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Chapter 1

Overview

This doctoral dissertation consists of three empirical studies on health economics related
to healthcare and long-term care system in Japan. As in other developed countries, the
total health care expenditure in Japan has skyrocketed mainly due to the rapid aging of the
population. To make health care systems sustainable, it is increasingly important to enhance
the efficiency of the health care system and make effective use of limited resources. The
purpose of this dissertation is to clarify the incentive structure of people in the healthcare
and long-term care system and to contribute to building a more efficient social security
system in the future.

Chapter 2 investigates how financial incentives affect hospitals’ inpatient care by exploit-
ing the introduction of a new payment system in Japan. The new payment system called
DPC/PDPS (DPC) has a feature of per-diem prospective payment and it is applied to large
hospitals as a replacement for the traditional fee-for-service (FFS) payment system. Using
patient-level discharge data of circulatory disease during 2008-2009, I find that DPC reduces
LOS and medication, but the surgical procedure is not affected. I also show that the number
of discharged patients significantly increase right before the drop of per-diem reimbursement.
Furthermore, I find that the health effect of DPC is negligible.

Chapter 3 addresses the empirical question that how does the generosity of social in-
surance coverage affects the demand for healthcare and health outcomes for the elderly. I
examine the effect of insurance coverage on long-term care utilization and its health conse-

quences using novel administrative data on public long-term care insurance (LTCI) system



in Japan. The LTCI coverage is determined by a standardized health index and there ex-
ist multiple thresholds that generate discontinuous changes in the insurance coverage limit.
Using a regression discontinuity design, I find that the coverage expansion significantly in-
creases recipients’ long-term care utilization even without changing the prices they face. I
also find that utilizing more long-term care has little effect on health outcomes. Together,
these results suggest that generous LTCI coverage could induce excessive utilization mainly
due to behavioral biases without having health benefits.

Chapter 4 examines the economic consequences of the manipulation of social insurance
benefits. This chapter is co-authored with Takuya Ishihara. We show that there is a bunching
in a distribution of the health score determining a benefit level of LTCI in Japan. The
observed distribution suggests that recipients of LTCI receive more generous benefits due to
the manipulation of the score. To quantify the impact of manipulation on long-term care
expenditure, we develop a nonparametric partial identification framework exploiting general
shape restrictions on counterfactual distribution. We find that the manipulation increases

annual long-term care expenditure by at least 629 USD per recipient.



Chapter 2

How Does Financial Incentive to
Hospitals Affect Inpatient Care?
Evidence from Per-Diem Prospective

Payment

2.1 Introduction

In many developed countries, national health care expenditure has skyrocketed because of
the rapid aging of the population. Under these circumstances, it is important to construct
an effective reimbursement system that incentivizes physicians and hospitals to reduce the
excessive provision of health care. Fee-for-service (FFS) is a traditional payment system that
is designed to reflect the amount of medical treatment performed. This payment system has
been criticized as leading to excessive medical treatment because it does not generally have
a mechanism to prevent excessive medical treatment and reinforces “physician’s induced
demand”. The pioneering payment system for reducing medical costs is the prospective
payment system (PPS) introduced in 1983 in the US. Under the PPS, reimbursement level
is fixed for each diagnostic related group (DRG) regardless of the cost of treatment, so
healthcare providers have the incentive to reduce health care costs to increase their profits.

Nowadays, the PPS-type payment system is adopted in many countries.



Japan, one of the world’s fastest aging countries, is not an exception. The Japanese
government started replacing traditional FFS with a new payment system called Diagnosis
Procedure Combination / Per-Diem Prospective Payment (DPC/PDPS, just DPC hereafter)
in 2003. DPC has a declining per-diem prospective payment according to the length of stay
(LOS), rather than a fixed payment for each hospital stay like under the PPS. The main
reason why a declining per-diem payment was adopted by DPC is to prevent an abrupt change
of medical treatment in hospitals as well as to encourage hospitals to contain healthcare costs.
As explained later, some studies showed that a fixed payment for an episode in the US not
only reduced medical expenditure but also worsened patients’ health conditions because of
its strong financial incentive. Therefore, it can be expected that a milder incentive such
as declining per-diem payment could reduce medical expenditure without harming patient’s
health. Evaluating the policy impact of DPC can thus illuminate how the weaker financial
incentive compared with PPS works for cost containment and patient’s health. This has an
important policy implication for the healthcare sector because policymakers care about both
medical expenditure and people’s health conditions. Also, because of its aging society and
increasing medical expenditure, it is critical to understand whether the new payment system
is effective for reducing excessive medical expenditure in Japan.

I investigate how the implementation of DPC influences LOS, medical treatments, and
patient’s health for patients with circulatory disease. The unique feature of DPC is that the
per-diem prospective payment rapidly declines according to LOS. Thus hospitals would be
motivated to reduce LOS in response to DPC. Although per-diem payments have weaker
incentives for cost reduction compared with PPS, it can also reduce the quantity of medical
input because of its partial prospective payment scheme. Another important feature of DPC
is that prospective payment is only applied to some components of medical procedures and
other procedures are still reimbursed by FFS payment. The prospective payment component
covers the cost of basic hospital fees, pharmaceuticals, injections, examinations, diagnostic
images, and procedures worth less than 10,000 yen. The FFS component covers surgical
procedure, materials used for surgery, anesthesia, endoscopies, radioactive treatment phar-
maceuticals, and medical teaching as well as procedures worth more than 10,000 yen. This

payment structure might cause a heterogeneous impact on different medical procedures. To



examine this possibility, I investigate the impact of DPC on the procedures covered by the
prospective payment component and FFS component respectively. It is also critical to exam-
ine the adverse health effects of DPC to check whether the system could prevent an abrupt
change of medical treatment which would harm patients’ health. Therefore we examine
the effect of DPC implementation on patient’s health using the death rate in hospitals and
whether patients’ health condition at the time of discharge is better than admission time.

To identify the effect of DPC on medical treatment and patients’ health, I exploit hos-
pitals’ different timing of adoption of DPC. Except for university hospitals and advanced
treatment hospitals, whether and when to adopt DPC is left to the decision of each hospital.
The number of hospitals that adopt DPC has increased rapidly and 29.6 percent of all hospi-
tals (54.8 percent of all beds) have adopted the new payment system by 2018. In particular,
many hospitals adopted DPC around 2009. Focusing on hospitals that adopted DPC in 2009
or 2010, I estimate the effect of the new payment system on medical treatments and patients’
health which is related to inpatient care by difference-in-differences (DID) framework. In
this way, I can compare hospitals that are willing to adopt DPC and whose timing of the
adoption differs by only one year.

I utilize patient-level discharge data of circulatory disease between 2008 and 2009, which
enables us to control detailed patient characteristics for avoiding estimation bias. For exam-
ple, hospitals might select patients who are more profitable under DPC when the reimburse-
ment system change. To exclude this sort of estimation bias, we can control the detailed
diagnosis and severity condition of each patient which is contained in our data. Another
advantage of this dataset is to contain “FFS-equivalent” reimbursement after adopting DPC.
This allows me to compare the medical treatments under FFS and those under DPC with
comparable monetary measures (reimbursement under FFS).

Using the same dataset, I also investigate how the reduction of per-diem payment affects
hospitals’ decisions on LOS. If hospitals respond to the reduction of per-diem payment, the
number of patients who are discharged right before the reduction should be larger than
the other day of LOS. To examine whether this is the case, I exploit the change from
FFS to DPC. Under Per-diem payment under FFS decreases on 15th day and 31st day

of LOS for all patients, while the timing of reduction of per-diem payment under DPC varies



among specific diagnostic groups (DPC group). Therefore, the change from FFS to DPC
eliminates the reduction of per-diem payment on the 15th and 31st day of LOS. I apply
a “bunching” estimation proposed by Saez (2010) to examine how the number of patients
who are discharged on the 14th and 30th day of LOS (just before the reduction of per-diem
payment under FFS) changes due to the introduction of DPC.

The main findings of this paper are the followings; First, the change from FFS to DPC
reduced LOS and average input of medication significantly. These results indicate that per-
diem prospective payment of DPC have enough financial incentives for hospitals to reduce
the cost of health care service concerning LOS and medication. Second, whether to conduct
surgical procedures is not affected by DPC. Therefore, hospitals do not replace surgery with
other medical treatments for exploiting fee-for-service payment of surgical procedures. Third,
we do not observe the adverse health effects of DPC, which is favorable as an alternative
payment system. Finally, the number of discharged patients decreases due to the elimination
of the reduction of per-diem payment, especially for those whose LOS is relatively short. This
suggests that hospitals respond to marginal payment by controlling LOS.

There are many studies on the impact of the introduction of PPS in the US. One of the
influential studies is Randall and McGuire (1996), which examines moral hazard, selection
and practice-style effects in the PPS. Cutler (1995) shows that the timing of adverse medical
outcomes occurred earlier after the implementation of PPS. Dafny (2005) examines the price
change after PPS implementation and shows that hospitals respond to the price change by
“upcoding” rather than a change in medical practice. In terms of DPC in Japan, Wang
(2010) and Nawata and Kawabuchi (2010) study the effect of DPC on LOS. Both studies
are based on a comparison of before and after treatment so that estimates may be biased
by time trend. Shigeoka and Fushimi (2014) avoid this problem by exploiting the different
timing of DPC implementation and shows that there is clear evidence of supplier-induced
demand for newborn treatment. Besstremyannaya (2014) examined the differential effects of
declining per-diem reimbursement rates on LOS. Whereas most of these studies focus on the
policy effects on LOS, DPC can cause more complicated incentive problems as we explained.
Recently, Fu and Noguchi (2018) examined the effect of DPC on medical costs including

outpatient care of university and advanced treatment hospitals. They show that outpatient



care is not affected by DPC.

In the last decade, there has been a great deal of research exploiting a bunching in
distribution. Saez (2010) proposed a method to estimate structural parameters such as
labor supply elasticity for income tax from a bunching of the income distribution. Chetty et
al. (2011) developed the method of Saez (2010) and estimate taxable income elasticity using
Danish tax records. Similar approaches are also being used in the field of health economics.
Einav et al. (2015) exploits nonlinear contract design in Medicare Part D and estimate the
behavioral responses to prices from a bunching of distribution of drug expenditure. Einav
et al. (2018) and Elliason et al. (2018) use nonlinear reimbursement of long-term care
hospitals in the US and construct an economic model to quantify the welfare implication of
the counterfactual reimbursement system. I investigate both the effect of DPC on detailed
medical treatments and hospitals’ discharge policies that discharge patients on a particular
day of LOS. Therefore, this study can contribute to a more profound understanding of the
financial incentive of DPC.

The rest of this paper is organized as follows. In Section 2, we explain how the reimburse-
ment system has changed in Japan. In Section 3, we describe the structure of the dataset
in this study. In Section 4, we set up econometric models for estimating policy impact. In

Section 5, estimation results are presented. Section 6 concludes.

2.2 Institutional Background
2.2.1 Fee-for-service payment system

Traditionally, one of the main features of the Japanese health care system is fee-for-service
(FFS) payment to medical service providers. In the case of inpatient care, hospitals are
supposed to receive reimbursements based on per-diem basic hospital fees and the sum of the
volume-based payment of each medical service they provided (see Figure 1). Hospitals might
have an economic incentive to provide excessive health care services under this system, which
is the so-called “physician’s induced demand”. For example, hospitals can make almost fully-
healed patients stay longer so that they can generate additional revenue with few medical

costs. To reduce needlessly long hospital stay under the FFS payment system, per-diem
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basic hospital fee is designed to drop at 15th and 31st day of LOS by around 13% and
11% respectively (see Figure 2). However, the effect of this schedule on reducing medical
expenditure should be limited because the reduction of reimbursements rate is relatively
modest and hospitals still have other medical practices, such as medication and diagnostic

testing, that are subject to volume-based payment.

2.2.2 Newly introduced partial prospective payment system

In 2003, the Japanese government started an alternative partial prospective payment system
called Diagnostic Procedure Combination / Per-Diem Payment System (DPC) for acute
inpatient care. The introduction of DPC was motivated both by improving the quality of
inpatient care and by controlling over medical expenditure. Under the previous healthcare
system, it was difficult for hospitals to evaluate whether their treatment policy is adequate or
not in an objective way because they do not have a statistical benchmark. DPC categorizes
each patient into a diagnostic group (similar to DRG in the US) and collects treatment and
outcome of these patients from hospitals under DPC. This database allows hospitals and
medical researchers to quantitatively evaluate specific treatment, so it was considered to
facilitate the improvement of inpatient care.

DPC also has an incentive scheme to contain growing medical expenditure of inpatient
care. From this perspective, institutional characteristics of DPC can be summarized as
a diagnostic group (“DPC group” hereafter) specific per-diem prospective payment. Under
DPC, reimbursements to hospitals consist of both per-diem prospective payment and volume-
based payment as in FFS. However, per-diem payment in DPC includes not only basic
hospital fees but also medical services such as medication, diagnostic imaging and laboratory
test (“PPS-component” hereafter). These PPS-component procedures are all paid through
fixed per-diem reimbursement regardless of the cost of service. Surgical procedures and
medicine and supplies used for surgery are paid through the volume-based payment as in
FFS (see Figure 3).

Per-diem prospective payment in DPC is set according to the DPC-group-specific reim-
bursement schedule. Figure 4 illustrates the general per-diem payment schedule for DPC. As

shown in the figure, the per-diem payment level is set to be high at the beginning of hospital
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stay and it is lowered in a stepwise fashion based on LOS. At the beginning of the hospital
stay the payment level is the rate of 15% above the average cost of medical resources per
admission of the DPC group, which is calculated from the previous year. When the LOS
reaches 25 percentile of its DPC group, the payment level is dropped to the rate below the
mean input level. Its range of reduction is approximately nearly 30%. When the LOS reaches
the mean length of its DPC group, the payment level is dropped by 15% further. Finally,
if LOS reaches mean + (2 x standard deviation), the patients are regarded as “outlier” and
reimbursement is paid through FFS.

In the first year of implementation, DPC is applied to 82 universities and public hospitals
on a mandatory basis. The number of acute hospitals that adopt DPC increased rapidly
afterward. By 2018, about 1,730 hospitals (29.6% of all acute hospitals in Japan) adopt DPC.
This means that the number of beds in DPC hospitals consists of roughly 54.8% of all beds for
acute inpatient care. Note that DPC is not mandatory except for the initial 82 hospitals. If
hospitals want to adopt DPC, it has to apply to the Ministry of Health, Labour, and Welfare
(MHLW) and meet certain conditions of hospital quality. Also, two years-long “preparation
period” is set before officially adopting DPC to make sure whether the hospitals applying
to this new reimbursement system can submit a vast amount of medical records to MHLW
correctly. It is important to keep in mind that hospitals submit treatment information but
reimbursements are paid through FFS during the preparation period. Therefore, among
hospitals that are willing to adopt DPC, there are both hospitals under DPC and hospitals
under FFS payment in a certain year due to the difference in timing of application to DPC.

This variation is used as a source of identification for estimating the effect of DPC.

2.2.3 Potential effects of DPC on medical procedure and health outcome

The potential impact of DPC on medical treatments and patients’ health

The replacement of FFS with DPC can affect the treatment decision of hospitals in several
dimensions. First, LOS can be shortened by DPC due to the rapid decline of reimbursement
rate compared with FFS. Under DPC, many components of reimbursements are contained
in per-diem prospective payment so that LOS gets economically more important for hospi-

tals. Per-diem payment is reduced by nearly 30% at the start of Period II and 15% at the
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start of Period I, which are more rapid decline than hospital basic charge in FFS. This
reimbursement schedule could motivate a hospital to discharge patients who stay relatively
long in the hospital and admit new ones. As a result, the adoption of DPC likely shortens
LOS. However, it is also possible that DPC does not have enough incentive to make hospitals
shorten LOS for the following reasons. Prospective payment of DPC is paid by “per-diem”
so that hospitals can get reimbursement for each additional overnight stay even if LOS gets
longer. In the case of DRG/PPS in the US, hospitals get no reimbursement for an additional
stay because reimbursements are fixed by each “admission”. One of the reasons that policy-
makers adopted the per-diem reimbursement schedule for DPC rather than DRG/PPS type
schedule was to avoid drastic changes in reimbursement schemes and medical treatments for
inpatient care. Therefore, whether and to what extent implementation of DPC affects LOS
is an important empirical question.

Second, DPC could induce hospitals to reduce “treatment-in-ward” (treatment which is
usually conducted in ward) compared with the FFS reimbursement system. Treatment-in-
ward, such as medication and diagnostic imaging, is reimbursed through per-diem prospective
payment regardless of its actual medical costs under DPC, while these treatments used to be
reimbursed based on the amount of inputs under FFS. Thus the change of the reimbursement
system from FFS to DPC possibly makes hospitals reduce treatment-in-ward.

Third, some treatment procedures would be substituted by other treatments that are
more profitable for hospitals under DPC. In contrast with treatment-in-ward, surgical pro-
cedure is reimbursed based on fee-for-service payment even in DPC. Fee-for-service payment
to the surgical procedure could make surgery relatively more profitable than treatment-in-
ward. Therefore hospitals might have an incentive to perform more surgical procedures
rather than medication to increase their profits. As a result, hospitals would substitute
treatment-in-ward with surgical procedure and the share of patients who get surgery could
increase. Finally, the implementation of DPC affects patients’ health outcomes through

changes in LOS and medical treatments described above.

The effect of nonlinear reimbursement schedule on LOS

The introduction of DPC could also affect LOS through the change of incentives that make
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hospitals discharge patients at particular day of LOS. Recall that both per-diem hospital
basic charge under FFS and per-diem payment under DPC are set to drop at certain LOS
(I call these points as “kink points"). Basic microeconomic theory predicts that economic
agents respond to marginal price. When marginal price declines at a particular supply
level, distribution of supply level should cluster at the level where the marginal price drops.
Figure 3 illustrates the above rationale. LOS of patient L is [* both with and without kink
of reimbursement. In contrast, LOS of patient H is [* + € if reimbursement has no kink but
it is [* if reimbursement has a kink.

This theoretical prediction can be applied to the hospital decision under the payment
system with reimbursement kink. If hospitals respond to marginal price (i.e. per-diem
payment), distribution of LOS should be bunching at kink points. In the case of FFS, kink
points of hospital basic charge schedules are set at the 15th and 31st day of LOS for all
patients regardless of the type of disease and diagnosis. Although per-diem payment of
DPC also drops at certain LOS, its kink points vary among DPC group that patients are
categorized. Therefore, hospitals under FFS has strong incentives to discharge hospitals at
14th day LOS compared with DPC. Therefore, there should be bunching in the distribution
of LOS on the 14th day of LOS under FFS, but the bunching should disappear under DPC
because the kink point is set for each DPC group (and it is not necessarily 14th day of LOS).

2.3 Data
Medical records in the DPC database collected by the DPC working group in MHLW are the

main data used in this research. I use discharge data of patients categorized as circulatory
diseases in 2008 and 2009. I focus on circulatory diseases because of the following reasons;
First, circulatory diseases are very common among adult people. For example, the number
of potential patients of high blood pressure in Japan is estimated to be 43 million (MHLW).
Also, cardiac disease is one of the main causes of death of elderly people along with cancer. In
2017, 15.3% of all deaths in Japan are attributed to circulatory diseases. Second, circulatory
diseases are treated in many hospitals in the same way so that it is relatively easy to interpret
the impact of change in reimbursement on medical treatments.

In each year, the DPC database contains patients’ information from July 1st to December
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31st. The database includes not only information of patients in DPC hospitals but also
information of those in hospitals in “preparation period” (from now on we call these hospitals
“preparation hospital”). Therefore the DPC database contains information about patients
both under DPC and under the traditional FF'S payment system. One of the main advantages
of using data in this period is that the trend of adopting DPC hit the peak around 2007-9
and many big acute hospitals adopted DPC during this period. Also, after 2008 we can
identify whether each hospital is DPC hospitals or preparation hospitals. This is crucial to
analyze the introduction of DPC so that I focus on data after 2008.

Medical records in the DPC database include various information on patients stayed
in hospitals. The dataset contains the date of admission and of discharge, which enables
us to calculate LOS for each patient. In terms of pre-determined patient characteristics,
it contains age, sex and zip code of living place. Diagnostic information of each patient
such as DPC group code, name of diseases, and ICD10 code and severity of diseases are
included. During the sample period, there exists 150 DPC groups in circulatory disease
and each patient is categorized in one of them. The severity of diseases is recorded as the
Charlson Comorbidity Index (CCI), which is a patient’s severity index based on the degree
of complication. Importantly, for hospitals under DPC, the database contains hypothetical
FFS reimbursement (FFS-equivalent reimbursement) for each treatment. That is, we can
observe the reimbursement to DPC hospitals if these were under FFS rather than DPC.
Using this information, we can compare the input of medical procedures between hospitals
under DPC and FFS with a unified monetary measure.

Table 1 shows summary statistics for two hospital groups. One is a group that changes
from FFS to DPC between 2008 and 2009 (treatment group) and another is a group that
keeps FFS during the same period (control group). A simple cross-sectional comparison
between the two groups shows that mean LOS is longer in the treatment group than in the
control group. The number of beds indicates that the average scale of hospitals is larger in
the control group than the treatment group. The fraction of urgent admission and that of
patients under severe conditions are larger in the treatment group. Comparison before and
after adopting DPC in Treatment shows that LOS declined by 1.5 days on average. In the

case of the control group, LOS slightly increased on average. Other key variables do not
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change so much between 2008 and 2009 in both groups.

2.4 Econometric Model
2.4.1 Difference-in-differences analysis

I estimate the impact of the implementation of DPC on hospitals’ treatment decisions based
on difference-in-differences (DID) exploiting a different timing of adoption of DPC among
hospitals. Recall that the DPC database contains medical records of DPC hospitals and
preparation hospitals (before adopting DPC). While reimbursement of preparation hospitals
are paid by FFS, those hospitals are willing to adopt DPC (otherwise they did not become
a preparation hospital in the first place) and are supposed to adopt it after two years of the
“preparation period”. Therefore we can reasonably assume that all of the hospitals in the
sample want to adopt DPC even if some of the hospitals are still paid by FFS. In this sample,
the unique cause of variation in payment system among hospitals is “timing” of applying to
DPC. That is, hospitals in the treatment group apply to adopt DPC just one year earlier
than those in the control group. It is reasonable to assume that this small difference in the
adoption timing is exogenous.

Although the dataset has a panel structure on a hospital level, it is a repeated cross-
section on a patient level. For basic specifications, we limit the sample to patients who were

not dead during the hospital stay. Specification of the econometric model is such as follows:

Outcomeiht = t2009 + ap + ’Y(DPCh X tzoog) + (Sd + Xihtﬂ + Eint- (2.1)

As Outcome;n;, we use a log of LOS, average input in ward, having surgery or not, and input
of surgical procedure. One problem of our data is not to contain actual input of medical
resources. Therefore we use FFS-equivalent reimbursement as a proxy of input measure.
FFS-equivalent reimbursement is calculated by transforming DPC reimbursement of each
episode into FFS as a treatment procedure is identical. Since FFS reimbursement is basically
volume-based and strongly affected by medical input, FFS-equivalent reimbursement can
provide comparable input measures between DPC hospital and FFS hospital. Then it enables

us to examine how medical input changes when DPC is adopted. Year dummy of g9 is
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equal to 1 if the observation is in 2009 and 0 otherwise. I control unobserved heterogeneity
of hospitals by including hospital fixed effect ay,. DPC}, is a dummy variable that is equal to
1 if the hospital is in the treatment group and 0 otherwise. v is a coefficient on interaction
of DPC), and tyg09 and it is our target parameter.

It is important to control patient characteristics because hospitals might “select” patients
who are more profitable under the new payment system. If it is the case, patient char-
acteristics such as diagnosis and severity change differently between treatment and control
group during 2008-2009. To avoid this problem, I control patient diagnosis by including
the DPC group fixed effect ;. DPC groups are finely classified in terms of both diagnosis
and treatment procedure, so the DPC group fixed effect can capture important information
about patient conditions. When surgery dummy is used as a dependent variable, DPC group
dummies are dropped from independent variables because the choice of surgery and DPC
group have a deterministic relationship.

Besides, it is also important to control the “severity” condition of patients because the
DPC group does not contain explicit severity information. Therefore I include the Charlson
comorbidity index (CCI) in the regressors. Each patient is categorized in DPC group based
on their one main diagnosis and complication is not considered. Therefore CCI contains
additional information on patient characteristics about complication and severity. X;;; con-
tains CCI and other demographic variables including age, sex, switch from outpatient or not,
a referral from another hospital, urgent hospitalization, and discharge or changing hospital.
I cluster the standard error on the hospital level.

