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Abstract

This paper investigates the economic impacts of a multi-disaster mix comprising of extreme weather,
such as flooding, a pandemic and deglobalization, dubbed a “perfect storm”. We develop a
compound-hazard impact model that improves on the standard ARIO model, which is commonly
used in single-hazard impact analysis, by considering the interplay between different types of
hazardous events. The model also allows for substitution between suppliers of the same sector from
different regions, which can influence the resilience of the economic network to multiple shocks.
We explore a range of scenarios to investigate economic impacts when flooding and a pandemic
collide and how these are affected by the spatial spread, the duration and the strictness of the
measures to control the pandemic. In addition, we look at how export restrictions, reflecting
deglobalization and measures that were introduced during the COVID pandemic impact of the
economic losses and recovery, especially when there is specialization of production of key sectors.
The results show that regional or global cooperation is needed to address the spillover effects of

such compound events, especially in the context of the risks from deglobalization.



1. Introduction

During the past year the escalating COVID-19 pandemic appeared to have diverted attention away
from the climate crisis (Selby & Kagawa, 2020; The Lancet, 2020), despite the fact that just a few
years prior, the WHO had identified climate change as ‘the greatest threat to global health in the 215
century’ (World Health Organization (WHO), 2015). Actually, the year 2020 saw a number of
climate disasters. It has been reported to have been the hottest year on record (Gohd, 2021). The dry
and hot conditions fueled massive record-breaking wildfires across Australia, Siberia, and the
United States. The 2020 Atlantic hurricane season was also the most active in recorded history
(White, 2020). Devastating typhoons swamped the Indian subcontinent and south-east Asia while
the Sahel and Greater Horn regions of Africa experienced severe droughts (Boyle, 2020). and
devastation from locust swarms linked to climate change.! Early 2021 also saw the Swiss Alps
develop an orange layer caused by heavy sandstorms from the Sahara Desert, the widest reach
recorded in recent years.?

Several aspects signaling deglobalization have been at play in recent years. The 2020 World
Development Report reports that growth in global value chains has flattened. Additionally, country
and regional reform agendas have either experienced a reversal or have stalled. China’s recent move
towards promoting local industries and the falling share of exports as a share of GDP (from 31
percent in 2008 to just 17 percent in 2019) further brightens this signal. 2020 also saw increasing
trade tensions, especially in relations between the US and China, as well as the UK withdrawing
from the EU, but also in some of the responses by governments to the pandemic. Indeed, some have
argued that the pandemic has further fueled the process of deglobalization. On the other hand, trade
in goods has recovered well as consumers shift purchases away from services such as hospitality
and travel and global value chains in many sectors, with notable exceptions such as apparel, appear
to have be somewhat resilient.® Nevertheless, a number of countries have responded by introducing
export restrictions on critical medical equipment and food and even on vaccines. This raises the
issue of whether restrictive trade policy measures can undermine effective responses when climate
and pandemic crises collide to create a ‘perfect storm’. The collision of climate extremes and
pandemic control creates a type of compound event. The concept of ‘compound event’ was
originally used in climatic research and defined as the ‘combination of multiple drivers and/or
hazards that contributes to societal or environmental risk’ (AghaKouchak et al., 2020; Field, Barros,
Stocker, & Dahe, 2012; Hao, AghaKouchak, & Phillips, 2013; Leonard et al., 2014; Zscheischler et
al., 2018). Unable to foresee such a globally explosive outbreak of the coronavirus, those studies
were mainly focused on the co-occurrence of multiple dependent climatic hazards. Only very
recently have researchers begun to incorporate the coexistence of biological hazards. As the
pandemic and global warming continues, civil society will see a growing probability of collisions
between coronavirus surges and climate crises (Phillips et al., 2020), in tandem with other global

issues, such as deglobalization, following recent trends. Countermeasures against one crisis may
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jeopardize the effects against another and ultimately exacerbate the negative impacts of each crisis
(Ishiwatari, Koike, Hiroki, Toda, & Katsube, 2020; Salas, Shultz, & Solomon, 2020; Selby &
Kagawa, 2020). As a result, scholars have advocated for a comprehensive and holistic multi-hazard
approach of disaster management that considers all possible hazards together with compound ones
in the post-pandemic world (Chondol, Bhardwaj, Panda, & Gupta, 2020). Hariri-Ardebili (2020)
proposed a multi-risk assessment tool to qualitatively study the hybrid impacts of compound-hazard
situations on healthcare systems, while Shen, Cai, Yang, Anagnostou, and Li (2021) provided a tool
to assess the compound risk from flooding and COVID-19 at the county level across the United
States. Beyond these, researchers also developed optimization models to study the effectiveness of
evacuation strategies in risk control when floods intersect with a pandemic (Pei, Dahl, Yamana,
Licker, & Shaman, 2020; Shrabani, Udit, Mohit, Subhankar, & Subimal, 2021).

Another important aspect of risk management is to assess the economic consequences of hazardous
events (Laframboise & Loko, 2012), however, this has been seldom touched upon so far in
compound-hazard research. Typically, in single-hazard research, economic models, such as Input-
Output (I0), Computable General Equilibrium (CGE) and agent-based hybrid models, provide
quantitative tools to evaluate the economic footprint of disruptive events (Hallegatte, 2008; Miller
& Blair, 2009; Okuyama & Santos, 2014; Rose, 1995, 2004). Metrics related to disaster-induced
economic damages, both direct and indirect, are developed to inform cost-benefit decisions in
disaster preparedness investment (ESCAP, 2019). With abundant studies focused on climate
extremes (Hallegatte, 2014; Koks, Bockarjova, De Moel, & Aerts, 2015; Lenzen et al., 2019;
Oosterhaven & Tobben, 2017; Willner, Otto, & Levermann, 2018; Xia et al., 2018; Zeng, Guan,
Steenge, Xia, & Mendoza-Tinoco, 2019), only a few have started studying biological hazards like
the COVID-19 pandemic (Guan et al., 2020; McKibbin & Fernando, 2020). Even fewer studies
have looked into the economic aspects of compound events. Zeng and Guan (2020) constructed an
10-based flood footprint model to quantify the combined indirect economic impacts resulting from
multiple successive flood events. They concluded that the total economic impacts of a multi-flood
event within a given region is usually larger than the sum of individual flood impacts, as the ensuing
flood may disrupt the recovery of capital damaged by the first event. Similar perspectives are
suggested in literature referring to the combination of a natural hazard and a pandemic. Sarkar-
Swaisgood and Srivastava (2020) pointed out that the economic consequences of such compound
events are underestimated if the interplay between individual hazards is not considered.

