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Editor’s summary 

Global emissions could decrease 3.9-5.6% over 5 years due to COVID-19, and the 

interconnected economy means lockdown-related declines reach beyond borders. As 

countries look to stimulate their economies, how fiscal incentives are allocated and 

invested will determine longer term emission changes. 

 

Abstract 

The global economy is facing a serious recession due to COVID-19, with implications for CO2 

emissions. Here using an adaptive regional input-output model and scenarios of lockdown 

and fiscal counter measures, we show that global emissions will decrease 3.9% to 5.6% in 

five years (2020 to 2024), compared with a no pandemic baseline scenario (business as usual 

for economic growth and carbon intensity decline). Global economic interdependency via 

supply chains means that blocking one country’s economic activities causes other countries 

emissions to decrease even without lockdown policies. Supply chain effects contribute 90.1% 

of emissions decline from power production in 2020, but only 13.6% of transport sector 

reductions. Simulation of follow-up fiscal stimuli in 41 major countries increase global five-

year emissions by -6.6 to 23.2 gigatons (-4.7% to 16.4%), depending on the strength and 
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structure of incentives. Therefore, smart policy is needed to turn pandemic-related emission 

declines into firm climate action. 

Lockdown measures designed to contain COVID-19 (e.g. social distancing and closing down 

non-essential local business) have led the global economy into one of its most severe 

recessions since 1900 1-3. For example, China’s GDP dropped by 6.8% in the first quarter of 

2020, compared with the same period in the previous year 4, while the United States and EU 

saw slumped GDP of 34.3% and 12.1%, respectively, in the second quarter of 2020 5,6. 

The pandemic and lockdown policies not only affect production activities and people’s 

lifestyles but also lead to substantial changes in energy consumption and CO2 emissions. For 

example, global energy demand fell by 3.8% in the first quarter of 2020, compared with the 

previous year 7, and industrial coal demand dropped by 8% due to a decrease in electricity 

needs 8, despite that there was an increase in residential electricity demand 9. Though there 

was a lack of official statistics on energy consumption and economic output, several studies 

have provided a range of estimates on global emission decline. For example, Liu, et al. 10 

estimated a decrease of fossil fuel-related emissions by 5.8% in the first quarter of 2020. 

They calculated the emissions inventories of countries based on activity data from power 

generation (for 29 countries), industry (for 73 countries), road transportation (for 406 cities), 

aviation and maritime transport and commercial and residential sectors (for 206 countries). 

Le Quere, et al. 3 estimated a decline of 17% (or 17 million tons) in daily emissions for early 

April 2020 based on the extent of confinement for different countries. The International 

Energy Agency (IEA) projected a decline of global CO2 emissions by 8% (or 2.6 gigatons) in 

2020, similar to the level of ten years ago 7. 

Countries are seeking fiscal stimuli to restore the economy, mainly to stimulate household 

consumption and improve existing and build new infrastructure. This may lead to a rebound 

of emissions in the near future, just like the rapid emission growth after the 2008 global 

financial crisis 11. There are already some studies that have discussed the impact of public 

recovery policies on the economy and emissions. For example, Hepburn, et al. 12 discussed 

the climate impact of fiscal rescue plans in G20 countries and further proposed five policy 

items that could achieve economic and climate goals at the same time. Allan, et al. 13 

proposed a net-zero emission economic recovery plan for the UK. Lahcen, et al. 14 applied a 

Computable General Equilibrium (CGE) model for 12 sectors (supply side) and 12 

products/services (demand side) to assess the stimulus effects of green recovery policies on 

economy and emissions in Belgium. Similarly Forster, et al. 15 found that green stimuli leading 

to reductions in fossil fuel could avoid additional global warming of 0.3°C by 2050. 

However, the impacts of COVID-19 and recovery plans on global emissions is not settled. 

There may be several waves of the pandemic in the future, which is predicted to potentially 

last until 2024, and thus prolonged or intermittent social distancing are likely to be continued 

at least until 2022 16. Global supply chains have been seriously affected and the global 

economy may face a long-term recession even after the pandemic, with profound impacts on 

associated emissions. Lessons from history show, for example in a study on 15 major 

pandemics since the 14th century, that there are often significant macroeconomic after-

effects of pandemics 17. Accelerated globalization over recent decades has linked producers 
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and consumers across the globe. Even though the Sino-US trade conflict has led to a 

deceleration of globalization since 2018 18 and COVID-19 further impacted global supply 

chains, the world is still connected via a highly interdependent production system. The 

economic impacts of COVID-19 and lockdown policies will be amplified via the ripple effects 

through global supply chains most likely continuing throughout the coming years. The ripple 

effects of global supply chains describe “the impact of a disruption propagation on supply 

chain performance and disruption-based scope of changes in supply chain structural design 

and planning parameters (page 414)” 19. Recent studies on COVID-19 have found that 

heterogeneous negative supply shocks induced by control measures can be very costly to 

aggregate output 20-22. 

