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Chapter 1. Introduction

1.1. The beginning of global warming and the growth of the tourism

Following World War II, the global expansion of fossil fuel consumption,
including coal and oil, and the widespread adoption of electricity were accompanied
by a marked rise in the Earth's surface temperature. Around the 1960s, this problem
has come to be discussed globally as “global warming”, one of the world’s major
problems (Manabe and Wetherald, 1967; Keeling, 1960; President’s Science

Advisory Committee, 1965).

The global warming is expected to lead to various adverse impacts, including
sea-level rise, ecosystem collapse, health risks, and food insecurity (IPCC, 2023).
Therefore, to address the global warming, international organizations (i.e.,
Intergovernmental Panel on Climate Change (IPCC), United Nations (UN))
formulated policy directions (IPCC, 2023; United Nations Framework Convention on
Climate Change (UNFCCC), 2015). Because the main cause of global warming is the
increase in greenhouse gas (GHG) emissions, particularly carbon dioxide (CO3),
reducing GHG emissions from economic activities is the primary approach

mitigation.

The Paris Agreement represents a prominent example. This international
framework was adopted at the 21st Conference of the Parties (COP21) to the United

Nations Framework Convention on Climate Change (UNFCCC), with the objective of



limiting the increase in global mean temperature to approximately 1-1.5 °C by the
year 2100 (UNFCCC, 2015). Under the agreement, 145 countries have announced to
make effort to achieve net zero emissions (Climate Action Tracker, 2023). Japan has
demonstrated its commitment to this framework by setting national targets to
reduce GHG emissions by 50% relative to the fiscal year 2013 level by 2030, and to
achieve carbon neutrality by 2050 (Government of Japan, 2021). However, according
to the IPCC, current national efforts are far from sufficient to achieve the 1.5 °C goal

(IPCC, 2023).

Tourism industry has expanded rapidly alongside global economic growth, but
it also contributes to climate change. According to the World Travel & Tourism
Council (WTTC), the tourism sector accounted for 10.3% of global GDP and 330
million jobs (10.4% of total employment) in 2019 (WTTC, 2020). Sun et al. (2024)
showed that GHG emissions from global tourism demand induced 5.2 Gt-COze
through industrial supply chains, accounting for 8.8% of total global GHG emissions

in the same year.

According to the World Economic Forum (2025), travel & tourism is expected
to expand at about 1.5 times as fast as the global economy (3.7% vs. 2.4% real
growth), reaching around 16 trillion USD (11% of global GDP) by 2034 (WEE, 2025;
Betti and Zuazua, 2025). Tourism plays a vital economic and social role; however,
sustaining its development will inevitably require compatibility with
decarbonization (World Tourism Organization (UNWTO), 2018). WTTC (2021a and

2024) presented a roadmap toward net-zero emissions for the global travel and



tourism sector and pointed out several challenges, including weak government-
industry coordination and low tourist awareness of climate change. This, in turn,
calls for technological innovation to reduce environmental impacts and systems that
align the behavior of consumers and appliers. To this end, more proactive
government-led initiatives are required—for example, fostering technological
innovation to reduce environmental impacts and establishing mechanisms that align

the behavior of consumers and suppliers.

1.2. A further challenge for tourism: vulnerability to disasters

In 2020, the COVID-19 pandemic posed an unprecedented challenge to the
tourism sector. Although tourism had expanded steadily since the late twentieth
century (UNWTO, 2019), the industry—being inherently dependent on human
mobility—was hit hard by lockdowns imposed to curb the spread of infection.
According to the WTTC, travel and tourism’s share of global gross domestic product
(GDP) declined from 10.4% to 5.5%, and employment in the sector fell by about
62million jobs (WTTC, 2021b). From an environmental perspective, global tourism-
related GHG emissions declined from 5.2 to 2.2 GtCO,e between 2019 and 2020—a
drop of about 58%—due to the COVID-19 pandemic’s disruption of travel (Sun et al.,

2024).

As of 2025, the acute phase of the COVID-19 pandemic has ended.
Nevertheless, several studies and official reports state that the risk of similar

pandemics remains (Marani et al, 2021; Carlson et al, 2022; Intergovernmental



Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES), 2020;
Sanchez et al, 2022). It is essential to remain vigilant about the potential
reemergence of novel pandemics and design tourism recovery policies for such
scenarios. Moreover, because tourism is inherently dependent on human mobility,
the sector is vulnerable to other disasters (e.g., earthquakes, tsunamis, and
typhoons) (Granvorka and Strobl, 2013; IPCC, 2021; Organisation for Economic Co-
operation and Development (OECD), 2024; Reiner et al, 2024; Ritchie and Jiang.,
2019). For the continued expansion of tourism, implementing countermeasures

against these disasters is equally important.

As with COVID-19, these disasters can affect the economic, social, and
environmental dimensions via the tourism sector, which is inherently dependent on
human mobility. In formulating tourism recovery policies for disaster contexts, it is
essential to quantify the impacts of disaster induced contractions in tourism demand.
For this purpose, the triple-bottom-line (TBL) framework provides an appropriate
basis for evaluation. TBL framework was originally proposed to assess corporate
sustainability across the economic, social, and environmental dimensions
(Elkington, 1997, 2018). In 2016, the “wedding-cake model,” which organizes the 17
SDGs into the biosphere, society, and economy layers, further generalized this
perspective, turning it into a widely used guide for sustainability assessment across
fields (Stockholm Resilience Centre, 2016). For the tourism industry—which faces
the dual challenges of pursuing sustainable growth while remaining vulnerable to
disasters—evaluating disaster impacts through the TBL lens is therefore a key

requirement.



1.3. Japan’s inbound tourism market during the COVID-19 pandemic: a case study

The situation described above also applies to Japan. Since 2003, the Japanese
government has pursued policies to expand inbound tourism (Ministry of Land,
Infrastructure, Transport and Tourism (MLIT), 2003; Japan Tourism Agency (JTA),
MLIT, 2021a); as a result, the number of international arrivals rose to 31.9 million in
2019, roughly six times the 2003 level (JTA, MLIT, 2025a). However, because of the
COVID-19 pandemic, arrivals fell to 4.1 million (an 87% decline from 2019) (JTA,
MLIT, 2025a). For Japan, inbound travel revenue in 2019 were equivalent to roughly
24% of the current-account surplus (Ministry of Finance Japan (MF]), 2025),
highlighting inbound tourism as a policy-responsive channel for earning foreign
currency in the short to medium term. Following the end of the COVID-19 pandemic,
Japan’s inbound tourism has gradually recovered, and by 2024 it recorded all-time
highs in both the number of foreign tourists and inbound tourism expenditure (JTA,
MLIT, 20253, 2025b). However, as in the global tourism industry, it remains essential
to formulate recovery policies for a potential pandemic recurrence and other

disasters remains indispensable.

This doctoral thesis takes Japan as a case study—for two reasons explained
below—and analyzes how the COVID-19 pandemic affected Japan via its inbound
tourism market in 2020. First, as an island nation where more than 90% of foreign
tourists enter by air, Japan was particularly exposed to the effects of travel

restrictions and border controls (including lockdowns). Consequently, the decline in



the number of foreign tourists was especially pronounced. Second, as noted earlier,
Japan’s inbound market was on a steep growth trajectory; absent the pandemic,
2020 was expected to set a new record for both arrivals and inbound expenditure. It
is therefore appropriate to assess the impact using a with- and without-pandemic

counterfactual scenario comparison.

This thesis aims to evaluate, in TBL terms, the economic, social, and
environmental impacts—both direct and indirect— of the COCID-19-induced
stagnation in inbound tourism demand to Japan. To this end, a novel analytical
framework for tourism under disaster conditions is developed, integrating
consumption-endogenous input-output analysis, counterfactual scenarios,

structural decomposition analysis (SDA), and structural path decomposition (SPD).

1.4. Structure of this thesis

This doctoral thesis consists of five chapters (Figure 1-1). Chapter 2 presents
a comprehensive literature review covering: (i) the development of input-output
analysis and its evolution into environmentally extended input-output analysis
(EEIOA); (ii) applications of input-output analysis to environmental and disaster
studies with a focus on tourism; and (iii) advanced 10-based methods developed for
more detailed attribution and factor decomposition—namely, consumption-
endogenous input-output analysis, structural decomposition analysis (SDA),
structural path analysis (SPA), and structural path decomposition (SPD) analysis.

Within the context of the reviewed literature, Chapter 2 identifies the research gaps



addressed by this dissertation and clarifies its contributions and novelty.

Chapter 3 applies a consumption-endogenous input-output framework to
analyze the 2020 collapse of Japan’s inbound tourism and augments it with a
counterfactual structural decomposition analysis (SDA). This approach enables the
evaluation of direct and indirect impacts—namely, value-added losses, employment
losses, and reductions in CO, emissions—caused by COVID-19 through inbound
tourism, and decomposes these impacts into six contributing factors. The chapter
derives policy implications, recommending targeted government interventions such
as subsidies for sectors experiencing the largest value-added and employment
losses, alongside support schemes for sectors capable of mitigating environmental

impacts so as to preserve the environmental gains observed during the pandemic.

Chapter 4 extends the analysis by implementing a counterfactual structural
path decomposition (SPD) based on a consumption-endogenous input-output
model to identify the supply-chain hotspot paths through which the COVID-19 shock
to inbound demand propagated across Japan’s industrial supply chain. The chapter
further contrasts with- and without-pandemic scenarios to isolate the contributions
of six drivers (including final demand, input structure, and income-induced
consumption), and discusses policy guidance for building disaster-resilient and
sustainable inbound tourism—for example, by targeting support to supply-chain
hotspots while embedding incentives for decarbonization and labor transitions in

face-to-face service linkages.

10



Chapter 5 concludes the dissertation by integrating the results of Chapters 3
and 4 within a triple bottom line (TBL) framework and addressing two key themes:
optimal recovery strategies for inbound tourism during the COVID-19 pandemic,

and policy measures the tourism sector should adopt to prepare for future disasters.

Chapter 1
Introduction

¥

Chapter 2
Literature review

A 4 A 4

Chapter 3 Chapter 4

Triple Bottom Line Analysis of the Decline in Foreign Tourist
Demand in Japan due to the COVID-19 Pandemic:
Counterfactual Structural Decomposition Approach

—

Identifying critical supply chain paths affected by the decline
in foreign tourist demand in Japan due to the COVID-19
pandemic: counterfactual structural path decomposition

v
Chapter 5
Conclusions

Figure 1-1. Structure of this thesis

Chapter 3 has been published in a peer-reviewed journal, and the manuscript

derived from Chapter 4 is currently under review.

Chapter 3:
Oga, Y. & Kagawa, S. (2025). Triple bottom line analysis of the decline in foreign
tourist demand in Japan due to the COVID-19 pandemic: Counterfactual structural

decomposition approach, Journal of Industrial Ecology, 29(2), pp- 518-530.

11




Chapter 4:

Oga, Y. (2025). Identifying Critical Supply Chain Paths Affected by the Decline in
Foreign Tourist Demand in Japan due to the COVID-19 Pandemic: Counterfactual
Structural Path Decomposition, Structural Change and Economic Dynamics, under

review.

12



Chapter 2. Literature review

2.1. The beginning of input-output analysis: its evolution into quantitative footprint

accounting methods

Since the early 1900s, as economies expanded and became more complex,
several macroeconomic analytical frameworks were developed to systematically
represent the economy as a whole, including general equilibrium models (Arrow
and Debreu, 1954; Johansen, 1974; Scarf, 1967; Shoven and Whalley, 1992), the
Social Accounting Matrix approach (Stone, 1962; Pyatt and Thorbecke, 1976; Pyatt
and Round, 1979), and the System of National Accounts (SNA) (Meade and Stone,

1941; UN, 1953; European Commission et al., 2009).

Input-output analysis (Leontief, 1936, 1941, 1953, 1966; Miller and Blair,
2009) is one of these approaches. Using an input-output table that summarizes, by
industry within a given region and period, the cost and sales structures, final
demand, and value added, it enables the estimation of the total volume of
interindustry transactions indirectly induced by a unit change in final demand—that

is, the economy-wide ripple effects.

Since its inception, input-output analysis has diversified along multiple fronts:
from early cross-country comparisons by Chenery and Watanabe (1958) to

interregional and international input-output systems (Isard, 1951; Leontief et al.,

13



1974), the formulation of backward and forward linkage indices (Rasmussen, 1956;
Hirschman, 1958), and later methodological extensions such as structural
decomposition (Dietzenbacher and Los, 1997, 1998) and structural path analysis

(Defourny and Thorbecke, 1984; Lenzen, 2003).

The applications of input-output analysis have extended beyond economics.
Since the 1960s—against the backdrop of pollution problems that emerged as the
cost of rapid growth—researchers began developing environmentally extended
input-output (EEIO) models that combine 10 frameworks with physical data on
resource use and waste generation (Daly, 1968; Isard et al., 1968; Ayres and Kneese,
1969; Leontief, 1970; Victor, 1972). Leontief (1970) and Leontief and Ford (1972)
incorporated pollution emissions and pollution-abatement activities into input-
output tables, modeling the relationship between industrial production and the
emission or removal of environmental pollutants within the economic system. These
studies laid the foundations of EEIO, providing the methodological groundwork for

later footprint accounting.

Following Wackernagel and Rees (1996), who emphasized the importance of
the Ecological Footprint—quantifying the productive land and sea area required to
support human consumption—environmentally extended input-output (EEIO)
analysis has become widely used in footprint studies (Kitzes, 2013; Wiedmann,
2009; Miller and Blair, 2009). In particular, alongside life cycle assessment (LCA)—
which comprehensively quantifies life-cycle environmental flows such as energy use

and greenhouse gas (GHG) emissions across the cradle-to-grave stages of production,

14



use, and end-of-life (Hunt, 1992; Fava, 1994; Klopffer, 1997; 1SO, 2006a, 2006b;

Guinée, 2002)—EEIO is now one of the standard approaches in the field.

Within the UN Sustainable Development Goals (SDGs), official indicators such
as the Material Footprint for Goals 8.4 and 12.2 are compiled on the basis of multi-
regional input-output (MRIO) models (Lenzen et al., 2013, 2017a, 2017b; Malik et
al, 2019; Stadler et al, 2018; Tukker and Dietzenbacher, 2013; Wiedmann et al,,
2015), demonstrating the institutional use of input-output analysis (UN Statistics
Division, 2025; UNEP, 2023b). Goal 12 explicitly calls for management across the life
cycle, and UNEP’s Life Cycle Initiative positions LCA as guidance for policy, public
procurement, and product assessment (UNEP Life Cycle Initiative, 2023).
Accordingly, 10 and LCA have become standard tools within public policy

frameworks such as the SDGs.

2.2. Application of environmentally extended input-output analysis to tourism

Input-output analysis has evolved into a tool for quantifying consumption-
based footprints across multiple domains—including carbon footprints (CF) (Davis
and Caldeira, 2010; Davis et al., 2011; Kanemoto et al., 2016; Minx et al., 2008, 2009;
Nansai et al., 2012; Peters, 2008), air-pollutant footprints (Zhang et al., 2017; Lin et
al., 2014), water footprints (Hoekstra and Mekonnen, 2012; Zhao et al,, 2015), and
material footprints (Wiedmann et al., 2015; International Resource Panel (IRP),

2019).

15



Combining input-output analysis with Tourism Satellite Accounts (TSA), a
large body of work has quantified the CF attributable to tourism consumption
worldwide (Lenzen et al., 2018; Munday et al., 2013; Sun et al., 2014, 2020; Sharp et
al, 2016; Becken and Patterson, 2009; Cadarso et al., 2015, 2016; Demeter et al,,
2021; Jones, 2024; Shi et al., 2024; Sun, 2020; Hu et al.,, 2022). Most notably, Lenzen
et al. (2018) linked tourism final demand to a global MRIO model and found that
tourism-related GHG emissions accounted for about 8% of the global total in 2013,
highlighting the dominance of indirect emissions. Similar frameworks have been
implemented at national and regional levels—for China (Hu et al., 2022), Taiwan
(Sun et al., 2014), the UK/Wales (Munday et al., 2013), Scotland (Sharp et al.,, 2016),

New Zealand (Becken and Patterson, 2009), and Spain (Cadarso et al., 2015).

Munday et al. (2013) linked a regional IO table with a TSA to estimate Wales's
tourism CF, finding that indirect emissions exceeded direct, in-destination emissions,
with substantial contributions from accommodation, food services, and retail trade
in addition to transport. Sharp et al. (2016) decomposed Scotland’s tourism
spending by sector and showed that upstream food and retail sectors, not only
aviation, are key mitigation targets. Hu et al. (2022) traced Chinese tourism demand
through a China MRIO model and demonstrated that interprovincial carbon
transfers and visitor origin—destination pairings strongly shape the spatial
distribution of emissions. Overall, while transport (aviation, railway, and road
transport) accounts for a large share of tourism-related GHG emissions, on-site
consumption and its embedded supply chains are also significant—implying the

need to manage long-haul international tourism (inbound and outbound) while

16



decarbonizing procurement and upstream production.

For water footprints (WF), 10 applications have likewise advanced (Cazcarro
et al., 2014; Lee et al, 2021). Cazcarro et al. (2014) estimated Spain’s tourism-
embodied blue and green water footprints using EEIO analysis and pointed to the
externalization of demand to already water-stressed regions. Lee et al. (2021)
assessed China’s tourism WF using MRIO with SDA to attribute changes to income,
consumption demand, and technology/efficiency effects, quantifying the
contribution of efficiency improvements. Together, these studies argue for
integrating carbon and water accounting in tourism strategy and for explicitly

considering basin-level water stress.

