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Abstract
In this study, we estimate Japanese households’ parameters of risk aversion and discount rate before and after a large-scale disaster such as the Great East Japan Earthquake.
By using household consumption and asset allocation data, we …nd that a large-scale disaster can a¤ect households even if they are not physically damaged by the disaster. The
…nding supports the results of other studies that use hypothetical and experimental data
to suggest that experiencing a large-scale disaster changes individuals’preferences. Specifically, our result complements the result reported by Hanaoka, Shigeoka and Watanabe
(2015), who use hypothetical question data to …nd that the East Japan Great Earthquake
a¤ected men’s risk aversion parameters.
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Introduction

To evaluate a policy that focuses on recovery from a large-scale disaster such as an earthquake
and a tsunami that hit Japan in 2011, understanding not only the property damage but also
the household behavior after the disaster is important. To understand household economic
behavior, risk preference and discount rate parameters play a central role because risk preferences and discount rates determine consumption, saving, and other asset allocation plans.
The e¤ective policy for recovery di¤ers if these plans of households are di¤erent. From the
perspective of the life-cycle model, a large number of authors have studied deep parameters
that include risk preference and discount rate (e.g., (Attanasio and Weber 2010)). However,
risk preference and discount rate parameters are assumed to be constant over time in the
literature (Stigler and Becker 1977). From another line of literature, large numbers of studies have posed questions on the time-invariant parameter assumption. (Fehr and Ho¤ 2011)
summarize that preference parameters are not only variable over time but are also a¤ected by
the event a person has experienced. One primary cause that is reported to a¤ect individuals’
preferences is experiencing a large-scale natural disaster. For example, (Callen 2015) …nd a
change in the discount factor caused by the tsunami that hit India using regression discontinuity design and hypothetical questions. (Cameron and Shah 2015) …nd that individuals
who have recently su¤ered from ‡ood or earthquake exhibit more risk aversion. (Chuang and
Schechter 2015) summarize related studies.
The Great East Japan Earthquake hit the eastern coast of Japan in 2011, and the
subsequent tsunami caused catastrophic outcomes, which include the nuclear accident in
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Fukushima. Several studies analyze individual economic behavior and preference after the
earthquake. Especially, (Sawada and Kuroishi 2016) focus on the causal change of risk and
time preference parameters caused by su¤ering a ‡ood or tsunami. The authors employ a …eld
experiment to elicit parameters and …nd the signi…cant di¤erence in preference parameters
between individuals a¤ected and una¤ected by a tsunami or ‡ood. It is reported that being
hit by a ‡ood or tsunami makes individuals more present biased than those who are una¤ected
by the disaster. (Hanaoka, Shigeoka, and Watanabe 2015) focus on the link between hypothetically elicited individuals’risk-aversion parameter and seismic intensity of the earthquake
experienced by them. It is reported that men who experience an earthquake of large seismic
intensity become risk tolerant.
However, studies focusing on preference change caused by a large-scale disaster do not
answer several questions. In this study we attempt to answer three questions. First, especially
for analysis that uses hypothetical data, is it su¢ cient to analyze individual level data? For
example, (Hanaoka, Shigeoka, and Watanabe 2015) elicit risk-aversion parameter change by
using individuals’answers to the hypothetical question. Economic decision is constrained by
the budget constraint. Household decision is made under some agreement between the main
members of the household. Even if one member of the household increases the amount of
consumption, the other member can decrease the amount because of the household’s budget
constraint. As a result, it is possible that individual change of the risk-aversion parameter
does not a¤ect the amount of consumption in the economy. Therefore, it would be informative
to analyze household data to derive the preference parameter, which is more likely to explain
the consumption path of the economy after a large-scale disaster.
Second, do studies employing hypothetical questions or experiments suggest reasonable
results? For example, (Hanaoka, Shigeoka, and Watanabe 2015) use a hypothetical question
to measure the risk-aversion parameters. Empirical studies that focus on preference changes
related to unexpected events such as a large-scale natural disaster mainly employ hypothetical
or experimental data. The ‡exibility of the experimental design and hypothetical question
enables researchers to elicit a variety of deep parameters. Several studies insist that risk
measures obtained by hypothetical survey questions or experiments are reliable predictors
of actual risk-taking behaviors (e.g., (Anderson and Mellor 2009); (Barsky, Kimball, Juster,
and Shapiro 1995); (Donkers, Melenberg, and Van Soest 2001); (Dohmen, Falk, Hu¤man,
and Sunde 2012)). However, as studies using observational data su¤er di¢ culties when researchers discuss causality, there are also some critiques on the data collected by hypothetical
questions or experiments. Moreover, a few studies compare the theoretically similar parameters derived from hypothetical data and observational data. On the use of hypothetical
questions, from the context of evaluating nonmarket goods, such as environmental goods,
(Hausman 2012) summarizes that when researcher elicits respondents’willingness to pay for
environmental goods through questionnaires, there is a huge di¤erence between their answers
to hypothetical questions and the actual payment for the goods. One main reason for such
di¤erence is that the answers to hypothetical questions do not change respondents’ lives in
the real world. Studies that use experimental data less are likely to su¤er the hypothetical
bias problem because researchers can modify the rewards given to individuals who participate
the experiment according to their behavior in the experiment. However, experimental studies
are still not free from bias. The special environment of experiments can introduce bias in respondents’behavior. (Levitt and List 2007) recommend …eld experiments to avoid problems
that arise from the special environment of the laboratory. It is reasonable to think (Sawada
and Kuroishi 2016) take care of possible sources of biases. Nevertheless, an environment in
