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Abstract Japan is highly prone to multiple natural hazards, such as typhoons, earthquakes, and
tsunamis in general. However, the compound disaster that entailed earthquake, tsunami, and a
nuclear crisis, along with disruption of the global supply chain triggered by the Great East
Japan Earthquake in 2011, highlighted the need for a holistic risk assessment of impacts
amplified by multiple disasters. According to the Cabinet Office of Japan, the occurrence
probability of a Nankai Trough Earthquake and Tsunami is 70% within the next 30 years. It
suggests the need for comprehensive impact assessment to enhance the disaster risk reduction
strategies of the region. This study conducts a tsunami impact assessment using quantitative
analysis to identify vulnerable industries in Mie Prefecture, Japan, famous for tourism, value-
added sectors of aquaculture, food processing, and petroleum refining tanks situated in at-risk
areas. To create a tsunami shock scenario, we apply a computable general equilibrium (CGE)
model using an input-output table of the Mie Prefecture (2015 version) and geographic
information system (GIS). The street-level business entity data enable us to incorporate with
the disaster scenario to provide evidence-based damage estimates of capital and labor loss due
to a tsunami. We present the simulation results of output change, price change, external trade,
and welfare analysis and propose creating a vulnerability index (V1) for disaster impact. These
quantified and visualized indicators would provide informative implications for ex-ante
policymaking and risk financing to cope with fragile sectors effectively.
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1. INTRODUCTION

Natural disasters, such as typhoons, heavy rains, floods, and earthquakes, affect our daily
lives; however, the tsunami is a disaster that stakeholders tend to overlook its impacts due to
its low occurrence rate. The Asian tsunami struck in 2004 and conveyed important messages
to coastal countries about the importance of tsunami awareness and preparedness. Despite the
reconstruction work that included tsunami information dissemination of hazard maps and other
structural countermeasures, the massive losses due to the Great East Japan Earthquake and
Tsunami of 2011 again revealed the inadequacies and potential for more effective measures
(Lovholt, Setiadi, Birkmann, ef al., 2014). This event also highlighted the importance of
significant price changes and disruption of the global supply chain (Cavallo et al., 2014).
Therefore, estimation of disaster impact is desirable for making ex-ante disaster risk
management plans and countermeasures.

This study uses the Mie Prefecture as a case study to estimate the potential economic impact
of the Nankai Trough earthquake with a 70% probability of occurrence in the next 30 years.
Mie is a prefecture with an estimated population of 1.77 million and an area of 5,774 km?,
located mid-west of the mainland (Honshu) Japan. Its coastline facing the Sea of Japan is 1,140
km long and is the seventh longest coastline in Japan. Mie Prefecture is blessed with abundant
marine resources and is known for its lobster and pearl farming, which is one of the main
reasons for its flourishing as a tourist destination. On the other hand, Mie Prefecture’s primary
industry is manufacturing, a higher value-added industry, and it generates more employment
when compared to the national average (METI 2014). The northern part of Mie belongs to the
Chukyo Industrial Zone, one of three major industrial zones in Japan.

Due to its geographical features, the Mie Prefecture frequently experiences natural disasters,
including typhoons and tsunamis. Typhoon Talas in 2011 caused extensive damage, including
building collapse and 82 casualties. A major earthquake hit the prefecture in 1944, and several
more occurred in the last few decades. Studies have predicted a tsunami at the height of 26 m
in the coming decades (Shima City and Toba City; Cabinet Office of Japan 2012a). Studies
have predicted that the risk of liquefaction is particularly high in the coastal areas of Ise Bay
(DPCD 2014).

The prefectural capital city of Tsu is the administrative and cultural center of the Mie
Prefecture, where many companies with cutting-edge technologies, medical centers, and
hospitals are based. Tsu has prospered as a trading port since ancient times, and today, it is a
seaside city with an urban area along the coast. The city is home to one of Japan’s largest
shipbuilding and heavy industry plants as well as electronic component factories. In addition
to the city center, which has the second-largest number of offices (approximately 14% of the
total amount in the prefecture (DSPD 2016)) in the Mie Prefecture, these functions of Tsu as
the center of the oceanic economy are essential to the prefecture’s socioeconomic activities.
Therefore, the occurrence of natural disasters in Tsu would have a severe impact on the entire
prefecture.
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1.1 Review on disaster impact assessment

For economic disaster impact analysis, there are several types of conventional economic
models, such as Input-Output (I10), Social Accounting Matrix (SAM), and Computable General
Equilibrium (CGE) (Okuyama 2008).