2.3. Input-output analysis for disaster impact assessment

Over the years, input-output analysis has been widely applied to investigate
the economic and social consequences of various types of disasters (Okuyama, 2007;
Okuyama and Santos, 2014; Oosterhaven, 2017; Galbusera and Giannopoulos, 2018;
Steenge and Bockarjova, 2007; Bockarjova et al., 2004; Li et al., 2013; Schulte in den
Baumen et al, 2015; Reiner et al., 2024). Through literature reviews of studies
analyzing the economic impacts of disasters using 10, SAM, and computable general
equilibrium (CGE) models, Okuyama (2007) and Okuyama and Santos (2014)
summarized the advantages and limitations of employing input-output analysis. Its
advantages include the ability to comprehensively assess both direct shocks (e.g.,

abrupt changes in final demand or supply outages) and indirect impacts transmitted

17



through supply chains, allowing a systematic estimation of upstream-downstream
effects. Its limitations are that a simple I0 model cannot capture short-run dynamics
or recovery trajectories, and—unless factors such as inventories, substitution, spare
capacity, and policy interventions are explicitly incorporated—the results may be

biased upward or downward.

To the best of the author’s knowledge, before the COVID-19 pandemic,
relatively few studies had assessed the tourism industry’s disaster impacts using
input-output analysis. Among them, Reiner et al. (2024) examined the “Black
Summer” wildfires in Australia (2019-2020) and estimated that the halt in tourism
reduced total output by about 2.8 billion Australian dollars (AUD) and caused a loss
of roughly 7,300 jobs. In contrast, since the onset of COVID-19—given its profound
global impact on tourism—numerous studies have analyzed its effects through the
tourism sector (Kitamura et al., 2020b; Lee et al., 2024; Osorio et al., 2023; Vaya et
al., 2024; Yeh and Liou, 2025; Sun et al., 2021; Tsutsumi et al., 2024). The COVID-19
pandemic, through lockdown measures that restricted human mobility, arguably
represented the first disaster to cause a clearly observable, worldwide standstill in
tourism. At the same time, it spurred progress in developing impact-analysis
frameworks for disaster recovery in the tourism industry—an area that had
previously received limited attention. Refining such frameworks will contribute to
risk management and the design of recovery policies for future tourism stagnations

caused by large-scale disasters, whether pandemic-related or otherwise.
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2.4. Consumption-endogenous input-output analysis

Input-output analysis estimates economic ripple effects by multiplying a final
demand column vector (i.e., direct effects) by the Leontief inverse, which
incorporates the input-coefficient matrix. The input-coefficient matrix represents,
for each industry, the monetary shares of goods and services purchased as
intermediate inputs from all industries (including itself) to produce one unit of

output.

In the standard input-output setting, household consumption and labor
income are treated as exogenous, which precludes the estimation of induced effects
on income and consumption. This shortcoming is addressed by the Leontief-
Miyazawa model, which endogenizes household consumption and labor income in
an extended input-output model (Miyazawa, 1960; Miyazawa and Masegi, 1963;
Miyazawa, 1976). In reality, consumption depends on income and income depends
on production; therefore, in principle, both can be endogenized within Leontief’s
system. To implement this, Miyazawa developed a consumption-endogenous input-
output model by embedding the inter-relational income multiplier—based on
Keynes’s and Kalecki’s consumption functions (Keynes, 1936; Kalecki, 1954)—into
the Leontief inverse, thereby enabling quantitative estimation of the production —

income — consumption feedback loop.

The Leontief-Miyazawa model has been widely employed for multiplier

studies (Lager, 1988; Rose and Beaumont, 1988; Rose et al., 1989; Sonis and
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Hewings, 1993, 1995; Cloutier and Thomassin, 1994; Trigg and Madden, 1994; Batey
and Madden, 1999; Rose and Li, 1999; Hewings et al., 2001; Lenzen and Schaeffer,
2004; Kagawa, 2005; Nagashima, 2018). Consumption-endogenous input-output
analysis is particularly well suited to accounting for the temporary changes in

household consumption and labor income observed during the COVID-19 pandemic.

2.5. Structural decomposition analysis

Since input-output analysis began to be widely applied to economic and
environmental issues, there has been a growing practical demand to decompose
changes in economic growth and environmental burdens into activity effects
(changes in the overall level of final demand), composition effects (shifts in the mix
of products and sectors), and technology effects (changes in technical coefficients or
intensities) (Chenery et al., 1962; Bullard and Herendeen, 1975; Rose and Casler,
1996). Structural decomposition analysis (SDA) emerged precisely to meet this
demand. It attributes the change in an aggregate variable between two periods—e.g.,
output, energy use, or CO, emissions—to underlying drivers within the 10 identity
(typically E = e(I — A)~1f), allowing observed differences to be expressed as the
contributions of (i) technological change (e.g., changes in value-added or emission

intensities), (ii) production-structure change, and (iii) final-demand change.

Methodologically, SDA was systematized by Dietzenbacher and Los (1997,
1998, 2000), who formalized the treatment of the non-uniqueness problem

(different factor orderings yield different results) via polar decompositions and
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averaging over permutations, and clarified additive vs. multiplicative forms,
reference-period choices, and extensions to environmentally extended and multi-
regional 10 settings. Since then, SDA has been widely applied in economic and
environmental analyses—to disentangle changes in energy use, CO, emissions,
material and water footprints, value added, and employment—while preserving
system-wide accounting consistency (Peters et al., 2011; Kagawa and Inamura,
2001; Arto and Dietzenbacher, 2014; Wiedmann et al., 2015; Feng et al., 2014; Zhang
et al, 2012). When analyzing how the COVID-19 pandemic or other disasters have
affected the tourism industry, identifying the contributing drivers is crucial for

formulating well-targeted policy recommendations.

2.6. Further analysis at the industrial supply-chain level

Whereas SDA decomposes the change in a target variable (e.g., output, CO,, or
water use) over a given period into the contributions of underlying drivers,
structural path analysis (SPA) was developed to quantify the direct and indirect
effects computed in input-output analysis at the level of individual supply-chain
transactions (Defourny and Thorbecke, 1984; Lenzen, 2003). SPA expands the
Leontief inverse into supply-chain paths by order of propagation and quantifies the
target variable at the level of industrial supply-chain paths. Specifically, SPA expands
(I—-A)"! as I+A+A?+ A3+, mapping products of input coefficients to
ordered paths (e.g., fishery — transport services — eating services), thereby
attributing impacts to concrete upstream linkages rather than aggregate sectors.

This enables actionable “hotspotting” for policy and management by identifying
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which supply chains dominate a footprint and to what extent. SPA was first
formalized in an IO setting by Defourny and Thorbecke (1984) and subsequently
adapted to environmentally extended IO for footprint tracing and trade-

embodiment studies (e.g., Lenzen, 2003; Peters and Hertwich, 2006).

As a complement to SPA, structural path decomposition (SPD) compares two
points in time and decomposes the change along each structural path into
contributions from relevant drivers—technology, production structure, and final
demand (Wood and Lenzen, 2009). SPD effectively extends SDA’s driver attribution
to the path level; for example, it pinpoints which supply-chain paths improved—and
by how much—due to technological changes that contributed to CO,-emission
reductions. Methodologically, SPD builds on SPA’s path expansion and applies
decomposition rules to each term (Wood and Lenzen, 2009), with subsequent work
extending SPD to multi-regional settings and various indicators (carbon, energy,
materials, water) (Oshita, 2012; Yang et al., 2015; Tian et al.,, 2018; Su et al., 2019;

Zhang et al., 2021; Lin and Teng, 2022).

Structural path decomposition (SPD) is well suited to disaster analysis

because it can both identify supply-chain hotspots heavily affected by disasters (e.g.,

pandemics) and decompose their underlying drivers. To the best of our knowledge,

however, it has not yet been explicitly applied to disaster contexts in the literature.

2.7. Contribution of this thesis

22



This Chapter has reviewed previous studies on the origins of input-output
analysis and its development into environmentally extended models, as well as
applications to tourism and disaster analysis. Building on the above, input-output
models that analyze impacts transmitted through the tourism industry under

disaster conditions face at least three challenges.

First, applications of TBL analysis—jointly addressing the economic, social
and environmental dimensions—are scarce, and there remains considerable scope
for methodological improvement. To the best of author’s knowledge, Kitamura et al.
(2020b) is, to the best of our knowledge, the only empirical study that quantifies
COVID-19’s impacts transmitted via Japan’s tourism sector across the economic
(domestic output), social (employment) and environmental (CO2) dimensions. That
study (Kitamura et al., 2020b) was published less than a year after the pandemic
began, providing a rapid, policy-relevant contribution at a time when COVID-19
countermeasures were not yet established. However, its recovery scenarios rely on

only eight months of post-outbreak data, which limits their accuracy.

Second, it does not consider the changes in income and household
consumption caused by the disaster. As shown by Okuyama (2007) and Okuyama
and Santos (2014), applying input-output analysis to disaster impact assessment
requires explicit consideration of factors such as inventories, substitution, spare
capacity, and policy interventions. Under a large-scale pandemic like COVID-19,
which severely restricts mobility, household incomes and consumption behavior

(including propensities to consume) can shift markedly; hence, there is a need to
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develop more refined models that can endogenize and reflect these changes.

A third challenge is that we still lack a framework capable of fine-grained
analysis of the main drivers of pandemic-era changes and the propagation of impacts
through supply chains. The impacts of COVID-19 transmitted through the tourism
industry manifest in multiple ways—via changes in industrial structure (e.g., value
added shares and production efficiency), declines in final demand. They can also
concentrate along particular supply-chain paths. Enhancing the precision of the
input-output analytical framework and identifying the drivers of change and supply-
chain hotspots will support the design of more detailed and actionable recovery

measures.

The objective of this study is to develop a new analytical framework that
address the shortcomings of input-output-based approaches to assessing disaster-
era impacts transmitted through tourism industry. Specifically, we integrate a
consumption-endogenous input-output model, structural decomposition analysis
(SDA), and structural path decomposition (SPD) to provide a comprehensive and
granular assessment of how declines in tourism demand propagate through
industrial supply chains to affect economic, social, and environmental outcomes. I
also review previous studies on each of these methods to position my approach

within the existing literature.
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Chapter 3. Triple bottom line analysis of the decline in foreign
tourist demand in Japan due to the COVID-19 pandemic:

Counterfactual structural decomposition approach

3.1. Introduction

Since 2012, Japan has adopted policies to attract foreign tourists, including
visa easing and expanding shipping routes (Cabinet Secretariat, Government of
Japan, 2016). These policies doubled the number of foreign visitors to Japan and
their consumption during travel from 2012 to 2015 (Cabinet Secretariat,
Government of Japan, 2016). Japan’s inbound revenue is expected to grow further
by 2020 and 2030 (Cabinet Secretariat, Government of Japan, 2016). The Japanese
government has also planned large-scale investments to develop its tourism

infrastructure (Cabinet Secretariat, Government of Japan, 2016).

Since 2020, inbound travel has been more tightly regulated than domestic
travel because of entry restrictions in Japan due to the COVID-19 pandemic.
Consequently, the total number of foreign tourists was only four million in 2020 and
13% of the total number of foreign tourists in 2019 (Japan National Tourism
Organization, 2022). The total number of domestic tourists was 290 million in 2020,
of which half occurred in 2019 (JTA, MLIT, 2021a). Accordingly, the Japanese

inbound market has shrunk considerably.

Tourism is closely connected to multiple industries through supply chains,
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including food services. Therefore, tourism revenue (i.e., the final consumption
expenditure of domestic and foreign tourists) contributes to the revenue of other
domestic industries. JTA reported that 14 trillion JPY (approximately 99 billion
U.S.$ at an exchange rate of 141 JPY per U.S.$) in direct tourism value added in 2019
generated an additional 14 trillion JPY (99 billion U.S.$) in indirect tourism value
added to GDP. These direct and indirect value-added effects accounted for 5.1% of
Japan’s GDP in 2019 (JTA, MLIT, 2023). However, Japanese tourism revenue in 2020
was only 11 trillion JPY (78 billion U.S.$), a significant decrease from 2019 (JTA, MLIT,
2023). Thus, Japan has experienced substantial economic losses owing to an

'‘exogenous' factor: a reduction in tourism demand.

The COVID-19 pandemic has directly affected the Japanese economy by
altering household consumption and labor income. According to Japan’s input-
output tables for 2019 and 2020 (Cabinet Office, 2021, 2022a), household
consumption decreased by 18.2 trillion JPY between 2019 and 2020, a decline of
5.9%. Labor income fell by 3.5 trillion JPY during the same period, a reduction of
1.2% compared with 2019. The Household Survey (Ministry of Internal Affairs and
Communications (MIC), 2020b, 2021) indicated that the disposable income ratio,
defined as the ratio of disposable household income to labor income, decreased from
67.3% to 60.7% between 2019 and 2020, a decrease of 6.6%. These economic
factors are important contributors to the economic losses during the pandemic
period. Therefore, this study incorporates labor income and household consumption

into our analytical framework.
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Economicloss affects society (i.e., job opportunities) and the environment (i.e.,
CO2 emissions). In 2019, tourism-related job opportunities accounted for
approximately 10% of the total Japanese labor force (6,570,000 people) (JTA, MLIT,
2021b). By 2020, these jobs had decreased by 310,000 (JTA, MLIT, 2023). In 2020,
CO: emissions in Japan were 5.1% lower than in 2019 owing to the economic
downturn, showing the largest decrease since the 2009 financial crisis (Ministry of
the Environment, 2021). Kitamura et al. (2020a) reported that tourism activities in
Japan (including domestic, inbound, and outbound tourism) emitted 136 million t-
CO2 in 2017, accounting for 10.5% of the nation's greenhouse gas (GHG) emissions.
Additionally, Lenzen et al. (2018) revealed that the CF of tourism increased to
account for 8% of the global total in 2013, highlighting that tourism to small island
nations is one of the most emission-intensive forms of the per capita destination-
based footprint. These findings suggest that Japan should put effort into promoting
sustainable tourism. Therefore, local countermeasures should not only focus on the
recovery of Japan’s inbound markets but also on mitigating CO; emissions resulting

from the recovery of Japan’s inbound markets.

When policymakers consider countermeasures against the COVID-19
pandemic, they should comprehensively evaluate the economic, social, and
environmental impacts of the pandemic and efficiently allocate limited resources to
important stakeholders. However, there are challenges in evaluating the specific
impact of the pandemic and identifying stakeholders indirectly affected by inbound

markets because industries are closely connected in multiple markets.
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Input-output analyses can model inter-industry deliveries in markets
(Leontief, 1953) and have been used in previous studies to estimate direct and
indirect economic impacts or CO2 emissions through the tourism supply chain in the
U.K. (Munday et al., 2013), Taiwan (Sun ,2014), Iceland (Sharp et al.,2016), New
Zealand (Becken and Patterson, 2009), and Spain (Cadarso et al., 2015 and Cadarso
et al,, 2016). Output analyses have also been used to estimate the effects of the
COVID-19 pandemic in different countries. Lenzen et al. (2020), using this analysis,
identified the socioeconomic losses and environmental benefits worldwide.
Similarly, input-output analyses have been applied to observe the economic impacts

of COVID-19 in Indonesia (Sun et al,, 2021).

Kitamura et al. (2020b) used a ‘consumption-exogenous’ input-output
analysis to determine the impacts of COVID-19 in Japan through tourism activities
and estimated the economic, environmental, and social impacts of the Japanese
tourism industry from January 2020 to August 2020. Although the study by
Kitamura et al. (2020b) is useful for understanding the rapid economic changes
resulting from the pandemic, it did not identify important stakeholders with detailed
sector resolutions (i.e., key industrial sectors) in the supply chains associated with
inbound final demand. Additionally, Kitamura et al. (2020b) did not suggest specific
policies to both recover the economic activities of the key sectors largely affected by

the pandemic and mitigate CO; emissions associated with tourism supply chains.

This study aimed to estimate the economic, environmental, and social impacts

of the COVID-19 pandemic. We developed an analysis framework that combines a
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‘consumption-endogenous’ input-output analysis (Miyazawa, 1960) with a
counterfactual final demand estimation model that determines inbound final
demands with and without the pandemic. Based on the analysis framework, this
study determined the final demand by foreign tourists during the pandemic and a
counterfactual case without the pandemic and quantified direct and indirect
economic losses, employment loss, and CO2 reductions caused by the decline in the
number of foreign visitors to Japan due to the pandemic. Key economic, social, and
environmental sectors were identified. This study also discusses policies that
support the identified key sectors in the tourism industry and allows policymakers
to identify industries that have experienced hidden indirect damages from the

COVID-19 pandemic, thereby recommending the improvement of recovery policies.