However, the interaction between the pandemic control and flood responses is different from that
between two flood events. Flood events, the most common natural hazard globally, are usually
sudden or rapid onset events which require immediate emergency measures (Bubeck, Otto, &
Weichselgartner, 2017; Johnstone & Lence, 2009), while the pandemic lasts for longer periods and

4 Direct damages refer to damages to humans, physical assets (e.g., buildings and infrastructure), and any other
elements due to direct contact with disasters, relating directly in space and time to the disruptive event; while
indirect damages are the subsequent losses induced by direct ones, including business interruption losses of
affected economic sectors, the spread of losses towards other initially non-affected sectors, and the costs of
recovery processes. They often occur, in space or time, after or outside the disaster event.



the corresponding control measures of various duration could coincide with ~ different flood periods.
A focus on measures to prevent coronavirus transmission can result in inadequate response towards
flood disasters (Ishiwatari et al., 2020) and constrain the economic flows required by post-flood
recovery, aggravating the impact of the flood. These differences in responses compared with the
multi-flood situations increase the complexity of economic impact assessment, and thus an
improved technique is needed to model the economic consequences of the intersection between
natural and pandemic hazards.

Given the current research gap, we propose a compound-hazard approach to account for the
economic impacts resulting from pandemic-induced perfect storms in this study. The confluence of
the COVID-19 pandemic and flood disasters is selected as the focus of this study. The model, which
is constructed under the agent-based ARIO framework (Hallegatte, 2008, 2014), considers not only
the parallel threats of individual hazards on population and physical assets, but also examines the
side effects of virus containment on post-flood recovery. We build multiple groups of scenarios
where hypothetical hazardous events with different durations and intensities collide with each other
at different spatial and temporal scales. We then use this approach to explore specific scenarios to
understand the role of trade in disaster recovery during compound climate and health crises. In
particular we look at how export restrictions and the extent of production specialization influence
the magnitude of economic losses.

The model constructed in this research provides consistent and comparable loss metrics with single-
hazard analysis and can be generalized to various types of compound events. This would support
the formation of an integrated risk management strategy including compound hazards and the
fulfillment of the mitigation and adaptation targets in the Paris Agreement and Sendai Framework
for Disaster Risk Reduction (UNFCCC, 2015; UNISDR, 2015).

2. Methodology

The impact model for the pandemic-induced ‘perfect storm’ stems from the adaptive regional input-
output (ARIO) model (Hallegatte, 2008, 2014), which is widely used in the realm of single-hazard
analysis to simulate the propagation of negative shocks throughout the economy (Koks & Thissen,
2016; Okuyama & Santos, 2014). Compared with traditional IO and CGE models, the ARIO model
is an agent-based model which provides the simplicity of IO modelling but also allows for some
more flexibility than in CGE modelling (Oosterhaven & Bouwmeester, 2016). Recently Guan et al.
(2020) proposed an extension of the ARIO model which considers cross-regional substitutability of
suppliers to assess the global supply-chain effects of COVID-19 control measures. Drawing on that
and in the context of compound hazards with pandemic control, the impact model constructed in
this study improves the ARIO model in two ways. First, it combines the parallel shocks of natural
and pandemic hazards on primary production inputs. Second, it considers the negative externality
of pandemic control on the recovery of capital destructed by natural disasters. The collisions
between flooding and pandemic control are taken as examples of compound events in this study.

Figure 1 presents the framework of our impact model, which is driven by compound-hazard input
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variables and three modules, that is, a production module, an allocation module, and a demand
module. The input variables refer to the initial shocks of flooding and pandemic control on
production factors (i.e., labor and capital) respectively. The production module describes the firms’
production activities under production and transport capacity constraints. The allocation module
explains how the firms allocate output to their clients, including downstream firms and households,
to satisfy the intermediate demand for inventory refilling and final demand for consumption and
reconstruction. Finally, the demand module portrays how clients issue orders to their suppliers,
which iterates into the next round of production until the economy recovers to the pre-disaster state.

The compound-hazard
impact model
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Figure 1. Framework of the compound-hazard impact model.

Our compound-hazard impact model starts with a closed multi-regional economy in equilibrium. A
closed multi-regional economy excludes exchanges of goods and services (i.e., imports and exports)
with external systems, while maintaining inter-regional flows within itself. A typical example of

such economy is the global economy.

We define two types of economic agents, namely firms and households, distributed in R regions
within the economy. Firms make products which can be consumed by either downstream firms or
households. There is a total of P types of products, one-to-one corresponding to P production
sectors. Each firm produces a single product and belongs to a single sector. All the firms of a sector
share the same production techniques, and therefore a firm can be completely substituted by another
firm of the same sector from a different region. For simplification purposes, we adopt a
representative firm to represent all the firms of a sector in a region, and there is a total of N
5



representative firms in the economy, where N =R*P . We also use a representative household
which consumes multiple types of products to represent all the households in a region. The total
number of representative households in the economy is equal to R.

Initially under the equilibrium conditions, the output of the representative firm of sector 1 inregion
r, is equal to the aggregate demand for its products from both downstream firms and households
over all regions. This is presented as follows:

)_(ir = ZSR:lzljjzlaif,jS *)_(js + zsﬂm",s . (1)

Here xir denotes the monetary value of the output of product i inregion r in the equilibrium
state. The first summation on the right-hand side of equation (1) represents the intermediate demand

for product i in region r from downstream firms. a refers to the amount of product i in

ir, js
region r required to produce one unit of product | inregion s.This input coefficient is usually

derived from the input-output matrix. The second summation calculates the final demand from

households. mw,s is the equilibrium quantity of product i producedinregion r and consumed

by the household in region s.

The above equilibrium breaks up following a pandemic-induced ‘perfect storm’, which triggers
direct and knock-on effects on the whole economic system.

2.1 Compound exogenous shocks introduced by a ‘perfect storm’ to an economy system

The direct impacts of a ‘perfect storm’ on an economic system are multifaceted. The first category
is the impact on production factors (e.g., productive capital and labor). The shortage or malfunction
of production factors will reduce the firm’s production capacity. The second category is the impact
on infrastructure (e.g., transportation system). Transportation is critical for linking the supplies and
demands of different agents in the economic networks. Transport failures will increase the
inaccessibility to production materials and interrupt production activities. The third category is the
impact on final demands. The adaptive behavior of consumers during or after the event will lead to
structural changes of the final demands in the short term.

These three categories of direct impacts are not isolated. For example, the unavailability of
transportation may lead to labor constraints. Restoring damaged productive capital will affect the
structure of final d

emands in the disaster aftermath. These interactions between direct shocks introduced by a ‘perfect
storm’ lead to complex indirect impacts on the economic system. Therefore, a systematic assessment

method is needed to address these issues. We will analyze each type of the direct shocks and their
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relations in detail in the following part of this section, and then introduce how to integrate these
shocks into our compound-hazard impact model in section 2.2-2.4.