Here we apply a newly developed economic impact model on the basis of the widely used 

adaptive regional input-output (ARIO) model to estimate the impacts of COVID-19 crisis and 

responses on global economy and emissions. Compared with previous studies on socio-

economic impacts of disasters 23-25, this economic impact model 21 accounts for direct 

economic losses from a disaster event and captures industrial/regional indirect impacts of 

the disaster, which especially refer to the impacts of the epidemic control measures of a 

certain country or industry on other regions or industries through the ripple effects of the 

supply chain. In addition, most economic impact assessment models neglect the importance 

of imbalances between capital availability and labour productivity 26-28. This model is able to 

measure available production imbalances by involving labour and capital constraints, set 

capital recovery as endogenous by considering internal industrial linkages, and assess 

potential post-disaster economic impacts based on a set of different recovery schemes 29-31 

(see Methods for more details). 

The impact of COVID-19 on economy and emissions is discussed for the next five years (from 

2020 to 2024) in 79 countries by defining scenarios of different strictness and duration of 

lockdown. These  countries cover 92.9% of global GDP in 2018 and 90% of global emissions 

in 2017 (see Table S1 for notes of countries and sectors). We use the percentage of labour 

availability and freight capacity 32 as proxies for strictness of a country’s lockdown policies. In 

addition, we design 18 scenarios in terms of fiscal stimuli to analyse their impacts on the 

global economy and emissions. We conclude by exploring how COVID-19 and follow-up fiscal 

stimuli affect the Paris Agreement; and how governments can turn the crisis into an engine 

for climate action. 

Scenarios of global lockdown and effects on CO2 emissions 

Countries will impose different lockdown policies at different periods in response to future 

waves of the pandemic. We, therefore set up 27 scenarios with three dimensions: the length 

of the lockdown period, strictness of the first lockdown period, and strictness of future 

lockdown periods (Table 1 and Methods). 

Table 1 Scenarios of lockdown and fiscal stimuli. 

 Dimension Scenario Explanation 

Scenarios 
of 

lockdown 

Length of 
lockdown 

period 

𝑇 
intermittent social distancing scenario from Kissler, et 
al. 16  

𝑇+ 10% longer time than “𝑇” 



4 
 

𝑇− 10% shorter time than “𝑇” 

Strictness 
of 1st 

lockdown 
period 

𝑆1 movements from Google Community Mobility 33 
𝑆1+ 10% stronger than “𝑆1” 

𝑆1− 10% weaker than “𝑆1” 

Strictness 
of future 
lockdown 

period 

𝑆2 
strictness of future lockdown periods decreases 
gradually 

𝑆2+ strictness decreases slower than “𝑆2” 
𝑆2− strictness decreases faster than “𝑆2” 

Scenarios 
of fiscal 
stimuli 

Size of 
fiscal 

stimuli 

𝐹𝑆 ongoing fiscal stimuli introduced before October 2020 

𝐹𝑆+ 
countries will further increase stimuli to 10% of their 
GDP 

Structure 
of fiscal 
stimuli 

𝐹𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡  
the fiscal stimuli on manufacturing will be allocated to 
sub-sectors based on countries’ current economic 
structure 

𝐹𝑆ℎ𝑒𝑎𝑣𝑦 
the fiscal stimuli on manufacturing will be allocated to 
heavy industries 

𝐹𝑆ℎ𝑖𝑔ℎ𝑡𝑒𝑐ℎ 
the fiscal stimuli on manufacturing will be allocated to 
high-tech industries 

Sectoral 
emission 
intensity 

𝑆𝑃𝑆 
Stated Policy Scenario: emission intensity decreases 
under the effects of current stated policies on energy 
and climate change 

𝑆𝐷𝑆 
Sustainable Development Scenario: emission intensity 
decreases to achieve the UN Sustainable Development 
Goals and the objectives of the Paris Agreement 

𝐶𝐼𝑆 
Carbon-intensive Scenario: emission intensity remains 
stable after 2017 

Total emissions from 79 countries are considered, with historical emissions from 1990 to 

present, and projections under various lockdown scenarios (Figure 1, detailed country 

sectoral emissions are provided in Table S2). Global emissions decreased temporarily in 

2015-2016, due to reduced coal consumption in China 34, and a faster increase in renewable 

energy and slower growth in petroleum consumption 35,36. However, it is premature to say 

that global emissions reached their peak in 2015 37; global emissions increased by 1.1% in 

2017. According to the prediction by the Greenhouse Gas - Air Pollution Interactions and 

Synergies (GAINS) model of the International Institute for Applied Systems Analysis (IIASA) 38 

and IEA World Energy Outlook (WEO) 39,40, global emissions will keep increasing at an average 

annual growth of 1.3% from 2018 to 2024 without pandemic (grey line in Figure 1, i.e., the 

baseline scenario). The baseline scenario estimates total emissions from 79 countries to be 

28.8 gigatons in 2020 (i.e. 1.5% higher than those in 2019), and a further increase of 1.4 

gigatons of emissions from 2020 to 2024. 