An IO table can provide an overview of the economic structure and sectoral interdependence
in the disaster scenario setting stage. Moreover, it can also help distinguish between economic
losses triggered by labor and capital production factors (Okuyama and Chang 2004). The logic
of 10 analysis has been widely recognized to provide a timely estimate of the interconnected
impact for recovery plans and finances to evaluate disaster countermeasures in the pre-event
period (Okuyama and Santos 2014). Nevertheless, the limitation of IO analysis is its feature of
linear analysis, identical and fixed products, and efficient employment of all local resources.
The county-level SAM could be used to estimate economic damage due to lifeline failures
(Cole 1998).

To further reveal the change in production and price resulting from a disaster shock, the
computable general equilibrium (CGE) model is widely used. For example, it has been used to
assess economic losses from natural disasters in studies conducted by Boisvert (1992),
Brookshire and McKee (1992), Rose and Guha (2004), and Rose and Liao (2005). Moreover,
in the realistic sense, price change, factor losses in capital, and labor endowment triggered by
disaster shock may require non-linear interpretation, such as the CGE model, to simultaneously
capture the fluctuation. For disaster impact assessment, the usefulness of the CGE model serves
to identify vulnerable sectors for potential disasters. Such a model could provide a theoretical
basis to explain the linkages of an economy with indirect impacts due to production loss (Huang
and Hosoe 2016, 2017).

The application of the Global Trade Analysis Project (GTAP) model (multiregional,
multisectoral CGE modeling) is considered an effective tool to investigate the disaster impact
on price change, external trade, and welfare change on a global scale (Huang and Masuda 2020;
Huang, Tanaka, and Yoshioka forthcoming). The quantified economic impact could visualize
sectoral vulnerability and advise about disaster reduction plans in an ex-ante manner.

Under the support of a quantitative approach like the CGE model, the spatial analysis could
strengthen the analytical capability with plausible geographic parameters in the model scope
(Kajitani and Tatano 2019). While the CGE model is mainly limited to a single region scope,
the support of a geographic information system (GIS) can efficiently improve the accuracy of
estimated impacts (Chen et al., 2011). Moreover, building and population data can provide
essential information for factor change assumptions to allocate public facilities (Lwin and
Murayama 2009). For example, for studies in Japan, Tanaka and Huang (2021) analyzed the
tsunami risk of Hakodate City in the Hokkaido area using a dynamic CGE model based on a
hazard map and census used to assess tsunami disaster impact. Their simulation results showed
that fisheries and other ocean-related industries would be highly vulnerable and may not
recover simply with the fiscal support of Hakodate.
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In addition to the abovementioned econometrics, the vulnerability index (VI) has been
discussed through many perspectives, such as the climate vulnerability index through GIS
hazard mapping (Yusuf and Francisco 2009; Peduzzi, Dao, Herold et al. 2009; Moench, Khan,
MacClune et al. 2017), livelihood vulnerability index to identify administrative level with
socioeconomic and biophysical datasets (Shah, Dulal, Johnson ef al. 2013; Mainali and Pricope
2019), and flood vulnerability to estimate the sub-catchment effect (Balica and Wright 2010;
Balica, Wright, and Van der Meulen 2012; Karmaoui and Balica 2019). These
multidisciplinary approaches to measuring the VI imply quantitative implications for disaster
risk management. For instance, the VI of economic impact, propagation length, and sector size
demonstrates the usefulness of enabling policymakers to determine key sector prioritization
post-disaster (Yu, Tan, Aviso, et al. 2014).

1.2 Aims and analytical flow

This study provides a systematic methodology framework to estimate disaster risk and its
economic impact using an industry and welfare analysis. Through CGE modeling based on an
IO table of the Mie Prefecture and GIS analysis, we expect to capture the spatial features of the
industry with concrete policy implications for disaster risk reduction. Additionally, the sectoral
economic impact and VI will be demonstrated as comprehensive indicators to interpret the
level of vulnerability.