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which respondents earn money from the experiment is di¤erent from their daily lives because
respondents can earn money from the experiment as an addition their wages. The amount
of rewards that the experimenter can prepare for the experiment is limited. In most studies,
the amount of rewards respondents can receive are small compared with respondents’wages.
Moreover, a few studies validate the hypothetical or experimental result with real economic
behavior. Therefore, cross-validation of hypothetical data and experimental data results by
using real-world observational data is informative.
Third, does a large-scale disaster a¤ect only the individuals who su¤er from such disasters? In our context, does the Great East Japan Earthquake a¤ect only individuals who
are damaged by the earthquake or tsunami? (Sawada and Kuroishi 2016) focus on the difference between the individuals a¤ected and una¤ected by the tsunami or ‡ood. (Hanaoka,
Shigeoka, and Watanabe 2015) mainly focus on the relationship between individuals’ riskaversion parameters and the seismic intensity of the Great East Japan Earthquake that they
experienced. Therefore, it is di¢ cult to …nd the e¤ect of the earthquake on individuals that
does not correlate with the seismic intensity. However, in fact, (Ishino, Kamesaka, Murai,
and Ogaki 2012) and (Sekiya, Motohashi, Nakamura, Ogasahara, Yamamoto, Chiba, Seki,
and Takahashi 2012) suggest that the Great East Japan Earthquake’s psychological e¤ects on
individuals are not limited to individuals who physically experienced the earthquake. They
suggest that the earthquake also a¤ected individuals facing the risk of similar large-scale disasters. Moreover, (Goebel, Krekel, Tiefenbach, and Ziebarth 2015) …nd that the East Great
Japan Earthquake a¤ected German people’s perceptions about their own risk attitude.
In order to answer these three questions, which studies focusing on the relationship between a large-scale disasters and preference change do not answer adequately, we employ
the following strategies. To answer the …rst and the second questions, which are related
to the use of hypothetical or experimental data of individuals, we use the Keio Household
Panel Survey (KHPS) data on the Japanese households and estimate preference parameters of
households. The KHPS data records information about households’consumption and assets.
We use the Euler equation as the orthogonal condition for the generalized method of moments
(GMM) estimation of the parameters. The Euler equation is also employed by (Sawada and
Kuroishi 2016) and studies that analyze the validity of life cycle models (e.g., (Attanasio and
Weber 2010)).
To answer the third question, which is related to the impact of a large-scale disaster, we
analyze the whole of Japan and focus on the relationship between household preference parameters and the earthquake risk faced by households. The earthquake risk is not related to
the actual damage caused by the Great East Japan Earthquake, while the seismic intensity
employed by (Hanaoka, Shigeoka, and Watanabe 2015) is related to the actual physical damage from the earthquake. To observe the relationship between the earthquake and potential
earthquake risk, we allow households’preference parameters to be di¤erent if the earthquake
risk that households are facing is di¤erent. As the potential earthquake risk measure, we use
the data of probabilistic earthquake hazards published by the Japan Seismic Hazard Information Station (JSHIS). To allow preference parameters to be di¤erent for households living in
di¤erent potential earthquake risk areas, we localize the moment restriction and employ the
local GMM estimator developed by (Lewbel 2007).
To understand the change related to the Great East Japan Earthquake, we estimate the
preference parameters before and after the earthquake. We use short periods of data to avoid
confusing the e¤ect of the earthquake and other shocks. (Chamberlain 1984), (Hayashi 1985),
and other authors have discussed that the use of short-period panel data require imposing a
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complete market assumption to apply the Fubini theorem on the orthogonality condition. The
assumption that all households in Japan have the same information and the same prediction
about their future is a strong assumption. Localized moment restriction, which is used to
capture the relationship between preference parameters and earthquake risk, is also useful
to moderate this assumption. By localizing the moment condition, we only assume that if
households are similar enough, they have the same information and the same prediction about
their future.
In this study, we focus more on estimating the structural parameter rather than causal
inference. However, the local GMM result gives us a reasonable interpretation about the
e¤ect of the Great East Japan Earthquake. Our result supports the suggestion of (Hanaoka,
Shigeoka, and Watanabe 2015). We observe that households’risk aversion changed after the
earthquake. On the other hand, the observed change in the discount factor is smaller than
that in the risk-preference parameter.
We …nd that a large-scale disaster a¤ects not only physically a¤ected households but
also households facing high risk of similar disasters. Our result complements the …ndings
of (Hanaoka, Shigeoka, and Watanabe 2015) on individuals’ risk-aversion coe¢ cient. While
(Hanaoka, Shigeoka, and Watanabe 2015) report that the disaster a¤ects men’s risk-aversion
parameters, we …nd that nuclear households with at least one child do not change their riskaversion coe¢ cient after a large-scale disaster even if a male member of the household is likely
to become risk tolerant by the disaster. Therefore, the policy which focuses on economic
recovery after the large-scale disaster should account for not only the possibility of preference
change but also the household’s characteristics.
To answer questions that we focus on in this study, some authors estimate the causal
change of household behavior, which is theoretically related to preference parameters. For
example, (Berlemann, Steinhardt, and Tutt 2015) report that su¤ering from ‡ood caused a
decrease in individuals’savings. However, to predict the economic condition after a large-scale
disaster, the estimation of structural parameters would be more informative (e.g., (Heckman
2010)).
The remainder of this paper is organized as follows. Section 2 presents the economic model
of the study. Section 3 describes the strategy of analysis and our estimator. In Section 4, we
present the data. The empirical result is presented in Section 5. The conclusion and policy
implication of the study are discussed in Section 6.