Implementation of DPC can also affect patients’ health. As explained in section 2, DPC is
designed to make hospitals reduce the input of medical services such as medication. Because
of this incentive, hospitals might reduce not only unnecessary treatment but also necessary
ones and be at risk for worsening patient’s health.

To check this possibility, I estimate the following regression model whose specification is

identical to the above estimation:

Patient Healthiht = t2009 + ap + ")/(DPC}L X t2009) + 5d + X’ihtﬁ + Eint (22)
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I use in-hospital death and whether health condition was improved during hospitalization

as outcome variables.

2.4.2 Bunching analysis

In this section, I quantify the excess discharge of patients right before the reduction of
reimbursement by estimating the “bunching" of distribution of LOS. I apply the estimation
method proposed by Saez (2010) and got sophisticated by Chetty et al. (2011).

The basic idea of their method is to construct smooth counterfactual distribution without
reduction of reimbursement and estimate how much more observed patients were discharged
than counterfactual ones right before the reimbursement change. Hereafter, I define “kink
points” as days of LOS one day before the reduction of reimbursement. That is, kink points
under FFS are 14th and 30th day of LOS.

Estimation of the bunching is conducted as follows; First, we approximate the observed

distribution by polynomial function while excluding kink points:
q .
Ci=> Bi-(Z) +7-1[Z; =k +¢ (2.3)
i=0

Notations are taken from Chetty et al. (2011). In our study, C; is the number of patients
discharged at jth day from admission, Z; is relative LOS to kink point, k is the position of
kink, and ¢ is the order of the polynomial. I set ¢ =9 in the following estimation. 1[Z; = k]
is an indicator function that is equal 1 if Z; is at a kink point and 0 otherwise. Thus the
coefficient ; represents the effect of kink point on the number of discharged patients. I
define the estimate of the counterfactual distribution as predicted values from (2) setting

the effects of kink point, ~;, is zero:
Ci=> Bi-(2Z) (2.4)

Then, the excess number of discharged patients who locate at the kink relative to this
counterfactual distribution can be calculated as a difference between the observed number

of discharged patients and the counterfactual number of the discharged patient at the kink
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point:

B, = Cy — Gy (2.5)

Finally we calculate the excess mast the kink relative to the density of the counterfactual

distribution:

A

. B
[ —
Ck

(2.6)

To generate a standard deviation of ZA)k, I conduct bootstrap.

Using this method, I estimate the excess discharge at kink points under FFS payment.
While kink points are located on 14th and 30th day from admission for all patients under
FFS, the location of kink points depends on the DPC group under DPC. That is, change
from FFS to DPC eliminate the kink points at 14th and 30th day. I exploit this variation of
kink points and check whether excess discharge under FFS is reduced by the elimination of

the kink points under DPC.

2.5 Results
2.5.1 Difference-in-differences analysis

The estimation results of the effects of DPC on medical treatments are summarized in Table
2. Column (1) reports the estimates of coefficients of cross-term, ~y, using all circulatory
disease patients in the main sample. LOS is reduced by 5.8% and statistically significant.
This result is consistent with the prediction that DPC would reduce LOS due to the rapid
decline of per-diem prospective payment. Average medical input in ward is also reduced
significantly by DPC implementation. This can be interpreted as hospitals reduce medical
services to secure profit margin under per-diem prospective payment of DPC. In contrast,
the probability of conducting surgical procedures is not affected by DPC. Although I pointed
out the possibility that hospitals would substitute medication with surgery because surgery
is paid through fee-for-service, they do not respond to financial incentives in this way. This
result is consistent with previous literature showing that financial incentives to hospitals
do not affect non-elective medical services such as surgery for serious disease. Circulatory

diseases are often hazardous to patients’ life, so DPC does not provide enough incentives for
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hospitals to change their decision whether they conduct surgery. For the same reason, the
input of surgery is also not affected by DPC.

Column (2) to (6) in Table 2 reports the estimation results of patients who are catego-
rized into five main diagnoses in circulatory disease. Angina is the most common cause of
circulatory disease and the effect of DPC is similar to the previous results and LOS and
average input in ward is reduced significantly, while a decision on surgery is not affected by
DPC. The other four diagnoses do not have enough statistical power to detect significant
effects of DPC. However, the signs of the effect of LOS are all negative, which suggests LOS
might be easily affected by DPC implementation.

The estimation of adverse effects of DPC on patient health is reported in Table 3. “Im-
provement” is the indicator function which is equal to 1 if patient health condition at the
time of discharge is better than the beginning of admission and 0 otherwise. “Mortality”
indicates the in-hospital death of patients. The sample size of the estimates for mortality is
larger than other estimation because it includes patients who passed away in hospital. I also
estimate the effect of DPC on the readmission rate, using whether a patient readmitted to
the same hospital for the same disease in 30, 60, and 90 days. Column (1) shows estimates
for all circulatory disease patients and both improvement and mortality are not affected by
the reimbursement change. Column (2) to (6) report estimates for five main diagnoses in
circulatory disease. Note that the effect DPC on “improvement” and “mortality” is the same
for all diagnoses in the adverse direction. This might suggest that DPC somewhat harms
patient health. However, the effect is not statistically significant when using all circulatory
patients. The effects on readmission are also not statistically significant. Therefore, we can
conclude that the adverse effect on health is negligible.

This result suggests that DPC is succeeded in reducing medical expenditure while it does
not harm patients’ health, which is a desirable property of the payment system replacing FF'S.
In contrast, many studies show that PPS in the US had adverse health effects. For example,
Cutler (1995) shows that the introduction of PPS increased both mortality and readmission
rates. These contrasting results between DPC and PPS highlight the effectiveness of per-
diem prospective payment, which achieves both economic efficiency and protecting patients’

health.
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2.5.2 Bunching analysis

I exploit the variation of change in payment system between 2008 and 2009 fiscal years and
analyze how the change from FFS to DPC affect bunching at kink points. I divide hospitals
into three groups; hospitals that change the payment system from FFS to DPC (treatment
hospitals) and those that stay as FF'S payment (control hospitals). In this analysis, I examine
the change of bunching in the case of patients who did not receive surgery during a hospital
stay. This is because LOS is crucial in determining reimbursement to hospitals for patients
without surgery.

Figure 5 summarizes the observed and counterfactual distribution and estimated bunch-
ing in each group-year. There is no bunching on the 30th day so that I focus on the excess
discharge on the 14th day in the following analysis. Panel (a) is the distribution for patients
in treatment hospitals and Panel (b) is the one for those in control hospitals. In both figures,
a vertical line is drawn on the 14th day. Note that there is no reimbursement drop on the
15th day for treatment hospitals in 2009. The percentage value reported on each figure is
the estimated value of bunching on the 14th day. Table 5 presents the estimated value.
The estimated bunching decline significantly from 26.4% to 8.9% in the treatment hospitals.
In the case of control hospitals, the estimated bunching remains high (21.1% and 38.6%).
Therefore it is reasonable to conclude that eliminating kink reduces bunching in the case of
patients without surgery.

There are some possible explanations why bunching exists even in the hospital group
under DPC that has no reimbursement drop on the 15th day. First, hospitals under DPC
are paid through FFS before and the habit of treatment procedure under FFS remains even
after the adoption of DPC. Second, the 14th day is equal to two weeks so that hospitals
might decide LOS by “rule of thumb" based on a weekly basis.

I also analyze the difference of bunching estimate between FF'S and DPC by two-sample
t-test using “pseudo sample” generated by bootstrap.! The results indicate that two bunch-

ing estimates above are statistically different. That is, a kink in the payment schedule,

ITo estimate the standard error of bunching estimate, I perform simulation 300 times, which generate
300 “sample" of bunching estimate. I use these values for simple two-sample t-test and check whether two
bunching estimates are sufficiently different.

21



which generate discontinuous drop of per-diem hospital basic charge, increase the number of

patients discharged at kink in cross-sectional analysis.

2.5.3 Kink of DPC Payment

As mentioned in section 2, the DPC schedule is also nonlinear and per-diem payment for
each DPC group is supposed to drop at certain LOSs. It is important to note that the kink
in the DPC schedule might have a stronger effect on LOS than FFS for two reasons. First,
the drop in reimbursement rate is bigger in DPC(27% and 15%) than FFS(13% and 11%).
Second, LOS is more important under DPC than under FFS in terms of reimbursement.
Per-diem payment in DPC contains many medical practices such as medicine and supplies
at wards, while these factors are paid based on the cost under FFS. To examine the effect
of DPC kinks on the distribution of LOS, it is necessary to choose DPC groups that are
suitable for this study. I chose four DPC groups that have a relatively large sample size and
long LOS, which enable us to examine bunching of distribution.

I find the surprising result that there exists almost no bunching at both first and second
kink in all DPC groups. Observed and counterfactual distributions are shown in Figure
7-8. Detailed results are in Table 6. All of the bunching estimates have either a small
absolute value or a strongly negative value. A possible explanation for these results is that
physicians might change treatment choice during a hospital stay and patients could end
up being categorized into different DPC groups than the initial one. Therefore, it could
be difficult for physicians to specifically control patients’ LOS based on the reimbursement

schedule of specific DPC group.

2.6 Conclusion

It is crucial to understand how medical providers respond to the financial incentive for health
care policy. In this paper, we studied the effect of a per-diem prospective payment system
called DPC on inpatient care in Japan. Previous research has focused on the effect of DPC
on LOS. I examined not only the effects on LOS but also the effects on medication and

substitution relationship among medical treatment. I utilize patient-level discharge data
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which enables us to control detailed patient characteristics and identify the policy effects.

Using circulatory disease patients data, I find that LOS and average input in ward is
reduced significantly. In contrast, the probability of conducting surgical procedures is not
affected by DPC implementation. This indicates that even if surgery is paid through fee-
for-service under DPC, hospitals do not substitute medication with surgery. I also find that
the adverse effects of DPC on patient health outcomes, such as in-hospital mortality and
condition at the time of discharge, are negligible. This suggests that DPC is succeeded in
reducing medical expenditure while it does not harm the patient’s health.

I also show that the significance of bunching in the distribution of LOS decreases due
to the elimination of the kink of per-diem payment. This result suggests that hospitals
could respond to the change in marginal reimbursement, but the bunching does not exist
in the DPC group level. One of the possible explanations is that physicians could change
medical treatment in the middle of inpatient care, which leads to a change in the DPC
group (and reimbursement schedule). Thus it is difficult for hospitals to specifically control
LOS following reimbursement schedule of particular DPC group. However, it is difficult to
examine whether this is the reason for the lack of bunching in the distribution of LOS in
the DPC group. From the policy perspective, it is important to understand under what
condition hospitals tend to respond to marginal reimbursement. I leave this issue for future
research.

There exist other remaining issues in this study. First, we analyze with circulatory disease
patients but the effects on relatively elective medical services are unknown. Especially,
substituting medication with surgery might occur in the elective procedure. Second, the
“long-run” effect of DPC cannot be studied in our analysis because we only have the two-
year panel. For example, it is possible that hospitals gradually adjust their medical procedure

to fit DPC so that the long-run effect of DPC can be larger than the short-run effect.
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A. Figure

Figure 2.1: Basic Payment Structure of FFS
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Per-diem Payment

Figure 2.3: Basic Payment Structure of FFS
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Figure 2.5: Change in Distribution of LOS between 2008 and 2009 (Patients without Surgery)
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Figure 2.6: Distribution of LOS for DPC Group (1)
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Figure 2.7: Distribution of LOS for DPC Group (2)
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B. Table

Table 2.1: Summary Statistics

Treatment Control Treatment 2008-2009 Control 2008-2009

Length of Stay 12.3 9.8 12.7 11.9 9.6 9.8
Age 71.3 70.4 71.1 71.6 69.9 70.9
Referral 42% 51% 42% 42% 48% 54%
From outpatient 73% 5% 72% 73% 73% 78%
Urgent 45% 34% 45% 45% 33% 34%
Ambulance 16% 14% 16% 16% 13% 15%
Male 62% 64% 62% 62% 63% 64%
Discharge 65% 51% 64% 65% 55% 47%
Surgery 38% 43% 3% 38% 43% 45%
Serious 9% 5% % 10% 5% 6%
Number of beds 425 526 425 425 526 526
Hospital observation 268 68 268 268 68 68
Patient observation 102111 34639 52489 49622 18061 16578
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Table 2.2: The Effect of Implementation of DPC (Medical Treatments)

All Angina  Cardiac Insufficiency Cardiac Infarction Tachyarrhythmia Bradyarrhythmia
0 ) 3) ) (5) (©)
Length of Stay -0.058%**  -0.074*** -0.029 -0.059 -0.094 -0.036
(0.014) (0.016) (0.034) (0.051) (0.049) (0.055)
Average Input in Ward ~ -0.062**  -0.069** 0.020 -0.083 -0.093 -0.064
(0.023) (0.026) (0.024) (0.042) (0.060) (0.038)
Surgery dummy -0.004 -0.005 0.010 -0.004 -0.001 -0.050*
(0.007) (0.008) (0.009) (0.022) (0.019) (0.021)
Surgery spending -0.049 -0.017 -0.361 -0.045 -0.056 -0.007
(0.028) (0.032) (0.208) (0.035) (0.074) (0.043)
Obs. 136,734 61,819 22,789 8,764 8,329 8,356

Covariates: Age, Male, Comorbidity, Switch from outpatient, Referral, Urgent, and Discharge.
Standard errors in parentheses
*p < 0.05 **p < 0.01 ¥**p < 0.001
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Table 2.3: The Effect of Implementation of DPC (Health Outcomes)

All Angina Cardiac Insufficiency Cardiac Infarction Tachyarrhythmia Bradyarrhythmia
(1) 2 3) (4) (5) (6)
Improvement -0.007  -0.009 -0.006 -0.012 -0.005 -0.023
(0.033)  (0.059) (0.013) (0.019) (0.017) (0.018)
Mortality 0.002 0.005 0.012 0.014 0.016 0.009
(0.006)  (0.006) (0.014) (0.015) (0.024) (0.020)
Readmission (30 days) -0.016  -0.023 0.000 0.000 0.001 -0.002
(0.010) (0.015) (0.009) (0.002) (0.006) (0.003)
Readmission (60 days) -0.019  -0.025 -0.003 -0.006 0.000 -0.002
(0.014) (0.020) (0.012) (0.004) (0.007) (0.005)
Readmission (90 days) -0.021  -0.028 -0.004 -0.007 0.001 -0.001
(0.016)  (0.022) (0.013) (0.004) (0.009) (0.005)
Obs. 300,357 62,906 23,164 9,004 8,827 8,817

Notes: Covariates contain Age, Male, Comorbidity, Switch from outpatient, Referral, Urgent, and Discharge. Standard errors

in parentheses. *p < 0.05 **p < 0.01 ***p < 0.001
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Table 2.4: Change of Bunching Estimates of Patients without Operation

Hospital Group FFS to DPC Keep DPC Keep FFS

Year 2008 2009 2008 2009 2008 2009

Bunching Estimates 0.264***  0.0890** 0.134**  0.141%+* 0.211**  0.386%**
(0.0627)  (0.0345) (0.0738)  (0.0603) (0.0426) (0.0274)

Standard errors in parentheses
*p < 0.05 **p < 0.01 ***p < 0.001
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Table 2.5: Bunching Estimates of DPC Group

DPC Group (a) 050030xx03x0xx

(b) 050130xxxx00xx

(c) 050210xx97x0xx

(d) 050170xx9900xx

Kink First Second

Bunching Estimates 0.0184 -0.0212
(0.0311) (0.0576)

First Second

0.0238  0.0286
(0.0507)  (0.0168)

First Second

0.0121  -0.0324
(0.0124)  (0.0552)

First Second

0.267  -0.229
(0.206) (1.915)

Standard errors in parentheses

*p < 0.05 **p < 0.01 ***p < 0.001
(a
(b
(c
(d

Cardiac Arrest without Operation

—_ =

Bradyarrhythmia with Operation

=

Acute Cardiac Infarction with PTCA operation

Occlusive Arterial Disease without Operation
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Chapter 3

The Behavioral Effects of Insurance
Coverage and Health Consequences:

Evidence from Long-Term Care

3.1 Introduction

As the elderly population increases worldwide, providing accessible and cost-efficient health-
care is becoming increasingly important. The social insurance system plays a central role
in providing affordable healthcare for the elderly in many countries. And in terms of de-
signing insurance benefits, controlling a generosity of insurance coverage is one of the key
policy tools to affect the demand for healthcare. Recipients can get subsidies for healthcare
within a coverage, while they would face a full price otherwise. Due to the salient price
changes, recipients inevitably must utilize healthcare taking a given coverage into account.
Understanding the impact of insurance coverage on demand for healthcare and its health
consequences is crucial in developing an optimal design of a social insurance system.

The basic concept of moral hazard in health insurance assumes that an insurance coverage
affects recipient’s demand for healthcare only through price.! It makes the strong prediction

that only recipient facing price changes would respond to coverage changes. This prediction

'Here, price means not only a “spot” price but also a “future” price an individual would face in intertem-
poral dynamic decision-making. See Aron-Dine, Einav, Finkelstein, and Cullen (2015) for the importance
of taking into account the effect of future price on individual decision-making in a nonlinear pricing setting.
See Einav and Finkelstein (2018) for a comprehensive literature review on moral hazard in health insurance.
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also implies that if most recipients’ demand for healthcare is well within (or outside) a given
coverage, the effect of modest coverage changes could be very limited because the associated
price changes influence a small fraction of recipients. Demand for healthcare is generally
so diverse that it is unlikely that a large percentage of recipients would simultaneously be
affected by a particular coverage change directly through price. This being the case, the
policy effects of coverage changes could be significantly small.

When individual’s behavioral biases are taken into account, the impact of changes in
insurance coverage could be much larger than standard economic theory predicts. Some
behavioral models suggest that even recipients who do not face effective price changes could
respond to coverage changes. There are a couple of well-established behavioral biases that
can be related to this context: anchoring effects and heuristic thinking. If recipients regard
insurance coverage as an initial cue in judgment (psychological anchor), they might respond
to coverage changes even though it is irrelevant to rational decision-making. Similarly, if
recipients make their demand level a certain ratio of coverage through heuristic thinking,
coverage changes affect their demand without changing the price they face. The policy
implication of insurance coverage depends crucially on whether these behavioral biases exist
because they imply that any recipients could be affected by changes in coverage, not merely
those who face price changes. Therefore, examining the behavioral biases associated with
insurance coverage is essential to assess the potential impact of insurance coverage on demand
for healthcare.

This paper investigates how the generosity of insurance coverage affects the demand
for health-related services and health outcomes of the elderly, taking into account their
behavioral biases. Despite the considerable implications for insurance design, little is known
about the economic and health effects of behavioral biases associated with insurance coverage.
To address this issue, I study behavioral responses to insurance coverage and its health
consequences in the context of a large social insurance program: the long-term care insurance
(LTCI) system in Japan. LTCI coverage is characterized by a monthly coverage limit which
sets the monthly maximum spending on home-based long-term care services that can be
covered by insurance. A unique feature of LTCI is that the coverage limit for recipients who

use home-based care is determined by a single health index (standardized care time) which
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reflects how much long-term care the recipient needs. Every LTCI recipient must take a
nationally-standardized health survey that determines their own standardized care time and
the coverage limit they will receive. Recipients are required to regularly retake the survey
and they receive a newly designated coverage limit each time.

Using newly available administrative data on LTCI, I implement a regression discon-
tinuity (RD) design to estimate the impact of generosity of insurance coverage (monthly
coverage limit) on monthly long-term care utilization. I take advantage of five thresholds
of standardized care time which create discontinuous variation in coverage limits for home-
based care. Although the RD estimates explicitly show that generous insurance coverage
leads to an increase in long-term care utilization, this empirical strategy has a limitation on
how to interpret the estimates. It can only provide estimates of “overall effects” of insurance
coverage and cannot determine to what extent they are due to “behavioral effects” caused
by behavioral biases or “price effects” resulting from rational responses to price changes.

To identify behavioral effects, it is necessary to examine whether recipients who do not
face effective price changes respond to coverage changes. For instance, coverage expansion
does not change the price for recipients who do not exhaust insurance coverage. The advan-
tage of using LTCI in this analysis is that monthly utilization is subject to predetermined
plan and can be regarded as static decision-making. Therefore coverage changes are less
likely to affect recipients’ utilization through their forward-looking behavior such as precau-
tionary motive. I implement the RD design with a set of recipients whose utilization has
been sufficiently lower than a given coverage limit to identify behavioral effects. This identi-
fication strategy is enabled by coverage changes resulting from a periodical re-examination of
standardized care time and subsequent reclassification. Specifically, I first collect recipients
whose monthly long-term care utilization is less than half the monthly coverage limit (“low-
demand” recipients). This set of recipients is then further narrowed to those whose coverage
limit in the next term is either unchanged or one step higher than the previous one. This
procedure isolates recipients who face behavioral effects but not price effects, and allows for
implementing an RD design to estimate behavioral effects of coverage expansion. Similarly, I
also estimate the effects of coverage expansion on recipients who exhaust insurance coverage

(“high-demand” recipients) and compare the impact on these two different groups.
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The RD estimation focusing on low-demand recipients shows that recipients are signif-
icantly affected by behavioral effects of insurance coverage. Importantly, the magnitude of
behavioral effects varies among recipients with different health conditions. Behavioral effects
are statistically significant for recipients with relatively less severe health conditions: a one-
unit expansion of insurance coverage increases long-term care utilization by 0.2 - 0.3 units
for those affected by behavioral effects. In contrast, recipients with relatively severe health
conditions are not influenced by behavioral effects, with the estimates for these recipients
statistically insignificant. Although the RD estimates show that the effect of coverage ex-
pansion on low-demand recipients are smaller than high-demand ones, the overall effect of
coverage expansion is mainly attributed to behavioral effects because a majority of recipients
do not exhaust insurance coverage.

The welfare implications of the effect of insurance coverage depend crucially on its health
consequences. Therefore, I examine the influence of home-based long-term care on health
outcomes. I use the thresholds generating discontinuous changes in insurance coverage as in-
struments for service utilization. A recipient’s standardized care time and service utilization
during the next certification term are used as proxies for health outcomes, as this information
should reflect his/her needs for long-term care. The RD estimates show that, for both pre-
ventive and regular care, utilizing more long-term care has little effect on health outcomes.
This result suggests that generous insurance coverage could induce excessive utilization of
long-term care from the perspective of recipients’ health.

This paper is primarily related to a growing literature on individual decision-making un-
der nonlinear price schedules of health insurance, especially Medicare Part D program for
prescription drugs (see Aron-Dine, Einav, Finkelstein, and Cullen, 2015; Einav, Finkelstein,
and Schrimpf, 2015, 2017; Kowalski, 2015; Abaluck, Gruber, and Swanson, 2018; Dalton,
Gowrisankaran, and Town, 2019). Insurance coverage with a coverage limit such as LTCI
in Japan can be interpreted as having a nonlinear price schedule because individuals face
different prices for the same goods depending on whether they are within or outside a specific
coverage. Baicker, Mullainathan, and Schwartzstein (2015) discuss the welfare consequences
of “behavioral hazard” in health insurance, and recent studies of Medicare Part D also high-

light the behavioral biases associated with nonlinear pricing. In particular, Abaluck, Gruber,

39



and Swanson (2018) have found that low-spending beneficiaries, who have essentially zero
probability of reaching the coverage gap, nonetheless respond to filling the coverage gap.
It is noteworthy that the literature generally attributes behavioral biases to a complex and
dynamic decision-making environment. In contrast, this paper finds that even in a relatively
simple static decision-making environment, insurance coverage strongly induces behavioral
biases. This result suggests that behavioral biases associated with insurance coverage are
indeed prevalent, and highlighting the importance of taking non-standard decision-making
into account to achieve optimal insurance design. Another important contribution to these
studies is that I examine the health consequences of a nonlinear price schedule, while previous
studies have exclusively focused on the effect on individual economic behavior.

This paper is also related to the literature on behavioral biases such as anchoring and
heuristic decision-making. Anchoring effects have been shown to be prevalent in many
decision-making contexts, including in annuity plans (Bernheim, Fradkin, and Popov, 2015),
savings (Choi, Haisley, Kurkoski, and Massey, 2017), credit spreads (Dougal, Engelberg,
Parsons, and Van Wesep, 2015), art auctions (Beggs and Graddy, 2009) and real estate
transactions (Bucchianeri and Minson, 2013). The heuristic thinking has also been shown
to exist in important decision-making contexts such as the purchase of cars (Lacetera, Pope,
and Sydnor, 2012) and the repayment of debt (Gathergood, Mahoney, Stewart, and We-
ber, 2019). As for healthcare, Coussens (2018) shows that heuristics are used in physicians’
diagnostic decision-making. The present study extends this literature to show that these
behavioral biases also significantly affect decision-making in social insurance programs.