Policymakers ought to empirically investigate the factors influencing changes
in economic, social, and environmental multiplier effects arising from the COVID-19
pandemic. While the structural decomposition analysis (SDA) framework is a useful
methodology for exploring the effects of structural changes that occur within the
national economy and environment (see e.g., Dietzenbacher and Los, 1997, 1998;
Kagawa, 2011; Lenzen, 2016), it is important to note that we cannot directly observe
the economic structure in 2020 without the pandemic. Therefore, the SDA
framework cannot be straightforwardly applied to investigate the effects of the
‘counterfactual’ yearly structural change in 2020 due to the COVID-19 pandemic.
This study proposes a new counterfactual SDA framework based on a consumption-
endogenous input-output analysis. This assumes that the economic structure in

2020, without the pandemic, can be approximated as that of 2019.
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In a recent study, Magacho and Rocha (2022) introduced a SDA framework
based on a consumption-endogenous input-output analysis and investigated the
factors contributing to changes in gross output in Brazil during the 2010s. While
their SDA framework shares similarities with our framework, it is worth noting that
they did not endogenously identify the labor income coefficient vector and
household expenditure coefficient vector, in contrast to the consumption-
endogenous input-output model we employ. Additionally, Magacho and Rocha
(2022) primarily focused on ‘empirical’ structural changes, while this study centers
around ‘counterfactual’ structural changes. We also discuss policies to support the
major factors influencing changes in economic, social, and environmental multiplier

effects arising from the pandemic.

The remainder of this chapter is organized as follows. Section 3.2 describes
the methodology and data used in this study, Section 3.3 presents the empirical
results, Section 3.4 outlines the data employed, Section 3.5 discusses the limitations

of this study, and Section 3.6 provides the conclusion.

3.2. Methodology

3.2.1. Counterfactual scenario setting

To determine the economic, social, and environmental impacts of the COVID-

19 pandemic, we defined two scenarios: with-COVID scenario and non-COVID
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scenario. The with-COVID scenario shows the number of foreign visitors to Japan in
2020 during the pandemic. By contrast, the non-COVID scenario shows the
estimated number of foreign visitors to Japan in 2020 in the counterfactual case,
assuming that the pandemic did not occur that year. Japan has experienced
structural changes in inbound tourism through policies such as easing visas.
Following these structural changes, the number of foreign visitors rapidly increased
until the end of the pandemic. Therefore, this structural break must be considered
within an analytical framework. When the number of foreign visitors from country

c to Japan in year tis defined as ng, the linear trend model can be formulated as:

ng = af + pit +ef, (t=2003,2004,.., b°—1)

(1)
ne =as+pst+es, (t= b b°+1,..,2019)

where a¢ and (¢ represent parameters showing the intercept and slope in the
linear trend model, respectively, ef represent independent and identically
distributed error terms, and b¢ represents the year of the structural break for
country ¢ during the period between 2003 and 2019. Subscripts 1 and 2 in Eq. (1)

represent the parameters before and after a structural break, respectively.

We conducted two regression analyses as shown in Eq. (1), repeatedly
changing the specific year of structural change (i.e.,, b¢), and compared the F-values
between the null hypothesis (af = @5 and B; = B5) and the alternative hypothesis.

By identifying the year with the highest F-value, defined as:

31



t=2003 t=2003 t=b, t=2003 t=b

F ={ > wr- Z (u)” - Z(us,t)z} / { Z (u)” + Z(us,t)z}ﬂn -2)

(2)

where u; represents the error term obtained from the regression analysis without
considering the structural change year, and 17 and 2 represent the number of
observations and parameters in Eq. (1), respectively. In this study, a linear trend

model was developed using the ordinary least-squares (OLS) method.

Accordingly, we have:
fif = as + pst (3)

where 7if isthe predicted number of foreign visitors from country c to Japan in year
t after the structural break and &5 and S5 represent the estimated intercept and
slope parameters, respectively. The extrapolation method, based on the specified
linear trend model in Eq. (3) yields the forecast number of foreign visitors from
country c to Japan in 2020 following the linear time trend between the estimated

structural break b¢ and 2019 before the COVID-19 pandemic, as follows:
iS00 = @€ + B x 2020 4)

When the actual number of foreign visitors from a specific country c to Japan in 2020

with the pandemic is defined as 75,,, and the forecasted number of foreign visitors
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from a specific country c to Japan in 2020 without the COVID-19 pandemic is defined
as 54,0, the pandemic could reduce the number of foreign visitors from a specific
country c in 2020 by An$y,0 = 5020 — M5020- It Should be noted that the tilde (~)

and bar (—) denote the non-COVID scenario and with-COVID scenario, respectively.

3.2.2. Direct, indirect, and income-induced economic effects triggered by travel

consumption by foreign visitors in 2020

In this study, the actual travel consumption of foreign visitors from Country c

during the COVID-19 pandemic was calculated as follows:
f2020 = M3020d%020 (5)
where f,,, represents the final demand column vector of commodities consumed
by foreign visitors in Japan in 2020 and dS,,, representsa column vector showing
the per capita commodity consumption for foreign visitors from a specific country c.
Based on an input-output analysis (Miller and Blair, 2009), we estimated the

direct and indirect economic effects triggered by foreign visitors’ travel

consumption in 2020 as follows:

= _ -1 _ _ _
’_(f,zozo = {l - (I - Mzozo)Azozo} f2Cozo = L1,2020fzcozo (6)
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where X{,p,0 represents a vector of industrial commodity outputs directly and

indirectly induced by the actual inbound final demand of country ¢ in 2020,
— = _ -1

L1 2020 = {I - (I — Mzozo)Azozo} is a non-competitive import-type Leontief
inverse matrix showing intermediate inputs from industry i directly and indirectly

required to produce one unit in industry j, 1\712020 is the diagonal import
coefficient matrix in 2020, whose diagonal element shows a portion of imported
commodity i to the domestic demand of commodity i, A,y,, is the input
coefficient matrix in 2020, showing intermediate inputs from industry i directly

required to produce one unit in industry j,and I is the identity matrix.

Based on Miyazawa (1960) and Miyazawa and Masegi (1963), we formulate

the consumption-endogenous input-output model as follows:
-~ — ~ - L -1 _
)_(2020 = {I - (l - MZOZO)AZOZO - (l - MZOZO)hZOZOHZOZOWZOZO} f2020

= L2,2020f2020 = I-‘1,20201:2020 + L1,2020(I - MZOZO)h20201u'2020w2020L2,2020f2020
[ ——

X =
1,2020 X2,2020

(7)

where X;,00 denotes the gross output vector showing the gross outputs of
industry i induced by the exogenous final demand (i.e., exogenous final
consumptions of foreign tourists) in 2020 of f,0,,, W,z represents the actual

labor income coefficient row vector in 2020 showing labor income per unit of output
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of industry j, fi;020 actual household disposable income ratio in 2020, and hy;,
actual household expenditure coefficient column vector in 2020 showing the

household expenditure of commodity i per unit of labor income. L,z =
= —_ = — -1

{l - (1 - MZOZO)A2020 - (1 - Mzozo)hzozoﬁzozov_vzozo} is the Leontief-Miyazawa

inverse matrix showing intermediate inputs from industry i associated with

household consumption endogenously derived by the labor income necessary for

producing one unit in industry j.! Here, it should be noted that X;,,9 expresses

the additional commodity output effects derived from labor income induced by the

exogenous final demand in 2020.
By using the second term in Eq. (7), we estimate the additional commodity

output effects derived from the labor income induced by the actual inbound final

demand of country ¢ in 2020 during the COVID-19 pandemic as follows:

<oC 71 N *h - — T F£C
X2,2020 - L1,2020(l - MZOZO)h2020.u2020w2020L2,2020f2020 (8)

! The consumption-endogenous input-output system can be written as X,p,0 =
(l - l\_’12020)520203_(2020 + (I - 1\_’[2020)ilzozolzzozo"_"zoz0)_(2020 + f020 (see Miyazawa and
Masegi, 1963). Solving this endogenous input-output system yields X;p,¢ = {I —
= — 1_ = — -1 = — _ _ _
(l - Mzozo)Azozo} f2020 + {l - (l - Mzozo)Azozo} (l - Mzozo)hzozoﬂzozowzozoxzozo =

L1 2020f2020 * L1,2020 | I = M2020 J02020£2020W2020L:2,2020f2020- It is important to note that

Miyazawa and Masegi (1963) did not exclude the imported intermediate and final products in
the inter-industry transactions.
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3.2.3. Economic, social, and environmental effects triggered by travel consumption by

foreign visitors in 2020

To evaluate the economic impacts of the actual inbound final demand during
the 2020 COVID-19 pandemic, we focus on the industrial value added to the economy.
When the diagonal value-added coefficient matrix, whose diagonal elements show
the value-added coefficient indicating the value added directly generated by
producing one unit of output by industry i is defined as V,q,0, the direct value-
added effects Vf,o,0, indirect value-added effects V5 ,q,0, and income-induced

value-added effects V§,q,, are estimated as follows2:

Vf,zozo = V302012020 (9)
Vzc,zozo = V5020 (X12020 — f2020) (10)
‘736,2020 = _2020’_(5,2020 (11)

2The input-output system can be written as X ,y,¢ = L1 2020f5020- Based on the Taylor series

expansion of the Leontief inverse matrix, we have X{ .20 = L1 2020f5020 = [l +

= — = — 2 - = p— —_ p—
(l - Mzozo)Azozo + {(I - Mzozo)Azozo} + ] 3020 = {I + (l - M2020)A2020L1,2020} f2020 =
5050 + (l - ﬁzozo)gzozom,zozof_fozo- Therefore, when multiplying this equation by the
diagonal matrix of value-added coefficients (V,4,,), the equation can be rewritten as

=

a =C _ = £C a v re T £C . .
V2020X1,2020 = V2020f2020 + Vzozo(l - Mzozo)AzozoLLzozofzozo- Therefore, the indirect value-
%——/

\% vc
1,2020 V22020

added effects can be obtained as V5 ;0,0 = V2020%5 2020 — V20205020 = Azozo(l -

M A 1 £C
MZOZO)A2020L1,2020f2020'
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The overall economic impact on tourists from N foreign countries on Japan is

calculated as follows:

V2020 = Xie=1 i(vlc,zozo + Vzc,zozo + Vs‘c,zozo) (12)

where i is the row vector whose elements are one.

When we define the diagonal employment input coefficient matrix for 2020,
showing the employment input in persons required to produce one unit of output in
industry i as S,qp, the direct, indirect, and income-induced employment

opportunities can be estimated as follows:

f,zozo = §zozofzcozo (13)
Sg,zozo = §2020()_(5,2020 - fzcozo) (14)
§§ = §2020’_(5,2020 (15)

The overall social impact of tourists from N foreign countries on Japan was

calculated as:

S2020 = P i(gf,zozo + §5,2020 + §g,zozo) (16)

When we define the diagonal CO2 emission coefficient matrix showing the
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direct COz emissions generated by producing one unit of output in industry i as
€020, the direct, indirect, and income-induced COz emissions can be estimated as

follows:

Ef,zozo = 32020f§020 (17)
E5,2020 = ézozo(if,zozo - fzcozo) (18)
Eg = 32020)_(5,2020 (19)

The overall environmental impact of tourists from N foreign countries on Japan

was calculated as follows:

E3020 = X=1 i(Eizozo + E5,2020 + Eg,zozo) (20)

3.2.4. Economic, social, and environmental effects triggered by travel consumption by

foreign tourists in 2020 under the non-COVID scenario

It is noteworthy that Eq. (4) provides i5,,, showing the predicted number of
foreign tourists from country c to Japan in 2020 under the non-COVID scenario.
Accordingly, the unobservable travel consumption by foreign visitors from Country ¢

in 2020 in the non-COVID scenario can be estimated as follows:

f26020 = ﬁgozo‘igozo (21)
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where d$,,, represents a column vector showing unobservable per-capita

commodity consumption of foreign tourists from Country c.

The direct and indirect economic effects triggered by foreign visitors’ travel

consumption in 2020 under the non-COVID scenario can be estimated as follows:

X1 2020 = {l - (I - l\:\’12020) Kzozo}_1 fzcozo (22)

where M,,, is the unobservable diagonal import coefficient matrix in 2020 under
the non-COVID scenario and A,,, is the unobservable input coefficient matrix in

2020 under the non-COVID scenario.
Furthermore, the additional commodity output effects derived from labor

income induced by the inbound final demand of country c in 2020 under the non-

COVID scenario can be estimated as follows:
ig = L1,2020h2020.a2020w2020LZ,ZOZOfZCOZO (23)

Here, we have L;,50 = {I - (I - 1\7[2020) KZOZO}_l and  Lj020 = {l — (I -

~ ~ B -1
Mzozo) Azo20 — (I - Mzozo) hzozoﬂzozowzozo} where W,q,, represents the

unobservable labor income coefficient row vector in 2020, [i,y,, unobservable
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household disposable income ratio in 2020, and h,,,, unobservable household

expenditure coefficient column vector in 2020.

The output effects in Eq. (21), (22), and (23) can be inserted into the variables
of 55,0, X{, and x§ in the impact analysis framework formulated in Section 3.2.3:
The overall economic, social, and environmental effects triggered by foreign tourist
travel consumption in 2020 in the non-COVID scenario were estimated to be v, S,
and E, respectively. A comparison of the economic, social, and environmental
impacts of the with-COVID and non-COVID scenarios revealed economic and social

losses and environmental benefits resulting from the pandemic.

AV5020 = Vzozo - ]72020 (24)
AS5020 = 5_'2020 - gzozo (25)
AE3g50 = Ezozo - Ezozo (26)

By focusing on the triple bottom-line effects driven by the inbound demand of
foreign visitors to Japan, we can decompose the changes between each scenario into
key factors: changes in the value-added coefficient vector, changes in the input
coefficient matrix (i.e., production technology), changes in household expenditure
coefficients (i.e., consumption patterns), changes in the household disposable

income coefficient (i.e., disposable income level), changes in the labor income
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coefficient vector (i.e., labor income), and changes in the final demand of foreign

visitors (i.e., inbound demand).

3.2.5. Decomposing the economic multiplier

Focusing on the economic multiplier effects driven by the inbound demand of
foreign visitors to Japan, we can break down the changes between each scenario into
key factors. It is important to note that the following two relationships exist for the
consumption-endogenous input-output systems under the with-COVID and non-

COVID scenarios, respectively:

I(I - l\7[2020)‘12020 + WZOZO + ‘72020 + lTIZOZO =1i (27)

I(I - l\7[2020) KZOZO + WZOZO + ‘72020 + I’ﬁZOZO =1 (28)

where i represents the summation row vector of ones, and m,,,o = il‘c’lzozof_\zozo
and M,y = iﬁzozoﬁzozo represent the import coefficient row vectors, defined as
the column sums of the import coefficient matrices 1\7120207\2020 and ﬁzozoﬁzozo,
respectively. Dietzenbacher and Los (2000) pointed out that the four structural
determinants (l - 1\712020)A2020, Wy020, V2020, Moo in Egs. (27) and (28) are
interdependent. For example, a decrease in the value-added coefficient row vector

(V2020) may lead to an increase in the input coefficient matrix (A;q,0), or a decrease
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in the value-added coefficient row vector(v,y,9) may result in an increase in the

labor income coefficient row vector (Wg,0)-

In this study, we employed the structural decomposition method with
dependent determinants developed by Dietzenbacher and Los (2000). Following
their approach, we define the following ‘adjusted’ augmented input coefficient

matrices under the with-COVID and non-COVID scenarios, respectively:
62020 = Ezozof_'z_olz()?zozo (29)

~ D 2-1 =2
C2020 = B2020T202012020 (30)

where E2020 = (I - l\_’lzozo)r‘zozo + (I - l\_’12020)Bzozoﬂzozowzozo and E2020 =

(I - Mzozo) Azoz0 + (l - Mzozo) hy020/2020W2020, Tespectively, and Trypp, and

020 represent the diagonal matrices of the column sum vectors of B,y,, and
B,,.0, respectively. Here, the column sum vector of the ‘adjusted’ augmented input
coefficient matrix under the with-COVID scenario C,g,, is equal to the column sum
vector of the ‘observed’ augmented input coefficient matrix under the non-COVID
scenario B,g,,, while the column sum vector of the ‘observed’ augmented input
coefficient matrix under the with-COVID scenario B,g,, is equal to the column sum
vector of the ‘adjusted’ augmented input coefficient matrix under the non-COVID
scenario C,g. In other words, C,p,0 (0rByge) and B,gye (or Cugpo) are

independent of each other, allowing us to compare their two determinants over time.

42



We further define the ‘adjusted’ augmented Leontief inverse matrices under

the with-COVID and non-COVID scenarios, respectively:
D020 = (I = Cp20) 7" (31)

ﬁ2020 = (l - Czozo)_1 (32)

[t is important to note that the ‘adjusted’ augmented Leontief inverse matrix under
the with-COVID scenario (Dyq,,) is comparable to the ‘observed’ augmented
Leontief inverse matrix under the non-COVID scenario (L,,,,), while the ‘adjusted’
augmented Leontief inverse matrix under the non-COVID scenario (D,gy0) is
comparable to the ‘observed’ augmented Leontief inverse matrix under the with-
COVID scenario ( Lyg,0). Thus, the change in value-added impacts between the with-

COVID and non-COVID scenarios can be decomposed as follows:

N
AV5020 = Vzozo - ]72020 = Z A(VzozoLz,zozoszozo)

c=1

N
1 £C fc 5 T 5 T c
= Z E{A(VzozoLz,zozo)(fzozo + fzozo) + (V2020 L2020 + VzozoLzozo)Afzozo}

c=1

N
1 ~ - _ -
= Z E{(‘_IZOZODZOZO - ‘72020]-‘2,2020)(1:26020 + fZCOZO)}

c=1

va
AV3020
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N
1 — - _ -
+ Z E{(VZOZO L2,2020 - ‘_’2020D2020)(f26020 + fZCOZO)}
c=1

ps
AVZOZO

N lro T < 1 [+
+ Xe=1 > (Vzozo L2020 + V2020L2,2020)Af2020

fd
AVZOZ(]

(33)

Alternatively, we have the following decomposition equation.