2.1.1 Capital damage

The amount of productive capital is reduced as physical assets, such as factories, machines, and
equipment, are inundated by flooding and out of operation. We use ;< (t) to denote the reduction

in capital stock of sector i inregion r intime step t,relative to the pre-disaster level, resulting

from the perfect storm. It is calculated as:

Rir - Kir t
7 (=7 (1) Kty o)
Kir
Here Ki is the capital stock of sector i in region r in the pre-disaster equilibrium, and

Kir (t) is the surviving capital stock of sector i in region r attime t. y;" (t) refers to the

proportion of capital damaged/destroyed by flooding alone. In this study we assume that the
pandemic control has no direct impact on productive capital.

2.1.2 Labor damage

Labor damage induced by the ‘perfect storm’ is two-fold. First, , it increases the number of
employees unable to work as a consequence of injury, illness or death from flooding or virus
infection. Second, employees also spend less time working due to the damage to transport

infrastructure and services during the event. Therefore, labor damage, ;- (t) , 1s expressed as the
fraction of working hour loss in each sector and region during each time step, as below:
Lir — LS (t) - L (t) |+ Awh, ()
7 (t)= [ k0] : (3)

Lir * mir

Here Li and Whi represents the number of employees and working hours per capita of sector

i inregion r at the pre-disaster levels. Lj (t) and L (t) are the numbers of workers unable

to work due to virus infection and flooding at time t, respectively. Awh, (t) is the loss of working
hours per capita in sector i inregion r attime t.Itis determined by the degree of transport

disruption in region r, y’ (t) , as defined in the next section 2.1.3, and a sector-specific impact
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multiplier, 7,:
Awh, (t)=mn, * r: ()= whi . “4)

n, captures the impact of transport disruption on the operation of sector i. It is based on three
factors; the degree of exposure of the sector, for example, the extent of in-person interactions,
whether it is the lifeline sector (electricity, for example) and the possibility for work at home (Guan
et al., 2020). For example, the multiplier for the education sector could be low (e.g., 0.1) because of

the development of online learning.
2.1.3 Transport disruption

The pandemic control and flooding have different but parallel impacts on the transportation system.
For one thing, restrictions on public transport are placed in the epidemic regions to contain virus
transmission. Those restrictions may include reducing the number of passengers to keep social

distance and suspending international flights from epidemic areas. we use " (t) to denote the

strictness of the virus containment policy in region r atthe time step t, which is measured by the
percentage by which transportation capacity are reduced by lockdown measures relative to the
equilibrium levels. For another, the transport infrastructure (e.g., roads, railways, and airports, etc.)

could also be inundated and out of operation when the region is hit by a flood. We use " (t) to

represent the percentage of submerged transport infrastructure during flooding. Comparing these
two aspects, we simply assume that the transport capacity from region r to region S is reduced

by the larger one of the epidemic and flooding constraints in region r, y’ (t) . Therefore, the

relative reduction of transport capacity from region r to region S at time t, yfs (t), is

calculated as below:
75, (8) =77 (1) =max {77 (1), 77" (1)} ()

The reduction in transport capacity between regions has two-fold impacts on the economic system.
First, it affects labour supply, which has been discussed in the previous section 2.1.2. Second, it
increases the difficulty in delivering the intermediate products for the next round of production and
the final products for household consumption to the downstream producers and consumers. Similar
with the labour constraint, we define the connectivity loss between sectors from different regions as
below:



Vi () =17 %704 (1) (©)

Here the connectivity loss, 75 is (t), is expressed by the relative reduction in the capacity to

transport the product of sector i inregion r tosector j inregion s attime t.
2.1.4 Final demand shock

Finally, households adjust their consumption in response to the perfect storm. For example, they
spend more time in staying at home and less money on eating out, hotels and other outdoor
entertainment. Households in disasters also show a propensity for stocking medical and rescue
products, such as masks and life jackets. Here we simply assume that the local consumption, import
and export of the accommodation, food and recreation services decline by « % in the epidemic and
flooded regions, while the local consumption and import of medical services and emergency
products increase by £ % in these regions. This adaptive behaviour of households is expressed as

below:

hdir‘s( )=(1 0[0/) (ieQ, )*1(r.seRc URE ) (1+ﬂ0/) IeQﬁ *I (seRc URE) *hdlrs. (7)

Here hd,. s( ) refers to the consumption of the household in region s for product i in region

r attime t. | (i € Qa) is the indicator function which takes value 1 when product i belongs to
the sector set of accommodation, food, and recreation services (€, ). Otherwise, it takes value 0.

| (r,s eR. v RF) is the indicator function which takes value 1 when region r or s is one of

the epidemic regions ( R; ) or flooded regions ( R; ). Similarly, | (i € Qﬁ) is the indicator function

which takes value 1 when product i belongs to the sector set of medical services and emergency

products (€2;). | (S eR. U RF) is the indicator function which takes value 1 when region s is

one of the epidemic or flooded regions.
2.2 Production under compound constraints

The representative firms in the economy rent capital and employ labour to process natural resources
and intermediate inputs produced by other firms into a specific product. The production process of
the firm in sector i and region r is defined as below:



zZ.. va,.
X: =min{ "'r;V k*”}, ji=1...P, k=12. ®

Here x, demotes the output of the firm in sector i in region r in monetary values. z;, are

the intermediate products of sector j in region S used in the production process of the firm in

sector | inregion r. va,, are the value-added/primary inputs (i.e., capital and labour in this

study) used by this firm. a;;, and b, are the input coefficients calculated as below:

Ei,ir

Qjir ==, ©
Xir

and b, = 2 (10)
Xir

Here the overbar indicates the value of that variable in the equilibrium state. Therefore a;; and

b stand for the amount of intermediate product j and primary input Kk, that is, capital or

labour, required to produced one unit of product i inregion r.

Equation (8) follows the form of the Leontief production function, which is commonly used in short-
term impact analysis (Miller & Blair, 2009). It does not allow substitution between different types
of inputs, as economic agents do not have enough time to adjust other inputs to replace temporary
shortages. However, we still allow for the substitution between products of the same sector from
different regions. As in Equation (8)-(10), we do not distinguish between intermediate product
from different regions, as we consider that products of the same sector from different regions are
completely mutual complementary.

2.3 Demand and resource allocation system during in-equilibrium period

Demand in the disaster aftermath can be categorized into three strands, i.e., intermediate demand,
final demand, and recovery demand. Products made under constraints induced by disasters will flow
to these demands on the market. During an in-equilibrium period, probably not all demands can be
met by outputs. We use a proportional rationing scheme to model the resource allocation process

during an in-equilibrium period.
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2.3.1 Intermediate demand

Firm orders its supplier because of the need to restore its intermediate product inventory. We assume
that each firm has a specific target inventory level based on its maximum supply capacity in each
time step,

SPE(t) = nf * al « x"¥(t)

Then the order issued by firm i to its supplier j is
F OD]-i * x'(£)

spx —SsP * S — ,
( i (t) i (t)) Zj—)p(FODjL * X]q(t))
0 if 77 (t) < SP (D).