2

Economic model

To understand the household taste change through preference parameters, we employ following
economic model for household decisions.
We assume that agents have intertemporally additive utility function with a constant
discount factor and face perfect capital markets that imply additive budget over time. Agents
maximize the expected utility and form rational expectations.
At time t, consumer i chooses (non-durable) current and future consumption Ci;t and
PN
investment plan Qi;t =
j=1 Ai;j;t , which is a summation of N assets’ Ai;j;t , in order to
maximize the expected utility function given information set It available at time t. Omitting
the subscript i for notational simplicity, we consider a maximization problem of expected
utility as follows:
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where, is a discount factor, U ( ) represents a strictly concave utility function that consists
of vectors of variable Zt that a¤ects utility, and a parameter . Individual returns Rt at time
t consist of the weighted average returns of assets held by each individual, where the weight
is their quantity. Wt is labor income at time t.
The …rst order condition of the maximization problem is
E

(1 + Rt+1 )

U 0 (Ct+1 ; )
U 0 (Ct ; )

1 It = 0;

(j = 1; : : : ; N )

(1)

where U 0 ( ) is the …rst derivative of U ( ) with respect to consumption. Economic agents
decide their intertemporal allocation of consumption and investments to hold the …rst order
conditions.
To be more speci…c, we assume the utility function to be the constant relative risk averse
type as follows:
C1
1
U (Ct ; ) = t
;
>0
1
where Zt is a vector of observable variables that may a¤ect one’s utility, and is a vector of
parameters. The parameter is called a risk parameter since it represents risk averseness.
The …rst derivative of the utility function is U 0 [Ct ; ] = Ct exp( 0 Zt ). Then, the …rst order
conditions (1) turn out to be
E

t+1 (xt+1 )

1 It = 0;

(j = 1; : : : ; N );

(2)

where t+1
1 + Rt+1 and xt+1
Ct+1 =Ct are the consumption growth. The information
set at time t is It = f s ; xs ; Zt gts=t0 , where t0 is the initial period.
A main question we consider concerns the occurrence of unexpected events such as natural
disasters that in‡uence behaviors of economic agents. There are two potential paths through
which an unexpected event a¤ects individual behaviors. Facing an in‡uential unexpected
event may, …rst, change the subjective belief in the occurrence frequency of such events.
Second, it may change preference parameters such as discount factor , and risk averseness
is the utility function. Then, the optimal consumption path chosen to satisfy the …rst order
condition (2) before such an unexpected event is no longer optimal after the event when belief
and preferences have been updated.
Formally, we de…ne belief as the conditional distribution of the future state of the world.
Suppose, for simplicity, that the future state of the world considered at time t is discrete and
…nite, which we denote as st 2 f1; 2; : : : ; Sg. Then, one’s belief is the conditional probability
of the future state P (st jIt ), where information set It includes all information about economic
variables that are consequences ofh the realized state
i at time t. Setting Zt = 0 for simplicity,
PS
equation (2) is rewritten as st =1
1 P (st jIt ) = 0, for j = 1; : : : ; N; where future
t+1 xt+1
variables t+1 and xt+1 are considered to be P-measurable real-valued functions de…ned on
future states. A belief update caused by an event at time t indicates that the belief of a future
state considered after the event at a certain time period is di¤erent from that considered in a
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state in which no such an event had taken place. From the above representation of the …rst
order condition, it is obvious that a future consumption path chosen without a belief update
is di¤erent from that chosen with an update.
In this study, we allow our model to be ‡exible with respect to the belief update and focus
on preference parameters. To do this, using the expected utility model and the corresponding
…rst order condition is bene…cial because it enables us to estimate risk parameters without any
knowledge of belief. Note that observed data on economic variables re‡ects the actual belief
and preferences of economic agents. Thus, under the assumption that observed consumption
and investments satisfy the …rst order condition, we can investigate how such an unexpected
event a¤ects preference parameters by estimating the preference parameters in the …rst order
conditions before and after the event. Since such as estimation implicitly allows the belief to
be di¤erent, preference di¤erences captured by the estimation before and after the event are
not the consequence of neglecting the possibility of a belief update.
We should note that it is common to estimate parameters using a log-linearized equation.
Researchers have identi…ed bene…ts of applying log-linearization to the Euler equation(e.g.,
(Attanasio and Low 2004), (Attanasio and Weber 2010), (Sawada and Kuroishi 2016)). First,
to identify the value for the elasticity of intertemporal substitution, it is enough if researchers
can identify , which is identi…ed by …xed e¤ect (FE) regression of the log-linearized Euler
equation. Second, in linear models, it is easy to apply instrumental variable methods to
accommodate possible sources of bias. In this study, in contrast, we estimate parameters
through the Euler equation. There are three reasons why we employ the nonlinear moment
condition. First, in this study, we are interested in the households’consumption, saving, and
investment decisions after a large-scale disaster. We are able to predict their consumption,
saving, and investment path if we can identify both
and , as
alone cannot predict
these paths. Second, it is pointed out that the bias arising from log-linearization cannot be
ignored (e.g., (Carroll 2001); (Eisenhauer et al. 2003); (Ludvigson and Paxson 2001)). Third,
there is a notable bene…t to inferring by using The …rst order condition (2) as conditional
moment restrictions. Preference parameters can be replaced with parametric models with
some variables that are considered as the determining factors of these parameters. This
enables us to introduce heterogeneity in preference parameters. Under the assumption that
the heterogeneity of preference results from these variables, we can see how these variables
a¤ect preference parameters.