N
AVyo20 = Vaoz0 — Vaozo = ) A(Vao20L2,2020f5020)
2020 2020 2020 2020*2,2020%2020
c=1

N
1 £C fc 5 T 5 T c
= z E{A(Vzozo['z,zozo)(fzozo + fzozo) + (V2020 L2020 + VzozoLzozo)Afzozo}

c=1

1 - — _ -
= E{(‘_IZOZO L2,2020 - ‘72020D2020)(f26020 + fZCOZO)}

N
c=1

va
AV3020

N
1 _ - _ -
+ Z E{(‘NIZOZODZOZO - ‘72020[‘2,2020)(1:26020 + fZCOZO)}
c=1

DS
AVZOZO

N lro T < 1 [+
+ Xe=1 > (Vzozo L2020 + V2020L2,2020)Af2020

fd
AVZOZ(]

(34)
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This study uses an ‘average’ decomposition equation derived from two
decomposition equations, Egs. (33) and (34), resulting in the following three

decomposition effects:

N
1 - - _ - — _ _ .
AV3620 = ZZ{(‘_’zozoDzozo - VzozoLz,zozo)(fzcozo + fzcozo) + (‘72020 L2 2020 — ‘72020D2020)(f26020 + fzcozo)}

c=1

(35)

N
1 — ~ _ - — - _ .
AVZT(J)SZO = ZZ{(‘_IZOZO L2 2020 — VzozoDzozo)(fzcozo + fzcozo) + (‘72020])2020 - ‘72020L2,2020)(fzcozo + fzcozo)}

c=1

(36)

N
1 — -
d — .
AVZ{)ZO = EZ(VZOZO L; 2020 + VzozoLz,zozo)Afzcozo

c=1

(37)

Equation (35) represents the economic effect of changes in the value-added
coefficients of industries, Equation (36) represents the economic effect of changes
in the production structure, and Equation (37) represents the economic effect of
changes in the final demand from foreign visitors to Japan. We further decompose
the economic effect of changes in the production structure into three effects:
changes in the input coefficient matrix (i.e., production technology), changes in
household expenditure coefficients (i.e., consumption patterns), and changes in the
household disposable income coefficient (i.e., disposable income level). The

supplemental information includes the detailed structural decomposition analysis
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of the economic, social, and environmental impacts between the with-COVID and

non-COVID scenarios.

From equations (29) and (30), we further rewrite the following ‘adjusted’
input coefficient matrices under the with-COVID and non-COVID scenarios,

respectively.

— _ = — = = — _ 21 F~3
Cz020 = {(I - Mzozo)Azozo + (I - Mzozo)hzozoﬂzozowzozo} 202012020
_ = — a_1 2 = = — — a1 =®

= (l - Mzozo)Azozorzozorzozo + (I - Mzozo)hzozo.“zozowzozorzozorzozo

= E2020 + (I - l\7[2OZO)BZOZOIIZOZO}_’ZOZO

(38)
~ _ = ~ = ~ - - 5.1 =2
Cz020 = {(I - Mzozo) Azgz + (I - Mzozo) hzozo#zozowzozo} 202012020
= (l - Mzozo) Az020T2020 2020 + (l - Mzozo) hy020/2020W2020T2020T2020
= Gygz0 + (I - Mzozo) hy02082020¥2020

(39)

. el _ v A a-1 2 ol _

where we have: G020 = (I - Mzozo)Azozorzozorzozo , o Gooz0 = (I -

= ~ 21 =2 _ - a_1 = ~ o~ 2_1 =2
Mzozo)Azozorzozorzozo v Y2020 = W2020T2020 2020 » and  ¥2020 = W20208202012020 »
respectively. The ‘adjusted’ input coefficient matrix under the with-COVID scenario

(Gyo20) is comparable to the ‘observed’ input coefficient matrix under the non-
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COVID scenario ((I - ﬁzozo)ﬁzozo), while the ‘adjusted’ input coefficient matrix
under the non-COVID scenario (Gq,) is comparable to the ‘observed’ input
coefficient matrix under the non-COVID scenario ((I - 1\712020)7&2020). Similarly, the

‘adjusted’ labor income coefficient vector under the with-COVID scenario (¥,¢20) is
comparable to the ‘observed’ input coefficient matrix under the non-COVID scenario
(W5020), while the ‘adjusted’ labor income coefficient vector under the non-COVID
scenario (V,020) is comparable to the ‘observed’ input coefficient matrix under the

non-COVID scenario (Wyq50)-

Based on the inverse matrix decomposition method (e.g., Lin and Polenske,
1995), we can further decompose the augmented Leontief-Miyazawa inverse matrix

as follows:

AL3 2020 = i‘2,2020AA62102052020 + i‘2,202oA(hgozo#zozowzozo)52020

= i‘2,2020 {62020 - (I - l\:7[2020) K2020} ﬁ2020 + 1‘2,2OZOA(thZO#ZOZOWZOZO)52020
(40a)

= i‘2,2020 {(I - l\QIIZOZO)KZOZO - t;’2020} ﬁ2020 + i‘Z,ZOZOA(thZOMZOZOWZOZO)52020

(40b)

where we define A%y, = (I - l‘712020)1L\2020 and hgy,, = (I - l\712020)112020 )

respectively. The second term of Egs. (40a) and (40b) can be decomposed as follows.

A(DS52012020W2020)
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1 _ L o

=3 (280550020 W2020 + AMG020f2020W2020 + AN3020iT2020W2020 + 2805020/T2020W2020)
124 o Td = hd o hd -

+E (thozoAﬂzozowzozo + h20208U2020W2020 + N20208H2020W2020 + thozoAﬂzozowzozo)

1, .. _ - - _ _ _ - N _ _ _ _ _ -
+ E{Zhgozoﬂzozo (F2020 = W2020) + D50202020 F2020 = Wa020) + h020/2020 F2020 — Wa020) + 200202020 F2020 — Wzozo)}

(41)

or

A(DS52012020W2020)

1

=3 (280550020 W2020 + AM020f2020W2020 + ANG020/T2020W2020 + 2A05020/T2020W2020)
124 o Td = hd o hd =

+E (thozoAﬂzozowzozo + h20208U2020W2020 + NZ0208H2020W2020 + thozoAﬂzozowzozo)

1, . _ N - _ _ N _ N _ N _ _ _ N
+g{2hgozoﬂzozo(wzozo — $2020) + 302072020 W2020 = F2020) + D02082020 (W2020 = F2020) + 250202020 (W020 — Yzozo)}

(42)

d _thd fd _ i ~
where Ahgzg;0 = h3g50 =320 and Apzgz0 = f2020 — 2020

By inserting Egs. (41) and (42) into the second term on the right-hand side of

Eq. (40a), we obtain the following two decomposition equations, respectively.

AL2,2020 = _DZOZO - 12,2020 = i-‘2,2020 {62020 - (l - l‘\7[2020) KZOZO} ﬁ2020

ax
AL2,2020

1. N _ N _ _ - _ _ —
+ gL2,2020(ZAhgozoﬂzozowzozo + Ahgozo#zozowzozo + Ahgozollzozo""zozo + 2A11(21020#2020""2020)])2020

I
AL2 2020
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1. - _ - _ _ _ _ _ —
+ gL2,2020(ZhgozoAﬂzozowzozo + hgozoAﬂzozowzozo + hgozoAﬂzozowzozo + ZhgozoAﬂzozowzozo)Dzozo

u
A]"2,2020

) {2hg020i2020AWH020 + M020/12020AWH020 + D020/2020AWHo20 + 208020 /L2020AWH)20}D
6 122020 2020M120208W2020 2020M20208W2020 2020M20208W2020 2020M2020 Wzozo} 2020

WE
AL2,2020

(43a)

and

AL2,2020 = _DZOZO - 12,2020 = i-‘2,2020 {62020 - (l - l’\7[2020) KZOZO} ﬁ2020

o
ALz 2020

1. N - N _ _ - _ _ _
+gLz,zozo(ZAhgozoﬂzozowzozo + AhG 0202020 W2020 + AMG 02022020 W2020 + 2Ahgozo#zozowzozo)Dzozo

h
ALz 2020

1. - _ - _ _ _ _ _ —
+ gL2,2020(ZhgozoAﬂzozowzozo + hgozoAﬂzozowzozo + hgozoAﬂzozowzozo + ZhgozoAﬂzozowzozo)Dzozo

u
A]"2,2020

1 - - _ _
7 d =~ ## d = i d ~ ## d -~ # R
+gL2,2020{thozoﬂzozkozozo + N3020820208W3020 + 1202020208 W2020 + thozoﬂzozkozozo}Dzozo

e
AL3,2020

(43b)

= e P — o~
where AW3o20 = F2020 — Wao20 and AW3550 = W2020 — Y2020

Similarly, inserting Eqs. (41) and (42) into the second term on the right-hand

side of Eq. (40b) gives the following two decomposition equations, respectively.
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A]"2,2020 = T‘2,2020 - 52020 = i:2,2020{(1 - lVIZOZO)KZOZO - 62020}52020

a5
AL3 2020

1. N _ N _ _ - _ _ —
+ gL2,2020(ZAhgozoﬂzozowzozo + Ahg020#2020w2020 + Ahg(>20/12020""2020 + 2A11‘21020#2020""2020)Dzozo

I
AL2 2020

1. - _ - _ _ _ _ _ —
+ gL2,2020(ZhgozoAﬂzozowzozo + hgozoAﬂzozowzozo + hgozoAﬂzozowzozo + ZhgozoAﬂzozowzozo)Dzozo

u
A]"2,2020

+

[N

7 Td o~ # twd A # fd o~ # wd o # R
L2,2020{thozoﬂzozkozozo + N3020£20208W5020 t N3020820208W5020 + 2h2020#2020AW2020}D2020

ALy3020
(43c)

and

A]"2,2020 = T‘2,2020 - 52020 = i:2,2020{(1 - IVIZOZO)KZOZO - 62020}52020

a5
AL3 2020

1. N - N _ _ - _ _ _
+ 3 L2020 (ZAhgozo.Uzozowzozo + ARG 202020 W2020 + AN 0202020 Wa020 + ZAhgozollzozowzozo)])zozo

h
ALZ,ZOZO

1. . _ . B _ _ _ B _
+g L2,2020(ZhgozoAﬂzozowzozo + hgozoAﬂzozowzozo + hgozoAﬂzozowzozo + ZhgozoAﬂzozowzozo)Dzozo

m
AL 2020

1. - - _ _ _
d ~ H## d _ H## d ~ H## d _ H#i#t
+g L2 2020 {thozoﬂzozoAWZOZO + h5020i120208W2020 + h5020f20208W2020 + thozoﬂzozoAWZOZO} D020

Wk
ALZ %020

(43d)
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Inserting Eqgs. (43a), (43b), (43c), and (43d) into the right-hand side of Eq. (36)
and taking an average of the four decomposition equations, the economic impact of

changes in the production structure owing to the pandemic as:

N
1 — - _ - — - _ ~
AVZI(J)ZO = ZZ{VZOZO(DZOZO - Lz,zozo)(fzcozo + fzcozo) + ‘_’2020( L2 2020 — Dzozo)(fzcozo + fzcozo)}

c=1

N
1 & ax Ffc fc o axx Fc fc
= Z {VzozoALz,zozo(fzozo + fzozo) + VzozoALz,zozo(fzozo + fzozo)}
c=1

a
AV3020

N
1 & h Fc fc
+Z E VzozoALz,zozo(fzozo + fzozo)

c=1

h
AV3020

N
1 B _ ~
+ ZZ VzozoALg,zozo(fzcozo + fzcozo)

c=1

In
AV3020

N
1 & W Fc fc o W fc Fc
+Z E {VzozoALz,zozo(fzozo + fzozo) + VzozoALz,zozo(fzozo + fzozo)}

c=1

w
AV3020

(44)

where the first term on the right side of Eq. (44) (AV54,,) is economic impacts of
changes in the intermediate input coefficients due to the COVID-19 pandemic, the
second term on the right-hand side of Eq. (44) (AV},,) is economic impacts of
changes in the household expenditure coefficients due to the pandemic, the third

term (AV),,) is economic impacts of changes in the household disposable income

51



ratio due to the pandemic, and the fourth term (AV,}),,) expresses economic impacts

of changes in the labor income coefficients due to the pandemic.

3.2.6. Decomposing the social and environmental multipliers

Focusing on the social multiplier effects induced by the inbound demand of
foreign visitors to Japan, the change in social impacts between the with-COVID and

non-COVID scenarios can be decomposed as follows:

AS3020 = 5:2020 - §2020
=y, i(ASf,zozo + AS5 5020 + ASg,zozo)

_ VN
= Yc=1 A(520201‘2,2020f2C020)
1
= z €(2§2020AL2,2020f§020 + §2()2OAI"2,2020f§020 + §202OAI"Z,ZOZOf:é:OZO + 2§ZOZOAL2,2020f§020)

c=1

pS
AS2020

N
1 . _ L o
+z s (252020L2,2020Afzc()20 + 85020L2,2020A5020 + S2020L2,20204F5020 + 2Szozollz,zozoAfzcozo)

c=1

Fd
AS7020

(45)

where it should be noted that we used the perfect structural decomposition method
based on the two scenarios in 2020 (see Dietzenbacher and Los, 1997, 1998) and
here we have As;py0 = S3020 = 52020, ALz2020 = L2020 — i'2,2020: and Afygy0 =
f1020 — f2020, respectively. The first terms on the right side of Eq. (45) (ASLs,,)
represents the social impact of changes in the production structure due to the

pandemic, and the second term (AS{:ZO) expresses the social impact of changes in
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the final demand for foreign visitors due to the pandemic. It is important to note that
this study assumes the employment coefficient vector s,,,, remained unchanged
between the with-COVID and non-COVID scenarios. Therefore, we cannot estimate

the social impact of changes in the employment intensities of sectors.

We can further decompose the Leontief-Miyazawa inverse matrix as follows:

A]-‘2,2020 = LZ,ZOZOAAgOZOE‘Z,ZOZO + LZ,ZOZOA(thZO#ZOZOWZOZO)I‘Z,ZOZO (46)

Noting that A(hgozo,uzozowzozo) is further decomposed as:

A(hgozoﬂzozowzozo)

1

= g (ZAthZOﬁZOZOWZOZO + AthZOﬁZOZO‘WIZOZO + Ah(ZiOZ[)111202()"/‘(’2020 + ZAh‘ZiOZOﬁZOZOWZOZO)

1/ o . _ _ _
+g <2hg020AH2020W2020 + h‘ziozoAllzozowzozo + hgozoAﬂzozowzozo + ZhgozoAﬂzozow )
2020

+g(2h(21020#2020AW2020 + hgozo#zozkozozo + hgozo#zozkozozo + Zhgozoﬂzozkozozo)r
(47)
here we have Aw,y,0 = Wyg20 — Wyo2o - We have the following decomposition

formula of the Leontief-Miyazawa inverse matrix:

-7 da T
A]"2,2020 - LZ,ZOZOAAZOZOLZ,ZOZO

a
Al“2,2020

+gi‘2,2020(ZAthZOﬂZOZOWZOZO + AthZO:aZOZOV_VZOZO + AthZOIIIZ[)20‘7‘72020 + ZAthZOljZOZO‘WIZOZO)LZ,ZOZO

h
AL3 2020

1. - - _ - N - _ _
+gL2,2020(ZhgozoAﬂzozowzozo + 18020812020 W2020 + DG020012020W2020 + ZhgozoAﬂzozowzozo)L2,2020

m
AL 2020
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+ g1‘2,2020(ZBgOZOﬂZOZOAWZOZO + ilgOZO.aZOZ()A‘NZOZO + BgOZOﬂZOZOAWZOZO + ZthZOﬁZOZOAWZOZO)i‘Z,ZOZO

w
AL 2020

(48)

Finally, when we insert Eq. (48) into the first term of Eq. (45), the social impact
of changes in the production structure owing to the pandemic can be further

decomposed into the following four factors:

N
1 Z - _ . _
s _ F3 a c 3 a [ < a c S a [
ASZOZO - g (ZSZOZOALZ,ZOZOfZOZO + SZOZOALZ,ZOZOfZOZO + SZOZOALZ,ZOZOfZOZO + 2SZOZOALZ,ZOZOfZOZO)
c=1

AS5o20

N
1 5 . 5 _ B . B _
+EZ(ZszozoAllg,zozofzcozo + SzozoALg,zozofzcozo + SzozoALg,zozofzcozo + 252020AL2,2020f26020)

c=1

h
ASZOZO

N
1 N - 5 _ _ . B _
+EZ(252020AL‘;,2020f26020 + SzozoAL’;,zozofzcozo + SZOZOAL;_zozofg()ZO + 252020AL’£2020f26020)
c=1

I
AS2020

N
1 5 . 5 _ _ - B _
+EZ(252020AL‘%},2020f26020 + 82020415 2020f5020 + 52020817 2020f5020 + 252020AL‘%{2020f26020)
c=1

AS%ZO

(49)

where the first term on the right side of Eq. (49) (AS5y,0) is social impacts of changes
in the intermediate input coefficients due to the COVID-19 pandemic, the second
term on the right-hand side of Eq. (49) (ASZ,,,) is social impacts of changes in the
household expenditure coefficients due to the pandemic, the third term (AS},,,) is
social impacts of changes in the household disposable income ratio due to the
pandemic, and the fourth term (AS}},,) expresses social impacts of changes in the

labor income coefficients due to the pandemic. Similarly, we can decompose the
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environmental multiplier effects. It is important to note that this study assumes the
emission coefficient vector e,,,, remained unchanged between the with-COVID
and non-COVID scenarios. Therefore, we cannot estimate the environmental impact

of changes in the emission intensities of sectors.