COVID-19 and lockdown policies will cause significant reductions in emissions from 2020 to 

2024 (grey area Figure 1), ranging from 3.9% (5.7 gigatons) to 5.6% (8.3 gigatons) compared 

with total emissions under the baseline scenario of 147.7 gigatons for the five-year period. In 

particular, the year 2020 faces the most sudden drop in emissions. Total emissions of 79 

countries in 2020 would range from 23.2 gigatons (scenario 𝑇+𝑆1+𝑆2+) to 24.3 (scenario 

𝑇−𝑆1−𝑆2−) under different scenarios, which are 15.5-19.4% lower than under the baseline 
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scenario, and would bring the global emissions to the level around 2006 and 2007 (dashed 

lines in Figure 1). 

 

Figure 1 Global CO2 emissions (79 countries) under different response scenarios to COVID-19. 

The grey line shows the baseline emissions without COVID-19. The grey area shows the range 

of emissions under 27 scenarios. Seven key scenarios are drawn in coloured lines to present 

the effects of change in the length and strictness of lockdown periods. The dashed line shows 

that COVID-19 brought global emissions to the level around 2006 and 2007. 

 

Table 2 Global CO2 emissions under key response scenarios to COVID-19 (in gigatons). 

Scenarios 2020 2021 2022 2023 2024 

Baseline 28.82 29.20 29.56 29.88 30.21 
𝑇𝑆1𝑆2 23.87 27.70 29.29 29.88 30.21 
𝑇−𝑆1𝑆2 24.10 27.83 29.37 29.88 30.21 
𝑇+𝑆1𝑆2 23.61 27.59 29.21 29.88 30.21 
𝑇𝑆1−𝑆2 24.07 27.76 29.32 29.88 30.21 
𝑇𝑆1+𝑆2 23.67 27.63 29.27 29.88 30.21 
𝑇𝑆1𝑆2− 23.97 27.98 29.43 29.88 30.21 
𝑇𝑆1𝑆2+ 23.77 27.40 29.16 29.88 30.21 

Taking Scenario 𝑇𝑆1𝑆2 as an example (assumed to be the most realistic scenario), the five-

year emissions would be 140.9 gigatons and 4.5% lower than the baseline scenario. By 

changing one dimension at the time we can quantify the effects of the three dimensions 

separately. For example, the green lines in Figure 1 presents emissions under scenario 

𝑇+𝑆1𝑆2 (dark green) and scenario 𝑇−𝑆1𝑆2 (light green). We find that by adding 10% to the 

length of lockdown periods global emissions would decline by 1.10% in 2020. In contrast, 

10% shorter lockdown periods would increase global emissions by 0.96% in 2020. Similarly, 



6 
 

increasing the strictness of the 1st lockdown period by 10% would decrease emissions by 

0.84% in 2020. Therefore, the length of lockdown has a greater impact on emissions than the 

strictness. Similar results in terms of economic impacts have also been found by Guan, et al. 
21. 

Emissions decline by countries and sectors 

Scenario 𝑇𝑆1𝑆2 shows that COVID-19 and global lockdown measures would lead to different 

reductions across countries, with a range of 2.0% (Cyprus) to 29.3% (China) in 2020 (shown 

in Figure 2-a). China is the top country in emission reductions in 2020 with 2.7 gigatons, 

accounting for 55.5% of the overall emission reductions globally. The United States 

(reduction of 0.49 gigatons, 9.8%), the EU27+UK (0.38, 7.7%), India (0.30, 6.0%), and Russia 

(0.15, 3.1%) also show substantial declines in 2020 emissions. Such emission reductions are 

not only caused by the lockdown in the countries themselves (i.e., direct impacts), but also 

affected by the lockdown in other countries (i.e., the indirect impacts via global supply 

chains). For example, in 2020, 76.4% of emission declines in the United States are caused by 

lockdown in the country itself and the remaining 23.6% are caused by the ripple effects of 

disruptions throughout global supply chains. Also, even though China would not impose any 

lockdown measures after 2020 in these scenarios, its emissions would still decrease by 0.72 

gigatons in 2021, all from indirect emission decline. 

The decline in countries’ GDP and emissions differ depending on the structural changes 

caused by restrictions in labour supply and changes in demand, countries’ role in global 

supply chains and carbon intensity of affected sectors, leading to changes in countries’ 

emission intensity (emissions per unit of GDP) 41. The global average emission would decline 

by 4.7% in 2020, from 0.35 to 0.33 ton per thousand 2015 USD under scenario 𝑇𝑆1𝑆2. The 

declines are mainly caused by changes in industrial structure due to lockdown policies. 