3

Identi…cation and estimation strategy

The goal of this section is to consider conditions for the identi…cation of Parameters,
( ; )0 . We use unconditional moment conditions implied by the …rst order condition (2),
that is, E[( t+1 xt+1 1)It ] = 0, to form the objective function of GMM estimators as
follows:

^GM M
t
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= arg min
(
2
n

i;t+1 xi;t+1

1)Ii;t

i=1

#0

"

n

1X
W
(
n
i=1

i;t+1 xi;t+1

#

1)Ii;t ;

(3)

where W is some symmetric and positive de…nite weighting matrix. To guarantee N-asymptotics
for the unconditional moment condition implied by (2), we need to assume the following.
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Assumption 1 (N-asymptotic) For each time period without an unexpected event, the
forecast errors of economic agents conditioned by the current information set are expected
to be zero.
Assumption 1 guarantees that the sample analogue of the …rst order condition (2) across
N individuals (households) converges to zero as N ! 1. This does not coincide with the
straightforward interpretation of the …rst order condition of the expected utility model: under
the rational expectations assumed in the expected utility model, predictions of future economic
variables are not systematically biased. The consequence of the conventional approach is that
the …rst order condition (2) is regarding expectation across time for each individual rather
than across individuals for each time period.
Estimation of Euler equations by using cross-sectional data is done by, for example, (Altug
and Miller 1990) and (Atkeson and Ogaki 1996). They assume complete markets that guarantee that the expectational errors at a point in time are known to be exactly the same across
individuals.1 Since we do not log-linearize our …rst order conditions, we use the condition that
forecast errors of individuals conditioned by the current information set are expected to be
zero. This assumption is testable, for example, by employing the test proposed by (Hitomi,
Iwasawa, and Nishiyama 2016).
We moderate the assumption of homogenous risk parameters and study heterogeneity
with respect to earthquake risk and earthquake seismic intensity. To do this, we employ local
GMM estimators. Let Kh (z) K( Zih z ) be a kernel function, where h is a bandwidth. As
a localizing variable Zi , we employ di¤erent variables according to the aim of our analysis.
The variables are the earthquake risk faced by an individual i and seismic intensity that
individual i experienced during the Great East Japan Earthquake. Then, GMM estimators
localized around Zi = z are

^LGM M (z)
t

"

n

1 X
= arg min
Kh (z)(
2
nh

i;t+1 xi;t+1

i=1

1)Ii;t

#0

"

n

1 X
W
Kh (z)(
nh

i;t+1 xi;t+1

1)Ii;t :

i=1

For local GMM estimators of risk parameters, given in (3), we use the condition E[( t+1 xt+1
1)It jZ = z] = 0. This condition is implied by the …rst order condition (2), when the population of interest is those with the localizing variable equal to z. When we employ the
earthquake risk as Zi , the population of interest is those who settle in a place with a speci…c
earthquake risk equal to z. By allowing preference parameters to depend on earthquake risk
and experienced seismic intensity, we can obtain the local GMM estimators according to these
variables, which enables us to study the change in preference parameters in more detail.

4
4.1

Data
Data sources

There are …ve sources of data used in this study. The …rst source is the KHPS data, which
includes household behavior. The second source is the Average Interest Rates of Deposits
1
For more detailed discussion on cross-sectional asymptotics of the Euler equation, see attanasio99, attanasio04, and references therein.
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Posted at Financial Institutions by Type of Deposit from 2007 to 2015. The data are available
from the website of Bank of Japan. The third source of data is the Average Price and Yield
of Securities, which is published by the Tokyo Stock Exchange. The fourth source are the
Probabilistic Seismic Hazard data published by the JSHIS. The …fth source is the observed
seismic intensity caused by the Great East Japan Earthquake.
The KHPS is a panel survey of household behavior and social attitude, which has been
conducted since 2004. Survey respondents of KHPS are selected by a two-stage strati…ed
sampling. The number of survey respondents was 4,005 in 2004. The KHPS added new cohorts
in 2007 and 2012 (1,419 respondents in 2007 and 1,012 respondents in 2012). The survey
subjects of the KHPS are men and women aged 20 to 69. KHPS data consist of the information
of households’ consumption, saving, security, debt, socio-demographic characteristics, and
the city where the households are located. The survey is conducted in January, and the
respondents are asked to report consumption details for January and their current saving,
security, debt, and socio-demographic characteristics.
The individual return Ri; and i; 1 + Ri; are calculated by using the Average Interest
Rates of Deposits data, Average Price and Yield data, and households’ saving and asset
amounts included in the KHPS data. The Average Interest Rates of Deposits presents data
on the average interest rate of Bank of Japan’s clients, which includes the City, Regional,
Trust, Shinkin, and Shoko Chukin banks in Japan. We calculate households’interest rates of
deposit by using the Average Interest Rates of Deposits, which includes data on the average
interest rate for di¤erent amounts of deposits. We use the average interest rate for less than
300; 000 JPY, from 300; 000 to 1; 000; 000 JPY, and more than 1; 000; 000 JPY to calculate
the interest rate a household faces. Then, households’interest rates of deposit are calculated
as

ri;saving;t = 1(savingi;t < 300; 000 JPY)r(300; 000; t)
+1(300; 000 JPY < savingi;t < 1; 000; 000 JPY)r(1; 000; 000; t)
+1(1; 000; 000 JPY < savingi;t )r(1; 000; 000+; t);
where r(300; 000; t) is the average interest rate for a deposit for which the amount is less than
300s000 JPY when time is equal to t, r(1; 000; 000; t) is the average interest rate for a deposit
for which the amount is more than 300; 000 but less than 1; 000; 000 JPY when time is equal
to t, and r(1; 000; 000+; t) is the average interest rate for a deposit for which the amount is less
than 1; 000; 000 JPY when time is equal to t. The Average Price and Yield data published by
The Tokyo Stock Exchange consist of average yield for securities that are traded in the …rst
and the second sections of the Tokyo Stock Exchange. In this study, we use annual average
price and yield of securities, which are the weighted average of the monthly average price and
yield as the return to the security. Then, individual return Ri is calculated as
Ri;t = ri;saving;t

Ai;saving;t
Ai;sec urity;t
+ ri;sec urity;t
:
Ai;saving;t + Ai;sec urity;t
Ai;saving;t + Ai;sec urity;t