3.3. Data

To estimate the linear trend model, the number of foreign visitors to Japan
between 2003 and 2019, before the COVID-19 pandemic, was obtained from the
Japan National Tourism Organization (JNTO, 2025a). The per capita travel
consumption of visitors from 21 countries and regions to Japan in 2020 during the
COVID-19 pandemic was estimated using data from the Survey of Foreign Visitor
Spending Trends, provided by the Japan Tourism Agency (JTA, MLIT, 2025b). An
important issue is that it is very difficult to obtain data on the unobservable per
capita commodity consumption of foreign visitors in 2020 under a non-COVID
scenario. In this study, we assumed that the per capita commodity consumption of
foreign visitors in 2020 under a non-COVID scenario was the same as in 2019, before
the COVID-19 pandemic (JTA, MLIT, 2025b). Additionally, based on the detailed
commercial and transportation margin table for 2015 provided by the Ministry of
Internal Affairs and Communications (MIC, 2019a), we converted the per capita
commodity consumption for foreign visitors from purchaser prices to producer

prices.

55



To estimate the economic, social, and environmental multiplier effects in 2020
under the COVID-19 pandemic, we used the 2020 input-output table covering 94
sectors from the Cabinet Office of Japan (Cabinet Office of Japan, 2022a). It is
important to note that it is very difficult to acquire data on the unobservable input-
output table for 2020 under a non-COVID scenario. Regarding this problem, we
assumed that the input-output table for 2020 under a non-COVID scenario was the
same as that of the previous year, 2019, before the COVID-19 pandemic (Cabinet
Office of Japan, 2021). It is important to note that the input-output tables for 2019

and 2020 were deflated using 2015 prices.

We also used the disposable income ratio of the average working household in
2020, which was obtained as [i;9;9 = 0.607 from the household survey report of
the Ministry of Internal Affairs and Communications (MIC, 2021). The disposable
income ratio in 2020 under a non-COVID scenario was assumed to be the same as in

2019, setas fl,p0 = 0.673 (MIC, 2020b).

Data on sectoral employment and sectoral CO; emissions for the years 2019
and 2020 were not available. In order to assess the social impacts, we computed
employment input coefficients using sectoral employment data from 2015 (MIC,
2019b). Thus, this study assumes that the employment input coefficient vectors for
both the non-COVID scenario and the with-COVID scenario remain the same as the

employment input coefficient vector in 2015.

For quantifying the environmental impact, we utilized sectoral CO; emission
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data for Japan derived from the input-output table (3EID) of 2015 (Nansai, 2019;
Nansai et al, 2020). This study also assumes that the CO; emission coefficient
vectors for both the non-COVID and with-COVID scenarios remain consistent with

the CO; emission coefficient vector in 2015.

3.4. Results

3.4.1. Decrease in the number of foreign tourists due to the COVID-19 pandemic

The total number of foreign tourists from 21 major countries visiting Japan
was approximately 32 million in 2019, which sharply decreased by 89% in 2020
owing to severe entry restrictions (Table 3-1). Importantly, the linear trend model
forecasts the total number of foreign tourists in 2020 under the counterfactual non-
COVID scenario to be 36 million people, a 12% increase in the number of foreign
tourists from 2019 to 2020 (Table 3-1). Therefore, the pandemic has caused a
significant decrease in the number of foreign tourists to approximately 32 million by
2020. This rapid decrease in the number of foreign tourists has directly and

indirectly affected the Japanese economy via inbound markets.
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Table 0-1. The number of foreign visitors to Japan in 2019 and 2020 in persons.

2020
2019
Non-COVID scenario With-COVID scenario
Australia 621,771 684,007 143,508
Canada 375,262 412,692 53,365
China 9,594,394 10,701,864 1,069,256
France 336,333 366,046 43,102
Germany 236,544 254,697 29,785
Hong Kong 2,290,792 2,810,167 346,020
India 175,896 188,456 26,931
Indonesia 412,779 483,573 77,724
Italy 162,769 179,607 13,691
Malaysia 501,592 583,178 76,573
Philippines 613,114 679,940 109,110
Russia 120,043 140,160 22,260
Singapore 492,252 549,200 55,273
South Korea 5,584,597 6,054,145 487,939
Spain 130,243 145,670 11,741
Taiwan 4,890,602 5,696,905 694,476
Thailand 1,318,977 1,426,212 219,830
The U.S. 1,723,861 1,853,869 219,307
U.K. 424,279 429,836 51,024
Vietnam 495,051 529,368 152,559
Others 1,380,898 1,493,982 212,354
Total 31,882,049 35,663,575 4,115,828
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3.4.2. Decrease in travel consumption due to COVID-19

In 2019, over 31 million travelers came to Japan and consumed goods and
services worth 5.1 trillion JPY (36.2 billion U.S.$) in total (Table 3-2), accounting for
1% of Japan’s GDP in the same period. The linear trend model forecasts that 36
million foreign visitors could spend almost 6 trillion JPY in 2020 under the non-
COVID scenario (Tables 3-1 and 3-2). However, the with-COVID scenario shows that
there were only 4.1 million tourists and 675 billion JPY in travel consumption in
2020. These data suggest that almost 5 trillion JPY of the expected output from

inbound markets was lost during the pandemic.

59



Table 0-2 Travel consumption by country in 2019 and 2020 in billion JPY.

2020
2019
Non-COVID-19 Scenario With-COVID-19 Scenario
Australia 154 170 36
Canada 68 75 10
China 2,042 2,277 228
France 80 87 10
Germany 48 51 6
Hong Kong 357 438 54
India 28 30 4
Indonesia 54 63 10
Italy 32 36 3
Malaysia 67 78 10
Philippines 66 73 12
Russia 22 26 4
Singapore 85 95 10
South Korea 425 461 37
Spain 29 32 3
Taiwan 578 674 82
Thailand 173 187 29
The U.S. 327 351 42
U.K. 102 104 12
Vietnam 88 94 27
Others 306 331 47
Total 5,132 5,654 675
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3.4.3. Economic impacts

Figure 3-1 shows the direct, indirect, and income-induced value-added effects
under the with-COVID and non-COVID scenarios and the difference between the two
scenarios, which quantifies the economic losses caused by the pandemic. The total
inbound earnings under the with-COVID scenario were approximately 0.54 trillion
JPY whereas inbound earnings under the non-COVID scenario were 3.98 trillion JPY;
the economic loss calculated as the difference between the two scenarios was 3.44

trillion JPY. Thus, 87% of the expected inbound revenue in 2020 is lost.
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Figure 0-1. Direct, indirect, and income-induced economic effects under non-
COVID19 and COVID scenarios and economic loss due to the pandemic.

Economic losses via both economic spillover effects (i.e., indirect and income

effects) were larger than the amount spent in Japan by foreign visitors (i.e., direct
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impact). Thus, the decrease in the number of visitors to Japan due to the pandemic

has caused significant direct and indirect economic losses.

Figure 3-2 shows the top ten industrial sectors that accounted for the highest
percentage of economic losses. The top three sectors were eating and drinking
services (434 billion JPY), hotels (420 billion JPY), and wholesale trade (291 billion
JPY). Focusing on the largest direct losses, the most damaged sectors were hotels
(408 billion JPY), food and food services (357 billion JPY), and miscellaneous
chemical products (167 billion JPY). The top three sectors that suffered indirect
losses were wholesale trade (128 billion JPY), miscellaneous business services (76
billion JPY), and miscellaneous transport (75 billion JPY). The top three sectors that
lost value induced by the income spillover effect were housing rent (275 billion JPY),
retail trade (70 billion JPY), and wholesale trade (58 billion JPY). Sectors with large
losses from indirect effects were closely related to hotels, and eating and drinking
services, which also incurred large losses from direct effects. The large losses in the
cosmetics, toilet preparation, and dentifrices sectors were mainly due to a sharp
decline in the number of visitors from China and other travelers from Asia, who have

a high per capita consumption of cosmetics (Figure 3-3).
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3.4.4. Social impacts

Figure 3-4 shows the three types of employment (direct, indirect, and income
effects) in both scenarios and the differences between them, indicating the loss of
employment opportunities caused by the pandemic. The number of employment
opportunities in the with-COVID scenario was approximately 145,612 people
whereas that in the non-COVID scenario it was 1,014,588 people. The social loss
estimated from the difference between the two scenarios was 868,976 people. This
result indicates that 86% of the employment opportunities expected in 2020 were
lost. Compared with the economic impact, 46% of the social impact was occupied by
direct effects and employment opportunities were less likely to spread to sectors

other than those with an economic impact.
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Figure 0-4. Direct, indirect, and income effects of employment opportunities in
each scenario and estimated employment losses.
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Figure 3-5 shows the top ten sectors that accounted for the highest
percentages of employment losses. The top three sectors are eating and drinking
services (233,317 jobs), hotels (139,885 jobs), and retail trade (117,738 jobs).
Focusing on the largest direct losses, the sectors with the greatest damage were
eating and drinking services (191,666), hotels (135,639), and retail trade (57,879).
The top three sectors suffered indirect losses from miscellaneous business services
(32,859 jobs), retail trade (22,072 jobs), and eating and drinking services (18,494
jobs). The top three sectors that lost employment opportunities due to the income
spillover effect were retail trade (37,787 jobs), eating and drinking services (23,158
jobs), and miscellaneous business services (14,293 jobs). The losses in the eating
and drinking services and hotel sectors were significantly greater than those in the
other sectors, accounting for 43% of the total employment losses. These social losses
were primarily caused by the rapid decline in inbound demand from Chinese visitors

(Figure 3-6).
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3.4.5. Environmental impacts

Figure 3-7 shows the direct, indirect, and income effects of CO2 emissions for
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rather than direct effects.
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Figure 3-8 shows the top ten industries estimated by industry for the
environmental benefits shown in Figure 3-3. The top three industries were
electricity (5,571 kt-COz), road transport (1,195 kt-COz), and hotels (991 kt-CO3).
Among the top sectors, hotels (961 kt-CO2), road transport (514 kt-COz), and eating
and drinking services (263 kt-COz) were unique sectors that contributed to CO>

reduction almost exclusively through direct effects.

Electricity, which contributed the most to the reduction in CO2 emissions,
accounted for 70.7% of the indirect effects and 29.3% of the income effects. Road
transport, the second largest contributor to CO2 reduction, accounted for 43.0% of
the direct effect, 35.6% of the indirect effect, and 21.4% of the income effect. Hotels,
as well as eating and drinking services, have directly contributed to CO2 reduction.
Waste management services, which indirectly contribute to the reduction in CO;
emissions, are strongly influenced by the direct impacts of hotels and eating and

drinking services.
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Figure 0-9. Top 10 categories of CO2 reduction by nationality.

Table 3-3 shows the top five nationalities of tourists who contributed the most

to all aspects (economy, society, and environment) and influenced the top ten
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industrial sectors across the three aspects. All economic, social, and environmental
impacts of COVID-19 through inbound markets relied on travelers from five nations
(China, South Korea, Taiwan, Hong Kong, and the U.S.). The sectors with the largest
direct effects among the three are shown in bold in Table 3-3. Thus, we can
determine how the consumption patterns of travelers from different countries have
different economic, social, and environmental impacts through industrial supply

chains.
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Table 0-3. Top five nationalities of visitors who influenced the top ten industries by three aspects.

China Hong Kong South Korea Taiwan US.A.
1 Eating and drinking services Eating and drinking services Eating and drinking services Eating and drinking services Hotels
2 Wholesale trade Hotels Hotels Hotels Eating and drinking services
3 Hotels Wholesale trade House rent Wholesale trade House rent
4 Miscellaneous chemical products House rent Wholesale trade House rent Wholesale trade
5 Houserent Retail trade Retail trade Retail trade Retail trade
Economic 6 Retail trade Miscellaneous business services Miscellaneous business services Miscellaneous chemical products Miscellaneous transport
Impact . . . . . q . . . . . . .
7 Miscellaneous business services Miscellaneous chemical products Amusement and recreation services Miscellaneous business services Miscellaneous business services
. . Goods rental and leasing (exceptreal . .
8 Amusement and recreation services . 8 ( P Miscellaneous foods Miscellaneous foods Road transport
estate services)
. . Goods rental and leasing (except real L
9 Miscellaneous transport Miscellaneous transport Road transport . 8 ( P Electricity
estate services)
10 Road transport Miscellaneous foods Miscellaneous transport Miscellaneous transport Drinks
1 Eatingand drinking services Eating and drinking services Eating and drinking services Eating and drinking services Eating and drinking services
2 Retail trade Hotels Hotels Hotels Hotels
3 Hotels Retail trade Retail trade Retail trade Retail trade
4 Miscellaneous business services Miscellaneous business services Miscellaneous business services Miscellaneous business services Miscellaneous business services
5 Wholesale trade Wholesale trade Wholesale trade Wholesale trade Wholesale trade
Social 6 Miscellaneous foods Miscellaneous crop farming Miscellaneous foods Miscellaneous foods Road transport
Impact
7 Road transport Miscellaneous foods Road transport Miscellaneous crop farming Miscellaneous crop farming
8 Miscellaneous crop farming Road transport Miscellaneous crop farming Road transport Miscellaneous foods
9 Miscellaneous chemical products Miscellaneous personal services Miscellaneous personal services Miscellaneous personal services Miscellaneous personal services
10 Miscellaneous personal services Waste management services Amusement and recreation services Miscellaneous transport Waste management services
1 Electricity Electricity Electricity Electricity Electricity
2 Road transport Road transport Road transport Road transport Hotels
3 Hotels Hotels Hotels Hotels Road transport
4 Basic chemical products Waste management services Waste management services Waste management services Waste management services
Environmental | > Waste management services Basic chemical products Eating and drinking services Basic chemical products Eating and drinking services
Impact Petroleum refinery products (includin . i . . . n kN q q q
1 6 greases) yp ( g Eating and drinking services Basic chemical products Eating and drinking services Petroleum refinery products (including greases)
. a1 . Petroleum refinery products (including Petroleum refine roducts (including Petroleum refinery products (includin, .
7 Eating and drinking services v inenjeiotic(ineiding v fimeiy e ((ma g u Ieneiodictl(nEliding Ceramic, stone and clay products
greases) greases) greases)
8 Miscellaneous iron or steel Miscellaneous iron or steel Miscellaneous iron or steel Miscellaneous iron or steel Basic chemical products
9 Miscellaneous chemical products Ceramic, stone and clay products Ceramic, stone and clay products Ceramic, stone and clay products Miscellaneous iron or steel
10 Ceramic, stone and clay products Miscellaneous foods Miscellaneous foods Miscellaneous foods Pulp, paper and processed paper products
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3.4.6. Factors influencing the changes in the economic, social, and environmental

multiplier effects in 2020 due to the COVID-19 pandemic

The ‘counterfactual’ structural decomposition analysis (SDA) based on two
scenarios, with-COVID and non-COVID, developed in this study can assist
policymakers in understanding the major factors influencing changes in economic,
social, and environmental multiplier effects in 2020 due to the pandemic. Figure 3-
10 presents the decomposition results of the economic multiplier effect. While the
value-added coefficients (AV;550, —0.31%), household disposable income ratio and
labor income coefficients ( AV3},0,0.46% ), and inbound final demand
(AVZ{)‘;O, —100.00%) had a negative impact on the economic multiplier effect, input
coefficients (AV4h,0, 0.50%) and household expenditure coefficients (AV),,, 0.08%)
exerted a positive contribution. Inbound final demand was the largest factor
contributing to economic losses owing to the pandemic. The top three nationalities
(major contributors to economic loss) were China (-39.65%), Taiwan (-11.36%), and

South Korea (-8.89%) (Figure 3-10).
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Figure 0-10. Factors influencing changes in the economic multiplier effects.
Note that AV3§,, denotes the changes in the value-added coefficients of
industries; AV%,,, denotes the changes in the input coefficients of industries;
AV%,,, denotes the changes in the household expenditure coefficients; AV%p,,
denotes the changes in the household disposable income ratio and the labor
income coefficients of industries; AV’ZF‘(J:20 denotes the changes in the final demand
of foreign visitors to Japan.

Figure 3-11 presents the decomposition results of the social multiplier effect.
While the household disposable income ratio (ASj,,,), labor income coefficients
(ASYy50 ), and inbound final demand (AS{SZO) had a negative impact, input
coefficients (AS%,,) and household expenditure coefficients (AS%,,,) had a positive
contribution. Inbound final demand was the largest factor contributing to the loss of
employment opportunities owing to the pandemic. The top three nationalities (i.e.,
the major contributors to the loss of employment opportunities) were China (-
37.76%), Taiwan (-11.58%), and South Korea (-9.50%) (Figure 3-11). Similar
decomposition results were observed for the environmental multiplier effect

(Figure 3-6). Although household consumption and the disposable income ratio
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declined by 6.6% and 5.9%, respectively, in 2020 due to the COVID-19 pandemic, the
counterfactual SDA framework developed in this study estimates their marginal
impacts at 0.08% and -0.46%, respectively. This suggests that most of the impact on
the inbound tourism industry was primarily driven by a significant decrease in final

demand from foreign tourists.
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Figure 0-11. Factors influencing changes in the social multiplier effects.