The study proceeds as follows - Section 2 explains data-used, sectoral classification from IO
table, the model structure and scenario setting of CGE, and tsunami damage estimation by GIS;
section 3 presents the simulation results and design of the VI; the concluding remarks in section
4 provide policy recommendations and prospects.

2. METHOD

2.1 Data

In order to merge geographical information of industries and 1O table datasets, we applied
various data. Table 1 summarizes the information used in the study.
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Table 1. Summary of data used
Name of data Source Spatial scale Year Note.
Tsunami hazard MLIT (2016) 10 m 2016
map
Office (capital) . Longitude,
geographical data NSS Corporation Ltd. (2020) Latitude 2020 155 sectors
Labor endowment (Sztgtllésgt)lcs Bureau of Japan Street division 2016 99 sectors
Building types MIC (2019) City, town 2019  Table A.1
CDMC(2003), Hokkaido 2003 Applied in
Damage definition  Disaster Risk Reduction Japan 200 6’ Tanaka and
Information (2006) Huang (2021)
Input-output table DSPD (2020) Prefecture 2015 42 sectors
2.2 Sectoral classification
Table 2. Economic structure of Mie Prefecture (%)
Abbreviation Sector Output share Capital dependency

AGR Agriculture 0.8 78.6
FIS Fishery 0.3 57.6
POA Coal and petroleum 8.1 91.0
FOD Food processing 3.8 53.6
WPP Wood, paper, and printing 1.7 39.0
CHM Chemical products 9.7 49.2
POT Pottery 1.1 47.5
STL Steel 5.7 39.9
MCH Machinery 5.1 39.2
EEQ Electronic equipment 13.1 61.1
TEQ Transport equipment 10.9 42.8
MAN Manufacturing 1.0 26.8
CON Construction 2.7 15.6
ELY Electricity and water 3.0 65.4
PUB Public administration 1.9 41.7
COM Commerce 6.9 36.5
FIN Finance 5.2 83.3
TRS Transportation 2.9 31.8
EDU Education 3.1 27.0
MED Medical service 33 16.6
REC Recreation, restaurant, and hotel 2.4 39.8
SRV Service 7.3 48.4

Source: Extracted by the authors based on Mie Prefecture 2015 10 table
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We categorized 22 new sectors aggregated from 42 sectors organized in the 2015 Mie
Prefecture 10 table. Table 2 demonstrates the new sectoral classifications with the display of
output share and capital dependency sourced from the IO table. The output share shows that
the output share of 1% industry of agriculture (AGR) and fishery (FIS) was only 1.1%. In
contrast, electronic equipment (EEQ), transport equipment (TEQ), chemical products (CHM),
and coal and petroleum (POA) are the most important sectors of the 2™ industry in the Mie
Prefecture, accounting for 41.8% of the total output. For the 3™ industry, service (SRV),
commerce (COM), and finance (FIN) sectors account for 19.3% of the total output.

2.3 Computable general equilibrium (CGE) model

2.3.1 Model structure

Household utility (UU)

(Cobb-Douglas)

Government Household Investment (X) Intermediate
consumption (X7)  consumption & i uses (% X;;)
1

~ o
(Composite good market equilibrium)
Ne——
Composite good (Q;)

(CES)

Imports (M;) Domesticgood (D;) Exports (E;)

(CET)
v

Composite factor (¥;) — Gross domestic output (Z;) — Intermediate inputs (X;;)

(Leontief)
(Cobb-Douglas)

Labor (F4p;) Capital (Fcgp ;)

Figure 1. CGE model structure

Source: Amended by authors based on Hosoe ef al. (2010) and Tanaka and Huang (2020).

To analyze the impact of tsunami disaster, we applied a CGE model to capture the economic
impact triggered by an assumed tsunami shock. Based on the model structure developed by
Hosoe, Gasawa, and Hashimoto (2010), we accommodated Mie’s 10 table with the disaster
analysis methods initiated by Huang and Hosoe (2016). Figure 1 shows the model structure.