Earthquake risk is not constant across Japan. The e¤ect of the shock caused by Great
East Japan Earthquake can be di¤erent if the earthquake risk of the area where a household is
located is di¤erent. To capture the di¤erence, we allow the discount rate and risk-preference
parameters to be di¤erent with respect to earthquake risks. As a measure of earthquake risk,
we employ probabilistic seismic hazard data. We employ the probability that a point will be
8

hit by a “Japan Meteorological Agency (JMA) seismic intensity 5 upper and 6 lower”or larger
earthquake in next 30 years as the earthquake risk for the household. JMA seismic intensity
is the measure of the seismic intensity at a particular point on Earth, which ranges from 0 to
7. The value is mainly related to land acceleration caused by the earthquake. The description
of seismic intensity 5 upper and 6 lower is shown in Table 1. The Probabilistic Seismic
Hazard of JSHIS includes data that we employ. The JSHIS website provides a user-friendly
digital hazard map of the data. The hazard map can be easily accessed by households, and
information related to earthquake risks is routinely broadcasted in Japan.2 Therefore, it is not
di¢ cult to assume that households have enough information about earthquake risks. Since
KHPS data provide the information on the city where respondents live, we calculated the
probabilistic seismic hazard for each household by using the Geographic Information System
provided by the University of Tokyo.3 The geographic distribution of the variable is presented
in Figure 1. It should be noted that the area that is hit by a 6 lower or larger earthquake with
probability around 0.9 is also facing a high risk of tsunami. Historically, the Japanese south
coast has been hit by large earthquakes and tsunamis at periodic intervals.4 As shown in
Figure 2, the southern coast is predicted to be hit by a large tsunami once a large earthquake
occurs. The area that is hit by a 6 lower or larger earthquake with probability around 0.9 is
also distributed along the coast.
To compare the result reported by (Hanaoka, Shigeoka, and Watanabe 2015), we also
conduct a local GMM estimation using the observed seismic intensity of the Great East
Japan Earthquake as Zi . (Hanaoka, Shigeoka, and Watanabe 2015) analyze the relationship
between the seismic intensity that individuals experienced and the risk-aversion coe¢ cient.
The data of seismic intensity are published by the JMA and are available on their website.5
2

JMA seismic intensity is also employed by Hanaoka, Shigeoka and Watanabe (2015).
http://newspat.csis.u-tokyo.ac.jp/geocode/
4
http://irides.tohoku.ac.jp/eng/index.html
5
http://www.data.jma.go.jp/svd/eqev/data/gaikyo/monthly/201212/201212nen_furoku_5.pdf
3
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Table1: The JMA Seismic Intensity Scale

Human perception
and reaction

JMA seismic intensity
5 Upper
6 Lower
Many people …nd it di¢ cult to
It is di¢ cult to remain standing.
move; walking is di¢ cult without
holding onto something stable.

Wooden houses
High earthquake resistance
Low earthquake resistance

Slight cracks may form in walls.
Cracks may form in walls.

Reinforced-concrete buildings
High earthquake resistance

Cracks are more likely to form
in walls.
Large cracks may form in walls.
Tiles may fall, and buildings
may lean or collapse.
Cracks may form in walls,
crossbeams, and pillars.

Low earthquake resistance

Cracks may form in walls,
Cracks are more likely to form
crossbeams, and pillars.
in walls, crossbeams and pillars.
Source: Japan Meteorological Agency http://www.jma.go.jp/jma/en/Activities/inttable.html

Figure 1: Geographical distribution of the probabilistic seismic hazard. The left …gure
describes the probability that a point su¤ers an earthquake of JMA seismic intensity 6 lower or
larger in the next 30 years. The right …gure describes the probability that a point su¤ers an
earthquake of JMA seismic intensity 5 upper or larger in the next 30 years
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Figure 2: Predicted tsunami inundation height of the Tonankai earthquake
that occurred around the Kii area. (The Tonankai earthquake hit the
southern coast of Japan at periodic intervals. The Japanese government
has published the damage prediction of earthquakes that have occurred at
periodic intervals. The data are available from the Cabinet O¢ ce,
Government of Japan.)
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Figure 3: Densely inhabited districts and highway distribution in Japan.
Red points indicate the densely inhabited districts and black lines indicate
highways.