Additionally, this study contributes to the literature on the health effects of long-term
care. While the impact of nursing home quality on health outcomes has been extensively
studied in the health economics literature (see Lin, 2014; Foster and Lee, 2015; Kim and
Lim, 2015; Friedrich and Hackmann, 2018), home-based care has not acquired much attention
despite its growing importance. A notable exception is Kim and Lim (2015) which study the
effect of subsidies for home-based care and institutional care on health outcomes using the

long-term care insurance system in South Korea.? They find that subsidies for home-based

2Kim and Lim (2015) also examine the effect of subsidies for formal home and institutional care on
long-term care utilization and informal care use. This paper studies the influence of insurance coverage
for home-based care on long-term care utilization and find that the main driver of behavioral responses to
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care do not affect the medical expenditure of the beneficiaries. Meanwhile, some medical
studies have also explored the effect of home-based care on health outcomes. For example,
Gill et al. (2008) run an experiment that randomly assigned the elderly to a home-based
intervention program to examine the health consequences of the program. They find that
those who are assigned to the program exhibit less functional decline over time. While the
literature mainly focuses on the effect of the extensive margin of home-based care, this study
sheds light on that of an intensive margin of home-based long-term care for recipients with
various health conditions. I find that utilizing more long-term care has little effect on health
outcomes regardless of the health condition of recipients.

The rest of the paper proceeds as follows. Section 3.2 provides the institutional back-
ground and discusses the expected effects of insurance coverage on long-term care utilization.
Section 3.3 describes LT'CI administrative data and presents summary statistics. Section 3.4
presents empirical strategies applying RD design. Section 3.5 reports the estimation results
for the effect of insurance coverage on long-term care utilization and its health consequences.
Section 3.6 discusses some policy-relevant topics of the behavioral response to insurance cov-

erage. Section 3.7 concludes.

3.2 Background and Framework
3.2.1 Long-Term Care Insurance System in Japan

The social insurance system for long-term care in Japan was established in 2000, which was
arguably the most radical change in the Japanese healthcare system in decades. The long-
term care insurance (LTCI) allows eligible recipients to choose long-term care services from
among various options and to use them with a moderate out-of-pocket payment within a
specific coverage. Due to the rapid aging of the population, spending on LTCI has increased
rapidly and has come to account for a substantial fraction of Japanese national finance. The
total cost of LTCI, which was 3.6 trillion JPY (36 billion USD,* 0.7% of Japanese GDP)
in 2000, amounted to 10.8 trillion JPY (108 billion USD, 2.0% of Japanese GDP) in 2017.4

insurance coverage is behavioral biases rather than price changes.

3For simplicity, I use an exchange rate of 100JPY = 1USD throughout this paper.

4Ministry of Finance. URL: https://www5.cao.go.jp/keizai-shimon/kaigi/special/reform/wgl/
291108/shiryoul-8.pdf (Japanese)
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The cost is expected to continue increasing in the years and decades to come.”

LTCI is a mandatory social insurance system in which people of a particular age group
must participate. People aged 65 and older are classified as “first-insured” and those be-
tween ages 40 and 64 as “second-insured”. Both types pay premiums set by their municipal
government, but second-insured individuals must present with designated diseases to receive
insurance benefits.® Because second-insured people are relatively young and have additional

eligibility requirements, the majority of LTCI recipients are first-insured.”

Care-Needs Certification

There are several steps for receiving long-term care services under LTCI. Figure 3.1 illus-
trates the utilization process of LTCI. The first step is to apply to a municipal government
for the “care-needs certification”, which is a health survey for assessing to what extent the ap-
plicants need for long-term care.® The main purpose of care-needs certification is to classify
each applicant into a specific “care-needs level” that determines the available services and in-
surance coverage. Care-needs certification is based on a nationally-standardized face-to-face
survey that is carried out by a trained examiner at the applicants’ home (or the hospital if
applicants are hospitalized). The examiner first checks 74 items about the applicant’s phys-
ical and mental condition. Based on the checkup, a special formula generates hypothetical
care times for eight categories of assistance. Table 3.1 lists the possible time ranges for each
category. The sum of these care times is the “standardized care time”, which reflects how
much long-term care is needed for the applicant. The longer the standardized care time is,
the more an applicant is considered to need long-term care. This indicator plays a key role
in determining insurance coverage for each applicant.

Next, based on the standardized care time, applicants are tentatively assigned to a cor-

®Based on the prediction made by the Cabinet Office, the total cost of LTCI is expected to reach 25
trillion JPY (250 billion USD) in 2040. URL: https://www5.cao.go.jp/keizai-shimon/kaigi/minutes/
2018/0521/shiryo_04-1.pdf (Japanese)

5The designated diseases include terminal cancer, rheumatoid arthritis, ALS, ossification of posterior lon-
gitudinal ligament, osteoporosis, dementia, Parkinson’s disease, spinocerebellar degeneration, spinal canal
stenosis, progeria syndrome, multiple system atrophy, diabetes, cerebrovascular disease, arteriosclerosis oblit-
erans, chronic obstructive lung disease and osteoarthritis.

"In 2017, first-insured recipients account for 96.4% of all recipients. URL: https://www.mhlw.go.jp/
topics/kaigo/osirase/jigyo/m17/1712.html (Japanese)

8Family member or guardians can also apply for the care-needs certification on behalf of the recipients.
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responding care-needs level. Table 3.2 presents a range of standardized care time and cor-
responding care-needs level. After the tentative assignment, the Certification Committee of
Needed Long-Term Care (hereafter, the Certification Committee), which consists of physi-
cians, nurses, and other health and social service experts, assesses whether the standardized
care time appropriately reflects the applicant’s needs for long-term care. If the care time
is regarded as appropriate, the applicant is assigned to the relevant care-needs level; if not,

then the Certification Committee reassigns the applicant to the proper care-needs level.

Available Services and Coverage Limits

Care-needs levels can be divided into two broad categories, which are “Care level” and “Sup-
port level”. These broad categories determine long-term care services available to recipients.
Those who are classified as the Care level are deemed to need long-term care for going about
their daily lives, and so these recipients are allowed to use a wide range of long-term care
services. In contrast, people classified as the Support level are considered able to perform
normal daily activities on their own. Thus the available services under the Support level are
aimed at preventing recipients from having an increased need for care in the future.’ The
prices of long-term care services are fixed by the government in both categories and adjusted
every three years.

One of the distinct features of LTCI is that insurance coverage for recipients who select
home-based care is determined by the recipient’s assessed care-needs level. Recipients are
therefore unable to choose their coverage on their own based on their preferences. The
insurance coverage of LTCI is characterized by monthly coverage limits.!® For long-term care
up to the monthly coverage limit, recipients pay 10 or 20 percent of the total expenditure,

! Table 3.2 presents

depending on income, after which the recipient pays the full price.!
the coverage limit for each care-needs level expressed as a total unit value for long-term

care services. Although the unit value varies slightly across services and municipalities,

9Long-term care under the Support level is designed to help recipients accomplish everyday activities
independently. For example, if a recipient has a lack of mobility in her hands, the caretaker’s role is to design
a method for housework that the recipient can perform by herself.

10Tn this paper, the terms “insurance coverage” and “coverage limit” are used interchangeably.

I The 20 percent coinsurance, introduced in 2015, applies to those with total annual income of more than
1.6 million JPY (16K USD), and that of first-insured family members is more than 3.46 million JPY (34.6K
USD), or 2.8 million JPY (28K USD) for a single-person household).
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a reasonable approximation of unit value is 10 JPY or about 0.1 USD. Appendix Figure
3A.1 plots out-of-pocket expenditures as a function of total expenditures on long-term care
services when the coinsurance rate is 10 percent. Table 3.2 also shows that recipients who
belong to the higher care-needs level (i.e. those who have a relatively severe condition) are
entitled to more generous coverage. If applicants’ standardized care time is between 35 and
49.9 minutes, they are classified into either Support level 2 or Care level 1. This allocation
procedure draws on specific items of standardized care time representing the applicants’

cognitive ability and variability in health status.!?

Long-Term Care Utilization

After available services and insurance coverage are determined, recipients who select home-
based care create a monthly plan (“care plan”) indicating when and what services are to be
provided. In most cases, recipients make their detailed care plan with the help of specialist
called care manager.'®> The care manager is also responsible for monitoring the recipient’s
living conditions to check whether the care plan continues to fulfill the recipients’ needs. If
the care plan becomes unsuitable due to, for example, changes in health condition, recipients
may make changes of the plan on a monthly basis.!* This type of long-term care utilization
scheme based on a care plan thus requires recipients to make a static decision each month
on the long-term care services they will receive. Another important thing to note is that
any unused portion of the monthly coverage limit cannot be carried over to the next month.
That is, recipients cannot expand future coverage by underutilizing current services. This
institutional feature also guarantees that long-term care utilization can be interpreted as
static decision-making rather than dynamic forward-looking one.

To accommodate changes in long-term care needs, recipients are required to take care-

12Recipients are sorted into Care level 1 if both of the following requirements are satisfied: (1) It is difficult
for the recipient to understand how to appropriately utilize care prevention services due to mental disability.
(2) The physical and mental condition of the recipient is likely going to get worse in a short period.

13 According to the Long-Term Insurance Act, a care manager is defined as an expert who has specialized
knowledge about long-term care who helps recipients draw up the best care plan based on their needs, in
coordination with long-term care providers and the municipal government.

14Tn practice, long-term care utilization should be regarded as joint decision-making by the recipient,
family members, and care manager. For simplicity, I call “recipient” for decision-maker throughout this

paper.
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needs certification regularly and are reclassified into a different care-needs level if necessary.
In principle, the first care-needs certification is valid for a half year and the following certifi-
cation is valid for one year. Recipients need to retake the care-needs certification before the
term expires to continue using long-term care services under LTCI. Hereafter, I call “certifi-

cation term” or just “term” for representing each valid term of the care-needs certification.

3.2.2 Mechanisms of Recipients’ Responses to Insurance Coverage

Discussions of moral hazard in health insurance assume that price is the only channel through
which insurance coverage affects the demand for healthcare. Figure 3.2 depicts a simple
mechanism of recipients’ responses to insurance coverage under the typical moral hazard
framework. In keeping with the structure of decision-making under LTCI, I consider the
case in which recipients make a static decision on long-term care utilization with given
insurance coverage. Insurance coverage is expressed as a nonlinear budget set because a
discount for long-term care services is available only within the coverage region. I suppose
that there are two insurance plans: normal coverage (blue line) and generous coverage (red
line). While recipients enjoy a discounted out-of-pocket price (“oop price”) for long-term care
services within their coverage, they face the full price otherwise. Based on the moral hazard,
changes in coverage generosity (coverage limit) affect the demand of recipient H, while the
demand of recipient L is not affected. Thus the traditional concept of moral hazard predicts
that these low-demand recipients who do not exhaust insurance coverage do not respond to
coverage changes because they do not change any economic factors, including price, for these
recipients.

In contrast to the prediction of moral hazard discussed above, key concepts of behavioral
economics suggest that individuals who do not face effective price changes (recipient L in
Figure 3.2) might still respond to changes in insurance coverage. The research question of
this study is whether an expansion (reduction) of insurance coverage increases (decreases)
recipients’ demand through behavioral biases in decision-making. Many empirical studies of
behavioral biases have demonstrated that an individual’s decisions are frequently influenced
by various factors that are irrelevant to a rational decision-making framework. Although not

excluding other possibilities, this study focuses on the following well-established behavioral
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biases: anchoring and heuristic thinking. Other potential explanations are discussed in
section 3.6.

The anchoring effect is a phenomenon that an individual’s decision is influenced by in-
herently irrelevant information such as unrelated random numbers (Tversky and Kahneman,
1974). The psychological anchor is considered to implicitly provide “suggestion” for its taker.
In this way, the coverage limit of LTCI may serve as a salient “starting point”, or anchor, that
frames people’s thinking about their demand for long term care services. It may also give
an official “stamp of approval” (Bernheim, Fradkin, and Popov, 2015) to use services to the
extent the coverage limit allows. The concept of heuristic thinking suggests that people often
use a shortcut to quickly make a decision rather than thinking about the problem through in
detail. With LTCI, recipients might use a heuristic (such as a percentage of given coverage
limit) for determining their demand for long-term care rather than making it perfectly fit
their own needs. If the decision-making of recipients is driven by these psychological biases,
their long-term care utilization could be influenced by changes in insurance coverage even
when they do not face effective price changes. This study does not attempt to identify a
specific behavioral mechanism underlying the relationship between insurance coverage and
long-term care utilization but instead interprets any evidence of behavioral biases as being

caused by one or more psychological factors.

3.3 Data

LTCI Administrative Data

I use two sets of LT'CI administrative data obtained from an anonymous local metropolitan
government near Tokyo. The first set is LTCI claims data, which contains monthly informa-
tion on eligibility, long-term care utilization, and demographic characteristics for all LTCI
recipients in the city. The available sample period of this data is from June 2012 to March
2018. Eligibility information contains the care-needs level, start and end dates of each cer-
tification term, coinsurance rate, and public subsidy eligibility. For service utilization, the
claims data provides information on how much each recipient uses and spends on a monthly
basis for each type of long-term care service. For this study, home-based care is grouped

into five categories: home care, day care, home-visit nursing care, rehabilitation, and others.
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The claims data contains relatively limited information on the demographic characteristics
of recipients, providing age and gender but no information on income and family structure.

The second dataset is newly available LTCI administrative data on care-needs certifica-
tion. The most important information in this dataset is the assessed standardized care time,
which is used for assigning recipients to a care-needs level. This data is available for each
certification term and contains a breakdown of how the final standardized care time was
calculated (that is, it provides a hypothetical care time for each category of assistance) as
well as other information related to care-needs certification such as the start and end dates
of each certification term. The sample period of LTCI certification data is the same as LTCI
claims data.

The analysis sample is created by linking the LTCI certification data and claims data
via a unique ID number. This dataset allows me to associate recipients’ long-term care
utilization and their standardized care time. From this preliminary dataset, several types
of recipients were excluded from the baseline analysis sample. First, I omit recipients who
live in a nursing home, because the coverage limit is applied only to those who use home-
based care. Second, I omit recipients who receive public subsidies for LTCI, because these
individuals face a different incentive scheme than usual recipients. The remaining recipients

constitute a baseline sample.

Summary Statistics

Table 3.3 presents the summary statistics for the baseline sample and each care-needs level.
Panel A shows the demographic information of LTCI recipients.'> The age of the baseline
sample is around 81.2 years old, with recipients in high care-needs levels tending to be slightly
older than those in low care-needs levels. More than half of recipients are women, which is
natural because women tend to live longer than men and thus are more likely to suffer from a
disability due to their older age.! Approximately 13% of recipients face a higher coinsurance
rate (20%) due to high income, and this rate is uniform across different care-needs levels.

Change of care-needs level presents a fraction of recipients whose care-needs level is changed

15 As some recipients were allocated into different care-needs levels for several care-needs certifications, the
sum of recipients for each care-needs level is not equal to the number of total recipients in the first column.
16In Japan, the average length of life for men and women in 2017 was 81.09 and 87.26 years old respectively.
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by an assessment of the Certification Committee. In the baseline sample, only 5% of all
recipients receive different coverage limit than standardized care time indicates. This means
that standardized care time determines coverage limit in most cases.

Panel B shows information on the standardized care time calculated during care-needs
certification as well as a breakdown of the hypothetical care time for each category of assis-
tance. It can be seen that with higher care-needs levels, the burden of assistance related to
eating, transferring, toileting and hygiene increases sharply while other categories of assis-
tance are relatively constant across care-needs levels.

Panel C presents information on long-term care utilization. It shows that day care is
the most used long-term care services, followed by home care. Home care and home-visit
nursing care utilization monotonically increases as the care-needs level becomes higher, while
demand for day care and rehabilitation decreases at higher care-needs levels. In the baseline
sample, only 9% of recipients exceed the monthly coverage limit, with the rate of exceeding
the coverage limit higher for recipients with high care-needs. As most recipients use long-
term care services within their allocated coverage limit, this highlights the importance of

investigating the behavior of recipients who do not fully exhaust their insurance coverage.

Who Faces Price Changes?

To study behavioral biases associated with insurance coverage, it is necessary to determine
who would face effective price changes due to coverage changes. Appendix Figure 3A.2
shows the distribution of monthly long-term care utilization for each care-needs level, and
the vertical red line indicates the coverage limit for each level. There exist a clear “bunching”
around coverage limit in the distributions of Care level 1 - 5, which suggests that recipients
recognize given coverage limits and try to avoid paying higher prices outside the coverage.
As the bunching has some width, the coverage limit appears to restrict the demand of recip-
ients whose utilization level is sufficiently close to it. One possible reason for recipients not
completely exhausting their insurance coverage is that they may be saving some of their cov-
erage for any unexpected long-term care expenditure. Although an unexpected expenditure

for long-term care is rare and small compared with that for medical care, this precautionary
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motive could prevent recipients from exhausting insurance coverage.!” Another possibility
is that the demand for long-term care services is discrete rather than continuous in practice
and this is preventing recipients from fully exhausting their coverage limit. If this is the
case, then the long-term care utilization of recipients who do not completely exhaust their
insurance may also be constrained by the coverage level, and these recipients would face
effective price changes when the coverage expands.

To address this concern, I set conservative criteria that recipients whose monthly utiliza-
tion is lower than 50% of the coverage limit are not affected by price changes due to coverage
expansion. I also adopt criteria in assuming that recipients whose monthly utilization is
higher than 80% of the coverage limit are affected by price changes. Similarly, I assume that
recipients whose monthly utilization is lower than 80% of the one-stage lower coverage limit
are assumed to be not affected by price changes when they face a one-stage reduction in
coverage.'® 1 set 80% rather than 50% to ensure statistical power for analyzing behavioral
biases due to coverage reduction.'® Recipients whose monthly utilization is higher than 80%
of the one-stage lower coverage limit would be affected by price changes. The following sec-
tion describes the empirical strategy for estimating the effect of insurance coverage through

behavioral biases, using those recipients not affected by price changes.

3.4 Empirical Strategy
3.4.1 The Overall Effects of Insurance Coverage

The empirical strategy throughout this study is based on an RD design. In this section, a
simple RD design is used to initially estimate overall effects of insurance coverage on long-
term care utilization, which includes both responses to price changes (“price effects”) and
behavioral biases associated with insurance coverage (“behavioral effects”). Section 4.2 then
describes how a “switch” in insurance coverage is used to isolate behavioral effects.

First, to estimate recipients’ responses to various generosity of insurance coverage, I

ITFor example, family members of the recipient have to leave home urgently for a couple of days, and the
recipient utilizes additional short-stay services.

18For example, one-stage lower coverage of Care level 3 is Care level 2.

19Recipients’ needs for long-term care tend to increase as they get older, so there are a relatively small
number of recipients whose care-needs level is changed to lower levels.
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implement an RD design exploiting thresholds of the standardized care time that generate
discontinuous changes in the monthly coverage limits. Figure 3.3 illustrates the relationship
between standardized care time and coverage limits. There are five thresholds at 32, 50, 70,
90, and 110 minutes, and these thresholds change the coverage limit by 5,470 (4+109.3%),
2,924 (+17.5%), 7,315 (+37.3%), 3,875 (+14.4%), and 5,259 (+17.1%) units respectively.
The relationship between standardized care time and coverage limit is not deterministic
because recipients’ care-needs level could be altered by the Certification Committee. Thus I
exploit these thresholds as instruments for the generosity of insurance coverage.

Given a particular threshold, I only use recipients whose standardized care time is in one
of the two neighboring care-needs levels separated by the threshold. The effect of insurance

coverage on long-term care utilization at each of the five different thresholds is:

Utilization; = af + °Coveragey + fC(Caretimey) + Xuy© + €u, (3.1)

where Utilization; is the long-term care utilization of recipient ¢ in year-month ¢ measured
by monthly total units. ** Coverage; is the generosity of insurance coverage (coverage limit)
and Caretime;; is a standardized care time, which is a running variable. The covariates in
X, include age, gender, coinsurance rate, and the hypothetical care times of each category
of assistance which together are used to calculate standardized care time. f¢(-) is a set of
functions of standardized care time specified below. The parameter of interest is 5¢, which

indicates the effect of a one-unit increase in insurance coverage on long-term care utilization.?!

20An adjustment is required to accurately reflect service utilization, as the number of units of same day
care service could be higher at upper care-needs levels because of the higher price of these services. To
address this, units of day care services are normalized using a price of Care level 1 as a baseline. Hereafter,
the measure of long-term care utilization refers to this adjusted data. The effect of price changes in day
care on long-term care utilization is assumed to be negligible because price changes across care-needs levels
is fairly small (approximately 10%).

21For the 32 and 50 minute thresholds, an ambiguity in the sorting procedure of recipients into either
Support level 2 or Care level 1 could present a challenge in the interpretation of the estimated responses
to insurance coverage. If standardized care time is between 32 and 50 minutes, relatively healthy recipients
are allocated to Support level 2 while relatively unhealthy recipients are assigned to Care level 1. In the
estimation for the threshold at 32 minutes, the demand of Support level 1 is compared with that of Support
level 2 around the threshold. Therefore, recipients just above the threshold might not be comparable to
those just below the threshold because the recipients just above the threshold might be “overly healthy” due
to the sorting procedure. The summary statistics show that healthy recipients tend to require less long-term
care than unhealthy recipients, and so the estimated responses could be biased downward at the 32 minutes
threshold. Similarly, recipients just below the threshold at 50 minutes could be “overly unhealthy” compared
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All parameters are indexed by a threshold ¢ because they are estimated separately for each
threshold.

The first-stage regression is:

Coveragey, = af + Bi1{Caretime;, > Cutoff } + f5(Caretimey) + Xu s + €ir, (3.2)

where Cutoff denotes one of the cutoff values of standardized care time which separates
neighboring care-needs level; that is, Cutoff € {32,50,70,90,110} depending on the thresh-
old exploited for the estimation. 1{Caretime;; > Cutoff} is a dummy variable that takes a
value 1 if standardized care time is greater than or equal to a given cutoff value. f§(-) (and
f¢(+) in equation 3.1) is a set of functions of running variable, whose parameters are free to
vary on either side of a given threshold. The function is specified as a linear, quadratic, or
cubic function for parametric estimation.? In addition, a nonparametric local polynomial
regression with robust confidence intervals proposed by Calonico, Cattaneo, and Titiunik
(2014) is also estimated. Standard errors are clustered at recipient level in equation 3.1 and

3.2.

3.4.2 Coverage Changes and Identification of Behavioral Effects

The limitation of the above RD design is that it cannot disentangle whether the overall
effects of insurance coverage are due to behavioral effects or price effects. To examine the
existence of behavioral effects, it is necessary to see whether recipients who do not exhaust
insurance coverage respond to coverage changes as described in section 3.2 (see Figure 3.2).

To identify behavioral effects, I make use of a “switch” in the coverage generosity (includ-
ing both an expansion and a reduction in coverage) caused by a reclassification of recipients’
care-needs levels. Specifically, I use a two-step procedure to narrow down the recipients and
then implement the RD design. First, I focus on recipients whose average monthly utiliza-

tion during any certification term s is lower than 50% of the coverage limit. As discussed in

with those just above the threshold, and so those estimates could be biased downward. However, in both
cases, this would cause the estimates to be conservative and the main implication of the analysis is not
affected by this sorting procedure.

22The same parametric specification is used for both sides of the threshold.
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the section 3.3, this step excludes recipients who exhaust the coverage limit and thus could
be influenced by price effects caused by changes in insurance coverage. Recipients utiliz-
ing services less than 50% of the coverage limit are defined as “low-demand”, while those
whose service utilization is higher than 80% are “high-demand”. T assume that low-demand
recipients are affected by behavioral effects of coverage changes, but not price effects.

In the second step, I further narrow down the low-demand recipients to those whose
standardized care time for the next term s + 1 is in either the same or one stage higher
care-needs level compared with that of term s. Recipients who are switched to an upper
care-needs level and more likely to face a higher coverage limit can be considered a “treatment
group”, while those who remain in the same care-needs level can be considered a “control
group”. With the selected low-demand recipients, the RD design is implemented to estimate
the behavioral effect of an increase in coverage limit (coverage expansion) on long-term care
utilization.