The production assumed a substitution between capital and labor factors in value-added
production with Cobb—Douglas production functions. While the labor and capital input
contributed to the sectoral output with the Leontief-type function as the production function
for gross output made up of value-added and intermediate inputs. On the other hand, household
and government, investment, and intermediate uses with elasticities are under Armington’s
composite goods (Armington 1969) assumption, which was calibrated from the GTAP database
version 10. We conducted a sensitivity test to ensure the robustness of the simulation results,
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as shown in tables A3 and A4. The gross output was transformed into domestic goods and
exports, with constant elasticity of transformation (CET) functions as follows:

. . . . N1/ b
¢ Gross domestic output transformation function: Z; = Hi(f eiEi¢‘ + ¢ diDi¢‘) ¢

where Z; : sectoral output; ¢ : share parameter; E;: export good; D;: domestic good;

ei d;: share coefficient for transformation; ¢;=transformation elasticity parameter.

PSRN VICE )
e Export supply function: E; = [&&;(}%l)pl] Z,
oo (102 ] 1/ 9D
e Domestic good demand function: D; = [Qlfdlzf#] Z,

where 9i¢i: scale parameter in Armington function; p&, p?, p¢: the price of goods.

Composite goods were produced with domestic goods, and imports with constant
elasticity of substitution (CES) functions as follows:

e Gross domestic output substitution function: Q; = y; (§m;M;" + 8d,;D;™)1/Mi

where Q;: sectoral output; §: share parameter; M;: import good; D;: domestic good;

mi, di : share coefficient for substitution; ni=substitution elasticity parameter;

. .17-6 i q 1/(1_111,)
e Import demand function: M; = [%] Q;
i i
. yiniadipl.] 1/(1_111,)
e Domestic good demand function: D; = [p—dl:I Q;
i

where y;i: scale parameter in Armington function; p¢, pf’ ,pi : the price of goods.

We use a Cobb-Douglas-type utility function to analyze social welfare, measured by the
Hicksian equivalent variations (EVs) based on a household’s change in consumption. Welfare
refers to the expenditure function that contributes to the utility of EVs before UU” and after
UU' in response to a disaster shock with output and price changes. Finally, we assume the
household to be in Cobb—Douglas utility function, which depends on the consumption goods

composite.
e Household demand for goods: Xip = % (Zh’j p,];j FFp; —SP — Td)
where p? : price of Armington’s goods, p’ : factor price, S : private savings, and T" is tax.
e The welfare function was determined by ep(p4, UU) = n)l(%'an{pq -|UU(XP) = UU}

EV = ep(p?, UUY) — ep(p?, UU®)

where ep(-) :expenditure function, X”: consumption vector, and p? :price vector.

UU: utility level (given); UU("): utility function
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The impact of disasters on capital and labor losses may lead to decreased production and a
price change, resulting in a new equilibrium in household welfare as a social benefit or cost. If
the price of import goods is lower than domestic goods, consumption and production may alter
accordingly.

2.4 GIS analysis
2.4.1 Office (capital) points and labor endowments in the tsunami hazard map

The direct impact of tsunami hazard is determined by the estimated inundation area and
height of the tsunami. We calibrated tsunami height data with the report prepared by Cabinet
Office (2012a, 2012b) modeling a Nankai Trough M9.1 Earthquake. The seven most serious
tsunami fault models for the Mie Prefecture were selected, and the simulation results were
overlapped to extract the highest tsunami height, which was applied to the tsunami hazard map.
The height of the tsunami was categorized with seven quantiles (<0.3m; 0.3-2m; 2-5m; 5-10m;
10-20m; 20-50m; and >50m).

We used the Mie Prefecture telephone dictionary to develop detailed simulations. In total,
710,059 office points supplied the names of offices by more than 1,200 industries. The number
of industries was firstly categorized as 155 to ensure the analytical capacity of the study. Figure
2 shows the spatial distribution of tsunami flooding height and office location around Tsu in
the Mie Prefecture.

1 i
Hl 0.3m-1m
B 1m=2m
2m=5m

B Sm-10m
3 10m—20em
3 20m—50em
B 50m-
Office (155 Industrias)

Figure 2. Tsunami-affected area and office (capital) points
Source: Estimated by the authors.
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The office datasets have no information on labor; thus, it was assumed based on the
Economic Census for Business Activity in 2016 with 99 industries and allocated to each office
point based on the corresponding industrial classification. Merging 155 industries into 99
industries, we added the number of laborers in each industry at the street level to each point on
the same street. Aggregating those 99 industries into sectoral classifications of Table 2, we
consequently obtained geographical information of office points with the number of laborers
from 22 industries and tsunami-height information.