Note that ASS,,, denotes the changes in the input coefficients of industries;
AS}y,, denotes changes in the household expenditure coefficients; ASS,,
denotes change in the household disposable income ratio of the economy; AS%,,,
denotes changes in the labor income coefficients of industries; AS{(?ZO denotes
changes in the final demand of foreign visitors to Japan.
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Figure 0-12. Factors influencing changes in the environmental multiplier effects.
Note that AEY,,, denotes the changes in the input coefficients of industries;
AE}),, denotes changes in the household expenditure coefficients; AES,,

denotes change in the household disposable income ratio of the economy; AE3Y,,

denotes changes in the labor income coefficients of industries; AE{(?ZO denotes
changes in the final demand of foreign visitors to Japan.

3.5. Limitations of this study

The novelty of this study lies in developing a “counterfactual” analysis based
on limited information. A critical limitation was our inability to forecast the
economic structure under the non-COVID scenario for 2020. Therefore, we used
proxy economic structure data (i.e., the 2019 input-output table) to represent the
non-COVID scenario. A key challenge remains in forecasting the 2020 input-output

table for the non-COVID scenario with limited empirical data.

Additionally, the tourism satellite accounts of Japan used in this study provide

data on commodity consumption by foreign visitors by country, including
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expenditures on six transport services: (1) domestic aviation, (2) domestic railway
transport, (3) domestic road transport, (4) goods rental and leasing (excluding real
estate services, such as car rental), (5) domestic water transport, and (6)
miscellaneous domestic transport. Therefore, this study focuses on domestic
transport services consumed by foreign visitors and estimates the environmental
impact of these domestic transport activities. However, owing to data limitations, the
impact of international air travel could not be considered, potentially leading to an
underestimation of the reduction in transport-related CO2 emissions presented in
our results. According to Kitamura et al. (2020a), air transportation is the primary
contributor to CO2 emissions from tourism in Japan. Therefore, future research
should focus on both the international and domestic aviation sectors and develop

sustainability policies targeting CO2 emissions from inbound tourism in Japan.

The triple bottom line analysis framework developed in this study does not
account for the impact of changes in the imports of goods and services. While the
framework focuses on analyzing the impacts within Japan, changes in the import
structure due to the decline in inbound tourism demand caused by the COVID-19
pandemic may also have affected Japan's economy, society, and environment. Su et
al. (2022) developed an SDA framework with two import factors: production
technology and final demand (i.e., input imports and demand imports). Sun et al.
(2023) applied this method to a case study in China, decomposing the impacts of
input and demand imports on energy consumption from 2007 to 2020. Therefore,
analyzing the impact of imports alongside inbound tourism in the context of

disasters such as the COVID-19 pandemic could provide valuable insights into
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Japan's disaster management policies related to tourism. However, a detailed import
analysis is beyond the scope of this study and will be an important focus for follow-

up research.

3.6. Discussion and Conclusions

This study revealed that in 2020, the pandemic resulted in a decrease in the
number of foreign tourists and their travel consumption by 31 million people and
5.1 trillion JPY (36.2 billion U.S.$). These direct losses of final demand directly and
indirectly induced 3.44 trillion JPY (24.4 billion U.S.$) of value-added loss (economic
impact), loss of employment opportunities of 868,976 people (social impact), and

11.6 Mt-CO2 of CO2 emissions reduction (environmental impact).

These three aspects (economic, social, and environmental) are strongly affected
by hotels, eating and drinking services, and rail passenger transport, accounting for
a large proportion of tourist consumption. In particular, hotels and eating and
drinking services induce huge electricity demands and indirectly contribute to a

reduction in CO2 emissions from the electric supply industry.

We propose a counterfactual SDA framework to identify the factors influencing
changes in economic, social, and environmental multiplier effects arising from the
2020 pandemic. The decomposition results revealed that the primary cause of
economic and social losses was the sharp decrease in the final demand by visitors to

Japan. However, it is worth noting that a shift in the production structure due to the
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pandemic also contributed to an increase in CO2 emissions. Accordingly, we suggest
two important factors for the development of the most sustainable and efficient
countermeasures: (1) recovery of economic and social losses and (2) reduction of

CO2 emissions associated with inbound final demand.

3.6.1. Recovery of economic and social losses

We suggest that the government offer stipends to each sector depending on
the magnitude of the loss, and that our data can be used to provide evaluation
criteria for distribution. Policymakers should consider ways to restore the economy
as identified by the amount of value-added loss. The results of our analysis not only
cover the direct effect, which is easy to recognize without any calculations, but also
the indirect and income effects, which are difficult to estimate and easily overlooked.
Therefore, if policymakers aim to consider ways to reduce the unemployment risk
due to the pandemic, they can use the results of the social impact in the same manner

as the economic impact.

During the COVID-19 pandemic, the government provided cash payments to
Japanese households (MIC, 2020a). However, the disposable income of households
decreased by 6.6% between 2019 and 2020 (MIC, 2020b, 2021). Consequently, the
economic and social losses from income-induced effects during the pandemic could
not be fully mitigated by the financial aid provided to households. It would be
desirable for the government to incorporate measures that promote household

consumption into support policies.
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3.6.2. Reduction of CO; emissions associated with inbound final demand

We recommend strategies for implementing an effective counter-COVID-19
policy that not only enhances the economic and social aspects of tourism, but also
improves its environmental impact. As mentioned above, the primary source of CO>
emissions in Japan’s inbound-related supply chain is sectors that indirectly generate
electricity to supply the hotel, food, and beverage service industries (Figure 3-8).
Figure 3-8 further indicates that the road transport sector and waste management
services had significant indirect CO; reduction effects during the study period.
Ultimately, efforts must focus on reducing the CO: emissions associated with
economic activities in these industries. Therefore, we recommend that the
government incorporates counter-COVID-19 measures that incentivize the high-
priority industries identified in this study to improve business conditions while

simultaneously reducing their environmental impacts.

The reduction in CO; emissions resulting from the COVID-19 pandemic can be
viewed as a ‘temporary benefit’ that may be lost as demand recovers after the
pandemic. Therefore, we suggest that the government provide incentives for high-
environmental-impact industries and inbound tourists to adopt more
environmentally sustainable tourism practices during the recovery process.
Specifically, during periods of business closure or the demand recovery process, the

following three policies should be incorporated into the government strategy:
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(1) Provide incentives for the hotel, food, and beverage service industries to
transition to more environmentally sustainable operations during periods of
business closure.

(2) Encourage a reduction in domestic travel distances for inbound tourists.

(3) Promote the reduction of waste generated by tourism.

The Japanese government has already implemented measures to distribute aid
to businesses that were asked to shut down or operate within a few hours during
the pandemic (Cabinet Office, 2022b). The main targets of this policy are lodgings
and food and beverage service industries. However, instead of simply providing
financial aid to stakeholders, it would be more effective to establish a system that
allows companies to receive additional funding to support their efforts to reduce
environmental impact during periods of reduced activity (Pablo-Romero et al,
2017). For example, the amount of support can be determined based on the
quantified environmental savings achieved by each company using energy-
efficiency criteria (e.g., rate of LED lighting installation). Upgrading facilities, such as
converting lighting into LED, is often difficult for companies that operate year-round.
The closure periods during the pandemic provided opportunities for such updates.
Thus, this policy could drive businesses in the lodging and food service sectors to
adopt more eco-friendly business models, thereby significantly reducing indirect

COz emissions from the electricity sector.

To reduce domestic travel distance for inbound tourists, innovative tourism

advertising should be developed to encourage visitors to enjoy and stay longer in a
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single tourist region. Policies that promote increased spending by tourists within a
single area would be effective in simultaneously recovering from economic and
social losses and reducing indirect CO; emissions from road transportation (e.g.,

buses and taxis) used by foreign visitors.

Waste management services have also been crucial for reducing CO; emissions
from inbound tourism. To minimize the waste generated during tourism activities,
we recommend policies such as offering discounts to travelers who refrain from
using hotel amenities and providing greater subsidies to companies that avoid
excessive packaging. These policies could help reduce emissions from waste

management (Juvan et al,, 2023).

Both the Sixth Energy Plan and Japan’s COVID-19 policies include a post-
COVID-19 perspective; however, there are no plans to decarbonize the tourism
sector (Ministry of Economy, Trade, and Industry, 2021). Efforts to decarbonize
tourism in Japan are essential because its environmental impact is increasing with
rising tourism demands. This study provides important policy insights for
stakeholders that should be considered in measures adopted by the Japanese
government in the event of future COVID-19 waves, other pandemics, or various

unforeseen disasters.
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Chapter 4. Identifying critical supply chain paths affected by the
decline in foreign tourist demand in Japan due to the COVID-19

pandemic: counterfactual structural path decomposition

4.1. Introduction

The COVID-19 pandemic, which severely disrupted Japan’s inbound tourism
demand, exposed the vulnerability of the tourism industry to various disasters—
such as pandemics, earthquakes, and terrorism—and further highlighted the need
for new disaster recovery policies that also take future sustainable development into
account. Through proactive policies such as visa easing and the expansion of
shipping routes, Japan rapidly expanded its tourism industry, particularly inbound
tourism (Cabinet Secretariat, Government of Japan, 2016). Between 2012 and 2019,
the number of inbound tourists to Japan increased by 281%, reaching 31.9 million
in 2019 (JNTO, 2025a). During the same period, total travel expenditure grew by
436%, and amounted to 4.8 trillion JPY (30.6 billion USD) in 2019 (JTA, MLIT, 2025b).
The Japanese government has set an ambitious target to increase the number of
inbound foreign tourists to 60 million by 2030 and has long-term plans to further
develop inbound tourism (Cabinet Secretariat, Government of Japan, 2016).
However, the COVID-19 pandemic caused severe and unprecedented disruptions to
Japan’s tourism industry. Owing to lockdown measures, the country experienced an
87% decline in foreign tourists and an 84% reduction in tourism revenue in 2020

(JNTO, 2025a; JTA, MLTI, 2025b).
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The World Travel and Tourism Council (WTTC) (2021b) reported that travel
and tourism gross domestic product (GDP) declined by 5%, while jobs supported by
travel and tourism decreased by 19% (equivalent to 62 million jobs). Lenzen et al.
(2020) first estimated the global socio-economic losses and environmental impacts
caused by COVID-19. Their study identified the tourism and transport industries as
the most economically damaged sectors. Additionally, these industries significantly
contributed to the reduction of greenhouse gas (GHG) emissions. According to a
United Nations Environment Programme (UNEP) report, achieving the Paris
Agreement target of 1.5°C requires a 42% reduction in GHG emissions by 2030,
which appears unrealistic given the current global situation in 2023 (UNEP, 2023a).
Therefore, member nations of the Paris Agreement should not overlook the

environmental benefits that accompanied socio-economic losses.

For the aforementioned reasons, the impacts of the COVID-19 pandemic on the
economy (e.g., value added), society (e.g., employment opportunities), and the
environment (e.g., CO, emissions) should be evaluated within a triple bottom line
(TBL) framework. In Japan, two previous studies have evaluated the impacts of the
COVID-19 pandemic on the country through tourism from a TBL perspective
(Kitamura et al.,, 2020b; Oga and Kagawa, 2025). Oga and Kagawa (2025) estimate
the economic, social, and environmental impacts of the decline in Japan’s inbound
tourism demand using a counterfactual structural decomposition analysis. They
reported a total loss of 3.4 trillion JPY in value added, 869 thousand jobs, and a

reduction of 11.6 Mt-CO, emissions caused by the COVID-19 pandemic.
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On May 5, 2023, the World Health Organization declared the end of the state
of Public Health Emergency of International Concern (PHEIC) regarding the COVID-
19 pandemic (WHO, 2023). Starting in 2022, the tourism industry in Japan began to
recover in both domestic and inbound tourism. However, this does not mean that the
threat of pandemics has entirely disappeared. Marani et al. (2021) compiled
datasets of epidemics that occurred over the past 400 years and used statistical
analysis to predict that the risk of a pandemic comparable to COVID-19 is 2.6% per

year, with this likelihood expected to triple in the coming decades.

Additionally, the risks faced by the tourism industry are not limited to
pandemics, but also include other disasters, such as terrorism and earthquakes.
Several studies have explored the impacts of terrorism on the tourism industry
(Baker, 2014; Sonmez and Graefe, 1998; Sonmez et al., 1999). Similarly, earthquakes
are another type of disaster that significantly impacts the tourism industry. Japan is
one of the countries with the highest number of earthquakes in the world (National
Oceanic and Atmospheric Administration, 2024). In 2011, the Great East Japan
Earthquake and resulting tsunami caused severe damage to the Tohoku region and
led to a 50% reduction in foreign tourist arrivals to Japan (JNTO, 2012). Several
studies have analyzed the impact of earthquakes on the tourism industry (Chan et

al, 2019; Huang and Min, 2002; Tsai and Chen, 2010).

Although inbound tourism is experiencing gradual recovery and is on a path
of expansion once again after the pandemic, formulation of recovery policies is

crucial to prepare for the recurrence of a new pandemic caused by an unknown virus
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or the occurrence of other disasters. To provide concrete guidance for disaster
recovery policies related to inbound tourism in Japan, this study develops an impact
analysis framework for disasters in the inbound tourism using the COVID-19

pandemic as a case study.

This study combines structural path decomposition (SPD) with a
counterfactual input-output approach to estimate the supply chain (SC) path-level
impacts that, to the best of the author’s knowledge, have not been considered in

previous analyses.

Input-output analysis, which captures inter-industry ripple effects in markets
(Leontief, 1953), has proven useful for analyzing the impacts of the COVID-19
pandemic on tourism (Lee et al, 2024; Sun et al., 2021). These previous studies
applied a “consumption-exogenous” input-output model, which can estimate direct-
indirect impact induced from final consumption expenditure. However, the impacts
of COVID-19 have displayed notable spillover effects through the income-
consumption linkage. Oga and Kagawa (2025) revealed that such effects accounted
for approximately 29%, 21%, and 23% of the total economic, social, and
environmental impacts, respectively. These income-induced effects cannot be
captured via a “consumption-exogenous” input-output approach. Therefore, to
analyze the impacts of COVID-19, a “consumption-endogenous” input-output model
(Leontief-Miyazawa model) (Miyazawa, 1960; Miyazawa and Masegi, 1963) is more

appropriate; thus, this study employs the Leontief-Miyazawa framework.
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Furthermore, the SPD framework developed by Wood and Lenzen (2009) is
useful in identifying the key industrial sectors affected and the main contributing
factors. Structural Path Decomposition (SPD) is a method that integrates Structural
Path Analysis (SPA) (see Defourny and Thorbecke, 1984; Lenzen, 2003), which
quantitatively evaluates the ripple effects of each propagation order along SCs, with
Structural Decomposition Analysis (SDA) (Dietzenbacher and Los, 1997, 1998,
2000; Hoekstra and van den Bergh, 2003), which decomposes the driving factors
behind changes in economic, social, and environmental impacts. This approach
enables a quantitative assessment of which industrial path contributed to the
observed changes and which factors were responsible for those contributions.
Oshita (2012) adopted the SPD framework to identify key sectors that contributed

to COz emissions in Japan between 1990 and 2000.

The novelty of the SPD framework employed in the current study lies in two
aspects: first, it applies SPD, which has been used to decompose temporal changes,
to the decomposition of differences between two scenarios, namely the actual case
in 2020 and a counterfactual case in 2020 without the COVID-19 pandemic. Second,
this study extends the application of SPD, which has primarily been used for carbon
footprint assessment, to a comprehensive TBL evaluation encompassing economic,

social, and environmental aspects.

The objective of this chapter is to identify SC hotspots and their driving factors
in each aspect of the economic, social, and environmental consequences of the

COVID-19 pandemic. Using this framework, this study evaluated the final demand by
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foreign tourists during the pandemic compared to a counterfactual scenario without
the pandemic. In addition, the direct and indirect economic losses, employment
declines, and CO2 reductions resulting from the decrease in the influx of foreign
tourists to Japan due to the pandemic were quantified. Furthermore, this study
identified key sectors and factors across three aspects (i.e., economic, social, and
environmental) and proposed policy measures to support these sectors. The novelty
of this study lies in providing a new counterfactual SPD framework based on a
consumption-endogenous input-output analysis framework. This framework
assumes that in the absence of the pandemic, the economic structure of 2020 can be

approximated by that of the previous year (2019).

The remainder of this paper is structured as follows: Section 4.2 outlines the
methodology employed, Section 4.3 describes the data utilized, Section 4.4 presents

the empirical findings, and Section 4.5 provides concluding remarks.