Using low-demand recipients selected through the above procedure, behavioral effects of
coverage expansion is estimated through leveraging each of the five thresholds separately as

in the previous RD design. The causal relationship of interest can be written as:

AUtilizationS;” ! = a° + B°ACoverage™™ + f¢(Caretime;, ) (33)
3.3

+ yCaretimes, + X3¢ + ey,

where AU'tilization};*"" is a change in long-term care utilization of recipient i, which is

calculated as a difference between the monthly utilization at year-month ¢ during the term
s+ 1 and mean monthly utilization during the previous term s (before the reclassification).
AC’ovemgef"("+1 is a change in insurance coverage between s and s + 1 recipient 7 faces. 5¢
is the target parameter and indicates behavioral effects of one-unit coverage expansion on

long-term care utilization.
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The first-stage regression is:

AC’overagef’s+1 = af + Bi1{Caretime;s11 > Cutoff } + f5(Caretime;si1)
+ v;Caretime;s + Xft’sﬂng + 4.
(3.4)

In this model, standardized care time during s+ 1, Caretime;s.1, is a running variable. The
functional specification of f§(-) (and f¢(-)) is the same as the previous model. I control the
standardized care time during previous term s, Caretime;,, in order to compare recipients
who are also similar in past health conditions. The covariates in X;’SH include age, gender,
coinsurance rate, and the hypothetical care times of each category of assistance.

Similarly, by conditioning on high-demand rather than low-demand recipients, I estimate
the effect of coverage expansion on recipients who have exhausted insurance coverage using
the same strategy. High-demand recipients could be affected both behavioral and price
effects, and it is not possible to disentangle these effects among these recipients. Therefore,
the effect on high-demand recipients should be interpreted as a combination of these two
effects.

Another advantage of exploiting coverage changes is that it also allows for estimating the
effect of a “decrease” in coverage limit (coverage reduction). In this case, I focus on recipients
whose standardized care time in the following term s + 1 is in the same or one stage lower
care-needs level compared with that of term s. The estimation for coverage reduction is very

similar to the case of coverage expansion so that I describe the procedure in Appendix B.

Why Not Difference-in-Differences?

Another possible approach to estimating behavioral effects is to exploit an exogenous timing
of coverage changes. The timing of next care-needs certification is predetermined and most
recipients follow the schedule. I could regard low-demand recipients who face coverage
changes at a given timing as a treatment group and those who do not take the care-needs
certification at the same time as a control group and estimate behavioral effects by difference-

in-differences (DID) approach.
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The DID approach, however, has a serious problem for identifying behavioral effects in
this context. Recipients tend to change monthly plans for long-term care utilization at the
timing of care-needs certification even if their insurance coverage does not change. This is
probably because it is a good opportunity for recipients to rethink their monthly utilization
plan. Therefore, changes in utilization at the timing of coverage changes could be due to not
only coverage changes but also a renewed care-needs certification per se. This means that
an exogenous variation of the timing of care-needs certification cannot be used to identify
the effect of coverage changes, needless to say, behavioral effects. In contrast, the above RD
design focuses on recipients after a renewed care-needs certification, which offset its effect

on long-term care utilization and identify behavioral effects due to coverage changes.

3.4.3 Estimation of the Health Consequences of Long-Term Care

Using recipients’ responses to insurance coverage, I estimate the effect of long-term care
utilization on their health outcomes through a 2SLS estimation. Recipients in Support level
can only utilize preventive long-term care while those in Care level utilize regular long-term

care services. The causal relationship of interest can be written as follows:

Health;s41 = af + pUtilization;s + f°(Caretime;s) + Xis s417° + €iss (3.5)

where Health;s.1 is a measure of the health status of recipient ¢ at term s + 1. I use three
different variables as recipient’s health measures: (i) standardized care time calculated at
the beginning of term s + 1, (ii) long-term care utilization during the term s + 1, and (iii)
whether recipients end up entering a nursing home during s + 1. Utilization;s in equation
3.5 is the mean monthly long-term care utilization of recipient ¢ during term s and f°(-) is a
function of standardized care time. Xj; ;41 contains the length of time of term s as well as the
recipient’s characteristics including hypothetical care time of each category of assistance as in
the regressions discussed above. If utilization information is used as outcomes, standardized
care time at s 4+ 1 is included in X, 541 because long-term care utilization is affected by
insurance coverage (care-needs level). The parameter of interest is ¢, which indicates the

health effects of long-term care utilization.
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Because long-term care utilization is an endogenous variable, I use each threshold gen-
erating discontinuous variation in coverage limit as an instrument for it. The first-stage of

2SLS is estimated by the following regression at each of the five different thresholds:

Utilization;s = of + Bg1{Caretime;s > Cutoff } + f5(Caretime;s) + Xis s+175 + €iss  (3.6)

where notations are the same as the previous regressions and 1{Caretime;s > Cutoff} is
an instrument. The functional specification of f§(-) in first-stage is same as f¢(-) in the
second-stage.

It is noteworthy that the estimates represent the short-run health effect of long-term
care utilization. The above 2SLS estimation uses long-term care utilization only during the
first term, s = 1, to focus on the direct effect of long-term care utilization rather than the
accumulated effect from utilization in the past.?®> The average length of the first term is 6.8
months so that the estimated health effect is of different long-term care utilization for half

a year.

3.4.4 Validity Tests for the RD Design

Distribution of the Running Variable and McCrary Test

In this section, I check the validity of the local randomness around thresholds. First, I ex-
amine the smoothness of the distribution of the running variable around thresholds. Figure
3.4 presents the distribution of standardized care time for the baseline sample. Panel (a) of
Figure 3.4 is the distribution for the Support level, which appears fairly smooth around the
thresholds. Panel (b) shows the distribution for the Care level. While there exists a notice-
able jump at just above the thresholds of 50 and 70 minutes, it is relatively smooth around
other thresholds. Appendix Figure 3A.3 shows the distribution for recipients who take their
first care-needs certification and are used to estimate health effects of long-term care uti-
lization. The distribution is similar to Figure 3.4 and smooth except the threshold of 50

minutes. Figure 3.5 shows the distribution after reclassification conditioning on low-demand

23Note that it is impossible to distinguish whether responses to insurance coverage are due to behavioral
effects or price effects in this estimation, because I use long-term care utilization of the first term and cannot
condition on the utilization during the previous term.
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recipients who are used to identify behavioral effects of coverage expansion. Compared with
Figure 3.4, all distributions do not have a visible discontinuity around the thresholds. This
validation test strongly suggests that the local randomness is satisfied in the case of coverage
expansion.

In contrast, the local randomness assumption appears to be violated in the case of cover-
age reduction. Appendix Figure 3A.4 shows the distribution of running variable conditional
on the (modified) low-demand recipients who are used to identify behavioral effects of cov-
erage reduction. The figures clearly show discontinuities at all thresholds. This suggests
that care-needs certification examiners avoid reducing recipients’ insurance coverage, and
the assignment of recipients into either side of the thresholds is not random.

To test the smoothness of the distribution statistically, I conduct the McCrary test (Mc-
Crary, 2008) at each threshold. Panel A and B in Appendix Table 3A.1 present the estimates
of the test with all recipients in the baseline sample and those who take the first care-needs
certification respectively. Panel C shows the estimates of the same test with coverage expan-
sion, which is estimated separately for low-demand, high-demand, and all recipients. Panel
D presents the results for coverage reduction. The test indicates that although some esti-
mates are statistically significant, the discontinuity of the distribution is reasonably small
especially the case where coverage expansion is considered. As Appendix Figure 3A.4 sug-

gests, however, the discontinuity is more significant in the case of coverage reduction.

Covariates Balance Test
Furthermore, I examine whether predetermined recipient characteristics are balanced around

the thresholds. For this analysis, the following parametric equation is estimated:

Yis = a4+ BU{Caretime;s > Cutoff } + f¢(Caretime;s) + €;s, (3.7)

where Y, is the covariate of recipient i during certification term s. Linear and quadratic
specifications are used for f¢(-).
Table 3.4 reports the estimates for B¢ with recipients used for the estimation which

exploits a coverage expansion. The results are presented separately for low-demand, high-
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demand, and all recipients. With a few exception, the estimates are mostly statistically
insignificant, which indicates that the local randomness assumption is reasonably satisfied.
Appendix Table 3A.2 presents ¢ for all recipients in the baseline sample. Except for the
quadratic specification for Support level 1 - 2, the variations of covariates around thresh-
olds are mostly statistically insignificant. Appendix Table 3A.3 presents the estimates for
recipients who take first care-needs certification. These estimates are also statistically in-
significant in most cases. These results indicate that the covariates are well balanced around
each threshold. Appendix Table 3A.4 presents the estimates for the recipients used for
analyzing the response to a coverage reduction. Despite the sharp discontinuity in the dis-
tribution of the running variable around thresholds, the covariates are relatively balanced,
which suggests that the discontinuity could be attributed to unobservable factors.

Overall, the validity test suggests that the RD identification assumption is reasonably
satisfied for estimates of coverage expansion. As far as coverage reduction is concerned,
while observable characteristics are balanced around the thresholds, unobservable factors
could be causing the sharp discontinuities in the distribution of running variable. I thus

regard estimates of coverage expansion as reliable main results for behavioral effects.

3.5 Results
3.5.1 Overall Effects of Insurance Coverage

Before turning to the estimation results, Figure 3.6 plots the relationship between standard-
ized care time, monthly coverage limits, and monthly long-term care utilization. Standard-
ized care time is divided into 1 minute-wide interval (bin) and each hollow circle and triangle
represent the local average of coverage limits within bins for the Care level and the Support
level respectively. Each filled circle and triangle represent the local average of the monthly
long-term care utilization within bins, and a quadratic prediction is fitted on the plots for
each care-needs level. The first thing to notice is that coverage limits discontinuously increase
at all thresholds. This indicates that the thresholds are valid instruments for the generosity
of insurance coverage. In addition, long-term care utilization also increases at all thresholds.

This strongly suggests that insurance coverage significantly affects long-term care utilization
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through price and/or behavioral effects.

Table 3.5 presents the first-stage estimates (f5y in equation 3.2) and the second-stage
estimates (5 in equation 3.1) for the overall effect of insurance coverage at each threshold.
Each column presents the results for a specific polynomial order as well as nonparametric
estimates. The first-stage estimates are positive and statistically significant at all thresholds
regardless of specifications, which confirms the validity of instruments.

The second-stage estimate represents the effect of having more generous insurance cov-
erage by one unit on long-term care utilization. The estimates are positive and statistically
significant at almost all thresholds and specifications. These estimates unambiguously show
that generous insurance coverage increases long-term care utilization. Importantly, despite
only a small fraction of Support level recipients exhausting their insurance coverage, more
generous insurance coverage leads to higher long-term care utilization. This result suggests
that behavioral biases could play a major role in recipients’ responses to changes in insurance
coverage.

The above estimates show the existence of important heterogeneity among recipients who
have different needs for long-term care. First, Support level recipients are less sensitive to
insurance coverage than those in the Care level. One unit increase in the coverage limit
for the Support level increases utilization by around 0.2 units, while that for the Care level
increases utilization by 0.5 to 0.8 units. This difference could be related to the fact that
there are few recipients in the Support level who exhaust their insurance coverage, and thus
these recipients are not affected by price effects. Second, even among Care level recipients,
the effect of insurance coverage tends to grow larger as the care-needs level becomes higher.
This trend supports the prediction that the more recipients who exhaust their insurance

coverage, the larger the price effect will be.

3.5.2 Behavioral Effects of Coverage Expansion

The estimation results in the previous section suggest that behavioral biases could play a
key role in recipients’ responses to changes in insurance coverage. The results also make
clear the necessity of excluding price effects in order to identify behavioral biases, because

the strength of price effects significantly affects long-term care utilization. In this section,
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the effect of a coverage expansion on long-term care utilization is estimated for three types
of recipients: low-demand, high-demand, and all recipients. As in the previous section, the
main outcome variable is monthly long-term care utilization.

Figure 3.7 plots the change of the utilization for low-demand recipients to see whether
coverage expansion affects long-term care utilization through behavioral effects. As explained
in section 3.4.2, the estimation for each threshold uses a different set of recipients. Thus
the plots around each threshold are presented by separate panels. Note that recipients to
the right of the threshold are more likely to face coverage expansion. This figure presents
significant behavioral effects and also their notable heterogeneity among recipients with
different health status. Panel (a) - (c¢) in the figure indicate that the utilization of low-
demand recipients clearly responds to the expansion of insurance coverage. The salience of
this response strongly suggests that recipients with relatively low needs for long-term care are
affected by behavioral effects. In contrast, Panel (d) and (e) indicates that recipients with
severe health conditions show little or no visible behavioral biases associated with insurance
coverage. Appendix Figure 3A.5 presents the plots of the changes in utilization for high-
demand recipients. Although the plots tend to be sparse because of the relatively small
sample size, the long-term care utilization by high-demand recipients is seen to be affected
by the expansion of insurance coverage. These responses are consistent with the prediction
of the moral hazard. Appendix Figure 3A.6 presents the plots using all recipients regardless
of previous utilization. It shows that coverage expansion increases long-term care utilization
at all thresholds, reflecting both behavioral and price effects.

Table 3.6 presents estimates of the effect of one-unit coverage expansion on long-term
care utilization. For each threshold, the estimates of low-demand recipients and that of
high-demand recipients are presented separately. The (1) - (8) columns show the estimates
and standard errors of each specific polynomial order as well as nonparametric estimates.
The first-stage estimates for coverage expansion are given in Appendix Table 3A.5, which
shows the validity of instruments.

The estimation results shed light on some important aspects of behavioral biases associ-
ated with coverage expansion. First, a coverage expansion significantly increases long-term

care utilization through behavioral effects for those with relatively low demand for long-term
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care. The estimates for low-demand recipients in Support level 1- 2, Care level 1 - 2, and 2 -
3 are around 0.2 - 0.3 and statistically significant. This result shows that these recipients are
affected by the coverage expansion even when they do not face effective price changes. The
interesting thing is that the estimates are almost identical among the three groups, which
implies that the larger the coverage expansion is, the more low-demand recipients increase
their long-term care utilization. This is consistent with the prediction of anchoring effects
and heuristic thinking which are introduced as potential sources of behavioral effects.

Second, the magnitude of behavioral effects gradually decreases as recipients’ care-needs
level gets higher. The behavioral effects for recipients in Care level 3 - 4 is positive but not
statistically significant. In the case of recipients with the highest need for care (Care level 4
- 5), the estimates are relatively noisy and insignificant. Although the insignificance could
be due to less statistical power, these results may suggest that recipients with a high need
for care are not affected by behavioral effects. For instance, recipients could be more serious
about making care plan when their needs for long-term care are high. In this case, recipients
are already using long-term care necessary for their lives, and they have little incentives to
increase the services unless their utilization is constrained by a coverage limit. However, it
is beyond the scope of this study to pin down the exact mechanisms of the heterogeneity of
behavioral effects.

Third, estimates for high-demand recipients are statistically significant in almost all cases
and the magnitudes are generally larger than those of behavioral effects. This strong reaction
of high-demand recipients makes sense because the demand of these recipients is constrained
by the full price for services beyond the insurance coverage. As oppose to low-demand
recipients, estimates for high-demand recipients vary among different care-needs levels, with
estimates at low care-needs levels tending to be larger than those at high care-needs levels. A
one-unit expansion in insurance coverage increases long-term care utilization of high-demand
recipients by around 0.6 - 0.8 units at low care-needs levels (Support level 1 - 2 or Care level
1 - 2) while it increases only 0.3 - 0.6 units at high care-needs levels. One interpretation
of these results is that recipients who exhaust their insurance coverage at low care-needs
levels are very rare and these exceptional recipients could have demand for the services well

beyond the insurance coverage.
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Fourth, except for Care level 3 - 4 and 4 - 5, estimates for all recipients are close to those
of low-demand recipients. As shown in the summary statistics as well as the sample size
of this estimation, a large portion of recipients uses long-term care services at a sufficiently
lower level than the coverage limit, especially those with low care-needs levels. Therefore,
the overall effect of insurance coverage can be mainly attributed to behavioral effects. By
contrast, the estimates of Care level 3 - 4 and 4 - 5 indicate that the overall effect of insurance

coverage for these recipients can be attributable to both behavioral and price effects.

3.5.3 The Health Consequences of Long-Term Care Utilization

For estimating health effects of long-term care, I use the thresholds of standardized care
time which create discontinuous variation in insurance coverage as instruments. Appendix
Table 3A.6 presents estimates of the first stage effect of insurance coverage on long-term care
utilization. The focus of this analysis is health effects of long-term care utilization during the
first certification term. The estimates show that the instruments have statistically significant
effects on long-term care utilization for recipients with relatively low needs for long-term care
(Support level 1 - 2, Care level 1 - 2 and 2 - 3), while the effects are statistically insignificant
for those with high needs for long-term care (Care level 3 - 4 and 4 - 5). These results
are consistent with the estimates for behavioral effects as shown in Table 3.6. Therefore, in
terms of the health effects, I focus on recipients in Support level 1 - 2, Care level 1 - 2 and
2 - 3. Note that recipients in Support level utilize preventive care while those in Care level
utilize regular long-term care.

Table 3.7 presents OLS and 2SLS estimates of the health consequences of long-term care
utilization using standardized care time as a health outcome. Note that the positive values
of the estimates imply a negative health effect of long-term care because the standardized
care time reflects the recipient’s greater need for long-term care. OLS estimates suggest
that both preventive care (Support level) and regular care (Care level) could have a slightly
negative effect on a recipient’s health. The 2SLS estimates also tend to have a positive value
(a negative effect), with estimates even larger than those of OLS for those with low needs
for care. However, the significance of these 2SLS estimates depends on the specification,

and the estimates are insignificant in many cases. Therefore, it is appropriate to conclude
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that, for both preventive and regular care, there are few short-run effects of long-term care
on health outcomes.

Validity tests of the RD design suggest a manipulation that care-needs certification ex-
aminers avoid assigning recipients to lower care-needs level. It is then possible that recipients
just above the threshold could be more likely to get higher standardized care time at next
term than those just below the threshold, regardless of long-term care utilization. In other
words, the exclusion restriction of the instrument might be violated when standardized care
time is used as a health outcome. It is therefore important to check the health effects using
different outcome variables. Table 3.8 presents OLS and 2SLS estimates of the health effects
of long-term care, using long-term care utilization during the term s + 1 (Utilizationsq)
and whether recipients end up entering a nursing home during s + 1 as health outcomes.
The results are consistent with those using standardized care time as health outcomes. Al-
though OLS estimates indicate significant negative health effects of long-term care, the 2SLS
estimates are mostly insignificant except the case where long-term care utilization is used as
outcome for Care level 2 - 3. These results reinforce the argument that, for both preventive
and regular care, there are little health effects of long-term care in the short run.

There are some empirical limitations on estimating the health consequences of long-term
care in this setting. First, the effect of different types of long-term care such as home care
and day care cannot be identified because there is only one instrument. Hence the estimates
should be interpreted as the collective effect of all different types of long-term care services
on health outcomes. Second, due to data limitations, it is beyond the scope of this study
to estimate health effects of total long-term care that includes both long-term care services
and informal care. Some previous studies have argued that informal care can be considered
as a substitute for formal long-term care service (see Mommaerts, 2018 for example). These
studies suggest that the change in long-term care utilization might be larger than that in
total care because the change in utilization could be partially made up by informal care.
Therefore, the above estimates should be interpreted as an upper bound of the health effects

attributed to the total amount of care a recipient receives.
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3.6 Discussion
3.6.1 Asymmetric Response to Insurance Coverage Expansion and Reduction

From a policy perspective, it is important to understand recipients’ responses to both cov-
erage expansion and reduction, because either policy could be implemented depending on
the policy objective. If the effect of coverage reduction is not exactly the opposite to that
of coverage expansion, then it would be misleading to simply extrapolate the estimates of
coverage expansion to the case of coverage reduction.?® The asymmetric response can po-
tentially become an issue especially when behavioral effects are considered. For example,
the psychological concept of the endowment effect predicts that individuals are less likely to
reduce services they are using than increase them.?® As shown by the validity test in section
3.4.4, the estimates for coverage reduction are likely to be confounded by unobservable fac-
tors. Nevertheless, given the important policy implication of this issue, I discuss behavioral
responses to a coverage reduction and their differences from those of coverage expansion in
this section. Because covariates balance test shows that observed covariates are fairly bal-
anced around thresholds, I believe that the estimated impact of coverage reduction can be
trustworthy to some extent.

Appendix Table 3A.7 and 3A.8 reports the first-stage and the second-stage estimates for
the coverage reduction respectively. Appendix Table 3A.7 shows that the instruments are
statistically significant and valid. I find that the coverage reduction affects long-term care
utilization asymmetrically with coverage expansion. Most importantly, behavioral effects
of coverage reduction are far smaller than those of coverage expansion, and the estimates
are not statistically significant in most cases. In contrast, a coverage reduction significantly
decreases the service utilization of high-demand recipients through price effects, because the
coverage reduction would expose these recipients to a much higher price of services outside
their coverage region.

This asymmetric response to coverage expansion and reduction leads to important policy
implications. Since low-demand recipients do not respond to coverage reduction, the over-

all effect of a reduction in coverage tends to be smaller than that of coverage expansion.

2For example, lizuka and Shigeoka (2019) uses variation of patient cost-sharing for children and shows
that the response to price changes in opposite directions is not asymmetric.
25See Kahneman, Knetsch, and Thaler (1991) for details of the endowment effect.
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Therefore, even if policymakers attempted to constrain service utilization through coverage
reduction, the impact might be smaller than expected from the estimates of coverage expan-

sion.

3.6.2 The Influence of Care Manager

Anchoring effects and heuristic thinking have been discussed as potential sources of behav-
ioral biases due to coverage changes. However, in the context of LTCI, the practice of the
care manager could also affect the utilization of long-term care, including that of low-demand
recipients. This section discusses the influence of care managers and argues that the anchor-
ing effect and heuristic thinking are more plausible causes of the response of low-demand
recipients.

The interpretation of behavioral effects is not reliable if care managers propose a prede-
termined selection of services to recipients based on care-needs levels, so insurance coverage
itself does not affect long-term care utilization. Care managers have specialized knowledge
about long-term care and play an important role when recipients make a care plan. There-
fore, low-demand recipients might be affected more by the predetermined care plan proposed
by a care manager than by insurance coverage. Although it is impossible to rule out the
influence of the care manager, the responses of low-demand recipients strongly suggest that
insurance coverage itself has a significant effect. The estimation results in Table 3.6 show
that the larger the coverage expansion is, the more low-demand recipients increase their
long-term care utilization as long as behavioral effects are statistically significant. The con-
sistency between recipients’ responses and the degree of coverage expansion demonstrates
the influence of insurance coverage. If only care managers affected service utilization, then
a larger expansion in insurance coverage would not necessarily lead to more significant re-

sponses.

3.6.3 Aggregate Impact of Behavioral Effects

The significance of behavioral effects and the fact that a large proportion of recipients do
not exhaust insurance coverage suggest the importance of taking into account behavioral

biases in the design of insurance. To quantify the aggregate impact of behavioral effects,
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I calculate the impact of a hypothetical policy on long-term care costs with and without
behavioral effects based on a “back-of-the-envelope” calculation.

One of the policy issues of LTCI is that some recipients exhaust insurance coverage and are
considered to not being able to receive long-term care services enough to fulfill their needs.
Therefore, 1 consider the policy of expanding all recipients’ insurance coverage by raising
their care-needs levels by one-stage (except Support level 2 and Care level 5). Following
the estimation procedure so far, I divide recipients by whether their utilization is more than
80% of coverage limits. ?® The estimates from Table 3.6 are used as the effect of coverage
expansion on low-demand and high-demand recipients. Because the estimates vary with
specifications, I calculate both the upper and lower bounds of aggregate impact by using
the largest and smallest estimates. In choosing the estimates of behavioral effects, those
exhibiting negative values are excluded because they could be affected by the inappropriate
functional specification. Recipients as of January 2017 are used for the calculation.

Appendix Table 3A.9 presents how much the coverage expansion would increase long-
term care costs both in the municipality and national level.?” When only high-demand
recipients are considered, the coverage expansion increases total long-term care costs by 2
- 4%. However, the impact on low-demand recipients are much larger than high-demand
ones: the same coverage expansion increases the total costs by 7 - 11% through behavioral
effects. This means that if policymakers make a prediction of the policy impact based only
on those who could be affected by price effects, the increase in long-term care costs would be
predicted as less than one-third of “real” increases which include behavioral effects. Given
the total cost of home-based long-term care at the national level amount to 371 billion JPY
(3.71 billion USD), the consequences of misguided prediction would lead to sizable social

costs.

26 Although I define low-demand recipients as those whose utilization is lower than 50% of coverage limits
in the estimation, I change the criterion to 80% for completeness of this analysis.