; if SP7 () > SF(@©);
FOD}(t) = £ O> S50

2.3.2 Final demand

Households issue orders to their suppliers based on their demand and the supply capacity of their
suppliers. In this study, the demand of household h to final products q, H D;f (t), is given

exogenously at each time step. Then, the order issued by household h to its supplier j is

TNnnh
HOD}" = x/' (t)
%jq(HOD/ + x(1))

HODJ'(t) = HDJ!(t) *

2.3.3 Resource allocation system

By adding up all orders received, the total order received by firm j is
TOD;(t) = Z FODI(t) + Z HOD!(t)
i h

The allocation module mainly describes how suppliers allocate products to their clients. When some
firms in the economic system suffer a negative shock, their production will be constrained by a
shortage to primary inputs such as a shortage of labour supply in the outbreak of COVID-19. In this
case, a firm’s output will not be able to fill all orders of its clients. A rationing scheme that reflects
a mechanism based on which a firm allocates an insufficient amount of products to its clients is
needed (Bénassy, 1993; Wenz & Levermann, 2016). For this case study, we applied a proportional
rationing scheme according to which a firm allocates its output in proportion to its orders. Under
the proportional rationing scheme, the amounts of products of firm i allocated to firm j and

household h is as follows,
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FOD!(t — 1)
(X;FOD/(t — 1) + X, HOD}t — 1))

FRC}(t) = * X' (1)

HOD!'t — 1)
(3;FOD!(t — 1) + X, HOD! (t - 1))

HRC(t) = « X0 (0)

Firm j received intermediates to restore its inventories,

p,restored _ i
S; (t) = Z FRC; (t)

1-p

Therefore, the amount of intermediate p held by firm i at the end of period ¢t is as below:

Sjp ) = Sjp (t—1)— Sjp.used ) + Sjp,restored

2.4 The footprint of a ‘perfect storm’

The economy will recover to the pre-crisis equilibrium after all constraints are lifted, i.e., all
destroyed/damaged productive capital are recovered, all labor constraints are lifted, and all business
linkages are repaired. We define the value-added decrease of each industrial sector in an economy
caused by compound exogenous shocks as the economic impacts of the "perfect storm’. The impact
of the initial exogenous shock continuously propagation on the economic network, from one sector
to another and one region to another, leaving a footprint in the network. We use the concept, disaster
footprint, as a vivid expression of the overall economic impact of a ‘perfect storm’. The footprint of
a ‘perfect storm’ is calculated as

Footprint = Z (Z Vaysjo X T — Z VQy,s,jt
S,j u u,t

where T represents the total periods used to recovery to the pre-disaster equilibrium.
3. Data: a hypothetical global economy

We apply our compound-hazard impact model to a hypothetical global economy to examine its
applicability in assessing the economic footprint of a perfect storm of climate extremes and
pandemic control. This hypothetical global economy consists of four regions and five sectors. Table
S1 in the Appendix represents the transactions between these regions and sectors, which are
extracted from the multiregional Input-Output table developed by Zheng et al. (2020). We mark the
four regions by region A, region B, region C and region D. Among them region C is the only region
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that is hit by flooding, while the pandemic control could take place in any one of the four regions.
Region B has the closest trade relationship with region C. The trade volume between region B and
C reaches 10.6% of region C’s output, followed by region A (6.2%) and D (3.5%). The five sectors
include Agriculture (AGR), General Manufacturing (MANG), Capital Manufacturing (MANR),
Construction (CON) and Other Services (OTH). ‘MANR’ and ‘CON’ are the two sectors that are
involved in reconstruction of capital damaged by flooding. We assume that capital reconstruction
largely relies on local inputs of capital goods and construction services. For example, the ‘CON’
and ‘MANR’ sector of region C contribute to 68% and 20% of the reconstruction efforts in region
C, respectively, while the remaining 12% comes from the ‘MANR’ and ‘CON’ sectors of region B
and the ‘MANR’ sector of region A. A full capital matrix indicating the sources of capital formation
of each region is provided in Table S2 in the Appendix. The model is run on a weekly basis in this
study.

4. Scenarios and Results

4.1 Multi-scale floods collide with pandemic control in different spatial spreads

Key findings: The total economic losses across all regions, relative to annual global GDP, increase
with the spatial expansion of the pandemic control, regardless of the flood scales. Among all the
‘perfect storm’ settings, the flooded region suffers the least GVA losses when the pandemic control
occurs outside itself, still exacerbating the single-flood impact by 0.15%-0.97% according to flood
scales. Some non-flooded regions closely economically connected with the flooded region benefit

from the stimulus effects from the reconstruction demand which grows with flood scales.

In this section, our compound-hazard impact model is used to simulate the a group of scenarios,
when multi-scale floods intersect with pandemic control on different spatial scales. Three scales of
floods are defined according to the severity of damages they cause directly to population and
economic sectors (see Table 1). All floods occur in week 5 and last for 2 weeks in region C. For
example, a small flood is defined to affect 20% of the population in C, a medium flood affects 40%
of its population, and a large flood affects 60%.

Table 1. Direct damages caused by small, medium, and large flooding.

Direct damage (in relative terms)

Flood
. . Manufacture, Manufacture, . .
scales  Population Agriculture . Construction  Services
general capital
Small 0.2 0.2 0.1 0.1 0.15 0.15
Medium 0.4 0.4 0.2 0.2 0.3 0.3
Large 0.6 0.6 0.3 0.3 0.45 0.45

At the same time as the flooding occurs, we assume that regions affected by the pandemic begin to
13



take measures to bring its spread under control. The strictness of the control policy is benchmarked
at 30% for 24 weeks. Four scenarios of pandemic control are designed according to the spatial
spread of the outbreak: a) No pandemic control; b) Pandemic control in region C; c¢) Pandemic
control in region A, B, and D; d) Pandemic control over all regions.

Figure 2 presents the weekly changes of regional gross value-added (GVA), relative to the pre-
disaster level, in the four regions under different combinations of flooding and pandemic control
scenarios. Numbers in each plot indicate the cumulative losses or gains of regional GVAs over
time, relative to the annual global GDP. From left to right, each column represents the small-,
medium-, and large-scale flooding in region C. From top to bottom, each row stands for one of the
four pandemic control scenarios listed above.

As shown in the first row, when there is no pandemic control, the accumulative relative losses in
region C, which is the only flooded region and in yellow lines, increase from 0.57% (small flood),
to 1.68% (medium flood) and finally to 3.27% (large flood). Region D also experiences increasing
losses in its GVA, although very tiny, attributable to the spill-over effects along the supply chain
across regions. By contrast, the other two non-flooded regions, A and B, witness slight growth in
their GVAs. This comes from the stimulus effect of reconstruction activities to recover capital
damaged by flooding. When substitution of suppliers is allowed, such stimulus effect is stronger in
non-flooded regions with which the flooded region closely trades (Koks & Thissen, 2016). When
region C is flooded and unable to meet the increasing demand for reconstruction, clients will choose
suppliers in region A and B to restore their damaged capital, which stimulates the economic
performance there. Among all regions, B benefits most from flooding in C, as it is the region that
has the closest economic relationship with C. Furthermore, this stimulus effect expands with the
flood scales in C. For example, the gains in GVA for region B is 0.07% from a small flood in C.
This figure rises to 0.25% in medium flooding and further to 0.37% in large flooding.