2.4.2 Tsunami damage estimation

Damages caused by tsunamis generally differ based on the building material used and the
structure. To accommodate this feature, we used city-level wooden/non-wooden ratio to
estimate damage specifically, assuming that the homogenous ratio of wooden and non-wooden
in each of the 29 sub-regions in the Mie Prefecture (Table A1). The damage definition for each
building type followed the Central Disaster Management Council (CDMC) (2003) and
Hokkaido Disaster Risk Reduction Information (2006), which distinguishes four damage
categories: fully destroyed, half-destroyed, inundated over, and under floors with tsunami
heights of 0.5 m or 1 m degree. However, the tsunami height published by the Mie Prefecture
was categorized into seven quantiles, as mentioned above. Thus, the damage definition used in
this study was not the same as that of the CDMC (2003) and Hokkaido Disaster Risk Reduction
Information (2006). Table 3 lists the tsunami damage classifications.

Table 3. Tsunami damage definition

Damage category Flooded height (m)
Wooden buildings Non-wooden buildings
0 % 0.0m<H<03m 0.0m<H<2.0m
25 % 03m=H=10m 20m=H<50m
50 % IOm=H=20m 50m=H<10.0m
100 % 20m=H 100m=H

Table 4 summarizes the results of the damage estimates. The estimated tsunami risk was
highly associated with the location and building type. The sectors of the fishery (FIS), food
processing (FOD), electricity and water (ELY), and transport equipment (TEQ) revealed the
most severe damage of 14.9 %—51.4%, while the total labor loss rate was 8.1%.
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Table 4. Sectoral damage estimate
Sector wool()linmslglfﬁling Wl?:)l(;l;,g::llﬁl]lg?l;g Total building Sector damage
AGR 23 5 545 7.3%
FIS 38 7 124 51.4%
POA 5 1 73 12.2%
FOD 135 26 1,171 14.9%
WPP 99 18 1,536 11.6%
CHM 29 5 663 8.9%
POT 27 5 561 4.8%
STL 90 20 1,169 13.9%
MCH 66 14 992 10.9%
EEQ 37 8 505 13.5%
TEQ 46 10 541 14.7%
MAN 30 6 431 12.2%
CON 536 100 7,878 11.6%
ELY 11 2 106 19.2%
PUB 141 26 1,416 11.4%
EDU 152 27 2,544 7.9%
COM 1,651 305 19,562 14.1%
FIN 427 77 5,104 11.7%
TRS 175 31 2,340 12.5%
MED 371 67 5,646 10.2%
REC 1,300 234 15,358 13.9%
SRV 634 112 8,841 11.2%
LAB 49,559 9,120 726,863 8.1%

3. SIMULATION RESULTS

3.1 Tsunami risk scenario

Based on the estimated damage shown in Table 4, we employed the CGE model with the
aggregated 22-sector 10 table. The capital and labor damage rates were calibrated into capital
stock and labor endowment to reduce production factors. Meanwhile, to adequately
demonstrate the sectoral losses resulting from tsunami damage and the actual situation of labor
mobility, the capital was assumed to be immobile within a certain sector. In contrast, the labor
factor was assumed to be mobile and could flow between sectors. Thus, the scenario setting
could demonstrate the shock caused by a tsunami, its consequences for sectoral production,
and the subsequent effect on prices and welfare.

After the tsunami shock in the scenario, the static simulation results of one period showed a
change in economic indicators, including output, price, and external trade (Table 5). Thus, the
impact was a one-year consequence, indicating the consequences of reducing production
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factors (capital and labor). The following subsection will interpret the results in detail and
propose the design of the VL.