4.2

Data used in the study

The Great East Japan Earthquake hit the eastern coast of Japan on March 11, 2011. The
earthquake caused the tsunami, which caused more than 15,800 deaths, 2,500 missing persons, 6,000 injured, and the Fukushima nuclear accident. The combination of the disasters
resulted in power outage and shortage of water in not only the eastern coast of Japan but
also the area surrounding Tokyo. These events had physically a¤ected east Japan, but they
were also repeatedly broadcast across all of Japan. Therefore, it is possible that the Great
East Japan Earthquake a¤ected the entire population of Japan. It is possible that the physically una¤ected household were mentally a¤ected by the society or the news. In fact, some
studies suggest that both physical and mental shocks were caused by the Great East Japan
Earthquake. For example, (Sekiya, Motohashi, Nakamura, Ogasahara, Yamamoto, Chiba,
Seki, and Takahashi 2012) …nd that residents of the Japanese capital area felt anxiety after
the earthquake even if the seismic intensity they experienced was lower than in eastern Japan.
(Ishino, Kamesaka, Murai, and Ogaki 2012) report that the mental e¤ects of the earthquake
are not limited to the area where the observed seismic intensity is large. (Goebel, Krekel,
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Tiefenbach, and Ziebarth 2015) …nd that the Great East Japan Earthquake a¤ected German
people’s perception about their own risk attitudes. Therefore, we do not limit our focus to
households living in eastern Japan.
In this study, we are interested in the e¤ect of experiencing an earthquake on the preference
parameter. From our economic model, households that have di¤erent statuses are assumed to
face di¤erent future wage paths. Therefore, we have to focus on households that are expected
to face a similar economic environment. First, in this study, we focus on data from 2007 to
2015 on nuclear families with at least one child. Second, we focus on households that have not
experienced a huge income change from 2007 to 2015. It is expected that a shock in the current
and future income can result in changes in consumption, saving, and other asset allocation
plans. However, some households’ employment and income are a¤ected by the earthquake.
The changes derived by employment and income changes caused by the earthquake re not the
result of preference change, which we focus on in this study. Therefore, we have to concentrate
on the population whose economic environment is not a¤ected by the earthquake. Third, we
removed the households whose houses were damaged by the earthquake for the same reason
as income and employment.
We removed households that did not submit the questionnaire at least once from 2007 to
2015. The original sample size of the data was 2,864 for 2007, 3,691 for 2008, 3,422 for 2009,
3,207 for 2010, 3,030 for 2011, 2,865 for 2012, 3,568 for 2013, 3,305 for 2014, and 3,124 for
2015. The number of households that submitted all questionnaires in the period is 2,658. The
number of nuclear family households that satisfy the conditions stated above is 477. Summary
statistics of the household characteristics are presented in Table 2.
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Table 2: Summary statistics of the data used in the study
mean
median std.dev
Age of the household head (2009) 41.456 41
5.919
Number of children (2009)
2.084
2
0.736

min
24
1

max
52
5

C2010 =C2009
C2009 =C2008
R2010
R2009
R2008
R2007
z (6 Lower)
z (5 Upper)
z (Intensity)

1.208
1.085
-0.011
-0.001
-0.004
-0.030
0.351
0.726
3.310

0.975
1.043
0.001
0.002
0.004
0.003
0.266
0.816
3.200

0.332
0.313
0.032
0.008
0.016
0.080
0.252
0.266
1.485

0.257
0.442
-0.182
-0.049
-0.078
-0.421
0.000
0.002
0.500

3.195
2.367
0.001
0.002
0.004
0.004
0.962
0.992
6.000

C2013 =C2012
C2012 =C2011
R2013
R2012
R2011
R2010
z (6 Lower)
z (5 Upper)
z (Intensity)

1.070
1.086
0.001
0.024
0.012
-0.010
0.389
0.748
3.271

1.014
1.037
0.000
0.000
0.000
0.001
0.341
0.856
3.200

0.462
0.392
0.003
0.066
0.033
0.031
0.263
0.272
1.481

0.241
0.300
0.000
0.000
0.000
-0.182
0.000
0.002
0.499

8.235
6.104
0.017
0.458
0.197
0.001
0.968
0.997
6.000

Result of the local GMM estimation

In this section, we present our estimation result of the local GMM estimator. We employ
Ct 1 =Ct 2 , Rt 1 , and Rt 2 as instrument variables. First, we present estimation result when
we employ the 6 lower and 5 lower probabilistic seismic hazard measure as z in the model.
Then, we present the estimation result when we employ the observed seismic intensity of the
earthquake as z in the model to compare with (Hanaoka, Shigeoka, and Watanabe 2015).

5.1
5.1.1

Probabilistic seismic hazard
Relationship between the 6 lower and 5 upper hazard measure

We present the relationship of probabilistic seismic hazard variables. The relationship of two
di¤erent risk variables are presented in Figure 4. In both …gures in Figure 4, the horizontal
axes describe the probability that households are hit by an earthquake with seismic intensity
larger than or equal to 5 upper in the next 30 years. The vertical axes describe the probability
that households are hit by an earthquake with seismic intensity larger than or equal to 6
upper in the next 30 years. The points that are plotted on the …gures are households. Both
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…gures describe the relationship between these two risk measures. The left …gure describes
the relationship evaluated by the value of 2009. The right …gure describes the relationship
evaluated by the value of 2012. There are few changes in the relationship during our analysis
period. Overall, the two risk measures exhibit positive correlation, but the relationship is not
linear. Roughly speaking, from the …gure, it is observed that households that are hit by a
5 upper or larger earthquake with probability 0.5 are hit by a 6 upper or larger earthquake
with probability about 0.1. It is also observed that the 5 upper measure alone cannot capture
households’risk of being hit by a 6 upper earthquake. The 6 lower (5 upper) measure is useful
to observe households located in relatively high (low) earthquake risk areas. Therefore, we
have to discuss results derived from both 5 upper and 6 lower measures.

Figure 4: Relation between the 5 upper and 6 lower measures of the seismic hazard. (2009, left;
2012, right)