Comparing the bottom three rows with the first row, we find that the total losses in the four regions
increase with the spatial expansion of the pandemic control, regardless of the flood scales. Given
the medium flood scenario (the second column), when there is no pandemic control as in the first
row, the total GVA of the four regions drops by 1.38%. This figure increases to 3.60% when a 30%-
24-week pandemic control policy is implemented in region C simultaneously with flooding. It then
jumps to 11.18% when the pandemic control takes place in all the non-flooded regions as well as C.
The rapid growth in the total losses is ascribed to the difficulty in finding a replacement of suppliers
when all regions are affected by either flooding or pandemic control. Finally, the total relative losses

increase by another 1.46% when the pandemic control expands to all regions.

Looking at regional details, we find that regions that originally benefit from flooding in C start to
bear GVA losses when the spread of the pandemic control is wide enough or the flood is small
enough. Region A begins to have GVA losses (0.04%) when a small flood intersects with a pandemic
control over C, while region B does not have GVA losses until the pandemic control spreads to all
the non-flooded regions. In addition, when the pandemic control occurs (among the bottom three

rows), region C suffers the least economic losses when the control is held outside itself (the third
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row). For example, in the large flood scenarios (third column), the GVA losses in region C is 4.24%
in the third row, smaller than 4.72% in the second row and 5.15% in the fourth row, but still larger
than 3.27% in the first row where there is no pandemic control. The increment of losses from 3.27%
to 4.24%, of 0.97%, indicates the level of side effects which pandemic control outside of region C
imposes on the post-flood recovery within that region. On the other hand, for regions A, B and D,
the biggest GVA losses are found in the third row of the first column when a small flood collides
with pandemic control over all the non-flooded regions. In this scenario, these regions are not only
directly affected by the pandemic control, which makes them less capable to replace production in
region C, but also benefit less from the reconstruction demand and the accompanying stimulus effect
arising from a smaller flood.
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Figure 2. Weekly changes of regional GVAs, relative to the pre-disaster levels, in four regions,
when multi-scale floods collide with pandemic control on different spatial scales. The numbers
in each plot indicate the accumulative losses (negative ones) or gains (positive ones) of regional
GVAs over time, relative to the annual global GDP. From left to right, each column represents the
small-, medium-, and large-scale flooding in region C. From top to bottom, each row stands for one
of the four pandemic control scenarios: a) No pandemic control; b) Pandemic control in region C;
¢) Pandemic control in region A, B, and D; d) Pandemic control over all regions.
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4.2 Multi-scale floods collide with different strictness of pandemic control

Key findings: The total economic losses in the four regions, relative to annual global GDP, increase
with the strictness of the pandemic control, irrespective of the flood scales. The post-flood
reconstruction to some extent offsets the negative impacts of the ‘perfect storm’. Regions with the
strictest pandemic control benefit from other regions increasing their strictness given the cross-

regional substitutability.

In this section, we set up a second group of scenarios, where multi-scale floods collide with different
strictness of the pandemic control. The three scales of floods are designed as in section 3.1 (see
Table 1). The pandemic control starts at the same time with the flood over all regions and lasts for
24 weeks. Figure 3 presents the weekly changes of regional GVAs relative to the pre-disaster levels
when small-, medium- and large-scale floods collide with pandemic control at: a) 10% strictness for
all regions; b) 10% strictness for region A and C, 50% strictness for region B and D; c) 50%
strictness for all regions.

On the global scale, the total economic losses in the four regions increase with the strictness of the
pandemic control, irrespective of flood scales. Comparing each row, the total GVA losses in the four
regions is 3.94% (small flood), 4.46% (medium flood) and 5.67% (large flood) when the pandemic
control is at 10% strictness for all regions (the first row). These figures climb to 15.22%, 16.07%
and 17.99%, respectively, when the strictness of the pandemic control goes up to 50% but only in
regions B and D (the second row). They culminate in losses of 22.90%, 22.95% and 23.48%,
respectively, when 50% pandemic control is enforced in all regions (the third row). The total losses
also increase with flood scales in all these pandemic control scenarios.

On the regional scale, the cumulative GVA losses in region C grow with both the scale of the flood
and the strictness of the pandemic control, similar with the trend of the global losses described above.
Specifically, its losses rise from 1.21% in the upper left to 7.33% in the bottom right. By comparison,
the cumulative losses in region A increase with the strictness of the pandemic control but decrease
with the scale of the flood. The smallest losses in region A are found in the upper right plot at 0.65%,
while the biggest losses lie in the bottom left at 4.88%. Given the strictness of the pandemic control,
region A endures less economic losses from a larger flood in C, as a result of stronger stimulus effect
from larger reconstruction demand. Similar trends regarding flood scales are observed in losses of
non-flooded regions B and D and suffer less than A from a larger flood in C. Here, a general
conclusion can be drawn that while the pandemic control increases the economic losses from
flooding, the post-flood reconstruction and substitution effects to some extent offset the negative
impacts. Furthermore, for region B and D, the greatest GVA losses occur when they go through
stricter pandemic control than other regions, that is, the pandemic control scenario defined in the
second row in Figure 3. Taking the small flood as an example (first column), the GVA losses in
region B and D reach as much as 9.52% and 2.91% in the second row, even larger than 8.91% and
2.74% respectively during the globally strictest pandemic control (i.e., 50% for all regions in the

third row). The reason is that in the second-row scenario, some economic activities are substituted
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from regions B and D to regions A and C when the latter regionsare less restricted by the pandemic
control measures. Therefore, we can conclude that the losses for regions with the strictest pandemic
control are reduced when other regions increase the strictness of their pandemic control given the
cross-regional substitutability.
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Figure 3. Weekly changes of regional GVAs, relative to the pre-disaster levels, in four
regions, when multi-scale floods collide with different strictness of pandemic control. The
numbers in each plot indicate the accumulative losses (negative ones) or gains (positive ones) of
regional GVAs over time, relative to the annual global GDP. From left to right, each column
represents the small-, medium-, and large-scale flooding in region C. From top to bottom, each
row stands for one of the three pandemic control scenarios: a) 10% strictness of pandemic control
over all regions; b) 10% control for region A and C, 50% control for region B and D; ¢) 50%
strictness of pandemic control over all regions.