2"To calculate the policy impact at the national level, I assume that the distribution of long-term care
utilization in each care-needs level is the same as those of the municipality I used for the estimation. The
total cost of home-based long-term care at the national level comes from the estimate of the Ministry of
Health, Labour and Welfare.
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3.7 Conclusion

This paper explores the effect of insurance coverage on long-term care utilization and its
health consequences. In particular, I estimate the impact of behavioral effects that might
induce recipients to respond to changes in insurance coverage even when the price they face
does not change. The institutional setting of LTCI in Japan permits the implementation of
an RD design to estimate the effect of changes in insurance coverage on the long-term care
utilization of recipients with different health conditions. To identify behavioral effects, this
study focuses on recipients who do not exhaust their insurance coverage and estimate the
effect of coverage expansion on the service utilization of these low-demand recipients. Also,
the health consequences of long-term care utilization are estimated by using the thresholds
as instruments.

The estimation results indicate that behavioral effects are the main causes of recipients’
responses to changes in insurance coverage. For recipients with relatively low needs for long-
term care, a one-unit expansion in coverage increases long-term care utilization by about
0.3 units through behavioral effects, with price effects for these recipients about twice as
large. Overall effects of coverage expansion strongly reflect the magnitude of behavioral
effects because a majority of recipients do not exhaust their insurance coverage and are only
influenced by behavioral effects rather than price effects. For recipients with high needs
for long-term care, however, behavioral effects are not statistically significant and only price
effects affect their long-term care utilization. This heterogeneity in behavioral effects suggests
that the magnitude of psychological biases could depend on an individual’s health condition.
The estimates for health effects indicate that long-term care utilization has little effect on
health, at least in the short run.

The findings of this paper highlight the importance of taking into account non-standard
decision-making frameworks in the analysis of social insurance policies. An optimal social
insurance policy should reflect the total cause including both price and behavioral effects of
the responses to changes in insurance coverage. I show that decision-makers are significantly
influenced by behavioral biases even when they face relatively simple static decision-making.
This suggests that behavioral biases might be prevalent in many public policy settings. To

predict the impact of behavioral biases on public policy, it is useful to find specific mecha-
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nisms for these biases. Although I presented some potential mechanisms, it is beyond the
scope of this study to identify exact mechanisms and quantify their relative importance. In
terms of health effects, it is also important to quantify the effect of long-term care utilization
on the health of family members, as the utilization could affect the provision of informal care

by the family. These can be interesting avenues for future research.
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Figure 3.1: The Utilization Process of Long-Term Care Services under the LTCI
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Figure 3.2: The Response to Insurance Coverage due to Moral Hazard
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Notes: This figure illustrates a recipient’s response to changes in insurance coverage due to moral hazard.
Blue and red lines are budget constraints with different coverage region. Individual H alters her demand for
long-term care (z;, and z;) according to a switch of coverage generosity. In contrast, Individual L does not
respond to the change in coverage, because she does not face any change in economic environments including
price. Thus, based on standard theory, individuals whose long-term care utilization is sufficiently lower than
coverage limit should not respond to changes in insurance coverage.
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Figure 3.3: Standardized Care Time and Monthly Coverage Limit
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Notes: This figure illustrates the relationship between standardized care time and monthly coverage limit.
The green line represents the coverage limits for the Support level, and the blue line represents those for the
Care level.

74



Figure 3.4: Distribution of Standardized Care Time (All Recipients)
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level (Panel (b)). The distribution is constructed using all recipients in the baseline sample. The bin width

is 1 minute of standardized care time.

Standardized care time

1)



Figure 3.5: Distribution of Standardized Care Time (Coverage Expansion, Low-Demand)
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Notes: This figure presents the distribution of standardized care time for each care-needs level. The distri-
bution is constructed using the low-demand recipients after the reclassification of care-needs levels (either
the same or one-stage higher level). The bin width is 1 minute of standardized care time.
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Figure 3.6: Coverage Limit and Long-Term Care Utilization
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Notes: This figure presents the relationship between coverage limit and long-term care utilization using the
baseline sample. I divide standardized care time into 1 minute-wide interval (bins) and each hollow circles
and triangle represents a local average of coverage limit for Care level and Support level respectively. Each
filled circle and triangle represents a local average of a monthly total unit of long-term care utilization within
bins and a quadratic prediction is fitted on the plots for each care-needs level.
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Figure 3.7: Changes in Long-Term Care Utilization (Coverage Expansion, Low-Demand)
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Notes: This figure presents the effect of expanding insurance coverage on long-term care utilization using
low-demand recipients who end up being either the same or one stage worse after the reclassification. I
divide standardized care time into 1 minute-wide interval (bins) and each plot represents a local average of
changes in monthly long-term care utilization before and after the reclassification. I plot the local average
for both the Support level (Panel (a)) and the Care level (Panel (b)-(e)) and a quadratic prediction is fitted
on the plots for each care-needs level.
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Table 3.1: Category of Assistance
and Range of Time Length

Category of assistance

Range of time length (minutes)

Eating 1.1-714
Transferring 04-214
Toileting 0.2 -28.0
Hygiene 1.2 -24.3
Housework 0.4 -11.3
Dementia 5.8 —21.2
Exercise 0.5-154
Medical care 1.0 - 37.2
Standardized care time 10.6 — 230.6

Table 3.2: Monthly Coverage Limits
for Each Care-needs Level

Care-needs level

Standardized care time

Coverage cap (unit)

Support level 1 25.0 - 31.9 5,003
Support level 2 32.0 - 49.9 10,473
Care level 1 32.0 —49.9 16,692
Care level 2 50.0 — 69.9 19,616
Care level 3 70.0 — 89.9 26,931
Care level 4 90.0 — 109.9 30,806
Care level 5 >110.0 36,065
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Table 3.3: Summary Statistics

Support level Care level
Baseline sample level 1  level 2 level 1 level 2 level 3 level 4 level 5
) 2) 3) (4) (5) (6) (7 (8)
A. Demographics
Age 81.2 81.4 81.4 81.7 81.5 82.1 82.2 82.0
Woman 0.60 0.67 0.70 0.61 0.60 0.58 0.59 0.59
20% coinsurance 0.13 0.11 0.10 0.12 0.11 0.11 0.10 0.09
Change of care-needs level 0.05 0.00 0.06 0.07 0.01 0.09 0.09 0.07
Obs. (Recipient) 49,248 9,204 10,294 20,121 16,395 11,858 10,026 6,412
B. Care-needs certification
Standardized care time 55.7 27.1 35.8 39.3 55.6 e 97.9 123.5
Eating 7.5 3.5 3.5 5.2 6.7 8.4 11.5 28.5
Transferring 6.1 0.7 2.1 2.4 5.1 11.0 17.1 17.6
Toileting 7.0 0.3 1.7 1.8 6.0 14.3 21.1 22.5
Hygiene 8.9 2.2 5.8 6.3 9.8 13.6 16.7 18.2
Housework 6.8 4.6 5.5 7.2 7.9 8.2 8.4 6.1
Dementia 6.8 5.8 5.9 6.5 7.5 7.9 7.0 6.9
Exercise 6.3 6.0 6.7 5.7 6.4 5.8 6.7 7.6
Medical care 5.8 4.0 4.6 4.2 5.1 5.9 9.1 16.1
Obs. (Recipient x Term) 132,881 18,605 20,845 32,552 23,530 15,808 12,807 8,734
C. Long-term care utilization
Total expenditure per month (JPY) 105,120 25,078 43,259 73,615 105,681 167,705 207,286 262,789
Total unit per month 10,657 2,345 4,068 7,443 10,803 17,165 21,191 26,977
Home care 2,738 714 881 1,647 2,301 3,694 6,037 10,393
Day care 3,927 920 1,660 3,273 4,050 6,967 7,084 6,731
Home-visit nursing care 639 60 177 396 598 769 1,331 2,763
Rehabilitation 1,032 212 638 1,079 1,410 1,399 1,381 918
Exceed coverage limit 0.09 0.05 0.03 0.05 0.11 0.14 0.18 0.24
Monthly coverage limit (unit) 5,003 10,473 16,692 19,616 26,931 30,806 36,065
Obs. (Recipient x Month) 1,313,343 163,854 187,264 335,340 261,823 166,438 119,183 79,441

Notes: This table shows summary statistics for LTCI recipients who are analyzed in this study: recipients
who utilize long-term care services between June 2012 and March 2018. The first column shows statistics
for all recipients regardless of care-needs levels. The rest of the columns present statistics for recipients
who belong to specific care-needs level separately. Note that recipients could be categorized into different
care-needs levels for several care-needs certifications. Hence, the sum of recipients of each care-needs level
is not equal to the number of total recipients (first column).
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Table 3.4: Covariates Balance Tests (Coverage Expansion)

All recipients

Low-demand recipients

High-demand recipients

Linear Quadratic Linear Quadratic Linear Quadratic
Coef. SE Coef. SE Coef. SE Coef. SE Coef. SE Coef. SE
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Support level 1 - 2
Age 0.069 (0.330) 1.627*** (0.613) -0.140  (0.383) 1.072 (0.712) -0.814 (1.106) -0.198 (1.741)
Female 0.000 (0.020) -0.093** (0.040) 0.006  (0.025) -0.074 (0.049) 0.056  (0.069) -0.159 (0.123)
20% coinsurance -0.001 (0.011)  0.056** (0.022) -0.008 (0.015) 0.030  (0.028) -0.020 (0.043) 0.172** (0.075)
Observation 10,903 7,112 847
Cluster 5,631 4,039 538
Care level 1 - 2
Age 1.046*%** (0.271) 1.530%** (0.397) 0.769** (0.347) 1.381*** (0.505) 0.812  (0.833) 0.959 (1.254)
Female -0.021  (0.016) -0.002 (0.024) -0.037*  (0.021) 0.001  (0.031) -0.028 (0.045) 0.058 (0.067)
20% coinsurance 0.011  (0.009) 0.026* (0.014) 0.004  (0.013) 0.016  (0.019) 0.018 (0.021) 0.063** (0.032)
Observation 14,806 9,366 1,730
Cluster 10,454 7,136 1,354
Care level 2 - 3
Age 0.515  (0.434) 0.535  (0.666) 0.638  (0.726) 0.154  (1.079) 0.375 (0.778) 2.506** (1.247)
Female 0.031  (0.024) 0.018  (0.036) 0.037  (0.038) 0.064 (0.058) 0.026  (0.043) 0.041 (0.066)
20% coinsurance -0.024* (0.012) -0.044** (0.020) -0.052*** (0.020) -0.014 (0.023) -0.016 (0.026) -0.039 (0.036)
Observation 8,240 3,586 2,310
Cluster 6,439 2,934 1,920
Care level 3 - 4
Age -0.572  (0.541) -0.803 (0.796) 2.687**  (1.044) 2.462  (1.508) -1.707** (0.732) -1.964* (1.087)
Female 0.019  (0.028) -0.004 (0.040) 0.005  (0.055) 0.037  (0.078) -0.006 (0.040) -0.012 (0.057)
20% coinsurance -0.005 (0.014) -0.008 (0.020) 0.047  (0.030) 0.030  (0.040) -0.036* (0.020) -0.037 (0.029)
Observation 4,813 1,445 2,075
Cluster 3,867 1,217 1,725
Care level 4 - 5
Age -0.376 (0.659)  -0.026 (0.924)  -1.384 (1.580) -1.254 (2.137) -0.848 (0.869) -0.042 (1.230)
Female 0.015 (0.032) 0.015  (0.047) 0.036  (0.068) 0.103  (0.102) -0.021 (0.043) -0.014 (0.063)
20% coinsurance 0.014 (0.016) 0.019  (0.024) -0.010  (0.033) -0.036 (0.054) 0 .038* (0.021) 0.040 (0.028)
Observation 3,435 815 1,785
Cluster 2,700 686 1,433

Notes: This table shows the estimates of covariate balance tests for the linear and quadratic RD specification
from equation 3.7. These estimation use recipients who are used for analyzing coverage expansion after the
reclassification of care-needs levels. Low-demand recipients are those whose average monthly long-term care
utilization during the previous certification term is less than 50% of a given coverage limit. High-demand
recipients are those whose average monthly long-term care utilization during the previous certification term is
higher than 80% of a given coverage limit. *** p<0.01, ** p<0.05, * p<0.10.
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Table 3.5: The Overall Effects of Insurance Coverage

Linear Quadratic Cubic LPR

Coef. SE Coef. SE Coef. SE Coef. SE Obs. Cluster
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Support level 1 - 2
First-Stage  4,183.6%** (49.9) 3,859.1%** (107.2) 3,491.7%%* (196.7) 3,291.5%** (218.5)
Second-Stage  0.260*** (0.014)  0.290*** (0.027) 0.176%** (0.049)  0.122** (0.058)

339,271 15,646

Care level 1 - 2
First-Stage 2,957.7F%% (22.5) 3,135.6%FF (28.8) 2,990.2%** (34.3) 3,038.4*%** (38.7)
Second-Stage  0.550%** (0.043)  0.524*** (0.057) 0.566*** (0.080) 0.614*** (0.109)

549,574 28,607

Care level 2 - 3
First-Stage 5,947.5%F% (54.7)  5,729.2%%F (92.8) 5,360.7*** (133.7) 5,193.8%** (161.7)
Second-Stage  0.459*** (0.037)  0.533%** (0.056) 0.477%** (0.082)  0.447*** (0.094)

398,238 22,848

Care level 3 - 4
First-Stage 3,101.0%** (39.5) 3,080.6*** (56.8) 2,965.0%** (75.4) 2,856.6%** (104.1)
Second-Stage  0.522*%** (0.097)  0.455%** (0.141) 0.542*%** (0.189) 0.427  (0.263)

274,045 18,801

Care level 4 - 5
First-Stage 3,942.4%*%*% (57.5) 3,687.9%FF (87.3) 3,630.3%F* (120.2) 3,619.0%** (123.2)
Second-Stage  0.607*** (0.108) 0.726*** (0.156) 1.051*%** (0.207) 1.003*** (0.224)

189,281 14,371

Notes: This table presents the first-stage estimates of 5§ in equation 3.2 and the second-stage estimates of 3¢ in
equation 3.1. The first to sixth columns represent the estimates for different specification of fy(Caretime;;) and
f(Caretime;;): linear, quadratic and cubic respectively. The seventh and eighth columns shows the nonpara-
metric local polynomial regression (LPR) estimates using the robust confidence intervals proposed by Calonico,
Cattaneo, and Titiunik (2014). *** p<0.01, ** p<0.05, * p<0.10.
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Table 3.6: The Effects of Coverage Expansion on Long-Term Care Utilization

Linear Quadratic Cubic LPR
Coef. SE Coef. SE Coef. SE Coef. SE Obs.  Cluster
(1) (2) 3) (4) (5) (6) (M) (8) (9) (10)
Support level 1 - 2
All recipients 0.235%%* (0.013)  0.242*** (0.021) 0.289*** (0.031) 0.221*** (0.062) 110,120 5,631
Low-demand 0.202*** (0.014)  0.205*** (0.023)  0.237*%** (0.035) 0.171*** (0.057) 71,747 4,039
High-demand 0.528%*%* (0.060) 0.574*** (0.087) 0.678*** (0.122)  0.732** (0.300) 8,548 538
Care level 1 - 2
All recipients 0.321%%* (0.046)  0.345*** (0.065) 0.328*** (0.083) 0.339*** (0.106) 192,276 10,454
Low-demand 0.252*** (0.056)  0.328*** (0.079) 0.316%** (0.102) 0.407*** (0.125) 121,190 7,136
High-demand  0.682%** (0.182)  0.596** (0.263)  0.413 (0.321)  0.247 (0.397) 22,236 1,354
Care level 2 - 3
All recipients 0.250*%** (0.036)  0.211*** (0.054) 0.237*** (0.075) 0.307*** (0.093) 110,245 6,439
Low-demand 0.184*** (0.054)  0.260*** (0.080)  0.241** (0.110)  0.273** (0.138) 55,524 3,231
High-demand 0.323%*%* (0.079) 0.186  (0.121) 0.319%  (0.176) 0.370  (0.230) 28,225 1,920
Care level 3 - 4
All recipients 0.504*** (0.106)  0.517*** (0.147) 0.494*  (0.190) 0.198 (0.241) 63,109 3,867
Low-demand 0.230  (0.196) 0.453  (0.279) 0.218  (0.363) -0.460 (0.470) 20,085 1,217
High-demand 0.700%** (0.161)  0.561*** (0.216) 0.488* (0.279) 0.281 (0.269) 25,902 1,725
Care level 4 - 5
All recipients 0.170*  (0.098) 0.223  (0.152) 0.297  (0.208) 0.441* (0.266) 43,881 2,700
Low-demand 0.005 (0.235) -0.377  (0.369) -0.617  (0.495) -0.659  (0.665) 10,760 686
High-demand 0.355%** (0.129)  0.487** (0.202)  0.609** (0.282)  0.690** (0.308) 22,016 1,433

Notes: This table presents the second-stage estimates of 8¢ in equation 3.3. The first to sixth columns represent
the estimates for different specifications of f(Caretime;;): linear, quadratic and cubic respectively. The seventh
and eighth columns show the nonparametric local polynomial regression (LPR) estimates using the robust
confidence intervals proposed by Calonico, Cattaneo, and Titiunik (2014). Low-demand recipients are those
whose average monthly long-term care utilization during the previous certification term is less than 50% of a
given coverage limit. High-demand recipients are those whose average monthly long-term care utilization during
the previous certification term is more than 80% of a given coverage limit. *** p<0.01, ** p<0.05, * p<0.10.
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Table 3.7: The Health Effect of Long-Term Care Utilization (1)

2SLS

OLS Linear  Quadratic = Cubic LPR Obs.
(1) (2) (3) (4) (5) (6)

Preventive care

Support level 1 - 2 0.0000 0.0001  0.0010  0.0027  0.0028 4,879
(0.0001) (0.0008)  (0.0014)  (0.0026) (0.0026)

Regular care

Care level 1 - 2 0.0004%** 0.0013  -0.0050  -0.0018  0.0000 5,515
(0.0001) (0.0016)  (0.0189)  (0.0027)  (0.0060)

Care level 2 - 3 0.0006+** 0.0010  0.0015  0.0006  0.0019 3,140
(0.0001) (0.0012)  (0.0010)  (0.0009) (0.0017)

Notes: This table presents the estimates of 5¢ in equation 3.5 using standardized care time at the
beginning of the term s + 1 as a health outcome. The first column represents the OLS estimates
and second to fifth columns represent the 2SLS estimates. The 2SLS estimates are separately pre-
sented for different specifications of f(Caretime;;): linear, quadratic, cubic and LPR representing
nonparametric local polynomial regression estimates using the robust confidence intervals proposed
by Calonico, Cattaneo, and Titiunik (2014). In the case of OLS, f(Caretime;;) is linear. Standard
errors in parentheses under each estimate. *** p<0.01, ** p<0.05, * p<0.10.
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Table 3.8: The Health Effect of Long-Term Care Utilization (2)

Utilization Nursing home
2SLS 2SLS (x10%)
OLS Linear Quadratic Cubic LPR OLS (x10%)  Linear Quadratic Cubic  LPR Obs.
1) (2) (3) (4) (5) (6) (7 (8) 9) (10) (11)
Preventive care
Support level 1 - 2 0.882%*%* -0.060 0.261 0.463 -0.192 0.014%** -0.002 -0.008 0.020 0.015 4,879
(0.053) (0.244)  (0.420) (0.719)  (0.823) (0.003) (0.010)  (0.017)  (0.030) (0.036)
Regular care
Care level 1 - 2 0.877*** 0.509 -0.052 0.321 -0.894 0.012%%* 0.016 0.003 -0.022 -0.086 5,515
(0.017) (0.342)  (1.590) (0.533)  (2.054) (0.001) (0.018)  (0.069)  (0.031) (0.110)
Care level 2 - 3 0.816***  0.550% 1.052%** 0.773*** (.840%** 0.011%*%* -0.001 0.005 0.002 0.005 3,140
(0.019) (0.294)  (0.229) (0.214)  (0.320) (0.001) (0.017)  (0.013) (0.012) (0.018)

Notes: This table presents the estimates of 3¢ in equation 3.5 using utilization or whether to enter a nursing
home as a health outcome. The first to fifth columns represent the estimates for the case of using long-term care
utilization as a health outcome. The sixth to tenth columns represent the case of whether to enter a nursing
home. The first and sixth columns represent the OLS estimates and other columns represent the 2SLS estimates.
The 2SLS estimates are separately presented for different specifications of f(Caretime;): linear, quadratic, cubic
and LPR representing nonparametric local polynomial regression estimates using the robust confidence intervals
proposed by Calonico, Cattaneo, and Titiunik (2014). In the case of OLS, f(Caretime;) is linear. Standard
errors in parentheses under each estimate. *** p<0.01, ** p<0.05, * p<0.10.
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Appendix for Chapter 3
Appendix 3A: Figures and Tables

Figure 3A.1: Out-of-Pocket Expenditures as a Function of Total Expenditures
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Notes: This figure presents monthly out-of-pocket expenditures as a function of monthly total
expenditures in the case where the coinsurance rate is 10 percent. One unit of long-term care
services is approximately 10 JPY (0.1 USD).
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Figure 3A.2: Distribution of Monthly Long-Term Care Utilization
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Notes: This figure shows the distribution of monthly long-term care utilization for each care-needs
level. The red vertical lines indicate the monthly coverage limits.
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Figure 3A.3: Distribution of Standardized Care Time (First Certification)
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Notes: This figure presents the distribution of standardized care time for Support level (Panel (a))
and Care level (Panel (b)). The distribution is constructed using recipients who take their first
care-needs certification. The bin width is 1 minute of standardized care time.
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Figure 3A.4: Distribution of Standardized Care Time (Coverage Reduction, Low-Demand)
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Notes: This figure presents the distribution of standardized care time for each care-needs level. The
distribution is constructed using the (modified) low-demand recipients after the reclassification of
care-needs levels (either the same or one-stage lower level). The bin width is 1 minute of standardized

care time.
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Change in monthly utilization (unit)

Figure 3A.5: Changes in Long-Term Care Utilization (High-demand)
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Notes: This figure presents the effect of expanding insurance coverage on long-term care utilization
using high-demand recipients who end up being either the same or one stage worse after the reclassi-
fication. I divide standardized care time into 1 minute-wide interval (bins) and each plot represents
a local average of changes of monthly total units of long-term care utilization within bins. I plot
the local average for both the Support level (Panel (a)) and the Care level (Panel (b)-(e)) and a
quadratic prediction is fitted on the plots for each care-needs level.
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Figure 3A.6: Changes in Long-Term Care Utilization (All Recipients)
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Notes: This figure presents the effect of expanding insurance coverage on long-term care utilization
using all recipients who end up being either the same or one stage worse after the reclassification.
I divide standardized care time into 1 minute-wide interval (bins) and each plot represents a local
average of changes of monthly total units of long-term care utilization within bins. I plot the local
average for both the Support level (Panel (a)) and the Care level (Panel (b)-(e)) and a quadratic
prediction is fitted on the plots for each care-needs level.
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Table 3A.1: McCrary Test

All recipients

Low-demand

High-demand

Est. SE Est. SE Est. SE
(1) (2) (3) (4) (5) (6)
A. Baseline sample
Support level 1 - 2 1.374*%** (0.030)
Care level 1 - 2 0.462*** (0.019)
Care level 2 - 3 0.314*** (0.027)
Care level 3 - 4 0.018  (0.025)
Care level 4 - 5 -0.055  (0.034)
B. First certification
Support level 1 - 2 0.863*** (0.067)
Care level 1 -2 0.366%** (0.049)
Care level 2 - 3 0.166** (0.069)
Care level 3 - 4 0.060  (0.062)
Care level 4 - 5 -0.058  (0.085)
C. Coverage expansion
Support level 1 - 2 1.232%%%  (0.071)  1.308%** (0.001) 1.737%%* (0.296)
Care level 1 - 2 0.035  (0.036)  0.036 (0.047) 0.460%** (0.140)
Care level 2 - 3 L0.008%  (0.056)  -0.043  (0.000)  0.383** (0.153)
Care level 3 - 4 -0.293*** (0.060) -0.328*** (0.116) -0.352** (0.145)
Care level 4 - 5 -0.220%%% (0.082) -0.508*** (0.176)  0.065 (0.138)
D. Coverage reduction
Support level 1 - 2 1.682*%** (0.051)  1.488*** (0.071) 1.859*** (0.073)
Care level 1 - 2 LATAR (0.056)  1.489%** (0.072) 1.919%** (0.122)
Care level 2 - 3 0.891%*%% (0.071)  0.757%%* (0.102) 1.012%** (0.099)
Care level 3 - 4 0.695%%* (0.073)  0.612%** (0.115) 0.750%** (0.094)
Care level 4 - 5 0.413%%% (0.091)  0.267% (0.160) 0.480*** (0.110)

