.
Although its human and property damages were very modest, it may influence the estimation results.
In Appendix 4, we use the sample without including Adachi to estimate the equations and find that the
estimates are very similar to those of the full sample.

In addition, we conduct a placebo experiment by redefining policy variable as the age of 65 to 69
years. Those in this age group are also insured by public long-term care insurance but have higher
copayment rates under the Japanese elderly health system. In this placebo experiment, the effect of
Policy (being in the age group of 65 to 69 years) in this estimation would be insignificant. Indeed,
the results indicate that the coefficients of this placebo Policy variable are insignificant (see
Appendix 5 for the estimated results for the placebo experiment).

4.1 Effects on care utilization

Table 5 reports the effects of the GEJE disaster on medical and formal home care utilization. The
results of the DD estimators indicate that the GEJE significantly increases inpatient and formal
home care utilization by 2.7% and 0.6%, respectively, reflecting a greater need for these services.
On the other hand, its effect on outpatient utilization is insignificant, and the utilization of dentistry
is negatively influenced by the GEJE by 5.1%. We surmise this was because consumers were no longer
able to visit afflicted medical facilities or because most medical staff were treating hospitalized patients
and providing greater levels of inpatient care.

As a key parameter of interest, DDD estimators are found to be insignificant, indicating that there
was no policy effect on health care utilization in afflicted areas. That is, the reduction in copayment did
not increase health care utilization among those who were affected by the disaster, suggesting no
income effect. These results contradict those of previous studies (Shigeoka, 2014; Fukushima, et al,
2016), which may be due to the difference in sample characteristics and potential omitted variable
bias. For example, Shigeoka (2014) examined repeated cross-sectional data and estimated the policy
effects without accounting for individual heterogeneities over time. Fukushima et al. (2016) used a
sample that represented relatively healthy populations who have worked until the age of 70 years.

4.2. Effects on health

Table 6 shows the effects on health. The DD estimators are significant and positive for all health indi-
cators. These results indicate that the GEJE disaster had a negative impact on individuals™ health. Its
effect size is especially large on memory, with the probability of poor memory increased by 40%, con-
sistent with what was observed in the descriptive time trend analysis in Figure 2. The adverse effects of
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Table 5. Effects of the

reduction in copayment on care utilization by the DDD model

Service types

Outpatient (N=2,749)

Inpatient (N =4,058)

Dentistry (N=5,219)

In-home formal care (N =5,346)

Model (1) (2 3) (1) (2 3) (1) () 3) (1) () (3)
Treat x After x Policy 0.103 0.102 —0.118 0.022 0.027 0.015 0.066 0.055 —0.011 0.003 0.001 0.003
(0.075) (0.080) (0.088) (0.025) (0.029) (0.027) (0.035) (0.037) (0.049) (0.004) (0.004) (0.004)
Treat x After —0.200***  —0.196*** —0.017 0.032*** 0.032*** 0.027*** -0.123*** —0.117*** —0.051* 0.004*** 0.005*** 0.006***
(0.023) (0.024) (0.050) (0.005) (0.006) (0.002) (0.020) (0.021) (0.024) (0.000) (0.000) (0.001)
Treat x Policy 0.047* 0.047** 0.001 —0.036***  —0.038***  —0.033*** 0.016 0.019 —-0.017 —0.004** —0.002 —0.004*
(0.020) (0.018) (0.045) (0.002) (0.002) (0.005) (0.013) (0.014) (0.029) (0.001) (0.002) (0.002)
After x Policy —0.442***  —0.448*** —0.099 0.030 0.043* 0.053** —0.258***  —0.265***  —0.112** 0.012** 0.009** 0.008**
(0.065) (0.068) (0.068) (0.025) (0.020) (0.016) (0.030) (0.031) (0.033) (0.004) (0.004) (0.003)
Policy 0.113*** 0.158*** 0.079* 0.039*** 0.083** 0.080** 0.061** 0.068** 0.011 0.004** —0.014** —0.013**
(0.022) (0.037) (0.041) (0.006) (0.025) (0.025) (0.019) (0.019) (0.027) (0.001) (0.004) (0.004)
After —0.022 3.130*** 2.399**  —0.004 —0.546 —0.517 —0.066** 2.047*** 1.575** 0.000 0.453*** 0.446***
(0.023) (0.628) (0.764) (0.005) (0.594) (0.626) (0.020) (0.488) (0.553) (0.000) (0.084) (0.089)
R? 0.072 0.081 0.152 0.004 0.007 0.007 0.021 0.024 0.039 0.009 0.017 0.017
Individual characteristics (x) Yes Yes Yes Yes Yes Yes Yes Yes
Community characteristics (2) Yes Yes Yes Yes

Note: This table reports FD estimates of the effect of the GEJE, the health insurance system, and years on care utilization.

*** %% and * represent statistical significance at the 1%, 5%, and 10% levels, respectively. Clustering robust standard errors allowing for correlated residuals within municipalities are in parentheses.
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Table 6. Effects of the Reduction on Copayment on Health by the DDD model