4.2. Methodology

4.2.1. Setting up with- and non-COVID scenarios

Following the framework proposed by Oga and Kagawa (2025), this study
constructs two scenarios: a with-COVID and a non-COVID scenario. The with-COVID
scenario reflects the actual situation in 2020, whereas the non-COVID scenario
represents a counterfactual case assuming that the pandemic had not occurred. The

(nx1) final demand column vectors (f},;., andf},,), which represent the
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consumption by foreign tourists from region r under the with-COVID and non-

COVID scenarios, respectively, are calculated as follows:

\:/ith = \:/ithdalith (1)

fron = Chon@ion (2)
where c},;;, and c},, denote the actual and counterfactual numbers of foreign
tourists, respectively, and d;,,, and dj,, denote the corresponding column
vectors of per-capita commodity consumption by foreign tourists from region r in
each scenario. The value of c},,, is estimated using a linear trend model based on
the number of foreign tourists from the specific region between 2003 and 2019. To
account for the structural change associated with Japan’s inbound tourism
promotion policy in 2012, extrapolation is applied using simple linear regression

with two separate regression lines: one fitted to the period before the structural

change (c{ =aj +fit+ef, (t =2003,2004,.., b" — 1)) and the other to the

period after (c{ =a,+ft+e;, (t=b",b" +1, ...,2019)). Here, a” and "

denote the intercept and slope of the linear trend model, respectively; e/ denotes
independent and identically distributed error terms; and b" denotes the year of
the structural break for region r. The linear trend models were estimated using the
ordinary least squares (OLS) method. dj,, is derived using 2019 data on the per
capita expenditure by nationality of inbound tourists to Japan, under the assumption

that, if the COVID-19 pandemic had not occurred, their consumption patterns would
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have remained largely unchanged from the previous year. Variables with the

subscript “with” and “non” refer to the with- and non-COVID scenarios, respectively.

4.2.2. Consumption-endogenous input-output analysis

This study employs the Leontief-Miyazawa model developed by Miyazawa
and Masegi (1963) to clarify the impact of the COVID-19 pandemic on domestic
income and consumption behavior. This model endogenizes the process through
which production generates income and, subsequently, household consumption.
The vector of the actual domestic direct and indirect commodity outputs across n
sectors denoted as x],;,, (n X 1),is calculated as follows. This vector is induced by
the final demand of foreign tourists from a specific region r in 2020 under the with-
COVID scenario, denoted as X;,;;, (n X 1), which is induced by the final demand of

foreign tourists from a specific region r in 2020 under the with-COVID scenario

(f),itn), is calculated as follows:

-1
r _ d d r
Xwith = (l — AWitn — hwith#withwwith) flitn

= Lyienfiicn (3)

where I is an (n X n) identity matrix; A%, is an (n xn) input coefficient
matrix defined as (I—Myen)Awicn; Myien is an (nxn) diagonal import
coefficient matrix; h%,,, isan (n x1) household expenditure coefficient column

vector defined as (l - Mwith)hwith; Uwitn isadisposableincomeratio; w,,;;, is
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a (1xmn) row vector of labor income ratio in 2020; and Ly, = (1 — A%, —

-1 . e .
hﬁ/ith.uwithwwith) is a non-competitive import-type, consumption-endogenous

Leontief inverse matrix (n X n). Therefore, the direct-indirect output Xj,;;

includes income induced effects.

Let v,;;», denote a (1 Xn) row vector whose elements represent the
value-added coefficients; that is, the amount of value added directly generated by
producing one unit of output in each industry i. Similarly, let s,,;;», and e,
denote (1 X n) row vectors whose elements represent the amount of labor input
and that of CO, emissions required to produce one unit of output in industry i,
respectively. By multiplying Eq. (3) by Vyitn, Swith, and ey, h, the economic,
social, and environmental impacts, respectively, are obtained under the with-

COVID scenario in 2020, as follows:

Viwith = Z§=1(Vwith[‘withf\:/ith) (4)
Swith = Z$=1(Switthithfvrvith) (5)
Eyith = er?=1(ewitthithfvrvith) (6)

where R denotes the number of countries and regions.
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Applying the same approach to the non-COVID scenario, unobservable
economic (V},,,), social (S,,,), and environmental (E,,,) impacts, respectively,

are calculated.

4.2.3. Structural decomposition analysis (SDA)

The equation for calculating direct and indirect value added, including income-

induced effects, is given as follows:

V = vLf = v(I - AY — huw) "1 f" (7

Using the SDA framework developed by Dietzenbacher and Los (1997, 1998),

Eq. (7) can be decomposed as:

AV = AVLE" + VALET + VLAf" (8)
AV, AV, AV s

where AV,, AV,, and AV represent changes in the value-added coefficients,

production structure, and final demand, respectively. Based on the extended

decomposition method (see e.g., Kagawa and Inamura, 2001), AV, can be further

decomposed as follows:

AVL = VALfr

= vA(I — A% — hpuw) ~1f"
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= vL(AA? + Ah‘uw + h®Auw + huAw)LE"
= VLAALf" + VLAR? ywLf" + vLh?AuwLf" + vLh? uAWLF"
(9)
By substituting Eq. (9) into Eqg. (8), the change in value added can be decomposed as

follows:

AV = AVLF" + VLAALf™ + vLAhuwLf" + vLh?AuwLf"™ + vLh*uAwLf" + vLAf"
AV, AV Avy

(10)
The economic effects of the differences in each factor
(Av, AA%, Ah% , Au, Aw, and Af™), which appear as six terms on the right-hand side of

Eq. (10), are calculated using the additive Logarithmic Mean Divisia Index (LMDI)

method (Ang and Lee, 1994; Ang et al., 2003; Wood and Lenzen, 2009).

4.2.4. Counterfactual structural path decomposition (SPD)

The Leontief-Miyazawa inverse matrix (L) can be expanded using a Taylor

series as follows:

L=(1—-A%—h%w) " =1+ (A% +hiuw) + (A% + huw)’ + (A7 + hiuw)’ + -

(11)
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where the term (A? +h%uw) captures the indirect effects arising from
intermediate inputs and income-induced consumption, both of which are triggered

per unit of final demand.

Applying Eq. (11) to Eq. (4), the direct and indirect economic impacts at each
propagation order generated by foreign tourists from region r under the with-

COVID scenario can be expressed as:

R
— r d d r
Viith = E {Vwithfwith + Viien (AL ien + D bwicn Wawien ) Epicn
r=1

2
d d r
+ Viien (Alien + ibienthwienWiwien) Eiien + }
R
— r d d r
= E VwichEwien + Vwitn (Awith + hwith.uwithwWith)fWith

r=1 2nd order effec
1st order effec

2
d d r
+ Vwith(Awith + hwith:uwithWWith) fwien +

3rd order effec

(12)

The economic impact by foreign tourists from region r under the non-COVID

scenario can be expanded in the same manner.

Based on this expansion, the differential in economic effects can be expressed

using the following formula for each order of ripple effects through the industrial

paths:
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AV = Vwith - Vnon

= YR | AWVE) + A{v(A? + h%uw)f"} + A{v(A? + h%uw)?f"} + - (13)

1st order 2nd order 3rd order

The three terms in Eq. (13), which correspond to the first-, second-, and third-order

effects, respectively, can be decomposed as follows:
1st order:
r={A(vE)} = X7, (AVET + VAST) (13a)

2nd order:

D [Mv(A? + hduw)f)]

Z{A(vAdfT) + A(vhiuwf™)}

r=1
R
= Z(AVAdfr + VAAYT + vACAfT + Avheuwf” + vAh? uwf™ + vheAuwf”
r=1
+ vheuAwf" + vhéuwAf")

(13b)

3rd order:
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R

Z[A{V(Ad + heuw)?fT}]
r=1

R
= Z{A(vAdAdfT) + A(VA®h?uwf™) + A(vheuwA%€T) + A(vh?pwhuwf™)}

r=1
R
= Z(AVAdAdfr + VAAZAYET + vACAACET + vACACAST + AVAChYuwf” + vAAChY uwf™ + vAYAhY uwf™
r=1
+ +vAh?Auwf™ + vACheuAwS” + vA*h?uwAf” + Avh? uwA%f" + vAh? uwA4f"
+ vheAUwAf"™ + vheuAwA%™ + vh uwAA ™ + vheuwA4Af™ + Avh® uwh® pwf™
+ vAh?uwheuwf” + vheApwh®uwf™ + vheuAwh? uwf” + vh¢ uwAh? pwf”

+ vhéuwh@Auwf” + vheuwh® uAwf™ + vheuwh?uwAf")

(13c)

The economic effects of the differences in each factor (Av, AA%, Ah? , Au, Aw,and
Af") at each order; as expressed in Egs. (13a), (13b), and (13c), are calculated using
the additive the LMDI method (Ang and Lee, 1994; Ang et al., 2003; Wood and
Lenzen, 2009). The social and environmental impacts at each order can also be

decomposed in the same way.

4.3. Data

The observable and unobservable numbers of foreign tourists to Japan from 21
countries and regions were obtained from the JNTO (2025a). The number of foreign
tourists in each region in 2020 was used as the observable data for the with-COVID
scenario, while data from 2003 to 2019 were used to estimate a linear trend model

to predict the unobservable number of tourists under the non-COVID scenario.
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The observable and unobservable per-capita commodity consumption data for
foreign tourists were obtained from JTA (2025b). The per capita consumption data
from each region for the with-COVID scenario in 2020 were obtained from the
survey conducted in 2020 (JTA, MLIT, 2025b). On the other hand, the per capita
consumption data from each region for the non-COVID scenario in 2020 were
obtained from the survey conducted in 2019 (JTA, MLIT, 2025b). The detailed
commercial and transportation margin table for 2015, published by the (MIC,
2019a), was used to convert the per capita commodity consumption of foreign

visitors from purchaser prices to producer prices.

To estimate the economic, social, and environmental multiplier effects under
the with- and non-COVID scenarios, this study employed the 2020 and 2019 input-
output tables, respectively, each comprising 94 sectors, as published by the Cabinet
Office of Japan (COJ, 2021; COJ, 2022). Furthermore, the disposable income ratios of
the average working household in 2020 and 2019 were retrieved from the
Household Survey Report by the MIC (MIC, 2020, 2021b), and were set as py;tn =

0.607 and py,,, = 0.673, respectively.

Because sector-specific employment and CO, emissions data for 2019 and
2020 were unavailable, this study used data from 2015. To assess the social impacts,
labor input coefficients were calculated based on sectoral employment data from
2015 (MIC, 2019b), under the assumption that the labor input structure remained

unchanged between the with- and non-COVID scenarios. For the environmental
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impact evaluation, CO, emissions coefficients were derived from the 2015 version
of the Embodied Energy and Emission Intensity Data for Japan Using Input-Output
Tables (3EID) (Nansai, 2019; Nansai et al.,, 2020). This study likewise assumed that

sectoral emission intensities remained constant across both scenarios.

4.4. Results

4.4.1. Decomposition of pandemic-induced ripple effects by propagation order

The amount and share of economic (value added loss), social (employment
loss), and environmental (CO, reduction) impacts attributable to each propagation
order (1st to 3rd), based on the difference between the with- and non-COVID
scenarios, as calculated using SPA formulated like Eq. (12) are presented in Table 4-
1. Although the environmental share is slightly lower at 75%, the analysis results
capture approximately 80% of the overall direct and indirect impacts resulting from
the decline in inbound tourism demand caused by the COVID-19 pandemic. Higher-
order effects beyond the 3rd order were excluded because of their relatively minor

contributions to the total impact.
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Table 0-1. Breakdown of economic, social, and environmental impacts by order of

propagation and their shares of total impact.

Value added loss Employment loss CO2 reduction
(billion JPY) (thousand persons) (kt-CO2)
1st order 1,337 464 2,121
2nd order 928 182 4,321
3rd order 505 96 2,236
Share of the total 81% 86% 75%

Note: The economic impacts for each propagation order under the with-COVID scenario are
: d d d
estimated by XF_; Viienfhien, Zre1 Viwien (Abicn + DibienthwienWiwienJEien, and XEo 1 Vi (Al n +
he . lienWopien) > £ e, T€Spectively. Similarly, under the non-COVID scenario, they are estimated by
25=1 Vnonf;;on ) 27}3=1 Vnon (A;ilOTl + thnﬂnOanLOTl)f;On 4 and Z$=1 Vnon (A(riwn + hgon#nonwnon)zfgon 4
respectively. The differences in the economic impacts at each propagation order between the non-
COVID and with-COVID scenarios are reported in the second column of Table 4-1. Similarly, the
differences in the social and environmental impacts are presented in the third and fourth columns of

Table 4-1, respectively.

4.4.2. LMDI-based SDA of economic, social, and environmental changes

The factor-wise changes identified through SDA using the LMDI method are
presented in Table 4-2. Owing to data limitations, employment opportunity and CO,
emissions coefficients were not included in the estimation. The decline in final
demand by inbound tourists (Af) was the most significant contributing factor. In
the case of economic impacts, the input coefficient (AA), consumption propensity
(Ah), and labor share (Aw) contributed marginally in the increasing direction. For
social and environmental impacts, the input coefficient (AA) and labor share (Aw)

also displayed slight positive contributions.
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Table 0-2. SDA results based on LMDI.

Changes in Changes in input Changes in Changes in Changes inlabor  Changes in the final
value added coefficients of household household income demand of foreign
coefficients of industries expenditure disposable income coefficients of visitor to Japan
industries coefficients ratio industries
(AA) (Ah) (Aw) (Aw) (Af)
Economic impact
-117 43 2 -30 38 -2,705
(billion JPY)
Social impact
- 10 -1 -5 7 -753
(thousand persons)
Environmental impact
- 258 -11 -59 80 -8,945

(kt-C02)

Note: Due to data limitations, employment opportunity and CO, emissions coefficients under the non-COVID scenario were unavailable for use in the

SDA. Therefore, the social and environmental impacts associated with changes in these factor coefficients could not be estimated in this study.
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4.4.3. Structural path decomposition in the economic impacts in 2020 due to the

COVID-19 pandemic

The results of the SPD analysis of economic impacts caused by COVID-19
through Japan’s inbound tourism are reported in 4-3. The 20 most affected industrial
paths are listed, along with the contributing factors and nationalities of foreign
tourists. The SC flows are represented in the order of Sector 1 — Sector 2 — Sector
3, with “Order” indicating the position along the path at which the change occurred.

“Factor” refers to the category of variables that contributed to the change.

Among the top six SC paths with the largest economic losses, all were
attributable to the decline in inbound tourism demand from China. These included
five direct losses caused by decreases in final demand, specifically in eating and
drinking services (-109.4 billion JPY), miscellaneous chemical products (-100.8
billion JPY), hotels (-77.0 billion JPY), wholesale (-65.6 billion JPY), and retail trade
sectors (-61.7 billion JPY), as well as one direct loss in the hotels sector (-41.1 billion
JPY) due to a decline in value-added coefficients. These findings indicate that the
direct effects were more pronounced than the ripple effects. The decline in tourism
demand from Taiwan, South Korea, Hong Kong, and the United States (U.S.) also
resulted in direct economic losses, particularly in the accommodation and food

services sectors.
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Table 0-3. Result of SPD in economic impact due to the COVID-19 pandemic.

Nationalities Billion
Rank Factors Sector (1st order) Sector (2nd order) Sector (3rd order) Order
of tourists JPY
1 China Af Eating and drinking services 1 -109.4
2 China Af Miscellaneous chemical products 1 -100.8
3 China Af Hotels 1 -77.0
4 China Af Wholesale trade 1 -65.6
5 China Af Retail trade 1 -61.7
6 Chaina Av Hotels 1 -41.1
7 Taiwan Af Eating and drinking services 1 -40.8
8 South Korea Af Eating and drinking services 1 -37.8
9 Hong Kong Af Eating and drinking services 1 -29.1
10 Taiwan Af Hotels 1 -27.6
11  South Korea Af Hotels 1 -26.6
12 TheUS. Af Eating and drinking services 1 -25.2
13 TheU.S. Af Hotels 1 -25.1
14 Others Af Eating and drinking services 1 -23.0
15 Hong Kong Af Hotels 1 -20.9
16 Others Af Hotels 1 -20.7
17 China Af Amusement and recreation services 1 -18.4
18 Taiwan Av Hotels 1 -17.3
19 Chaina Af Hotels Waste management services 2 -14.1
20 Taiwan Af Miscellaneous chemical products 1 -13.4
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The top 30 SC paths that experienced the most significant economic impacts
are visualized in Fig. 4-1. The size of each bubble represents the value added of the
corresponding industry. Among these 30 paths, 23 are attributed to the decline in
inbound tourism demand from China. Notably, the three most affected paths are
“hotels — waste management services (14.1 billion JPY),” “eating and drinking
services — Wholesale trade (11.8 billion JPY),” and “hotels — miscellaneous
transport (11.2 billion JPY).” These results indicate that the decrease in demand
from Chinese tourists had a substantial ripple effect on the Japanese economy
through SCs. The impacts originating from the hotels sector spread widely to
industries such as waste management, house rent, miscellaneous transport,
wholesale trade, and electricity. Similarly, the eating and drinking services sector
triggered downstream effects on wholesale trade, drinks, retail trade, house rent,
and miscellaneous foods. In addition, a reduction in the purchase of cosmetics and
perfumes due to the decline in Chinese tourists resulted in a value-added loss of 7.3
billion JPY along the path miscellaneous chemical products — basic chemical
products, which exceeded the economic loss observed in the hotels — waste
management services path linked to the decrease in tourists from Taiwan. Note that
several paths converged on the “house rent” sector. However, the decline in tourism
demand during the COVID-19 pandemic is unlikely to have directly caused
widespread rent defaults, which suggests that this result may not accurately reflect

the real-world situation.
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Figure 0-1. Network diagram of the top 30 industrial paths with the largest

economic impacts from inbound tourism loss, identified through SPD.