Notes: This table presents the results of the McCrary test. Panel A and B shows the
results for the distribution of standardized care time using all recipients-term and first care-
needs certification respectively. Panel C and D show the results for the distribution after a
reclassification of care-needs levels because this is the timing of estimation for behavioral
effects. The first and second columns show the results for entire recipients. The rest of
the columns show the estimates for low-demand and high-demand recipients separately.
Low-demand recipients are those whose average monthly long-term care utilization during
the previous certification term is less than 50% of a given coverage limit. High-demand
recipients are those whose average monthly long-term care utilization during the previous
certification term is higher than 80% of a given coverage limit. *** p<0.01, ** p<0.05, *

p<0.10.
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Table 3A.2: Covariates Balance Tests (All Baseline Samples)

Linear Quadratic
Coef. SE Coef. SE Obs. Cluster
(1) (2) 3) (4) (5) (6

Support level 1 - 2
Age -0.234  (0.193)  1.007*** (0.356)
Female 0.023  (0.011) -0.070*** (0.023) 38,025 15,646
20% coinsurance 0.001  (0.006) 0.042*** (0.011)
Care level 1 - 2
Age -0.411  (0.163) -0.335  (0.239)
Female -0.031*** (0.008) -0.002  (0.013) 51,367 28,607
20% coinsurance 0.001  (0.005)  -0.003 (0.007)
Care level 2 - 3
Age 0.078 (0.220)  -0.346  (0.337)
Female 0.019 (0.012) 0.011 (0.017) 36,613 22,848
20% coinsurance -0.005  (0.006) -0.019** (0.009)
Care level 3 - 4
Age -0.667*** (0.232) -0.675** (0.336)
Female 0.014 (0.012) 0.021  (0.017) 27,469 18,801
20% coinsurance -0.006  (0.006)  -0.005 (0.009)
Care level 4 - 5
Age 0381 (0.277)  -0.152  (0.389)
Female 0.001  (0.013) -0.001  (0.019) 20,689 14,371
20% coinsurance -0.005  (0.007) 0.004 (0.010)

Notes: This table shows the estimates of covariate balance tests for the linear and
quadratic RD specification from equation 3.7, using all recipients in the baseline
sample. *** p<0.01, ** p<0.05, * p<0.10.
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Table 3A.3: Covariates Balance Tests (First Certification)

Linear Quadratic
Coef. SE Coef. SE Obs.
(1) (2) 3) (4) (%)

Support level 1 - 2
Age 0.239  (0.368)  1.620%* (0.693)
Female 0.037  (0.025)  -0.037 (0.048) 6,535
20% coinsurance 0.020 (0.013)  0.050** (0.025)
Care level 1 - 2
Age S1.857FFE (0.301)  -1.973%F% (0.586)
Female 0.039  (0.022)  0.036  (0.033) 8,465
20% coinsurance 0.013  (0.013) -0.029  (0.020)
Care level 2 - 3
Age 0.187  (0.568)  0.748  (0.862)
Female 0.022  (0.029)  -0.051  (0.044) 5,312
20% coinsurance -0.008  (0.016) -0.011  (0.023)
Care level 3 - 4
Age L0465 (0.584)  -0.090  (0.870)
Female 0.036  (0.030)  -0.035  (0.044) 4,201
20% coinsurance 0.013  (0.017) 0.011  (0.025)
Care level 4 - 5
Age 0.823  (0.691)  -1.363  (1.006)
Female 0.065% (0.034)  -0.043  (0.049) 3,199
20% coinsurance 0.024 (0.019) 0.033  (0.027)

Notes: This table shows the estimates of covariate balance tests for the
linear and quadratic RD specification from equation 3.7, using recipients
who take their first care-needs certification. *** p<0.01, ** p<0.05, *

p<0.10.
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Table 3A.4: Covariates Balance Tests (Coverage Reduction)

All recipients

Low-demand recipients

High-demand recipients

Linear Quadratic Linear Quadratic Linear Quadratic
Coef. SE Coef. SE Coef. SE Coef. SE Coef. SE Coef. SE
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Support level 1 - 2
Age -0.846** (0.379) 0.874  (0.732) -0.295 (0.530) 1.466 (0.926) -1.494*** (0.526) 0.247  (1.021)
Female -0.018 (0.022) -0.117*** (0.045) -0.029 (0.029) -0.152*** (0.060) 0.001 (0.034) -0.077  (0.066)
20% coinsurance 0.021* (0.011) 0.033 (0.022) 0.023 (0.016) 0.023  (0.033) 0.019 (0.015) 0.045 (0.029)
Observation 10,846 4,951 5,895
Cluster 5,576 3,063 3,181
Care level 1 - 2
Age 0.138 (0.474) 0.188 (0.736)  -0.409 (0.524) -0.039  (0.798) 1.584  (1.134) 0.854  (1.879)
Female -0.003 (0.026) 0.001 (0.040) -0.018 (0.029) -0.050  (0.044) 0.035  (0.058)  0.206** (0.093)
20% coinsurance 0.004 (0.014) 0.009 (0.021)  -0.001 (0.016) 0.018  (0.024) 0.022 (0.031) -0.034 (0.042)
Observation 7,248 5,100 2,148
Cluster 5,816 4,194 1,779
Care level 2 - 3
Age 0.065 (0.674) -0.029 (1.043) -1.037 (0.941) -1.815  (1.486) 1.130 (0.975) 1.710 (1.449)
Female 0.055* (0.032) 0.093*  (0.048) 0.047 (0.046) 0.080  (0.070) 0.043 (0.045) 0.090 (0.067)
20% coinsurance -0.010 (0.018) -0.039  (0.026) -0.027 (0.027) -0.039  (0.043) 0.017  (0.022) -0.030 (0.031)
Observation 4,697 2,083 2,614
Cluster 3,759 1,766 2,114
Care level 3 - 4
Age -0.572 (0.541) -0.804 (0.796) 2.078** (0.923) 1.507  (1.344) -1.970*** (0.663) -1.883* (0.981)
Female 0.019 (0.028) -0.004 (0.040) 0.013 (0.049) 0.020  (0.071) 0.022 (0.034) -0.018 (0.049)
20% coinsurance -0.005 (0.014) -0.008 (0.020) 0.046* (0.025) -0.032  (0.017) -0.041** (0.017) -0.012 (0.024)
Observation 4,813 1,790 3,023
Cluster 3,867 1,499 2,479
Care level 4 - 5
Age -0.654 (0.862) 1.326  (1.242) -2.531 (1.692) -0.282  (2.583) 0.135  (0.969) 1.937  (1.340)
Female 0.025 (0.039) 0.089 (0.056)  -0.034 (0.067) -0.110  (0.097) 0.052 (0.048)  0.190*** (0.069)
20% coinsurance -0.014 (0.019) -0.021  (0.030) -0.017 (0.032) 0.025 (0.044) -0.012  (0.024) -0.045 (0.040)
Observation 2,701 897 1,804
Cluster 2,013 706 1,370

Notes: This table shows the estimates of covariate balance tests for the linear and quadratic RD specification
from equation 3.7. These estimation use recipients who are used for analyzing coverage reduction after the
reclassification of care-needs levels. Low-demand recipients are those whose average monthly long-term care
utilization during a previous certification term is less than 50% of a coverage limit of the one-stage lower care-
needs level. High-demand recipients are those whose average monthly long-term care utilization during a previous
certification term is higher than 80% of a coverage limit of the one-stage lower care-needs level. *** p<0.01, **
p<0.05, * p<0.10.
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Table 3A.5: First-Stage Estimates for Coverage Expansion

Linear Quadratic Cubic LPR
Coef. SE Coef. SE Coef. SE Coef. SE Obs.  Cluster
(1) 2) 3) (4) (5) (6) (7 ) 9) (10)
Support level 1 - 2
All recipients 5,098.4*** (43.0)  4,931.8*** (108.2) 4,854.9%** (220.1) 4,602.6*** (409.8) 110,120 5,631
Low-demand 5,107.0%** (55.6)  4,915.1%** (42.8)  4,833.9%** (306.6) 4,415.9%** (327.9) 71,747 4,039
High-demand  4,939.3*** (159.1) 5,018.9%%* (292.1) 5407.0%** (311.5) 5,730.6*** (199.7) 8548 538
Care level 1 - 2
All recipients 2,869.4***  (17.3) 2,901.9%%*  (20.2) 2,858.8%**  (24.7) 2,842.9*** (29.7) 192,276 10,454
Low-demand 2,856.4*** (23.2)  2,878.9%FF (28.9)  2,819.4%** (37.4) 2,801.4*** (45.7) 121,190 7,136
High-demand  2,797.2%%% (57.7)  2,878.0%%* (66.2)  2,884.2%%% (57.5)  2002.8%%* (12.1) 22,236 1,354
Care level 2 - 3
All recipients 6,375.9%** (77.3)  6,118.4*** (139.6) 5,726.9*** (212.1) 5,483.4*** (319.3) 110,245 6,439
Low-demand 6,532.6%** (123.0) 6,368.9%** (216.4) 6,121.5*%** (321.0) 5,966.3*** (479.3) 50,457 2,934
High-demand 5,985.0%** (165.6)  5,747.7*** (288.7) 5,351.4%** (421.9) 5,202.5*** (611.7) 28,225 1,920
Care level 3 - 4
All recipients 3,327.6%** (68.9)  3,285.3*** (102.4) 3,188.9*** (136.0) 3,117.7*** (199.8) 63,109 3,867
Low-demand 3,401.7%** (109.3) 3,449.2%*%* (160.9) 3,432.9%** (223.2) 3,232.5%** (282.7) 20,085 1,217
High-demand 3,257.9%** (108.9)  3,204.1%%* (152.8) 3,056.0*** (194.2) 3,095.3*** (210.1) 25,902 1,725
Care level 4 - 5
All recipients 4,457.5%**  (91.5)  4,252.5%*F*F (145.8) 4,176.3%** (202.1) 4,199.7*** (258.3) 43,881 2,700
Low-demand 4,243.4%** (219.2)  4,006.3*** (343.6) 3,869.5%** (490.4) 3,428.2*** (731.7) 10,760 686
High-demand 4,434.0%** (128.9)  4,220.4%*%* (197.0) 4,178.9%** (262.7) 4,312.8*** (277.1) 22,016 1,433

Notes: This table presents the first-stage estimates of 5§ in equation 3.4. The first to sixth columns represent
the estimates for different specifications of fo(Caretime;;): linear, quadratic and cubic respectively. The
seventh and eighth columns show the nonparametric local polynomial regression (LPR) estimates using the
robust confidence intervals proposed by Calonico, Cattaneo, and Titiunik (2014). *** p<0.01, ** p<0.05, *

p<0.10.
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Table 3A.6: First-Stage Estimates for the Health Effects of Long-Term Care Utilization

Standardized care time Utilization / Nursing home

Linear  Quadratic =~ Cubic LPR Linear  Quadratic Cubic  LPR (Util) LPR (NH) Obs.
1) (2) 3) 4 (5) (6) ) (8) 9 (10)

Support level 1 -2 1,104.9%%% 1 134.7%%% 1,049.8%%* 760.7%%* 1,105.0%%* 1,135.1%%*% 1,050.9%**  706.6**  714.0%* 4,879

(100.4)  (184.6)  (297.5)  (275.6) (100.4)  (184.6)  (297.6) (291.5)  (287.3)

Care level 1 - 2 900.6%** 3224  1,199.9%*%  546.1 875.4%%*  572.6  1,247.6%*%  465.5 588.5 5,515
(264.5)  (402.7)  (552.2)  (688.2) (263.3)  (400.8)  (549.7) (681.6)  (672.8)

Care level 2 - 3 1,541.8%%% 3,063.8%%% 4,180.8%** 2064.2%% 1,482.5%%% 2885 7% 4089.6%** 3,354.2%% 33599%** 3140

(487.2)  (745.2)  (1,022.1) (1,352.1)  (481.4)  (736.7)  (1,010.1) (1,075.8) (1,073.9)

Care level 3 - 4 617.0 -626.3  -2,036.5 -2,162.2 717.0 -567.7  -1,730.8  -1,725.0  -2,167.7 2,257
(669.4)  (985.7)  (1,338.8) (1,395.3)  (638.8)  (940.7)  (1,278.3) (1,316.1) (1,462.2)

Care level 4 - 5 256.2 1108.3  -1,500.7 -2,743.2 428.1 1,450.5 -846.0 -1,384.5  -1,364.0 1,532
(987.1)  (1,413.8) (1,813.0) (2,802.8)  (900.5)  (1,289.7) (1,654.6) (2,146.7) (2,204.3)

Notes: This table presents the first-stage estimates 5§ in equation 3.6. The first to fourth column represent
the estimates for the case of using standardized care time as a health outcome. The fifth to ninth columns
represent the case of utilization or whether to enter a nursing home. Estimates are separately presented for
different specifications of f(Caretime;;): linear, quadratic, cubic and LPR representing nonparametric local
polynomial regression estimates using the robust confidence intervals proposed by Calonico, Cattaneo, and
Titiunik (2014). The eighth and ninth columns represent the estimates of LPR for the case of utilization and
nursing home respectively. Standard errors in parentheses under each estimate. *** p<0.01, ** p<0.05, *
p<0.10.
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Table 3A.7: First-Stage Estimates for Coverage Reduction

Linear Quadratic Cubic LPR
Coef. SE Coef. SE Coef. SE Coef. SE Obs.  Cluster
(1) 2) ®3) (4) (5) (6) (7 (8) (9) (10)
Support level 1 - 2
All recipients -2,575.9%%* (136.6) -2,141.7%%* (264.4) -1,689.6*%** (455.8.7) -2,361.8*** (614.9) 109,026 5,576
Low-demand -3,092.4%*%* (186.0) -2,781.9%** (378.2) -1,997.1*%%* (643.7)  -2,512.1%** (438.5) 50,115 3,063

High-demand ~ -2,019.0%%* (194.7) -1,507.0%** (359.6) -1,597.4*** (621.5)  -1,593.5%** (606.7) 58,911 3,181

Care level 1 - 2

All recipients 22,911.0%%%  (28.9)  -3,093.0%%* (36.7)  -2,928.2%%*  (43.7)  -2,983.7*%* (47.1) 101,012 5,816
Low-demand -2,038.0%**  (33.2)  -3,064.8%F* (41.4) -2,915.5%%F  (47.8) -2,961.1%**  (50.8) 71,773 4,194
High-demand -2,848.6%**  (59.4)  -3,173.7%** (82.5)  -2,997.3%%* (103.4) -3,119.0%** (106.5) 29,248 1,779

Care level 2 - 3

All recipients -3,007.7FF% (219.0)  -2,252.0%%*% (316.5) -1,802.5%%*% (410.1)  -1,720.4%%* (503.3) 66,433 3,759
Low-demand ~ -3,944.8%%* (290.9) -3,282.1%%* (447.3) -3407.1%** (610.7)  -2,897.6*** (716.1) 30,475 1,766
High-demand  -2,002.9%** (308.9) -1,152.1%** (402.8) 2317  (470.5) -626.3  (501.3) 35958 2,114

Care level 3 - 4

All recipients -1,569.1%%* (130.2) -1,359.3%%* (190.0) -1,104.4%** (245.3)  -1,134.7%%% (291.1) 44,911 2,609
Low-demand  -2,020.1%%* (187.9) -1,522.3%** (275.8) -1,423.0%%* (367.1)  -1,512.1%%* (474.7) 19,555 1,149
High-demand ~ -1,222.8%%% (177.5) -1,240.7%%* (257.0)  -863.0%%*  (326.2) 817.3  (376.0) 25356 1,528

Care level 4 - 5

All recipients -1,232.8%%% (195.2)  -1,200.4%%* (277.6) -1,134.0%** (362.5) 23902 (462.2) 36,574 2,013
Low-demand  -1,696.8%%* (334.7) -1,685.4%%* (538.8) -1,104.3** (698.2) -1,336.3 (883.5) 12,582 706
High-demand S988.6%F%  (257.5)  -1,142.4%FF (323.6) -1,274.4%%F  (421.7)  -1,200.3%*%*% (391.2) 23,992 1,370

Notes: This table presents the first-stage estimates of 8§ in equation 3B.2. The first to sixth columns represent the

estimates for different specifications of fo(Caretime;;): linear, quadratic and cubic respectively. The seventh and
eighth columns show the nonparametric local polynomial regression (LPR) estimates using the robust confidence
intervals proposed by Calonico, Cattaneo, and Titiunik (2014). *** p<0.01, ** p<0.05, * p<0.10.
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Table 3A.8: The Effects of Coverage Reduction on Long-Term Care Utilization

Linear Quadratic Cubic LPR

Coef. SE Coef. SE Coef. SE Coef. SE Obs. Cluster
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Support level 1 - 2

All recipients 0.228%** (0.033) 0.175*** (0.086) 0.510*** (0.199) 0.270 (0.213) 109,026 5,574
Low-demand 0.066*** (0.026) 0.018  (0.059) -0.138 (0.161) 0.007 (0.080) 50,115 3,063
High-demand 0.528*** (0.055) 0.520*%** (0.154) 0.997*** (0.302) 0.861 (0.241) 58,911 3,181

Care level 1 - 2

All recipients 0.192%%* (0.063)  0.120 (0.094)  0.119 (0.134) 0.105 (0.157) 101,012 53816
Low-demand 0.208*** (0.060) 0.127  (0.088) -0.006 (0.119) 0.020 (0.133) 71,773 4,194
High-demand 0.284  (0.205) 0.394  (0.322) 0.950*** (0.471) 0.806 (0.539) 29,248 1,779

Care level 2 - 3

All recipients 0.142 (0.109)  0.230 (0.219)  0.402 (0.360) 0.732* (0.506) 66,433 3,759
Low-demand 0.057  (0.093) 0.157  (0.161) 0.119 (0.204) 0.241 (0.240) 30,475 1,766
High-demand 0.404 (0.273) 0.692 (0.713) 5204 (9.947) 3.875 (3.294) 35,958 2,114

Care level 3 - 4

All recipients 0.381  (0.240) 0.240  (0.483) 0.188 (0.818) -0.089 (0.945) 44,911 2,609
Low-demand 0.174  (0.256) 0.368  (0.482) 0.121  (0.671) 0.186 (0.695) 19,555 1,149
High-demand 0.733  (0.502) 0.326  (0.813) 0.309 (1.632) -0.747 (2.048) 25,356 1,528

Care level 4 - 5

All recipients -0.779% (0.469)  -0.584 (0.647)  -1.450 (1.010) -4.903 (3.182) 36,574 2,013
Low-demand -0.941 (0.502) -1.396% (0.825)  -2.447 (1.957) -2.735 (2.052) 12,582 706
High-demand ~ -0.648 (0.741)  -0.135 (0.848) -1.068 (1.013) -0.329 (1.030) 23,992 1,370

Notes: This table presents the second-stage estimates of 3¢ in equation 3B.1. The first to sixth columns
represent the estimates for different specifications of f(Caretime;;): linear, quadratic and cubic respectively.
The seventh and eighth columns show the nonparametric local polynomial regression (LPR) estimates using
the robust confidence intervals proposed by Calonico, Cattaneo, and Titiunik (2014). Low-demand recipients
are those whose average monthly long-term care utilization during the previous certification term is less
than 50% of a given coverage limit. High-demand recipients are those whose average monthly long-term care
utilization during the previous certification term is more than 80% of a given coverage limit. *** p<0.01,
** p<0.05, * p<0.10.
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Table 3A.9: The Impact of Counterfactual Policy on Long-Term Care Costs

High-Demand Low-Demand
Lower Upper Lower Upper

(1) 2) 3) 4)

$0.34 million $0.72 million $1.13 million $1.80 million
(2.06%) (4.37%) (6.80%) (10.86%)

Notes: This table presents the expected increase in long-
term care costs due to the counterfactual policy which ex-
pands all recipients’ insurance coverage by one-stage (except
Support level 2 and Care level 5). The values in parenthesis
represent the percentage rises of the total cost of home-based
long-term care through price or behavioral effects. The up-
per and lower bound are calculated by using the largest and
smallest estimates in Table 3.6 respectively, excluding those
with a negative value. The approximation of 1 unit = 0.1
USD is assumed for the calculation.
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Appendix 3B: Estimation for a Coverage Reduction

When recipients face a coverage reduction, they are influenced by price effects if their
service utilization is higher than the one-stage lower coverage limit. Therefore, the first step
focuses on recipients whose average monthly utilization during a given term s is lower than
80% of the one-stage lower coverage limit. As explained in the summary statistics section,
80% is set here as the criterion rather than 50% in order to ensure sufficient statistical power
due to the relatively low number of LTCI recipients whose coverage falls over time. This
set of modified low-demand recipients is further narrowed in the second step to those whose
standardized care time in the following term s + 1 is in the same or one stage lower care-
needs level compared with that of term s. The causal relationship of interest is the same as

equation 3.3:

AUtilization;” ' = a° + B°ACoverage* ™ + f¢(Caretime;sy,) (3B.1)
3B.1
+y°Caretime;s + X350 4 ey,

The first-stage regression is:

s,5+1

ACoverage;” " = af + Bgl{Caretime;s;1 < Cutoff } + f§(Caretime;si1)

+ y5Caretime;s + X;’Hlng + it
(3B.2)

where 1{Caretime;s,; < Cutoff} is a dummy variable that takes value 1 if standardized
care time is less than a given cutoff value. Other notations and functional specifications
are the same as the estimation for coverage expansion. Thus ¢ in equation 3B.1 indicates
behavioral effects of coverage reduction on long-term care utilization. As in the case of
coverage expansion, I estimate the regression with high-demand recipients and with entire
recipients to make comparisons between responses due to behavioral biases and economic

incentives.
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Chapter 4

The Impact of Manipulation of Social

Insurance Benefits

4.1 Introduction

Many social welfare programs rely on the means test to target individuals who need govern-
ment assistance. For example, Medicaid and other welfare programs in the United States
use income, asset, and non-financial criteria to determine whether a particular individual
is eligible for the program. These means test results are high-stakes for disadvantaged in-
dividuals because their lives could strongly be affected by welfare programs. The reliance
on high-stakes means test leads to concerns about the manipulation of test results. If there
is room for discretion in the means test, the government might manipulate test results and
discretionary make certain individuals eligible for the program for political gain or other
reasons. The discretionary manipulation of the means test is not only unfair but also affect
policy effectiveness of welfare programs; the individuals judged eligible for welfare programs
under manipulation should be different from the ones expected by the policy rules. To prop-
erly measure the impact of welfare programs, it is important to understand the extent to
which a given policy scheme induces manipulation of the means test and how it affects policy
effectiveness.

In this paper, we examine the impact of manipulation of social insurance benefits in the

context of the public long-term care insurance system (LTCI) in Japan. LTCI is a means-
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tested social insurance program that is designed to provide disabled elderly with subsidies
for long-term care (LTC). A means test in LTCI is based on an individual’s health status,
the degree to which the person needs for LTC, rather than economic status. Applicants
for LTCI subsidy take health checkups and have health index called standardized care time
(SCT) calculated. In determining eligibility and generosity of LTCI benefits, SCT plays a
key role. Applicants whose SCT is higher than a certain threshold are eligible for LTCI, and
eligible applicants are classified into one of seven categories (care-needs levels) divided by
other thresholds that determine LTCI benefits. The generosity of LTCI benefits is mainly
characterized by a monthly coverage limit which sets the monthly maximum spending on
home-based LTC services that can be covered by insurance. Due to the coverage limit, recip-
ients’ LTC utilization is strongly affected by their care-needs level. Importantly, recipients
have to regularly retake the health checkups and they are classified into particular care-needs
level each time based on newly calculated SCT.

We first document large scale manipulation of SCT by showing clear discontinuity and
bunching in the distribution of SCT conditional on the previous care-needs level. Specifi-
cally, the conditional distributions suggest that LTC investigators manipulate SCT to avoid
assigning recipients into a lower care-needs level than the previous term. Figure 4.1 presents
one of the examples of conditional distributions which indicate the existence of manipulation.
It is a distribution of SCT conditional on recipients whose previous SCT was between the
indicated area. If SCT is lower than the threshold indicated by the red line, the care-needs
level (coverage limit) of these recipients will be lowered from the previous level. The dis-
tribution has a discontinuity just at the threshold, and the number of recipients who below
the threshold is much smaller than those above it. The distributions conditional on other
care-needs levels exhibit the same property. This suggests that recipients who would other-
wise have fallen into lower care-needs levels are classified into higher levels by manipulation
of SCT.