Table 5. Simulation results of tsunami shock (%)

Sector Output Price Export Import
AGR -7.3 0.7 -4.4 -13.5
FIS -39.8 20.8 -51.3 -4.6
POA -12.1 2.0 -12.2 -11.4
FOD -15.3 2.2 -15.8 -10.7
WPP -9.3 1.9 -9.3 -9.5
CHM -7.6 1.8 -7.3 -9.0
POT -4.2 1.5 -3.0 -10.3
STL -11.7 2.0 -11.9 -10.4
MCH -8.4 2.0 -8.7 -6.8
EEQ -12.1 2.4 -13.7 -7.3
TEQ -12.4 2.2 -13.0 -10.1
MAN -10.0 1.9 -9.8 -10.4
CON -6.3 1.6 -5.6 -6.9
ELY -15.8 5.0 -22.6 -3.6
PUB -9.8 1.6 -9.2 -10.6
COM -6.5 1.3 -5.4 -10.4
FIN -13.1 5.5 -18.5 -6.8
TRS -9.3 1.6 -8.7 -10.4
EDU -8.0 2.0 -8.1 -7.8
MED -9.3 0.9 -7.5 -11.0
REC -10.6 24 -11.4 -9.6
SRV -9.6 1.8 -9.4 -9.9
EV -496,756 million JPY

3.2 Output change

Due to the geographic features of the coastal area, the high exposure to tsunami risk of
fisheries (FIS) was foreseeable. The output of the FIS decreased by 39.8%, followed by the
sectors of electricity and water (ELY) (-15.8%), food processing (FOD) (-15.3%), finance
(FIN) (13.1%), transport equipment (TEQ) (12.4%), electronic equipment (EEQ) (-12.1%), coa
and petroleum (POA) (-12.1%), steel (STL) (-11.7%), while other manufacturing sectors
showed a 4%-10% decrease. The impact was considerably high in the abovementioned
industries in the Mie Prefecture.

3.3 Price change

The price indicator in the CGE model structure does not directly relate to the market price.
Rather, it is a consequence of the new equilibrium of demand and supply. Nevertheless, the
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price indicator can help interpret the indirect impact of follow-up market transaction activities.
Due to the massive output decrease in fisheries (FIS), the price increased substantially by
20.8%, implying the scarcity of production and reduced competitiveness in the export market
(to other regions). Other notable changes are in electricity (ELY), finance (FIN) by 5%. The
price change in different sectors showed a slight increase of 1%—2%, showing that the
economic structure fluctuated accordingly.

3.4 External trades

The impact on sectoral exports showed a similar trend and decreased the rate with the output
change, except that the fishery (FIS) showed a more significant decrease in exports by 51.3%.
As for imports in other manufacturing sectors, agriculture (AGR), wood, paper, and printing
(WPP), machinery (MCH), and pottery (POT) showed lower rates than their exports, implying
that facility damage also reduced the demand for intermediate inputs.

3.5 Welfare analysis

Social welfare was measured using Hicksian Equilavent Variations (EV) based on the
household consumption change according to the consumption composite ratio and income.
Based on the simulation results, as all sectoral prices increased, the reduction of production
generated resulted in a significant decrease in social welfare. Compared to the pre-disaster
situation, the EV showed a decline of JPY496,756 million, equivalent to JPY 668,049 for each
household in the Mie Prefecture.’

3.6 Vulnerability index

In addition to the simulation results from the static CGE model analysis, we propose VI as
an indicator that could help identify vulnerable sectors in the present situation. The purpose of
the index is to provide an instant and visualized indicator to raise awareness for sectors where
the vulnerability could be underestimated or overlooked within the indirect disaster impact,
such as output or price change. When vital sectors in the second industry, such as electronic
equipment (EEQ), transport equipment (TEQ), chemical products (CHM), and petroleum
(POA), are more capable of implementing structural measures for disaster risk reduction, such
as location and building reinforcement, small-medium enterprises (SMEs) may not be able to
detect such risks. Their vulnerability remains hidden in the location of business units.

The design of the VI is set with the purpose of identifying the correlation between the disaster
impact and the tsunami damage on the capital factor, highlighting sectors with less capital loss

3 Based on the 2021 census, there are 743,592 households in the Mie Prefecture.
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but greater output loss. The formula can examine the ratio of disaster impact and capital damage
to identify vulnerable sectors. The formula for VI was derived as follows:

Disaster impact

Vulnerability Index (VI) = Capital damage

where disaster impact: change of output, price, and external trade

VI may also represent the relative importance of a sector in contrast to other sectors in the
economy. Following Yusuf and Francisco (2009), we normalized the index VT, to the value
between 0 and 1.

. VI —viMm
= ey

where i is the sectoral impact, VIM%* — VIM™ is the interval of the index,
and the interval could be reversed if VI; is negative.