4.3 Multi-scale floods collide with intermittent pandemic control in different flood periods

Key findings: Slightly more economic losses are expected when the pandemic control occurs after
flooding than before flooding. Shorter duration and higher strictness of pandemic control would

result in less economic losses in all regions, regardless of the flood scales.

In this section, we investigate a third group of scenarios, where intermittent pandemic control occurs

across different flood periods. Like the previous two groups, the flood may be small, medium or
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large, as defined in Table 1. The flood hits region C in week 10 and lasts for 2 weeks. Then we
assume three different pandemic control scenarios: 1) 30%-24 week pandemic control that starts 7
weeks before flooding; b) 30%-24 week pandemic control that starts 15 weeks after flooding; c)
60%-8 week pandemic control that commences 15 weeks after flooding. Here, all the pandemic
control scenarios occur in all regions.

Comparing the first two rows of Figure 4, slightly more economic losses are expected when the
pandemic control occurs after flooding. Given a large flood in C (the third column), the cumulative
GVA losses in region A is 2.56% when the pandemic control takes place before flooding (the first
row). This figure rises to 2.63% when the control occurs after flooding (the second row). Similar
increases can be seen in all other regions. A possible reason is that subsequent pandemic control has
long-lasting impacts on flood-induced reconstruction activities. Particularly for region C (in yellow
lines), it is obvious that the post-flood economic recovery is hampered by the pandemic control
from week 25.

Comparing the bottom two rows of Figure 4, we find that a combination of shorter duration and
higher strictness of pandemic control would result in less economic losses in all regions, regardless
of the flood scales. The total GVA losses in the four regions are 13.20% when a 30%-24 week
pandemic control interfaces with the recovery period from a small flood (second row and first
column). This figure falls to 10.69% when the strictness-duration combination of the control
becomes 60%-8 weeks (third row and first column). Similar results are found for the medium and
large flood scenarios. This is consistent with the results of Guan et al. (2020) who studied the global
economic costs of COVID-19 control measures in a single-hazard setting. Therefore, an important
insight here is that a stricter pandemic control policy for a shorter duration results in lower economic
costs when battling both flooding and a pandemic.
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Figure 4. Weekly changes of regional GVAs, relative to the pre-disaster levels, in four
regions, when multi-scale floods collide with pandemic control intermitting in different flood
periods. The numbers in each plot indicate the accumulative losses (negative ones) or gains
(positive ones) of regional GVAs over time, relative to the annual global GDP. From left to right,
each column represents the small-, medium-, and large-scale flooding in region C. From top to
bottom, each row stands for one of the three pandemic control scenarios: a) 30%-24 control
occurring 7 weeks before flooding; b) 30%-24 control occurring 15 weeks after flooding; ¢) 60%-
8 control occurring 15 weeks after flooding.

4.4 Multi-scale floods collide with pandemic control and export restrictions

Key findings: Export restrictions increase the economic losses during the collision of flooding and
pandemic control.. These losses increase non-linearly with the size of the trade restrictions. While
all regions suffer from export restrictions, those that depend more on regional trade are more

vulnerable to a universal export restriction.

Previous scenarios are built on a ‘free trade’ economy where goods and services flow across
regions without any barriers. However, global shocks such as the pandemic increase pressures
towards deglobalization including through the imposition of measures such as export restrictions
on critical goods, such as medical products and food (Espitia, Rocha, & Ruta, 2020).

In this section, we simulate the economic impacts of a ‘perfect storm’ of flooding, pandemic, and
deglobalization. We assume a 25%, 50% or 75% export restriction on all goods and services for all
regions. The export restriction is applied in parallel with the pandemic control, which is
benchmarked at 30% strictness for 24 weeks over all regions. These measures occur at the same
time as the flooding.

Figure 5 shows the weekly changes in GVAs of the four regions, relative to the pre-disaster levels,
under different combinations of flood scales and export restrictions. Compared to the ‘free trade’
scenario (the bottom row in Figure 2), a 25% export restriction increases the total economic losses
by 1.81%, 1.72%, and 1.91%, relative to the annual global GDP, when a small, medium, and large
flood intersects with the benchmark pandemic control, respectively; while a 50% export restriction
adds another 2.18%, 2.07%, and 2.10% to the total losses, respectively, compared to the 25%
export restriction; finally, a 75% export restriction adds another 2.62%, 2.62%, and 2.36% to the
total losses, respectively, compared to the 50% export restriction. The total economic losses over
all regions increase non-linearly with the degree of export restriction. Stronger export restrictions

bring about larger increments in economic losses than weaker ones.

At the regional level, Figure 5 shows that region A (brown line) and D (purple line) are more
vulnerable to the escalating export restriction than other regions. For example, the cumulative
GVA losses in region A grow by 0.63%, 1.33% and 2.09%, relative to the annual global GDP,
when the export restriction increases from 0% to 25%, 50%, and 75%, respectively, during the

19



confluence of an average flood and the benchmark pandemic control. By comparison, region B
(blue line) is the least sensitive to the export restriction, but still suffers considerable extra losses.
This may be partly related to the different degrees of trade dependence of the regional economies.
Specifically, for regions A and D, their trades with other regions account for around 30% and 31%
of their total output, respectively, which are higher than for the other two regions (23% for B and
20% for C). Higher dependence on inter-regional trade increases economic vulnerability when
countries impose trade restrictions.
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Figure 5. Weekly changes of regional GVAs, relative to the pre-disaster levels, in four
regions, when multi-scale floods collide with pandemic control and export restrictions. The
numbers in each plot indicate the accumulative losses (negative ones) or gains (positive ones) of
regional GVAs over time, relative to the annual global GDP. From left to right, each column
represents the small-, medium-, and large-scale flooding in region C. From top to bottom, each
row stands for 25%, 50% and 75% export restrictions on all goods and services over all regions.

4.5 Multi-scale floods collide with pandemic control and specialized production

Key findings: Specialization, particularly of econmomically key-node sectors, aggravates the
economic impacts of a ‘perfect storm’ of flooding, pandemic control and trade restrictions. Such
impacts are more than doubled by the imposition of a 50% export restriction on those specialized

sectors.