4.4.4. Structural path decomposition in the social impacts in 2020 due to the COVID-19

pandemic

The top 20 paths of social impacts resulting from the decline in Japan’s

inbound tourism demand due to COVID-19, as identified through SPD analysis, are

presented in Table 4-4. The decrease in tourist demand from China, Taiwan, South

Korea, Hong Kong, the U.S., Thailand, and Australia had strong direct effects on the

hotels and eating and drinking services sectors. Notably, the direct loss in the latter

sector associated with the decline in Chinese tourists ranked first and was

approximately 1.5 times greater than the loss in hotels, which ranked second.
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Table 0-4. Result of SPD in social impact due to the COVID-19 pandemic.

Nationalities
Rank Factors  Sector (1st order) Sector (2nd order) Sector (3rd order) Order People
of tourists
1 China Af Eating and drinking services 1 -60,645
2 China Af Hotels 1 -39,307
3 China Af Retail trade 1 -33,402
4 Taiwan Af Eating and drinking services 1 -22,600
5 South Korea Af Eating and drinking services 1 -20,931
6 Hong Kong Af Eating and drinking services 1 -16,113
7 Taiwan Af Hotels 1 -14,362
8 TheUS. Af Eating and drinking services 1 -13,970
9 South Korea Af Hotels 1 -13,212
10 Others Af Eating and drinking services 1 -12,766
11 TheU.S. Af Hotels 1 -12,739
12 Hong Kong Af Hotels 1 -10,641
13 Others Af Hotels 1 -10,525
14 China Af Wholesale trade 1 -8,557
15 Taiwan Af Retail trade 1 -6,688
16 Thailand Af Eating and drinking services 1 -6,614
17 Australia Af Eating and drinking services 1 -6,122
18 Australia Af Hotels 1 -5,192
19 China Af Miscellaneous chemical products 1 -5,001
20 Hong Kong Af Retail trade 1 -4,564
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The top 30 SC paths that experienced the most significant social impacts are
visualized in Fig. 4-2. The size of each bubble represents the employment coefficient
of the corresponding industry. The impacts were particularly pronounced for
inbound tourism demand declines from China, Taiwan, South Korea, the U.S., and
Hong Kong. Among the affected sectors, hotels and eating and drinking services
appeared as the largest bubbles, thereby indicating their substantial role in
generating spillover effects on other industries. In particular, three paths, “hotels —

” «

retail trade,” “eating and drinking services — retail trade,” and “hotels — eating and
drinking services,” were identified as having incurred especially large employment

losses.
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Figure 0-2. Network diagram of the top 30 industrial paths with the largest social

impacts from inbound tourism loss, identified through SPD.

4.4.5. Structural path decomposition in the environmental impacts in 2020 due to the

COVID-19 pandemic

The top 20 structural paths of environmental impacts resulting from the
decline in Japan's inbound tourism demand due to COVID-19, as identified through
SPD analysis are presented in Table 4-5. Significant emissions reductions were
observed along the “hotel — electricity” paths associated with the decline in tourist
demand from China, Taiwan, South Korea, the U.S., and Hong Kong. These reductions
are largely attributable to indirect CO, savings in the electricity sector, which
centrally supplies the energy required for tourism-related consumption. Although

the hotel sector itself is not typically associated with high CO, emissions intensity,
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the reduction in emissions along the path associated with Chinese tourists ranks
second. In addition, the decline in purchases of cosmetics and perfumes by Chinese
tourists resulted in significant emissions reductions along the paths “miscellaneous
chemical products — electricity” (-104 kt-CO,) and “miscellaneous chemical
products — basic chemical products” (-84 kt-CO,). When combined, these
reductions exceed those observed in the fourth-largest path, “hotel — electricity,”

which is associated with the decline in tourist demand from Taiwan.
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Table 0-5. Result of SPD in environmental impact due to the COVID-19 pandemic.

Nationalities
Rank Factors  Sector (1st order) Sector (2nd order) Sector (3rd order) Order kt-CO2
of tourists
1 China Af Hotels Electricity 2 -434
2 China Af Hotels 1 -278
3 China Af Road transport 1 -185
4 Taiwan Af Hotels Electricity 2 -159
5 China Af Eating and drinking services Electricity 2 -155
6 China Af Retail trade Electricity 2 -151
7 China Af Hotels Waste management services 2 -146
8 South Korea Af Hotels Electricity 2 -145
9 TheUS. Af Hotels Electricity 2 -140
10 Hong Kong Af Hotels Electricity 2 -117
11 Others Af Hotels Electricity 2 -116
12 China Af Miscellaneous chemical products Basic chemical products 2 -104
13 Taiwan Af Hotels 1 -102
14  South Korea Af Hotels 1 -94
15 TheUS. Af Hotels 1 -90
16 China Af Miscellaneous chemical products Electricity 2 -84
17 China Af Eating and drinking services 1 -83
18 Hong Kong Af Hotels 1 -75
19 Others Af Hotels 1 -75
20 China Af Miscellaneous chemical products 1 -74
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The top 30 SC paths that experienced the most significant environmental

impacts are visualized in Fig. 4-3. The size of each bubble represents the CO,

emissions coefficient of the corresponding industry. The decline in inbound tourism

demand from ten countries and regions—Australia, China, England, France, Hong

Kong, Singapore, South Korea, Taiwan, Thailand, and the United States—contributed

to the reduction in CO, emissions. This reduction was largely driven by indirect

decreases in electricity demand caused by five specific sectors: hotels, eating and

drinking services, retail trade, miscellaneous chemical products, and waste

management services.

Electricity

® Basic chemical products

Retail trade

Waste management services

Miscellaneous chemical products

Australia []
China 1
England []
France :]
Hong Kong 1
Singapore [_]

Eating and drinking services Hotels

South Korea[ ]
Taiwan 1
Thailand [
The USS. 1
Others 1

Figure 0-3. Network diagram of the top 30 industrial paths with the largest

environmental impacts from inbound tourism loss, identified through SPD.
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4.5. Discussion and Conclusions

4.5.1. Decomposition results of the inbound tourism shock

This study employed a consumption-endogenous input-output analysis to
quantify the counterfactual difference between the with- and non-COVID scenarios.
SPD was applied to this difference to identify the SCs most affected by the decline in
inbound tourism demand caused by the COVID-19 pandemic. The analysis was
conducted across economic, social, and environmental aspects disaggregated by the

21 nationalities of inbound tourists and six decomposition factors.

The coverage of the estimated impacts captured by the SPD accounted for 81%,
86%, and 75% of total economic (value added), social (employment opportunities),
and environmental (CO, emissions) impacts, respectively, which indicates that the
method successfully explained the majority of the observed changes. The most
significantly impacted SC path in the economic impact was “hotels — waste
management services,” which resulted from the decline in final demand by inbound
tourists from China, with a value-added loss of -14 billion JPY. In the social impact,
the greatest damage was observed in the “hotels — retail trade” path, which was also
associated with Chinese tourists, consequently resulting in an employment loss of -
3,655 persons. In the environmental impact, the path “hotels — electricity” displayed

the largest CO, reduction at -434 kt-CO,.

The SPD framework employed in this study is based on an income-endogenous
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input-output model, which allowed for the incorporation of income-related spillover
structures into the analysis. Specifically, the decomposition included changes in
household expenditure coefficients, household disposable income ratios, and labor
income coefficients. However, the contribution of these income-related factors was
found to be minimal. The substantial decline in final demand by inbound tourists

was the overwhelmingly dominant factor driving the observed impacts.

Regarding the economic aspect, the results revealed that the decline in
inbound tourism demand from China had a significant ripple effect throughout the
SC. In particular, the consumption propensity of Chinese tourists played a major role
in determining the scale of economic losses. This can be attributed to the structural
reliance of Japan’s inbound tourism market on the active consumption behavior of
Chinese visitors, which has supported a substantial portion of value added.
Regarding the social impacts, the ripple effects were relatively limited compared to
those in the economic and environmental domains. Notably, service industry
connections that rely on in-person interactions were especially fragile and faced
significant disruption. In terms of environmental impacts, the stagnation of five
energy-intensive industries contributed significantly to CO, emissions reductions.
These included sectors affected by declines in tourism demand regardless of
nationality, namely hotels, eating and drinking services, and waste management, as
well as those strongly influenced by the sharp decrease in Chinese tourism demand,

such as miscellaneous chemical products and wholesale trade.

Overall, the findings suggest that Japan’s inbound tourism market is supported
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by an SC centered around the hotel and eating and drinking services sectors. The
decline in final demand resulted in varying types of impacts across the economic,

social, and environmental dimensions, with each exhibiting distinct characteristics.

4.5.2. Implications for tourism recovery and risk management

Based on the findings, this study proposes policy directions for formulating
balanced recovery strategies across the economic, social, and environmental

dimensions in the context of inbound tourism under disaster conditions.

First, in terms of economic recovery, when formulating economic support
measures for damaged industries, for the government to recognize that the damage
occurred because of a trade-off between economic loss and environmental benefits
is important. The “hotels - waste management services,” which is the most damaged
SC path economically, also contributed to the reduction in CO2 emissions. Although
waste management services contribute significantly to value-added generation from
inbound tourism, they also produce high level of CO, emissions. Economic support
for such industries should be conditional on the commitment of supported firms and
businesses to pursue decarbonization efforts. Furthermore, the analysis revealed
that economic impacts were strongly influenced by the consumption propensity of
tourists from China, which suggests that reducing Japan’s heavy reliance on the
Chinese inbound market could function as an effective risk hedge in times of future

crises.
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For social losses, support for labor transitions from stagnating industries to
those that experienced growth during the pandemic is necessary. The retail trade
sector was indirectly affected by the decline in the final demand for hotels and eating
and drinking services, which exposed it to a high risk of unemployment. In addition,
service-sector linkages that rely heavily on face-to-face interaction were particularly
vulnerable and suffered substantial damage. Industries that benefited from the
pandemic were those well-suited to the shift toward remote operations, such as IT-
related sectors and e-commerce. By contrast, workers in face-to-face service
industries are likely to face difficulties in transitioning to these sectors. This study
recommends that the government support the workforce in these sectors by
facilitating transitions to alternative industries that are less vulnerable to pandemic-

related disruptions through job training and employment programs.

Regarding environmental impacts, this study highlights that the stagnation of
five energy-intensive sectors indirectly contributed to CO, emissions reductions by
decreasing electricity demand. Therefore, embedding incentives to lower the energy
intensity of these sectors into recovery support schemes would be effective in

enhancing the sustainability of inbound tourism in the post-pandemic period.

4.5.3. Toward disaster-resilient inbound tourism

The finding that final demand had the greatest influence on outcomes suggests
that this analytical framework is not only applicable to pandemics, but also broadly

adaptable to various disasters that may trigger sudden drops in demand, such as
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large-scale earthquakes. As of 2025, Japan’s inbound tourism industry has
surpassed pre-pandemic levels of growth, and the government is actively
considering further expansion strategies (JNTO, 2025b). However, the inbound
tourism market’s structural vulnerability to disasters, whether pandemics or natural
hazards, remains unchanged. Therefore, policymakers should adopt counterfactual
SPD-based analysis for proactive risk assessment at the SC level and for the careful
development of SC-based disaster recovery strategies tailored to the inbound

tourism industry.
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Chapter 5. Conclusions

This Ph.D. dissertation develops a comprehensive, fine-grained analytical
framework to assess the impacts of depressed tourism demand under disaster
conditions, and applies it empirically to Japan’s inbound tourism during the COVID-

19 pandemic.

In Chapter 3, using a consumption-endogenous, environmentally extended
input-output (EEIO) model for Japan, [ quantify the triple-bottom-line impacts of
the pandemic-induced collapse of inbound tourism—economic (value added loss),
social (employment loss), and environmental (CO, reduction). It applies SDA to
attribute the observed changes to their driving factors and evaluates counterfactual
scenarios that posit a 2020 without COVID-19 in order to isolate the demand-shock
effect. The results highlight hotels, eating and drinking services, air transport, and
retail as key conduits of economic and employment losses, while electricity supply
and waste-management services emerge as major upstream contributors to CO,
reduction. The chapter concludes with policy-relevant implications for a balanced
recovery strategy that couples sectoral support with decarbonization commitments

in upstream services.

Chapter 4 combines a consumption-endogenous input-output model with
with- and non-COVID scenarios and an SPD that resolves changes along explicit
supply-chain paths. The chapter shows that shocks were dominated by the collapse

in final demand from Chinese visitors, maps where effects propagate upstream
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(electricity, wholesale, waste), and draws policy implications: target support to path-
level hotspots, condition aid on decarbonization in energy-intensive upstream
services, and facilitate labor transitions away from face-to-face services most
exposed to demand shocks. The framework generalizes to other disasters that
trigger sudden demand drops, offering a path-resolved, policy-ready lens for risk

assessment and recovery design.

This Ph.D. dissertation establishes a decision-ready evidence base for disaster-
era shocks to tourism by linking demand collapses to their economy-society-
environment consequences along concrete supply chains. Rather than stopping at
aggregate effects, it traces which supplier-consumer routes amplify losses or deliver
environmental gains, and by how much, making visible the asymmetry that the same
shock can hit different industries on the economic and social sides while easing
pressures upstream on the environmental side. The analysis highlights actionable
hotspots—for example, accommodation — electricity and accommodation —
waste linkages—and shows how targeted support can be coupled with upstream
decarbonization to avoid rebound during recovery. By integrating counterfactual
comparison with a transparent attribution of drivers and a path-resolved reading of
results, the dissertation provides a practical, reproducible lens for crises in which

final demand and production technology move.
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Appendix

Table S1. Estimated parameters of the linear trend model

(after the structural break).

Fvalue in
Country
t value for t value for Structural statistical tests
and region as Bs B R? Sample period
as Bs break b€ for a structural
‘ break
Australia -125.577 -47.723 0.063 47.888 0.998 2013~2019 2013 105.753
Canada -74.411 -28.858 0.037 28.960 0.994 2013~2019 2013 56.909
China -2253.290 -29.954 1.121 30.052 0.997 2015~2019 2015 327.275
France -61.053 -29.345 0.030 29.463 0.994 2013~2019 2013 26.551
Germany -37.800 -38.673 0.019 38.857 0.997 2013~2019 2013 28.028
Hong Kong -567.527 -7.193 0.282 7.214 0.912 2013~2019 2013 43.248
India -33.417 -27.393 0.017 27.493 0.993 2013~2019 2013 116.925
Indonesia -104.226 -13.397 0.052 13.432 0.973 2013~2019 2013 122.472
Italy -32.165 -21.732 0.016 21.810 0.990 2013~2019 2013 41.024
Malaysia -111.021 -12.695 0.055 12.737 0.970 2013~2019 2013 106.988
Philippines -165.941 -44.653 0.082 44.748 0.998 2013~2019 2013 430.233
Russia -43.080 -9.637 0.021 9.658 0.989 2017~2019 2017 19.585
Singapore -102.103 -19.744 0.051 19.810 0.987 2013~2019 2013 39.291
South
-637.306 -5.482 0.318 5.509 0.669 2003~2019 - 10.594
Korea
Spain -28.473 -29.045 0.014 29.136 0.994 2013~2019 2013 32.643
Taiwan -916.375 -8.137 0.456 8.171 0.930 2013~2019 2013 52.239
Thailand -268.075 -18.898 0.133 18.961 0.986 2013~2019 2013 197.502
U.S.A. -314.487 -26.414 0.157 26.517 0.993 2013~2019 2013 74.655
UK -70.075 -9.671 0.035 9.711 0.950 2013~2019 2013 57.303
Vietnam -135.440 -14.743 0.067 14.771 0.978 2013~2019 2013 192.287
Others -264.702 -31.273 0.132 31.387 0.995 2013~2019 2013 103.897

Note: The estimated linear trend model is #{ = &S + 5t where i represents the number of foreign visitors

in million persons and @° and ¢ represent the estimated two parameters.
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Table S2. Estimated parameters of the linear trend model

(before the structural break).

Country and B t value for
s tvalue for @¢ i3 ~ R?
region ¢ Bf
Australia -2.882 -0.519 0.002 0.556 0.037
Canada 2.545 0.547 -0.001 -0.516 0.032
China -250.540 -5.614 0.125 5.638 0.761
France -8.213 -1.741 0.004 1.767 0.281
Germany 0.403 0.117 0.000 -0.085 0.001
Hong Kong -47.109 -2.957 0.024 2.982 0.526
India -3.190 -2.726 0.002 2.778 0.491
Indonesia -6.013 -2.544 0.003 2.573 0.453
Italy -2.870 -1.365 0.001 1.388 0.194
Malaysia -10.188 -3.361 0.005 3.391 0.590
Philippines 18.396 4.745 -0.009 -4.719 0.736
Russia 0.276 0.217 0.000 -0.174 0.003
Singapore -15.389 -2.509 0.008 2.530 0.445
South Korea -637.306 -5.482 0.318 5.509 0.669
Spain -4.177 -2.142 0.002 2.157 0.368
Taiwan -55.205 -1.181 0.028 1.207 0.154
Thailand -30.981 -4.713 0.016 4.737 0.737
USA. 21.187 1.207 -0.010 -1.165 0.145
UK 13.288 3.261 -0.007 -3.213 0.563
Vietnam -7.557 -11.116 0.004 11.163 0.940
Others -19.215 -1.757 0.010 1.796 0.287

Note: The estimated linear trend model is 7if = & + f{t where 7if represents the number of foreign visitors

in million persons and @ and fBf represent the estimated two parameters.
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