A higher unit represents higher vulnerability and a significant change. The visualization of
the index could provide comprehensive information on the sectoral structures and serve as a
good reference for stakeholders. Figure 3 shows the VIs of output, price, exports, and imports.

The output VI of agriculture (AGR), food processing (FOD), coal and petroleum (POA)
were the highest among all sectors, followed by finance (FIN), medical service (MED),
electronic equipment (EEQ), pottery (POT), public administration (PUB), service (SRV),
chemicals (CHM). The VI for sectors in the second industry sector was relatively low, referring
to their ex-ante countermeasures of location and building type. The sectors with a high VI
implied that their exposed area and vulnerability could have been underestimated, and the
disclosure of their fragility could be a reminder of a compound disaster risk because FOD,
AGR, and POA should be the key sectors for disaster aftermath and reconstruction.

Price VI could be informative, especially for the sectors in the second industry, to adjust
their strategy and ex-ante preparation for price fluctuations. The high price VI for fisheries
(FIS), finance (FIN), pottery (POT), electricity (ELY) are quite significant, implying the
scarcity of capital factor due to the sectoral damage and output decrease. In contrast, price VI
of coal and petroleum (POA), food processing (FOD), wood, paper, and printing (WPP), and
steel (STL) remained relatively low, indicating their resilience while facing the disaster.
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As for the external trade VI, we mainly focus on the second industry. The export of food
processing (FOD), electronic equipment (EEQ), fisheries (FIS), coal and petroleum (POA) are
more affected by the decrease in output. On the other hand, the high import VI in agriculture
(AGR) and pottery (POT) indicated the decrease of aggregate demand.

Output
AGR

Figure 3. Vulnerability index of the impact

4. CONCLUSIONS AND POLICY IMPLICATION

This study provides a systematic and analytical methodology flow on disaster impact
estimates of a possible Nankai Trough Earthquake and Tsunami in the Mie Prefecture of Japan
by applying a CGE model and GIS.

The simulation results showed that the output of several sectors in the second industry could
decrease significantly, such as electronic equipment (EEQ), transport equipment (TEQ), steel
(STL), and commerce (COM), which could be reduced by 10%—15%. In comparison, their
price fluctuates by 2%—3%. Additionally, fisheries (FIS) are drastically damaged in most
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indicators. The regional “vassal and harbor support mechanisms” should be developed to
increase the capacity for disaster preparedness.

While the direct impact of a tsunami disaster could be interpreted in the form of capital and
labor losses, we further proposed the creation of VI to further investigate the correlation
between disaster impact and capital damage. Such indicators could help identify the indirect
impact underestimated and overlooked, which could be informative for small and medium
enterprises. VI can serve as an informative instrument for holistic risk identification. The
highest output VI was revealed in food processing (FOD), agriculture (AGR), coal, and
petroleum (POA), implying increased exposure in location and vulnerability to building type.
Therefore, stakeholders should consider more ex-ante countermeasures, such as building
reinforcement, relocation, or risk pooling through another insurance instrument to increase
resilience.

This study has several limitations. Despite disaster impact and vulnerability assessment, the
assumption of building categories of each capital may have been oversimplified at the city level.
At the same time, the sector classification in the 1O table, census, and GIS database was not
specific or updated enough to enable more in-depth analysis. Meanwhile, interference between
other regions in Japan was not considered, and an inter-regional analysis may be necessary.
Nevertheless, this has been the most updated, accurate, and timely dataset that we could obtain.

As a future study, it would be more interesting to design a scenario of compound disasters
for other cascading disasters, such as pandemics and energy crises, if the datasets permit. A
dynamic analysis is desirable for follow-up research to estimate the recovery path and fund
requirements for developing more financing instruments, enabling stakeholders to make cost-
effective resource allocations for resilience investment.

We examine the impact of a tsunami on industries in Mie Prefecture by combining
geographic information data and the CGE model. Our quantitative analysis provides insights
for ex-ante disaster preparedness and risk mitigation investment by identifying vulnerable
sectors in a region. The damage estimate enabled us to establish an evidence-based tsunami
scenario with a comprehensive spatial analysis of the sectoral impact. The quantified and
visualized disaster assessment would help researchers and stakeholders capture the economic
impacts from the scope of sectoral vulnerability.
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