Cross-regional substitutability of suppliers is a key assumption in the compound-hazard impact
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model which enhances the resilience of the economic network against the ‘perfect storm’. The
substitution between products of the same sector from different regions is quite common in most
cases. For example, a general consumer would not care much whether his Nike shoes are made in
Vietnam or China, or a brewery may use barley from Germany or the Czech Republic. However,
some products are less substitutable. For example, some Chinese herbs are only planted in China
for medical treatment and cannot be substituted elsewhere. Meanwhile, in the automotive sector,
some unique parts of a popular car model, such as Tesla Model X, are usually provided by a
specialized supplier with little substitutability.®

Specialization in production reduces the substitutability of products, and this section is targeted to
examine its impacts on economic resilience during a ‘perfect storm’. We make three sectors in
different regions produce specialized products which cannot be substituted elsewhere. Among them
are the agriculture sector in region D (denoted by ‘Agr-D’), the capital manufacturing sector® in
region B (‘Manr-B’) and the general manufacturing sector in region C (‘Mang-C”). We select these
three sectors for a purpose, as the latter two sectors are two important nodes in the economic network
in terms of having large trade volumes with other sectors. Specifically, trade flows from and to the
‘Mang-C’ and ‘Manr-B’ sectors reach 9.1% and 8.2% of the global GDP, respectively, ranking as
second and third among all sectors. By contrast, the ‘Agr-D’ sector is among those with the least
traded inputs and outputs (0.6%). We explore the economic impacts when the exports of these
specialized sectors are restricted by 50% during the collision of a flood and a pandemic control. The
flood strikes region C for 2 weeks with three possible scales, as defined in Table 1, and the pandemic

control is benchmarked at 30% strictness for 24 weeks over all regions.

Figure 6 presents the weekly changes in GVAs of the four regions, relative to the pre-disaster levels,
under different combinations of flood scales and specialization scenarios. Comparing the first row
of Figure 6 and the bottom row of Figure 2 (baseline scenario), the specialization of the agricultural
sector in region D does not exacerbate the economic impacts until the flood scale grows large.
During the intersection of a pandemic control and a large flood in C (third column), almost all the
additional losses caused by specialization of the ‘Agr-D’ sector are found in region D, whose losses
increase marginally from 1.51% to 1.53%, relative to the annual global GDP, compared to the

baseline scenario.

In comparison, the greater specialization of some key node sectors of the economic network
increases the vulnerability of the economy against the ‘perfect storm’. In the second row of Figure
6, when there are limited substitution possibilities away from the capital manufacturing sector of

region B and the general manufacturing sector of region C due to specialization, the total economic

5 Boehm et al (2019) examine the impact of the Japanese earthquake and find that in the US, exposure to the
shock is very much concentrated among affiliates of Japanese multinationals relative to non-Japanese firms. For
these exposed firms, a proxy for output declines in almost the same proportion as the decline in imported
intermediate inputs from Japan and this is driven by changes in the quantity of imports rather than through changes
in dollar denominated prices. This suggests that affiliates of Japanese firms in the US were unable to quickly
substitute alternative inputs in the short run.

6 The capital manufacturing sector is the sector which produces capital goods involved in the reconstruction
process.
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losses of the four regions rise by 0.02% (small flood), 0.14% (medium flood), and 0.92% (large
flood), respectively, compared to the baseline scenario. Among the four regions, region B undergoes
the greatest increase in GVA losses, followed by region A and D, while region C has the least
increase. For example, given the large flood in C (third column), specialization of the three sectors
inflicts region B with extra losses amounting to 0.51%, nearly twice that of region A (0.26%) and
four times that of region D (0.13%)).

Finally, devastating impacts occur with the imposition export restriction with specialized
production. Comparing the third row of Figure 6 and the baseline scenario, when a 50% export
restriction is imposed, the total GVA losses of the four regions reach as much as 28.83% (small
flood), 29.30% (medium flood) and 30.67% (large flood), respectively, relative to the annual global
GDP, more than double the impacts under the baseline scenario (12.43%, 12.64% and 13.71% with
small, medium, and large floods). This time, region B still suffers the biggest increase in GVA losses,

but followed by region C and A, with region D experiencing the least increase.
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Figure 6. Weekly changes of regional GVAs, relative to the pre-disaster levels, in four
regions, when multi-scale floods collide with pandemic control and specialized production.
The numbers in each plot indicate the accumulative losses (negative ones) or gains (positive ones)
of regional GVAs over time, relative to the annual global GDP. From left to right, each column
represents the small-, medium-, and large-scale flooding in region C. From top to bottom, each
row stands for one of the three specialization scenarios: a) specialization only happens in the
agriculture sector of region D (‘Agr-D”); b) specialization occurs in the agriculture sector of
region D, the capital manufacturing sector of region B (‘Manr-B’), and the general manufacturing
sector of region C (‘Mang-C’); ¢) the above three specialized sectors are also imposed by a 50%
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export restriction.

5. Discussion and conclusion

In this study, we construct a compound-hazard impact model to simulate the economic footprint of
a pandemic-induced perfect storm, taking the collision of flooding, pandemic control and export
restrictions as an example. Our compound-hazard impact model improves the standard ARIO model,
which is commonly used in single-hazard impact analysis, by considering the interplay between
different types of hazardous events for the first time. We also incorporate the possibility of
substitution between suppliers of the same sector from different regions, which could lead to higher
resilience of the economic network against a perfect storm and lower estimates of economic
consequences. We build five groups of scenario sets to test the robustness of our model on a
hypothetical global economy of 4 regions and 5 sectors. These scenarios are designed to investigate
how the economic impacts of the perfect storm react to 1) the spatial spread of the pandemic; 2) the
strictness of the pandemic; 3) the occurrence time of the pandemic; 4) the imposition of a universal
export restriction; and 5) the presence of specialized production. The latter two special scenarios
sets are included here as a reflection on the ongoing deglobalization.

Several conclusions can be drawn from the simulation results. First, the concurrence of pandemic
control during a single-flood event hampers the post-flood recovery and engenders extra economic
losses. This confirms the idea from an economic perspective that restrictions targeted at coronavirus
containment results in inadequate flood responses, aggravating the flood impacts (Ishiwatari et al.,
2020; Sarkar-Swaisgood & Srivastava, 2020; Selby & Kagawa, 2020).

Second, the global economic losses resulting from the perfect storm increase with the scale of
flooding, which is quite straightforward. However, some regions may see opposite changes in their
GVA losses. Regions closely trading with the flooded region experience the stimulus effect from the
post-flood reconstruction activities, which, to some extent, offsets the side effect of the pandemic
control. A similar stimulus effect is also found in the research of Koks and Thissen (2016) where

substitution of suppliers is allowed.

Third, other factors which are positively correlated with the perfect storm’s economic footprint are
the spread and strictness of the pandemic control. When pandemic control takes place after
flooding this leads to more severe economic impacts than when control is implemented before the
flooding, due to longer-lasting disruption of the post-flood recovery. We also compare the impacts
of a 30%-24 week pandemic control with a 60%-8 week pandemic control applied intermittently in
the recovery period of multiple scales of flooding and discover that a stricter but shorter pandemic
control could reduce the economic losses of all regions. This is in line with the major insight
provided in the research of Guan et al. (2020).

Finally, when increasing trade barriers intertwines with the collision of flooding and pandemic
control, it creates a triangled perfect storm. Our results illustrate that export restrictions increase

economic losses in all regions and that these losses increase exponentially with the degree of the
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export restriction. Specialization which leads to the concentration of key sectors in particular regions
and limits possibilities for substitution raises the vulnerability of the economic network to such
compound risks. Export restrictions imposed on the specialized sectors, can trigger devastating
impacts on the global economy at a time when it is already heavily burdened by addressing the
compound hazards of extreme weather events and pandemic control.