Poor subjective health

Functional limitation

(N=4,503) Chronic disease (N=5,346) (N=5,338) Depression (N = 3,445) Poor memory (N=3,291)
Health outcomes
Model (1) () @) (1) () @3) (1) () @) (1) () (3) (1) ) (3)
Treat x After x Policy —0.070* -0.072* -0.075** —0.060** —0.060** —0.067*** —0.058* —0.057  —0.048*** 0.003 0.005 —0.007 —0.571** —0.543** —0.586***
(0.035) (0.036) (0.022) (0.022) (0.021) (0.015)  (0.030)  (0.030)  (0.010)  (0.036)  (0.037)  (0.029)  (0.176)  (0.149)  (0.045)
Treat x After 0.016** 0.018** 0.021** 0.023** 0.021** 0.036*** 0.073*** 0.073*** 0.078*** 0.009 0.009 0.029**  0.424*** 0.391*** 0.400***
(0.006) (0.007) (0.008) (0.006) (0.006) (0.008)  (0.009)  (0.008)  (0.008)  (0.009)  (0.008)  (0.009)  (0.069)  (0.031)  (0.030)
Treat x Policy 0.008 0.007 0.023 0.045 0.046 0.047* 0.025 0.025 0.033* 0.059***  0.055*** 0.060*** 0.124 0.120 0.228***
(0.023) (0.024) (0.017) (0.027) (0.026) (0.023) (0.022) (0.021)  (0.014)  (0.006)  (0.009)  (0.006)  (0.076)  (0.082)  (0.046)
After x Policy 0.067* 0.071* 0.058** —0.034 —0.036 —0.024 0.088*** 0.085**  0.061*** 0.018 0.026 0.042 0.092 0.094 0.048
(0.032) (0.031) (0.020) (0.018) (0.020) (0.013)  (0.023)  (0.024)  (0.010)  (0.029)  (0.027)  (0.025)  (0.121)  (0.118)  (0.036)
Policy 0.012 0.016 0.019 0.014 0.000 —0.005 0.009 —0.013 —0.004 —0.003 0.034 0.028 0.023 0.028 0.020
(0.020) (0.032) (0.025) (0.024) (0.020) (0.015)  (0.017) (0.012)  (0.015)  (0.005)  (0.020)  (0.023)  (0.048)  (0.085)  (0.054)
After —0.012* -0.390 -0.394 0.014* —0.250 -0.338 0.008 0.140 0.129 0.004 —0.995 —1.095 —-0.046 -2.179 —2.233*
(0.006) (0.626) (0.673) (0.006) (0.672) (0.673)  (0.009)  (0.500)  (0.457)  (0.009)  (0.631)  (0.647)  (0.069)  (1.378)  (0.965)
R? 0.007 0.008 0.012 0.001 0.005 0.006 0.010 0.011 0.013 0.001 0.003 0.005 0.011 0.018 0.046
Individual characteristics (x) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Community characteristics (2) Yes Yes Yes Yes Yes

Note: This table reports FD estimates of the effect of the GEJE, the health insurance system, and years on health outcomes. ***, **, and * represent statistical significance at the 1%, 5%, and 10% levels,
respectively. Clustering robust standard errors allowing for correlated residuals within municipalities are in parentheses.
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the GEJE are also observed in other health domains, but more modestly. Specifically, it significantly
increases the probabilities of having limitations in functional health, showing depressive symptoms,
having a chronic disease, and reporting poor subjective health by 7.8%, 3.6%, 2.9%, and 2.1%, respect-
ively. The size of the impact, except for symptoms of depression, is larger than those presented in
Table 4. This indicates that the DD estimators in Table 4 are underestimates because they include
both the negative direct and indirect effects of the GEJE.

The effects of the DDD estimators are significantly negative, except for symptoms of depression.
These results indicate that copayment reduction in public health insurance reduced health deterior-
ation caused by the GEJE with the exception of depression. Again, the largest effect is observed for
memory, comprising most of the harmful effects of the GEJE. We observe modest effects of the copay-
ment reduction on other health domains, including self-reported health, chronic diseases, and func-
tional limitations, ranging from about 4.8 to 7.5 percentage points.

5. Conclusion

We investigated the protective effects of health insurance against disaster by exploiting the 2011 GEJE
disaster and the Japanese public health insurance scheme. We find that the disaster had a severely
negative impact on various health conditions among afflicted individuals and that the reduction of
copayments showed protective health effects. Specifically, we find that a discontinuous decline in
the copayment rate for medical care at age 70 had protective effects against the GEJE on subjective
health, chronic diseases, functional health, and cognition, but insignificant effects on depression.
These results imply that for those afflicted by unforeseen catastrophic disasters, subsidies in the
form of reduced copayment rates are effective in improving health. Further, we found that the copay-
ment reduction did not lead to an increase in health care utilization against the disaster, suggesting the
protective effects of policy is mainly through a substitution effect. However, it is important to note that
policy itself has a positive effect on health care utilization. These findings suggest that the copayment
reduction is effective in promoting health care utilization, but at the time of disasters, resources gen-
erated from the copayment reduction are channeled to other needs, suggesting the importance of
income support for older adults at the time of disaster.

Our work has some limitations. First, the current JSTAR datasets do not have actual medical and
long-term care service records for respondents. Research for health policy can benefit from more detailed
information, such as claims data. Second, the generalizability of our findings is confined to the ten muni-
cipalities involved in JSTAR. To the best of our knowledge, there is no nationally representative panel
data with a sufficiently large sample in the disaster area for analysis of health and health care utilization
before and after the GEJE. Third, we used an indicator of being 70 years of age and over as the policy
indicator for the reduction in copayment rate. Although our investigation controlling for age and includ-
ing age square controls for potential non-linearity of age effects, and our placebo experiment using dif-
ferent age groups yielded supportive evidence for the robustness of our findings, it is difficult to rule out
other potential non-linearity in the age-health correlation. Fourth, we lack information on temporary
relief in the afflicted area. In Miyagi prefecture, which includes Sendai, the central and prefectural gov-
ernments temporarily covered all copayments of medical expenditures for patients with GEJE disaster-
victim certificates, which were provided to those with property damage. Because the JSTAR does not
have information on the damages each individual suffered, it is unclear how this policy affects our
results. Further analyses using other, nationally representative data would help confirm our findings.
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