We then quantify the extent to which the manipulation of SCT increases aggregate LTC
expenditure. To do this, we need to recover the counterfactual distribution of SCT without
manipulation and compare observed and counterfactual aggregate expenditure. In the previ-

ous bunching literature, a common method of constructing counterfactual distribution is to
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fit a particular polynomial to the observed distribution, excluding manipulable range around
the threshold, and extrapolate the fitted distribution to the manipulable range. The main
problem of this approach is that when the manipulable range is wide, we have to extensively
extrapolate the fitted distribution based on a narrow range of observed distribution. Both
extensive extrapolation and narrow range of parametric fitting undermine the validity of
counterfactual distribution. This problem is especially common when the threshold provides
discrete changes in the level of choice set (“notches”) and induce strong behavioral responses.
As shown in Figure 4.1, manipulation of SCT covers a wide range and the same problem
applies.

To address this issue, we develop a novel methodology to partially identify and esti-
mate the counterfactual distribution of SCT without manipulation. Our method imposes
general shape restrictions such as log-concavity and stochastic dominance on counterfactual
distribution without assuming any particular functional forms. Under the set of distribution
satisfying the shape restrictions, we can identify the upper and lower bound of expected LTC
expenditure based on the counterfactual distribution of SCT. We also propose a consistent
estimator for these bound. By comparing the observed expenditure and counterfactual ones,
we can consistently estimate the bound of the impact of manipulation on LTC expenditure.

The estimation for the manipulation effects shows that the manipulation of SCT signif-
icantly increases LTC expenditure even with the most conservative estimates. The lower
bound of the estimate indicates that the manipulation increases annual LTC expenditure by
629 USD per recipient, which is equivalent to a 3 percent increase. The bound estimates
show that the upper bound is much higher than the lower bound: the upper bound indi-
cates that the increase in LTC expenditure due to the manipulation amounts to 2,393 USD.
Therefore, the manipulation effects could be four times larger than the lower bound. The
difference between upper and lower bound suggests that it is important to partially identify
counterfactual distribution for SCT rather than point identify with restrict assumptions. Us-
ing the narrower manipulable range make the bound estimate narrow, but the lower bound
is robust to the change in manipulable range.

Empirically, this paper contributes to the literature that analyzes the discretionary

decision-making in public policies. Camacho and Conover (2011) and Brollo, Kaufmann,
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and La Ferrara (2019) examine the causes and consequences of discretionary enforcement of
welfare program in Colombia and Brazil, respectively. They demonstrate that, in developing
countries, politicians strategically manipulate the enforcement of welfare programs for polit-
ical interests. Outside welfare programs, the manipulation of test scores by school teachers is
also a well-studied topic. Diamond and Persson (2017) and Dee, Dobbie, Jacob and Rockoff
(2019) use bunching method to detect score manipulation and quantify the impact of ma-
nipulation on children’s future outcomes. In contrast, few studies analyze the manipulation
of means-tested welfare programs in developed countries despite its importance. We show
that the means-test of LTCI in Japan is extensively manipulated not to lower recipients’
LTCI benefits, despite little political or financial benefits to those who conduct the means
test. This result suggests that the manipulation of means test could be prevalent even in
developed countries.

Our study also related to the growing literature on the bunching approach. In the past
decade, the bunching approach developed by Saez (2010), Chetty, Friedman, Olsen, and
Pistaferri (2011), and Kleven and Waseem (2013) has been applied to various topics. The
key idea of this approach is to exploit bunching around points at which incentives change
discontinuously, such as “kinks” and ‘“notches”, to observe behavioral responses and estimate
the structural parameter. For example, Saez (2010) and Chetty et al. (2011) use bunching
at kink points of taxable income to estimate taxable income elasticity. While the bunching
approach has gained much popularity in many fields, some recent studies pointed out its
un-identifiability of the parameter of interest. Blomquist, Newey, Kumar, and Liang (2019)
and Bertanha, McCallum, and Seegert (2019) independently demonstrate that the elasticity
is not point-identified using kinks when individual heterogeneity is unrestricted. The un-
identifiability is attributed to the fact that the counterfactual distribution without bunching
is not observable. When individual heterogeneity is flexible and counterfactual distribution
is not point identified, the amount of bunching and parameter of interest are not point
identified, either.

The advantage of our method is that we can partially identify counterfactual distribution
with flexible shape restrictions tailored to various applications. The most relevant study in

this respect is Bertanha et al. (2019), which proposed a partial identification strategy that
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bound the slope of counterfactual probability density function (PDF) by imposing Lipchitz
continuity. Although we use log-concavity and stochastic dominance as shape restrictions
for counterfactual PDF, we can impose Lipchitz continuity or other conditions instead if
needed. This flexibility indicates that our method can apply to a variety of bunching anal-
yses. In practice, the reasonable restrictions on counterfactual distribution varies among
situations. Our method allows researchers to impose shape restrictions flexibly according to
their bunching analyses.

This paper proceeds as follows. Section 4.2 introduces institutional background of LTCI
in Japan. Section 4.3 documents a bunching in the distribution of SCT which indicates the
manipulation of LTCI benefits. Section 4.4 describes the administrative data and its sum-
mary statistics. Section 4.5 proposes partial identification strategy using shape restrictions
and nonparametric estimation method. Section 4.6 shows estimation results. Section 4.7

concludes.

4.2 Institutional Background

The long-term care insurance system in Japan (LTCI) was launched in April 2000 to address
growing needs for public long-term care services due to the rapid aging of the population.
The government subsidizes various long-term care (LTC) services through the insurance so
that eligible recipients can choose and use necessary services with a moderate out-of-pocket
payment. The LTCI is a mandatory social insurance system and a person need to be aged
65 or older to receive the LTCI benefits.

The generosity of the LTCI benefits depend on how much each recipient needs for LTC.
That is, the more LTC a recipient needs, the more generous benefits she can receive. The
purpose of such a system is to prevent relatively healthy people from overusing services while
ensuring that sufficient services are available to those who need them. In the case of home-
based care, the generosity of the LTCI benefits is mostly characterized by that of monthly
coverage limits. Recipients can use LTC services with 10 or 20 percent of prices up until
the coverage limit, after which they have to pay full price of the services. Due to the salient
price difference between within and outside of coverage limit, LTC utilization is strongly

influenced by the generosity of coverage limits (Takahashi, 2019).
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In determining the generosity of the LTCI benefits, the health index called standardized
care time (SCT) plays key role. SCT summarizes how much a recipient needs for LTC.
It is calculated for each recipient through face-to-face health checkups, and it is used to
classify recipients into specific category which has corresponding benefits. Therefore, SCT
determines the generosity of the LTCI benefits, and consequently affects recipients’ LTC uti-
lization. The following describes the generosity of the LTCI benefits, how SCT is calculated,

and how people use LTC services under the LTCI.

Generosity of the LTCI Benefits

In the LTCI, the generosity of insurance benefits depend on the degree of necessity of LTC of
each recipient. Specifically, there are seven categories called care-needs levels which determine
insurance coverage and available services. Care-needs levels consist of Support level 1 and 2,
and Care level 1 - 5 in ascending order of needs for LTC. The broad categories of “Support
level” and “Care level” determine LTC services available to recipients. Recipients who are
classified as Care level are allowed to use a wide range of LTC services, while those classified
as Support level can only use services mainly focusing on preventive care.

Each care-needs level within the broad categories determines the generosity of insurance
coverage, and recipients who have a relatively severe condition are supposed to be entitled to
more generous coverage. The insurance coverage of LTCI for home-based care is characterized
by monthly coverage limits.! Recipients pay only 10 or 20 percent of full price of LTC up
until the coverage limit, after which they have to pay full price of services.? Table 4.1 presents
the coverage limit for each care-needs level expressed as a total unit value for LTC services.
One unit is approximately 10 JPY, or about 0.1 USD. As Table 4.1 shows, the more care

recipients need, the more generous coverage limit they can get.

Care-Needs Certification

As described above, SCT plays deterministic role in classifying recipients into specific care-

'In this paper, the terms “insurance coverage” and “coverage limit” are used interchangeably.

2The 20 percent coinsurance, introduced in 2015, applies to those with total annual income of more than
1.6 million JPY (16K USD), and that of first-insured family members is more than 3.46 million JPY (34.6K
USD), or 2.8 million JPY (28K USD) for a single-person household).
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needs level. It is calculated through detailed health checkups called care-needs certification.
People who want to use LTC services under the LTCI must apply to the local government
and take the health checkups.

Care-needs certification is based on a nationally-standardized face-to-face survey which
is conducted by a trained investigator (the LTC investigator). The LTC investigator first
checks 74 items about the applicant’s physical and mental conditions related to LTC. Based
on the results of the health checkup, a special formula is used to generate “hypothetical care
times” for eight categories of assistance. Table 4.2 lists the possible time ranges for each
category. The sum of these care times is the SCT, which indicates how much LTC is needed
for the applicant. The longer the SCT is, the more an applicant is considered to need LTC.

Then applicants are tentatively assigned to a corresponding care-needs level based on the
calculated SCT. Table 4.1 presents a range of SCT and corresponding care-needs level. After
the tentative assignment, a committee consisting of physicians, nurses, and other health and
social service experts (the Certification Committee) assesses whether the SCT appropriately
reflects the applicant’s needs for LTC. The Certification Committee reassigns the applicant
to the proper care-needs level if needed. Although a reassignment is possible, care-needs
level (and corresponding generosity of LTCI benefits) is mostly determined by SCT.

To accommodate changes in LTC needs, recipients are required to take care-needs certifi-
cation regularly and are reclassified into a different care-needs level if necessary. In principle,
the first care-needs certification is valid for a half year and the following certification is valid
for one year. Recipients need to retake the care-needs certification before the term expires to
continue using LTCI services. Hereafter, I call “certification term” or “term” for representing

each valid term of the care-needs certification.

Long-Term Care Utilization

Recipients who use home-based care prepare a monthly usage plan (“care plan”) given a
coverage limit and available services determined by the SCT (care-needs level). They usually
create care plan with the help of qualified specialists of LTC (“care manager”), which allows
them to choose their services from a wide variety of options. Thus LTC utilization is a joint

decision of a recipient, family members, and care manager.
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As discussed in Takahashi (2019), the care-needs level to which recipients are assigned
have a significant impact on the LTC utilization through multiple factors. First, recipients
have a strong incentives to keep their utilization below the coverage limit due to the higher
prices outside the coverage. If recipients are assigned to a lower care-needs level, their
utilization are constrained by a lower level of coverage limit. Second, even if recipients do
not face an effective price change due to coverage limit, they could respond to a change in
their care-needs level. Takahashi (2019) shows that recipients who use only less than half
the coverage limit significantly increase LTC utilization when their care-needs level (and
coverage limit) rise. This could be explained by a behavioral hazard of decision-makers
such as anchoring effects and/or heuristics. Overall, recipients’ LTC utilization is strongly
affected by the care-needs level regardless of their utilization level. In the later section, we

will show to what extent the assignment of care-needs level affects LTC utilization.

4.3 Motivating Facts: Manipulation of the LTCI Benefits

One of our main dataset is LTCI administrative data on care-needs certification. The most
important information in this dataset is each recipient’s SCT, which is used for assigning
recipients to a specific care-needs level. This data is available for each certification term, and
contains a breakdown of how the final SCT was calculated (that is, it provides a hypothetical
care time for each category of assistance) as well as other information related to care-needs
certification such as the start and end dates of each certification term. The available sample
period of this data is from June 2012 to March 2018.

As described in the previous section, recipients of the LT CI are required to take care-needs
certification at the beginning of each certification term. We present notable reclassification
pattern under repeated care-needs certification. Figure 4.2 shows distribution of recipients’
SCT conditional on previous care-needs level. For instance, Panel (a) is the distribution
of SCT conditional on those whose previous care-needs level is Care level 2. All of these
distribution have a sharp discontinuity at a certain level of SCT. These discontinuities are
unique characteristics of distribution conditional on previous care-needs level. Figure 4.5
presents the distribution of SCT calculated in the first certification. In contrast to the

conditional distributions, the distribution of SCT calculated in the first certification has
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little discontinuity except threshold at 50. Our analysis thus focuses on the conditional
distribution and reclassification of care-needs levels.

It is important to note that the position of discontinuities in the conditional distribution
is exactly consistent with a threshold determining whether recipients can maintain the same
LTCI benefits (including monthly coverage limit) as previous term. In the case of those whose
previous care-needs level is Care level 2, recipients’ care-needs level (and LTCI benefits) is
lowered if their SCT is below 50 minutes. Panel (a) in Figure 4.2 shows that the position
of the discontinuity coincides with the threshold and the number of recipients below the
threshold is much smaller than those above it. In contrast, there is no clear discontinuity at a
threshold determining whether recipients can receive more generous benefits as previous term
(70 minutes in the case of Panel (b)). There exists the same tendency in other distribution.

The discontinuity in the conditional distribution suggests that the SCT is somehow ma-
nipulated to avoid classifying recipients into lower care-needs level than previous term. In
the care-needs certification, recipients are informed of their care-needs level, not their SCT.
Thus if the SCT is manipulated, it is considered to be manipulated by LTCI investigators
who calculate it based on health checkups. The SCT tend not to decreases due to the dete-
rioration of physical and mental ability of the elderly, but the discontinuity of distribution
cannot be explained by itself. Figure 4.3 presents the conditional distribution of SCT where
the previous SCT was normalized to zero. These distributions have no discontinuity so that
the discontinuity in Figure 4.2 should be due to the thresholds.

Although we do not analyze the specific motivation of LTCI investigators to manipulate
the SCT, there could be several possible reasons. First, LTCI investigators might want to
guarantee that recipients can continue to use the services they have been using. If recipients’
care-needs level and generosity of LTCI benefits are lowered, some recipients have to give up
some LTC services to meet new benefit level. LTCI investigators may manipulate SCT and
give recipients same LTCI benefits as before to prevent recipients from reducing services.

Second, LTCI investigators could have some psychological resistance to reducing recipi-
ents’ care-needs level per se. Figure 4.4 shows that the distribution of the SCT conditional
on recipients whose LTC utilization during the previous term is less than coverage limit

of a lower care-needs level. These recipients do not have to give up their services even if
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they are assigned to a lower care-needs level. Nevertheless, there are clear discontinuities at
the thresholds of the distribution, which clearly shows the manipulation of the SCT. This
suggests that LTCI investigator try to avoid a lower care-needs level for reasons other than
the reduction of recipients’ LTC utilization. As shown in Figure 4.5, the SCT distributions
conditional on the first certification (therefore no previous SCT) have little discontinuity.
Therefore we focus on the distribution conditional previous care-needs level in the following
analysis.

The object of this paper is to quantify the impact of manipulation of SCT on long-
term are costs. If the manipulation does not exist, the SCT should be distributed smoothly
conditional of previous care-needs levels. In this counterfactual case, the number of recipients
whose care-needs level is lowered would be higher while the number of those whose care-needs
level is same as before would be smaller. As is clear from the previous section, aggregate
expenditure to public LTC services should be increased due to the manipulation because more
recipients could receive generous LTCI benefits and fewer of them receive less generous ones.
In the long run, the effect of manipulation will accumulate as more and more recipients are
assigned into higher care-needs levels through repeated care-needs certification. In this paper,
we propose a new empirical method that generalizes conventional ones used in the literature
on “bunching”, and estimate the upper and lower bound of the impact of manipulation on

aggregate LTC costs.

4.4 Data

LTCI Administrative Data

In this study, we use administrative data on the LTCI from an anonymous local government
near Tokyo. The first dataset is the data on care-needs certification, which contains the
SCT of each recipient. This data is available for each certification term and the available
sample period is from June 2012 to March 2018. It also contains a breakdown of how the
final SCT was calculated (that is, it provides a hypothetical care time for each category of
assistance) as well as other information related to care-needs certification such as the start
and end dates of each certification term.

We also use LTCI claims data to observe recipients’ LTC utilization. This dataset con-
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tains monthly information on LTC utilization for all LTCI recipients in the city as well as
demographic characteristics and eligibility status. The available sample period of this data
is the same as the data on care-needs certification. The claims data provides monthly in-
formation on how much each recipient used and paid for each type of service. It contains
relatively limited information on the demographic characteristics of recipients, providing age
and gender but no information on income and family structure. Its eligibility information
contains the care-needs level, start and end dates of each certification term, coinsurance rate,
and public subsidy eligibility.

The dataset for analysis is constructed by linking the data on care-needs certification
and the claims data, which allows me to associate recipients’ LTC utilization and their
SCT. From this preliminary dataset, several types of recipients were excluded from the
baseline analysis sample. First, I omit recipients whose care-needs level was altered by the
Certification Committee to maintain the relationship between SCT and care-needs level.?
Second, I omit recipients who live in a nursing home, because the coverage limit is applied
only to those who use home-based care. Finally, I omit recipients who receive public subsidies
for LTCI, because these individuals face a different incentive scheme than usual recipients.

The remaining recipients constitute a baseline sample.

Summary Statistics

We show the summary statistics of the baseline sample in Table 4.3. Panel A to D are sepa-
rated based on recipients’ previous care-needs level, and each column represents recipients’
current care-needs level. The first column shows that recipients’ demographic characteristics
are almost identical among care-needs levels in the previous term. Because LTCI is a social
insurance for the elderly population, recipients are relatively old; the mean age of recipients
is around 82 years old. More than half of recipients are women, and the fraction of those
who pay a higher coinsurance rate (20%) is about 10 percent. The first column also shows
that the higher the previous care-needs level, the higher the average current expenditure on
LTC.

All panels show that older recipients are more likely to be assigned to higher care-needs

3About 11% of recipients are omitted by this procedure.
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levels probably because their health conditions are more vulnerable. Other characteristics
such as gender and coinsurance do not vary among current levels. In contrast, LTC expen-
diture monotonically increases as the care-needs level becomes higher. Figure 4.6 presents
the relationship between SCT and monthly LTC expenditure conditional on the previous
care-needs level. The grey area indicates that the previous SC'T was within this range. This
figure shows that the expenditure significantly varies at thresholds separating care-needs
levels. Therefore the manipulation of SCT which move recipients to higher care-needs level

should increase LTC expenditure.

4.5 Empirical Strategy

Our goal is to quantify to what extent the manipulation of SCT increases LTC expenditure.
A central issue is how to construct the counterfactual distribution of SCT without manipula-
tion. Previous literature on bunching assumes a specific functional form such as polynomials
for a counterfactual distribution and constructs it by extrapolating the un-manipulable range
of observed distribution.

Counterfactual distributions constructed by the traditional approach could be unreliable
when the manipulable range of distribution is sufficiently large. In this case, as Kleven
(2016) pointed out, researchers are required to extrapolate over a large range relying on a
narrow un-manipulable range of distribution. The unreasonable extrapolation raises doubts
about the credibility of counterfactual distributions. Figure 4.2 indicates that conditional
distributions of the SCT have exactly the same problem; the SCT could be manipulated
even if it is far below the threshold so that we need a large extrapolation for counterfactual
distribution.

To address this issue, we propose a new method to construct counterfactual distribution
which leads to partial identification of the impact of manipulation. The key to our approach
is to impose shape restrictions on counterfactual distribution without particular functional
forms. This partial identification approach can take into account the statistical error of
extrapolation by a bound of estimates. Equally important, comparing the estimates under a
different set of assumptions can provide a deeper understanding of the association between

the estimates and assumptions we impose.
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4.5.1 Model and Identification

We formulate our empirical strategy based on a conventional program evaluation framework.
Let X be an observed SCT and X may be manipulated. Let X* be a counterfactual SCT in
the absence of manipulation. We define the support of X and X* as X. Following previous
bunching literature, we assume that SCT could be manipulated only in a certain range
around the threshold. In other words, SCT is not manipulated if it is far from the threshold

and outside the manipulatable range. That is, we assume

X=X*"ifXeK, (4.1)

where K C X is an un-manipulatable range far from the threshold while K¢ = X \ K is
manipulable range. When X € K¢ X may not be consistent with X*. In the following
discussion, we assume that K is known. How to set the un-manipulatable range will be
discussed at the end of this section.

We consider the following potential outcome framework. Potential outcomes are indexed
against potential values x of X and denoted by Y (z). For example, Y (z) is monthly expen-
diture to LTC services per recipient given SCT x. Using the above notation, the observed

outcome Y can be expressed as follows:

Y = Y(X). (4.2)

Then, the counterfactual outcome Y* can be written as

Y =Y(X). (4.3)

Hence, the average treatment effect of manipulation is defined as E[Y*] — E[Y]. Because

E[Y] is simply an average of observed outcomes, we focus on identification of §, = E[Y™].
We define the conditional expectation of counterfactual outcomes g(x) = E[Y (z)|X* = z]

for all . For example, g(z) is LTC expenditure conditional on SCT z. Hereafter, we assume

that g(x) is identified for all z. Let fx and fy. denote the PDF of X and X*. Using the
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above notation, ¢, can be expressed as follows:

Hoz/Xg(x)fX*(m)dm. (4.4)

This implies that if fx«(z) is identified for all x we can identify the target parameter 6.

Shape Restrictions on Counterfactual Distribution

We now specify shape restrictions on the counterfactual distribution of SCT. Without re-
strictions, the shape of the counterfactual distribution can be anything and we cannot obtain
any information from observed distribution. We impose the following three restrictions on
a counterfactual PDF fx«(z). The first restriction is that fx«(x) coincides with observed

PDF fx(x) in un-manipulatable range:
fx<(x) = fx(z) forze K. (4.5)

This follows from (4.1) assuming that SCT is not manipulated outside manipulatable range,
and most bunching literature relies on the same type of assumption. Because K¢ is an

interval, the above condition can be rewritten using cumulative distribution functions:
Fx«(z) = Fx(x) forze K, (4.6)

where Fx«(x) and Fx(z) are cumulative distribution functions corresponding to counterfac-
tual PDF fy:(z) and observed PDF fx ().

The second restriction is that fx«(z) is log-concave. A PDF f is log-concave if f(z) =
exp(h(x)) with concave function h. Any log-concave PDF is continuous and single-peaked,
and it includes well-known univariate parametric families such as normal, gamma, and beta
distribution?. This assumption specifies a global shape of the counterfactual PDF which has
no discontinuity and bunching around thresholds. Diamond and Persson (2017) also impose
log-concavity on counterfactual PDF of test score. Because of the wide manipulable range,

it is important to restrict the global shape of distribution to obtain informative bound of

4Gamma(r,\) for A > 1 and Beta(a,b) for a,b > 1 are log-concave.
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counterfactual PDF and target parameters.
The third restriction is that the counterfactual distribution is first-order stochastically

dominated by the observed distribution :
Fx«(x) > Fx(z) for all z. (4.7)

This restriction implies that SCT could be increased, but not decreased by manipulation.
In other words, the true SCT without manipulation could be lower than the observed value
so that the counterfactual PDF of SCT should be shifted to the left of the observed one.
We only impose above shape restrictions on counterfactual PDF and do not assume any
particular functional forms.

The advantage of our method is that various restrictions can be incorporated flexibly.
We use restrictions that are appropriate for our study, but what is appropriate restriction
depends on each application. Our method allows researchers to flexibly impose restrictions
based on institutional background and available information regarding counterfactual dis-
tribution. For example, researchers might want to restrict the slope of counterfactual PDF
rather than restrict its global shape. In this case, researchers can impose Lipschitz continuity
as in Bertanha et al. (2019) instead of log-concavity. The following discussion can be easily

modified based on different restrictions.

Identified Set

Under the shape restrictions specified above, the identified set of un-manipulated distribution

fx+(z) is

Fis = {fe}":/x f(u)du = Fx(z) for z € K,

and /_ Oo Flw)du > Fx () for all :1:} , (4.8)

where F is a parameter space of f and satisfies the following condition:

F C {f: f is alog-concave PDF and supp(f) = X.}. (4.9)
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Note that we implicitly assume that [ f(u)du = 1 from the definition of PDF. Without
parametric specification, there are infinite number of log-concave PDF in Fjg.
For estimation procedure described later, it is useful to summarize the conditions in (4.8)

as a single equation. To do this, we first define the following functional:

—w/ Py (x )|dm—|—(1—w)/ |Fx(z) - Fy()], dr, (4.10)

KC

where Fy(z) = [*__ f(u)du, |a|; = max{0,a}, and w € (0,1). The first term of Q(f) can
be interpreted as a penalty for the discrepancy between the counterfactual and empirical
distributions in the un-manipulatable range K. Similarly, the second term represents a
penalty for violating the assumption that Fy(x) is first-order stochastically dominated by
Fx(z) (F(z) should be larger than Fx(x)) in the manipulatable range K¢. If the un-
manipulability in K and stochastic dominance condition are satisfied, both terms in Q(f) is
zero so that Q(f) is also zero. Therefore, we have another expression for the identified set
using Q(f):

Fis ={f € F: Q(f) =0}, (4.11)

The parameter of interest is 0y in (4.4), the expected expenditure to LTC services under
un-manipulated SCT distribution. 6, can only be partially identified under the shape restric-
tions because the un-manipulated distribution fx-(z) is not point identified. The identified

set Frs provides lower and upper bounds of y:
7= sw [ gla)f(e)ds,

J€s (4.12)

0= inf /g(:z:)f(x)dx

f€FIs

Under given restrictions, 6* is the largest value of the expected average expenditure to LTC

services based on the un-manipulated distribution of SCT. #* is the analogous smallest value.