The findings of our research together suggest an integrated approach in tackling the compound risks
of climate change and pandemic. By utilizing our compound-hazard impact model, people can grasp
a better view of the economic interlinkages between multiple hazards which ultimately develop into
a perfect storm. Knowing the constraints from one hazard while responding to another assists the
formation of a balanced strategy which can minimize the economic losses from the trade-offs
between emergency response and pandemic control.

Regional or global cooperation can help address the spillover effects of such compound events. Our
results have illustrated how a region can benefit from another region’s active reconstruction and
strict virus containment, but there are also occasions when a region is negatively impacted by events
and measures taken in response in other regions.. Our impact model has demonstrated its flexibility
addressing various scenarios and can help governments refine their emergency policies by
considering the potential positive or negative externalities on wider economic systems. This is of
importance in the context of deglobalization. Policies that lead to higher trade barriers and
undermine the efforts of other countries battling extreme weather events and a pandemic. The use
of trade restrictions has a particularly deleterious impact in a world with production specialization
in key sectors raising the need for effective discipline at the global level of the use of such measures..

Beyond these policy implications, our model also provides consistent and comparable loss metrics
with that of single-hazard analysis, as it is based on the popular ARIO model in this field. This will
facilitate comparison with future studies of a similar methodological framework. Nevertheless, the
model is limited by not allowing for technical progress and is relevant for a short-term time scale,
where the production patterns of economic sectors do not shift significantly. This outlook explains
why we only consider the substitution between intermediate inputs of the same kind from different
regions, rather than the substitution between different types of inputs. In addition, this model only
focuses on the economic mechanisms through which different types of hazards interweave with each
other. Specifically, we investigate the negative effects of pandemic control and trade restrictions on
post-flood economic recovery. Admittedly, there are other kinds of interaction between natural and
biological hazards, it is not in our scope to model all these factors. For example, some response
measures towards flooding, such as evacuation and displacement, could increase the number of
people exposed to the pandemic and the burden on the healthcare system. The health-related
interaction mechanism and the consequent economic costs could be incorporated into future studies.
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Appendix

Table S1. A sample input-output table (IOT) of a hypothetical global economy with 4 regions and 5 sectors. The values are given in million US dollars at 2015

prices. AGR, MANG, MANR, CON and OTH refer to the five sectors of agriculture, general manufacturing, capital manufacturing, construction, and other services,

respectively.
Intermediate Use
Final Use
A B c D Output
AGR MANG MANR CON OTH AGR MANG MANR CON OTH AGR MANG MANR CON OTH AGR MANG MANR CON OTH A B C D
AGR 801 2602 4 61 326 62 275 1 27 73 87 385 0 6 14 16 34 0 1 6 1145 290 108 31 6356
MANG 1178 14069 2455 3057 3401 113 2848 729 655 361 67 1355 165 135 167 39 524 123 206 111 2394 456 211 183 35003
A MANR 73 1220 3643 632 1089 5 42 419 48 65 4 67 322 33 70 2 28 83 31 36 3267 263 760 203 12407
CON 1 48 11 154 192 0 1 1 4 2 0 1 0 12 2 0 1 0 3 2 8518 134 234 192 9515
OTH 350 5083 1594 1621 10395 40 905 528 436 1356 23 548 192 229 385 22 206 73 121 299 13772 1250 578 671 40677
AGR 16 81 0 2 13 613 3385 10 333 645 46 202 0 3 7 8 18 0 0 3 34 1974 56 16 7466
MANG 116 964 182 338 664 1256 35356 8867 6541 5662 98 1237 216 246 362 61 714 155 272 326 937 9719 744 669 75701
B MANR 13 281 812 238 625 87 2179 17343 1880 2241 11 310 967 217 267 6 139 441 141 203 2039 11388 3043 1089 45959
CON 0 6 2 35 38 13 115 42 1312 254 1 6 1 59 11 0 3 0 15 10 2585 14795 1150 945 21399
OTH 8 324 133 122 740 390 9538 5629 3903 21503 21 608 216 206 562 18 253 86 149 436 794 24501 856 648 71646
AGR 21 105 0 2 17 42 189 1 19 50 1451 5403 7 116 275 11 24 0 1 4 46 207 2454 22 10466
MANG 117 857 190 498 533 130 2954 1118 1268 490 1913 33380 5253 5454 3788 54 621 191 430 209 413 623 6271 284 67040
C MANR 7 102 190 70 128 11 91 522 89 90 44 2098 7998 878 1108 5 54 119 51 50 478 304 8631 265 23384
CON 0 2 1 9 10 0 2 1 6 3 7 156 41 538 197 0 1 0 4 3 700 174 12524 256 14634
OTH 4 102 51 36 225 22 409 230 169 649 334 6942 2263 2614 8653 9 102 39 65 177 434 691 14909 395 39524
AGR 17 87 0 2 14 34 154 1 15 41 48 214 0 3 8 699 1438 1 22 189 37 167 62 1185 4439
MANG 40 412 65 116 139 41 1466 390 293 172 30 736 82 103 97 611 7500 1174 2401 1561 116 198 94 2293 20131
D MANR 1 31 92 21 64 2 17 253 16 33 2 35 188 21 49 13 408 2493 418 456 224 174 533 2015 7562
CON 0 1 0 7 7 0 1 1 4 2 0 1 0 11 2 1 26 8 160 87 502 128 223 6581 7755
OTH 2 63 29 22 158 11 237 131 95 420 6 142 52 50 110 224 2503 947 1077 3924 224 391 187 6809 17811
Value- Capital 248 2907 819 294 4813 130 4847 2221 315 9160 198 4389 1254 397 5743 144 2003 382 139 2085
added Labour 3342 5657 2133 2179 17083 4464 10688 7522 3971 28376 6077 8823 4166 3304 17648 2494 3531 1245 2049 7634
Input 6356 35003 12407 9515 40677 7466 75701 45959 21399 71646 10466 67040 23384 14634 39524 4439 20131 7562 7755 17811
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Table S2. Capital matrix. Products required to rebuild one unit of capital in each region.

Region-Sector A B C D
AGR 0 0 0 0
MANG 0 0 0 0
MANR 0.15 0 0.02 0
CON 0.61 0 0 0
OTH 0 0 0 0
AGR 0 0 0 0
MANG 0 0 0 0
MANR 0.06 0.25 0.06 0
CON 0.12 0.7 0.04 0
OTH 0 0 0 0
AGR 0 0 0 0
MANG 0 0 0 0
MANR 0.02 0.05 0.2 0
CON 0.04 0 0.68 0
OTH 0 0 0 0
AGR 0 0 0 0
MANG 0 0 0 0
MANR 0 0 0 0.3
CON 0 0 0 0.7
OTH 0 0 0 0
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