5.1.2

Estimation result

The result is presented in Table 3. The left columns of Table 3 present estimation results
when we employ the 6 lower seismic hazard measure as z in the model. Overall, the values
of b (z) are high during the period from 2009 to 2012. On the other hand, the value of b(z)
varies as the seismic hazard measure z varies. In 2009, on average, households facing high risk
of a 6 lower or larger earthquake show a relatively large value of the risk-aversion coe¢ cient
b(z). It should be noted that the observed form of b(z) is nonlinear. b(z) is relatively high
for households whose probability of being hit by a 6 lower or larger earthquake is between 0.5
and 0.8. This means that households facing high risk of a 6 lower or larger earthquake have
the risk-aversion utility function. However, households that will be hit by a 6 lower or larger
earthquake with probability around 0.9 are more risk tolerant than households that will be
hit by a 6 lower or larger earthquake with probability 0.5, 0.6, 0.7, and 0.8. The result would
be reasonable accounting for geographic distribution of the earthquake risk and geographic
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characteristics of the Japanese economy. As shown in Figure 1, the area that will be hit by
the 6 lower or larger earthquake with probability 0.5, 0.6, 0.7, and 0.8 is distributed along the
southern coast of Japan. As shown in Figure 3, in Japan, large cities and densely inhabited
districts (DIDs) are distributed along the southern coast. DIDs have a substantial overlap
with areas with high risk of earthquakes. Households located and working in these areas have
to face these high earthquake risks. Therefore, it is reasonable that some households located
in these areas have a relatively large value of risk-aversion coe¢ cients b(z). On the other
hand, households located in areas that will be hit by a 6 lower or larger earthquake with
probability 0.9 are considered as choosing to live in a critically high-risk area. The reason is
that, as shown in Figure 1, the area having a probability of being hit by a 6 lower or larger
earthquake is small. The area to be hit by a large-scale earthquake with probability 0.9 is
distributed very close to the area with probability 0.8 or 0.7.
In 2012, the shape of b(z) changes substantially from 2009. Households facing very high
risk (0.9) of earthquakes show large value of the risk-aversion coe¢ cient b(z). Especially,
households located in areas that will be hit by a 6 lower or larger earthquake with probability
0.9 substantially increased their risk-aversion coe¢ cient. The value 3.559, which is more than
four times as large as the value in 2009, is the highest value in our analysis. On the other
hand, households whose probability to be hit by a 6 lower or larger earthquake is between 0.2
and 0.8 become more risk tolerant compared with 2009. These changes are consistent with the
actual damage of the Great East Japan Earthquake and the predicted damage of a large-scale
earthquake that is forecasted to hit the southern coast of Japan by the government. Most
property damage and death related to the Great East Japan Earthquake was caused by the
tsunami. The area with the probability 0.9 to be hit by a large earthquake is distributed along
the southern coast of Japan where a tsunami would hit if the predicted large-scale earthquake
occurs. In fact, Figure 1 and Figure 2 show that the high earthquake risk area also faces high
tsunami risk.
The right columns of Table 3 present the estimation result when we employ a 5 upper
seismic hazard measure z. Overall, b (z) shows high values during the period. On b(z),
accounting for the relationship between the 6 lower and 5 upper risk measure, we derived
a reasonable result in the range in which the risk variable is between 0.8 and 0.9 compared
with the result when we employ the 6 lower seismic hazard measure as z. As shown in
Figure 4, 0.8 to 0.9 of the 5 upper measure corresponds to 0.2 to 0.8 of the 6 lower measure.
Therefore, in the right columns of Table 3, we concentrate on the estimated value when x is
between 0.1 and 0.7. In 2009, relatively large values are observed around 0.3 and 0.4.(1.000
and 0.961, respectively). On the other hand, the value of risk-aversion coe¢ cient b(z) is
relatively small at around 0.1, 0.2, 0.5, 0.6, and 0.7. From this observation, it is suggested
that both risk tolerant and risk averse households are living in areas where the probability
to be hit by a 5 upper earthquake is low. In 2012, the value of the risk aversion-coe¢ cient
b(z) of households whose probability to be hit by a large-scale earthquake is around 0.3, 0.4,
and 0.7 increase. While there are decrement of b(z) around 0.5 and 0.6, the amount of the
decrement is small. The increment is consistent with the outcome of the Great East Japan
Earthquake. In fact, the e¤ect of the earthquake reached very large areas of eastern Japan.
For example, the Fukushima nuclear power plant accident a¤ected households living in areas
a 100 km away from the area that recorded the maximum seismic intensity. Therefore it is
natural that observing a catastrophic outcome made relatively less risk averse households more
risk averse. The result is also consistent with the German observation reported by (Goebel,
Krekel, Tiefenbach, and Ziebarth 2015), who …nd that the Great East Japan Earthquake
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a¤ected German people’s risk attitudes.
To summarize the result, the Great East Japan Earthquake a¤ected households di¤erently.
Households living in low-risk areas became risk averse after the earthquake, which can be
considered as the e¤ect of the widespread catastrophic outcome caused by the Great East
Japan Earthquake. Households living in relatively high earthquake risk areas became risk
tolerant, and households living in critically high earthquake risk areas became risk averse.
This seemingly opposite e¤ect also matches to actual damages caused by the Great East
Japan Earthquake.
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Table 3: Estimation results when z is the
b (z)
z
2009
2012
0:988
0:988
0.1
(0:029)
(0:001)
0:987
0:999
0.2
(0:035)
(4e 04)
0:985
0:999
0.3
(0:022)
(3e 04)
0:987
0:999
0.4
(0:033)
(2e 04)
6
0:780
0:996
0.5
Lower
(0:148)
(0:003)
0:969
0:995
0.6
(0:044)
(0:011)
0:986
0:999
0.7
(0:039)
(0:001)
0:979
0:998
0.8
(0:023)
(0:001)
0:986
0:877
0.9
(0:011)
(0:146)

probabilistic seismic hazard variable.
b(z)
2009
2012
z
0:563
0:666
0.1
(0:002)
(0:001)
0:674
0:030
0.2
(0:002)
(2e 05)
0:574
0:030
0.3
(0:002)
(2e 05)
0:444
0:021
0.4
(0:002)
(2e 05)
2:661
0:170
5
0.5
(0:020)
(2e 04)
Upper
1:209
0:244
0.6
(0:003)
(3e 04)
1:548
1e 06
0.7
(0:003)
(1e 05)
1:382
3e 06
0.8
(0:002)
(3e 05)
0:866
3:559
0.9
(0:001)
(0:013)
2009
0:982
(0:021)
0:989
(0:015)
0:987
(0:026)
0:987
(0:030)
0:990
(0:020)
0:988
(0:020)
0:986
(0:050)
0:892
(0:123)
0:875
(0:084)