4.5.2 Estimation

We use sieve estimation methods to estimate 6% and §* following Chen (2007) and Mogstad,
Santos, and Torgovitsky (2018). We first specify a finite dimensional subset of PDF, F,, C F,
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satisfying log-concavity:

F

Sn
{f =exp(h) : h(z) = Zasbf”(x),

and a5 — 2a511 + as0 <0for s=0,1,---,5, —2.}, (4.13)

where n is sample size, b3" is the s-th Bernstein basis polynomial of degree S,, and S,, — oo,
and {as ;9;0 parameterizes functions in F,,. From the property of the Bernstein polynomials,
any functions in F,, are log-concave (Wang and Ghosh, 2012; Diamond and Persson, 2017).

The identified set defined as (4.11) should satisfy the un-manipulability in K and stochas-
tic dominance as well as log-concavity. In estimation, we have to take into account statistical
error related to these restrictions due to finite sample. We can show that the estimator of

Frg can be written as

ﬁm—{fefhw%Qdﬁéjﬁ\ﬁ@Mﬁ+m}, (1.14)

f€Fn

where

Fu(z) — Ff(x)‘ dr + (1 — w)/

KC

Fo(z) — Ff(g;))+ dz, (4.15)

i =u

Ky 1s a tolerance parameter that diverges to +o0o more slowly than \/n, Fy(z) = f_xoo f(u)du,
F), is the empirical distribution function of X. In our estimation, we set w = 0.5. The con-
straints in (4.15) allow for f that come closest to satisfying the restriction in (4.11) up until
a tolerance k,,, instead of making f satisfy the restriction without any error. The first step
of this estimation is to minimize Q,(f) using log-concave PDF to derive inf FeF, VQn(f)
in (4.14).

The next step is to calculate a tolerance parameter x,. In our estimation, we calculate
a tolerance parameter using bootstrap. Let s be an index for simulation of bootstrap and S
be the number of simulation. We calculate empirical distribution Fj using different support

X® C X for each s. Given f* = argming_, \/ﬁQn(f) and its CDF Fy-, we calculate Qfl(f*)
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by replacing F},(z) and Fy(z) in (4.15) with F%(z) and Fy-(x) respectively:

Q3 (f*) = w/ F3(x) — Ff*(x)) dr + (1 — w)/ F3(z) — Fpe () L de. (4.16)
K KC
Then, we specify k,, as follows:
1
k= (Clly = 5 D2 VRQL(S)) x logn, (4.17)
s=1

where C5 and 1/ 3%, /nQ3 (f*) are the 0.9-th quantile and mean of v/nQ,(f*) calculated
by the bootstrap.

It is also necessary to estimate LTC expenditure conditional on SCT, g(x). Let g(z) be
an estimator of g(z) and g(z) is calculated as a predicted value of the following regression

model:

where 1{-} is an indicator function which is equal to one if the statement in parenthesis is
true, and zero otherwise. The specification of g(z) takes into account that LTC expenditure
vary depending not only on SCT x but also on the care-needs level. The indicator function
allows the expenditure to vary by care-needs level. If SCT is between 32 and 50, recipients
are assigned to either Support level 2 or Care level 1, and LTC expenditure is affected by
which category they are assigned. We allocate recipients into one of these two categories
based on the observed assignment probability if x € [32,50].

Then, we estimate 6* and §* with the following optimization problems:

= G da,
filjfi / g(x) f(x)dx

(4.19)
[ / () f(@)da

feFis

The proof of consistency under general condition is provided in Appendix A.
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(Un-)Manipulable Range of Distribution

To implement above estimation, we have to determine the manipulable range of distribution,
K¢, around thresholds determining whether recipients can maintain the same LTCI benefits.
Figure 4.2 shows that when SCT is smaller than the threshold value, it is manipulated to
exceed the threshold value even if it is far from the threshold. This suggests that the start
of the manipulable range should be as far away from the threshold as possible. Therefore,
we assume that the starting point of K is 32, which is the lowest SCT value separating care-
needs levels (Support level 1 and 2). We also assume that SCT is manipulated to maintain
the previous care-needs level, which is equivalent to assuming that the “excess mass” of
conditional distribution is concentrated in the range of previous care-needs level. Therefore,

we specify K¢ as follows:

32,70] if threshold = 50

[
o [32,90] if threshold = 70
K€ = (4.20)
[
[

32,110} if threshold = 90
32,130] if threshold = 110

\

In the case of Care level 5, we set the end point of K¢ as 130 so that the range of excess mass
is same as other care-needs levels. Un-manipulable range, K, is automatically determined
by K.

How to set the manipulable range K¢ could significantly affect the estimates for the
impact of manipulation. We thus use another manipulable range and check how the setting
of K¢ affects the estimates. Because we specify above K¢ as wide as possible, another
manipulable range is set to be relatively narrow. We assume that SCT can be manipulated

to raise care-needs level by one category:

[32,70]  if threshold = 50
I [50,90] if threshold = 70 (4.21)
[70,110] if threshold — 90 '

[

90,130] if threshold = 110
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In this specification, the manipulable range covers only two care-needs levels separated by

the threshold.

4.6 Results

Using the above estimation method, we estimate the upper and lower bound of the impact
of SCT manipulation on LTC expenditure. Specifically, we compare the mean LTC expen-
diture based on the observed and counterfactual distribution of SCT. Figure 4.7 presents
the observed and counterfactual distribution of SCT based on the wide manipulable ranges
specified as (4.20). The solid vertical line indicates the threshold, and two dashed vertical
lines indicate the start and endpoint of the manipulable range. The red and green lines rep-
resent the counterfactual PDF which produces the upper and lower bound of the mean LTC
expenditure. Based on the above estimation method, these log-concave PDF are constructed
so as to be close to the observed PDF in the un-manipulable range, while being first-order
stochastically dominated by the observed PDF in the manipulable range. Because higher
SCT leads to higher LTC expenditure, the upper bound distributions are to the right of the
lower bound ones. Figure 4.7 shows that the upper and lower bound of counterfactual PDF
are relatively close in Panel (a) and (b) while they are widely separated in Panel (¢) and
(d). This suggests that the extensive extrapolation and narrow reliable ranges cause wide
bounds of counterfactual PDF, which is consistent with the discussion in Section 4.5.
Table 4.4 summarizes the impact of manipulation on LTC expenditure based on the wide
manipulable range. Panel A shows the mean monthly LTC expenditure per recipient condi-
tional on the previous care-needs level. The mean LTC expenditure is separately presented
based on the observed PDF and counterfactual ones. The first to fourth columns repre-
sent each previous care-needs level, and the fifth column represents the mean expenditure
un-conditional on the previous level. Regardless of observed and counterfactual PDF, the
LTC expenditure increases as the previous care-needs level get higher. This indicates that
the LTC expenditure is affected by the previous expenditure and health conditions. Our
partial identification and nonparametric estimation approach produce reasonable bounds for
counterfactual LTC expenditure; the upper bound of mean LTC expenditure is higher than
the lower bound one by roughly 10%. It is important to note that even the upper bound
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of counterfactual expenditure is lower than the observed expenditure, which suggests the
manipulation of SCT increases LTC expenditure.

Based on the observed and counterfactual expenditure, we are able to calculate the impact
of manipulation on LTC expenditure. Panel B in Table 4.4 presents the annual expenditure
calculated from the monthly expenditure in Panel A. Based on the annual expenditure,
we then calculate the extent to which the manipulation of SCT increases LTC expenditure
by subtracting counterfactual expenditure from the observed one. Thus the upper bound
of the impact of manipulation is the difference between observed expenditure and lower
bound of expenditure in Panel B, and the lower bound of the impact of manipulation is
the difference between observed expenditure and upper bound of expenditure. The lower
bound of expenditure increase is 629 USD per recipient so that even the most conservative
estimates show that the manipulation significantly increases LTC expenditure. The upper
bound is 2,393 USD, which indicates that the manipulation effects could be four times the
lower bound.

To examine how the setting of (un-)manipulable range affects the estimates, we also
estimate the manipulation effect using the narrow manipulable range specified as (4.21).
Figure 4.8 presents the observed and counterfactual PDF based on the narrow manipulable
range. Due to the relatively less extrapolation and wide un-manipulable range, the upper
and lower bound PDF are closer than the case of using the wide manipulable range shown
in Figure 4.7. The bound of manipulation effect is narrower than in the case of the wide
manipulable range. The lower bound is 658 USD and slightly higher than the estimate from
wide manipulable range, while the upper bound is 1,702 USD and much lower than the
estimate from wide manipulable range. Therefore the lower bound of manipulation effect is
robust to the change in manipulable ranges, and it appears that the manipulation of SCT

increases LTC expenditure by at least around 650 USD annually per recipient.

4.7 Conclusion

We examine the impact of manipulation of social insurance benefits in the context of LTCI
in Japan. The generosity of LTCI benefits is determined by care-needs levels and the LTC

investigator categorizes recipients into a specific level based on health score (SCT). We
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first find a novel discontinuity and bunching in the distribution of SCT conditional of the
previous care-needs level. The conditional distribution indicates that the LTC investigator,
who calculates SCT, manipulate SCT and avoid assigning recipients into the lower care-
needs level. Because the higher care-needs level provides more generous LTCI benefits, the
manipulation is likely to increase LTC expenditure. We quantify the manipulation effect by
comparing LTC expenditure based on observed SCT distribution and counterfactual one.

To construct counterfactual distribution without manipulation, we propose a partial iden-
tification strategy assuming no functional specification. The advantage of our method is to
allow for incorporating flexible shape restrictions tailored to specific applications. In our
application, we assume that the counterfactual PDF is log-concave, and the observed dis-
tribution has first-order stochastic dominance over the counterfactual one. We also propose
the estimation method that provides a consistent estimator for the upper and lower bound
of manipulation effects.

We find that the manipulation of SCT increases annual LTC expenditure by at least
629 USD per recipient from the lower bound estimates. The upper bound indicates that
the increase in LTC expenditure due to the manipulation could amount to 2,393 USD, four
times larger than the lower bound. The difference between lower and upper bound estimates
suggests that it is important to partially identify counterfactual distribution when we need
to extensively extrapolate to construct it. In this study, we do not analyze specific causes of

manipulation and this issue is left for future research.
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A. Figures

Figure 4.1: Bunching in the Conditional Distribution of SCT
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(a) Care level 2 in the previous term

Figure 4.2: Distribution of the Standardized Care Time
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Figure 4.3: Distribution of the Standardized Care Time (Normalized)

(a) Care level 2 in the previous term

100

754

50 1

254

100

Frequency

50 4

(b) Care level 3 in the previous term

T T T T T T T T T T T T T T T T T T
-50-40-30-20-10 O 10 20 30 40 50 60 70 80 90 100 110 120

Standardized care time (Normalized)

(c) Care level 4 in the previous term

60 1

401

Frequency

204

-70-60-50-40-30-20-10 O 10 20 30 40 50 60 70 80 90 100110
Standardized care time (Normalized)

(d) Care level 5 in the previous term

—éO —%0 —éO —éO —:10 —éO —éO —1‘0 6 1’0 2’0 3’0 4‘0 Sb Gb 7‘0
Standardized care time (Normalized)

130

-100-90-80-70-60-50-40-30-20-10 0 10 20 30 40 50 60
Standardized care time (Normalized)



Frequency

Frequency

Figure 4.4: Distribution of the Standardized Care Time (Low-Demand Recipients)
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Figure 4.5: Distribution of the Standardized Care Time (First Certification)
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Figure 4.6: Monthly Expenditure to Long-Term Care Services
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Figure 4.7: Observed and Counterfactual Distribution of the SCT
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(a) Care level 2 in the previous term

Figure 4.8: Observed and Counterfactual Distribution of the SCT

(b) Care level 3 in the previous term
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Table 4.1: Monthly Coverage Limits for Each Care-needs Level

Care-needs level Standardized care time Coverage cap (unit)

Support level 1 25.0 — 31.9 5,003
Support level 2 32.0 -49.9 10,473
Care level 1 32.0 - 49.9 16,692
Care level 2 50.0 — 69.9 19,616
Care level 3 70.0 — 89.9 26,931
Care level 4 90.0 — 109.9 30,806
Care level 5 >110.0 36,065

Table 4.2: Category of Assistance and Range of Time Length

Category of assistance Range of time length (minutes)

Eating 1.1-714
Transferring 0.4-21.4
Toileting 0.2 - 28.0
Hygiene 1.2 -243
Housework 04-11.3
Dementia 5.8 —21.2
Exercise 0.5-154
Medical care 1.0 - 37.2
Standardized care time 10.6 — 230.6
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Table 4.3: Summary Statistics

Support level Care level
All levels level 1 level 2 level 1 level 2 level 3 level 4 level 5
1) (2) (3) 4 (5) (6) (7 (8)
A. Care level 2 in the previous term
Age 82.6 80.3 80.3 81.6 82.0 83.9 84.1 83.7
Woman 0.62 0.72 0.70 0.64 0.61 0.62 0.63 0.60
20% coinsurance 0.11 0.10 0.05 0.11 0.11 0.11 0.10 0.08
Monthly expenditure (USD) 1,341 254 439 s 1,138 1,794 1,993 1,877
Obs. (Recipient x Term) 12,237 112 365 1,877 5,031 2,794 1,412 646
B. Care level 3 in the previous term
Age 82.6 79.9 79.9 81.3 81.0 82.6 83.9 84.1
Woman 0.61 0.66 0.74 0.65 0.56 0.60 0.64 0.62
20% coinsurance 0.11 0.09 0.08 0.12 0.13 0.11 0.09 0.10
Monthly expenditure (USD) 1,801 259 477 827 1,154 1,875 2,263 2,436
Obs. (Recipient x Term) 7,111 58 119 587 988 2,967 1,590 802
C. Care level 4 in the previous term
Age 82.3 80.7 81.3 80.4 81.6 81.8 82.6 83.2
Woman 0.63 0.48 0.64 0.62 0.61 0.59 0.64 0.65
20% coinsurance 0.10 0.18 0.13 0.11 0.13 0.10 0.09 0.09
Monthly expenditure (USD) 2,024 247 472 825 1.159 1,775 2,124 2,620
Obs. (Recipient x Term) 5,064 33 94 443 501 698 2,108 1,187
D. Care level 5 in the previous term
Age 81.4 75.1 80.6 80.7 80.7 81.2 81.4 81.4
Woman 0.63 0.44 0.50 0.49 0.51 0.56 0.61 0.67
20% coinsurance 0.09 0.33 0.12 0.12 0.13 0.11 0.11 0.07
Monthly expenditure (USD) 2,460 325 365 741 1,140 1,720 2,323 2,787
Obs. (Recipient x Term) 2,804 9 26 102 152 169 414 1,932

137



Table 4.4: The Impact of Manipulation on Long-Term Care
Expenditure (Wide Manipulable Range)

Care-needs level in the previous term

Care level 2 Care level 3 Care level 4 Care level 5 Total

1) ©) 3) 4) (5)

A. Mean monthly expenditure per recipient (USD)
Lower bound 1,225 1,625 1,651 1,965 1,485
Upper bound 1,302 1,738 1,944 2,246 1,632
Observed 1,333 1,790 2,010 2,361 1,684

B. Mean annual expenditure per recipient (USD)

Lower bound 14,700 19,500 19,812 23,580 17,820
Upper bound 15,624 20,856 23,328 26,952 19,584
Observed 15,998 21,481 24,122 28,328 20,213

C. Annual increase in expenditure per recipient (USD)

Lower bound 374 625 794 1376 629
Upper bound 1,298 1,981 4,310 4748 2,393
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Table 4.5: The Impact of Manipulation on Long-Term Care
Expenditure (Narrow Manipulable Range)

Care-needs level in the previous term

Care level 2 Care level 3 Care level 4 Care level 5 Total
1) ©) 3) 4) (5)

A. Mean monthly expenditure per recipient (USD)
Lower bound 1,225 1,640 1,847 2,144 1,544
Upper bound 1,302 1,731 1,907 2,323 1,631
Observed 1,333 1,790 2,010 2,361 1,684

B. Mean annual expenditure per recipient (USD)

Lower bound 14,700 19,680 22,164 25,728 18,528
Upper bound 15,624 20,772 22,884 27,876 19,572
Observed 15,998 21,481 24,122 28,328 20,213

C. Annual increase in expenditure per recipient (USD)

Lower bound 374 709 1,238 452

658
Upper bound 1,298 1,801 1,958 2,600

1,702
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Appendix for Chapter 4: Proofs

Assumption 1. (i) Frg is nonempty and F is compact in the L*(X) space. (i1) F, C F, and
there exists a map 11, : F — F, such that sup;cx || f — o (f)|ly = O(n™*?). (iii) We have
sup,ex |9(z)| < C for some C > 0 and X is compact. (i) We have sup,cy |9(z) — g(x)| =
0p(1). (v) Ky — 00 and Kk, /v/n — 0.

Theorem 1. Under Assumption 1, we have 6* —p 0% and ﬁ A

Proof. We define L(f) = [, g(2) f(z)dz and T'(F) = w [, |F(z)|dz+ (1 —w) [re |F(2)|1dz.

Then, we have

Qn(f) = F(Fn_Ff)a
QUf) = T(Fx —Fy).

By the definition of I'(-), we have I'(F + F') < T'(F) + T'(F").

First, we observe that

P (Hn (Fis) C Es)

= P ( sup vVnQn(IL,(f)) < inf \/ﬁQn(f)—i—/fn)

fe€Frs fern
> P(fSI;:p \/_F F —Fx)+(FX—Ff)—i-(Ff—FHn(f)))S/in)
> ( (Vn(F, — Fx)) +vn sup D(F; — Fi, ) < mn) ,

fe€FIs

where the last inequality holds because we have T'(Fx — Ff) = 0 for f € Frg. Because F,(x)
is an empirical distribution and X is compact, we have T'(y/n(F, — Fx)) = O,(1). Hence, it

follows from Lemma 1 and Assumption 1 (v) that we have

lim inf P (Hn(}}g) c Ji}s> —1

n—oo
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This implies that

F = sup L() = sup L(L(f) +o(1)
f€FIs f€FIs
< sup L(f) 4 0,(1), (4A.1)
f€FIs

where the second equality follows from Lemma 1. Similarly, we have

0 > inf L(f)+o,(1). (4A.2)

f€FIs

By the property of T'(+), we have

sup Q(f) = n7V% sup Vil ((Fx = £) + (B, — Fy)

feFis feFrs
< n Y21 <—\/ﬁ(ﬁ’n — Fx)) +n % sup ﬁ@n(f)
f€.7:—15
< p V27 (—\/E(Fn - FX)) +n /2 finjg I <\/E(Fn - Ff)> + ”in/\/ﬁ
EFn

— V2 inf T (ﬁ(ﬁn—Ff)> +0,(1).

feFn

Because I1,,(Fs) C F,, we obtain

n Y2 inf T (ﬁ(ﬁn — Ff)>

feFn

< pl2 'fF( E,— R )
< o7 i Vn( IL.(f))

n 20 (Va(F, = Fx)) + inf T (Fy = F) = op(1),
f€F1s

IN

where the last inequality holds because we have I'(F'y — Fy) = 0 for f € F;g. Therefore, we

obtain

sup Q(f) = op(1). (4A.3)

feFrs
For any § > 0, we define Frg(0) = {f € F: Q(f) < ¢}. It follows from (4A.3) that there

exists a positive sequence d,, | 0 such that

lim inf P (FIS C F[s(én)> ~ 1. (4A.4)

n—oo
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We view ¢ — Fr5(0) as a correspondence, and we denote its graph by

Gr(Fis(-) = {(f,0) € F xRy : Q(f) < 0}

By Lemma 1, Gr(Frg(+)) is closed in L'(X) x R,. Because F is compact, it follows from
Theorem 17.11 in Aliprantis and Border (2006) that 6 +— Frs(d) is upper hemicontinuous.
Let L : L'(X) — R be a continuous functional. Then, by F;5(0) = F;s and Lemma 17.30
in Aliprantis and Border (2006), we have

limsup sup L(f) < sup L(f).
n—oo fe]-'ls(én) fefIS

Because Frs C Frs(9,) for all n, we obtain

sup L(f) < liminf sup L(f).

fE€FTIs N0 feFrs(6n)
Hence, we obtain
lim sup L(f) = sup L(f). (4A.5)
0 feFrs(6n) f€F1s

Because equation (4A.5) holds with L = L and L = —L, it follows from (4A.4) that

0 = sup L(f)= lim sup L(f)> sup L(f)+ o,(1),
fe€F1s n=00 reFro(dn) fefis

6* = inf L(f)=—lim sup —L(f) < inf L(f)+ oy(1).
f€Fr1s N0 feFrg(6n) f€F1s

Combined with (4A.1) and (4A.2), we obtain

0* = sup L(f) +o0,(1),
J€F1s (4A.6)

0 = inf L(f)+0,(1).
f€F1s
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By Assumption 1 (iv), we have

sup
fer

[ sy - L(f)‘

IN

/X 19(2) — 9(2)|f (x)dz

< sup 19(z) — g(z)| = 0,(1).

This implies that

<P
Il
—

sup [ g(z)f(z)dz = sup L(f)+ o0,(1),
feFrIs X feFrs

6 = int [ ga)fla)ds = it L()+o,(0)
feFs Jx feFrs

Hence, it follows from (4A.6) that 9 =0+ 0,(1) and g* = 6* + 0,(1).

Lemma 1. Under Assumption 1, we have sup ;7 |L(f) — L(IL,(f))] = O(n="/?)
and supe T (Fy — Fri, () = O(n=1/?).

Proof. Because g(x) is bounded, we have

|L(f) = L(L.(f))]

IA

/X 9(0)] - 1 (w) — () ()] du
< Cf - ()l

Hence, we obtain sup ez |L(f) — L(IL,(f))] = O(n~*/?) from Assumption 1 (ii).
Next, we show that sup ;. I' (Fy — Fip,(p)) = O(n™/2). We observe that

sup |Fy(x) — Fu, (@) = supsup / C (Fu) = () (w))du
x feF =z —00

< / () — T (f) ()| du

=l = ()]
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By the definition of ', for any f € F, we have
I (Fy — Fi, ()
o[ F@ - Fap@]des (- [ (B - Fu )], d
KnXx KCnx

< /X}Ff( — P, ()] da.

Because X is compact, there exists Cr > 0 such that
I (Ff — an(f)) S Cp X sup |an(f)($) — Ff(l‘)|

Hence, we obtain sup ez I' (Ff — Fii.(p)) < Cr X supser ||f = IL(f)| = O(n=1/2). ]

Lemma 2. Under Assumption 1, the set

A={(f,0) € F xRy : Q(f) <0}

is closed in L'(X) x R.

Proof. We show that L'(X) x R, \ A is open with respect to the product topology. To this
end take any (f,0) € L'(X) x Ry \ A.

Case 1: Suppose that f ¢ F. Because F is compact, L'(X)\ F is open. Hence, there exists
an open neighborhood N (f) of f such that f & F for any f € N(f). Let () be an open
neighborhood of 6. Then, by the definition of A, we have N(f) x N(§) C L}(X) x Ry \ A.
Case 2: Suppose that f € F. Then, we have Q(f) > 6. Hence, there exists > 0 such that
Q(f) > 0 4+ n. We define the set

O(f)={f € L"X): Q) > d +n}.

We show that O(f) is open. For any f, f’ € L'(X), we have

| it = rdus

< Cxllf = fl

| Ey — Fprlly

IN

A
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where the last inequality follows from the compactness of X'. Hence, f + F¥ is a continuous
map from L'(X) to L'(X). This implies that @ : L'(X) — R is continuous. Hence, the set
O(f) is open. We define

O =0(f) x (6 =n,6 +1) NRy),

which is open with respect to the product topology. If (f,d) € O, then we have Q(f) >
6 +1 > 8. Therefore, we obtain @ C L'(X) x Ry \ A. O
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