2012
0:988
(0:007)
0:991
(0:022)
0:730
(0:054)
0:431
(0:077)
0:999
(3e 04)
0:999
(4e 04)
0:999
(2e 04)
0:999
(0:001)
0:999
(0:001)

b (z)
2009
0:463
(0:001)
0:441
(0:001)
1:000
(0:002)
0:961
(0:002)
0:433
(0:001)
0:406
(0:001)
0:529
(0:003)
1:779
(0:015)
1:934
(0:084)

2012
0:268
(0:001)
0:328
(0:001)
2:223
(0:011)
1:838
(0:009)
0:396
(3e 06)
0:342
(4e 06)
0:661
(1e 05)
0:444
(2e 05)
0:476
(4e 05)

b(z)

5.2

Seismic intensity

Table 4 presents the estimation results when we employ seismic intensity as z in our economic
model. Overall, the values of b (z) are high during the period from 2009 to 2012, and b (z)
increases from 2009 to 2012. This means that households became focused on their futures
after the Great East Japan Earthquake. On b(z), households that experienced low seismic
intensity decreased their risk-aversion parameters, while households that experienced seismic
intensity from 3.6 to 4.8 increased their risk-aversion parameters. Households that experienced
seismic intensity 5.4 slightly decreased their risk-aversion parameters Nuclear households that
experienced large seismic intensity from the Great East Japan Earthquake remained risk
averse, while nuclear households that did not experience severe seismic intensity became risk
tolerant. Our observation complements the observation of (Hanaoka, Shigeoka, and Watanabe
2015), who use individual data and hypothetical questions to …nd that men who experienced
severe seismic intensity from the Great East Japan Earthquake became risk tolerant. We …nd
that, however, nuclear households with at least one child remained risk averse even if a (male)
member of the household was likely to become risk tolerant. Therefore, it is suggested that
household behavior does not always re‡ect change in individuals’risk-aversion coe¢ cient.
Table 4: Estimations result when z is the
of the Great East Japan Earthquake
b (z)
z
2009
2012
0:986
0:989
0.6
(0:072)
(0:007)
0:991
0:994
1.2
(0:067)
(0:009)
0:990
0:995
1.8
(0:027)
(0:006)
0:987
0:994
2.4
(0:054)
(0:006)
Seismic
0:813
0:998
3.0
intensity
(0:416)
(0:007)
0:979
0:988
3.6
(0:017)
(0:030)
0:961
0:988
4.2
(0:057)
(0:038)
0:950
0:987
4.8
(0:047)
(0:030)
0:839
0:989
5.4
(0:121)
(0:051)

6

seismic intensity

2009
1:300
(0:004)
0:731
(0:003)
0:538
(0:002)
0:849
(0:003)
2:629
(0:055)
0:646
(0:001)
0:854
(0:006)
1:048
(0:005)
1:775
(0:019)

b(z)

2012
0:380
(0:001)
0:309
(4e 04)
0:176
(2e 04)
0:222
(3e 04)
0:236
(2e 04)
0:848
(0:002)
1:312
(0:002)
1:231
(0:002)
1:409
(0:003)

Conclusion

In this study, we analyzed risk-preference parameters before and after the Great East Japan
Earthquake to answer the questions that hypothetical data and experimental studies that
report evidence of preference change cannot answer. These questions are as follows: (1) "Is
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it su¢ cient to analyze individual level data?" (2) "Do studies employing hypothetical questions or experiments suggest reasonable results?" (3) "Does a large-scale disaster a¤ect only
individuals who su¤er from such disasters?" To answer these questions, we employ household
behavior panel data and a structural model to estimate preference parameters. Overall we
observe that the preference parameter changed after the earthquake. We …nd that after the
earthquake, risk-averse households in low-risk areas became more risk averse, households in
high-risk areas very close to the sea became risk averse, and households in areas where no
tsunami risk is reported became risk tolerant. The observation is reasonably explained by the
actual damage caused by the Great East Japan Earthquake. However, we did not derive the
same result as (Hanaoka, Shigeoka, and Watanabe 2015) who employ individual hypothetical
question data. The reason for the di¤erence may be that we employ household data while
(Hanaoka, Shigeoka, and Watanabe 2015) employ individual data.
Our policy implication is clear. We …nd that preference parameters can change after a
large-scale disaster even if the disaster does not damage households’lives or property directly.
Therefore, policymakers must account for preference changes after a large-scale disaster when
evaluating the e¤ect of a policy implemented after the disaster. Especially, the preference
changes seem to re‡ect actual outcomes caused by the original disaster. For example, tsunami
damage can a¤ect the preference of households living in areas where a tsunami is likely to
hit. Risk averse households living in low earthquake risk area get more risk averse after the
earthquake, which is also reasonably explained by the fact the Great East Japan Earthquake
a¤ect not only east Japan but also large part of Japan. Additionally, both our results and
(Hanaoka, Shigeoka, and Watanabe 2015) suggest that policymakers must focus on population
characteristics. Nuclear households do not behave as individual preference parameters because
household consumption is determined based on the agreement between household members.
Finally, we discuss the limitations of this study and future works. First, in this study,
we focus on nuclear households that have at least one child. It is not clear whether the
Great East Japan Earthquake and other large-scale disasters a¤ect households with di¤erent
characteristics in the same manner. Second, while our result is reasonably explained by the
actual outcome of the disaster, our strategy does not identify causal change. Therefore, it
is ideal to develop a method that can identify the causal change in structural parameters
of economic models. Third, we used short-period panel data for estimating parameters by
using the Euler equation to focus on the e¤ect of the earthquake. While we moderate the
assumption by employing local GMM and moment conditions, it is ideal to use large T panel
data in the estimation. From this point of view, collecting weekly or monthly household panel
data is expected.
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