Taking the top five countries in emission decline as an example, China, the United States, and 

the EU (including the UK) would see a decline in their emission intensity by 3.9%, 1.2%, and 

1.9%, respectively. However, India and Russia would see slight increases of 1.5% and 0.6%, 

respectively. 
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Figure 2 Emission decline in 2020, under scenario 𝑇𝑆1𝑆2. a) national and b) sectoral 

contribution to the global emission decline. c) sectoral emission decline in five key 

countries/regions. The bar charts show the absolute volume of emission decline in nine 

sectors of the five countries/regions. Pie charts show the structures of emission decline in 

countries/regions in percentages. 

In terms of sectors, power and hearting production and transport contribute most to 

emission reduction. Compared with the baseline scenario, these two sectors see emission 

reduction of 1.9 gigatons (38.7%) and 1.1 (22.4%) in 2020, respectively, under Scenario 

𝑇𝑆1𝑆2. Decrease in demand for electricity from other sectors accounts for 90.1% of total 

emission decline in power production. Meanwhile, the decline in transport-related emissions 

are caused by two effects. On the one hand, passenger traffic is restricted, and people are 

required to keep social distance. A large share of public transport such as flight, railway, and 

bus, are suspended. Such direct restriction on the transport sectors caused 86.4% of 2020 

emission decline. On the other hand, freight transport also declines substantially due to the 

restriction of production in factories, which leads to another 13.6% of indirect emission 

decline in the transport sectors. 

The emissions declines from different sectors varies significantly across countries (Figure 2c). 

China, India, and Russia would have a high decline in emissions associated with power 

production, while the USA and the EU (including the UK) have higher emission decrease in 

transport-related emissions. These differences are caused by the existing structure of 

emissions corresponding to their underlying economic structures. For example, electricity 

production contributed 52.2% of China’s and 40.7% of the USA’s total emissions in 2017. 

Thus, the emissions declined in China’s electricity production would be higher than those in 

the USA. However, the sectoral differences across countries are also attributed to the 

heterogeneity of supply chains in countries. For example, the transport sector accounted for 

38.5% in the United States’ scope 1 direct emissions in 2017, contributing 51.3% of total 

emission decline over the course of the pandemic. In comparison, China’s transport sector 
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accounted for 10.0% of scope 1 direct emissions in 2017 and contributed 11.1% of the 

county’s total emission loss during the pandemic. The results imply that the USA’s transport 

sector relies more on global supply chains than China’s transport sector. When the pandemic 

interrupts global supply chains, the US transport sector would face more serious economic 

loss and associated decline in emissions than China’s transport sector. 

Increases in emissions from fiscal counter measures 

Countries are attempting to ameliorate economic shocks through fiscal incentives. The 

stimuli policies of several major economies have exceeded 10% of their annual GDP (Table 

S3). As a result, global emissions will receive a boost. The ongoing fiscal incentives and 

investment will either lead to a replacement of the current fossil fuel-based energy system or 

aggravate the carbon lock-in effects via investing in traditional infrastructure and capacity 

and thus reducing future available carbon budget 42. Therefore, we designed a series of 

scenarios from three aspects to simulate the impacts of the fiscal stimuli on the economy 

and emissions: the size of fiscal stimuli, the structure of fiscal stimuli, and sectoral emission 

intensity (Table 1, full details in Methods). 

We use scenario 𝑇𝑆1𝑆2 as the baseline of non-incentive scenario (brown line in Figure 3-a). 

The results show that five-year global emissions (2020 to 2024) will range from a reduction 

of 4.7% (6.6 gigatons, scenario 𝐹𝑆𝐹𝑆ℎ𝑖𝑔ℎ𝑡𝑒𝑐ℎ𝑆𝐷𝑆) to an increase of 16.4% (23.2 gigatons, 

scenario 𝐹𝑆+𝐹𝑆ℎ𝑒𝑎𝑣𝑦𝐶𝐼𝑆), under different incentive scenarios (full results in Table S4). 

The five-year global GDP and emissions (from 2020 to 2024) will only increase by 0.82% (or 

3,466 billion constant USD of 2015) and 0.74% (1.05 gigatons) under scenario 

𝐹𝑆𝐹𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑃𝑆, which assumes no additional fiscal stimuli will be introduced in the future, 

the fiscal stimuli to manufacturing will be allocated to sub-sectors based on countries’ 

current economic structure, and the emission intensity will decrease under the effects of 

current stated policies on energy and climate change. If countries keep investing fiscal 

incentives up to 10% of their one-year GDP and keep the current structure, there will be a 

rebound of global economy and emissions by respectively 1.27% (5,393 billion constant USD 

of 2015) and 1.45% (2.04 gigatons) during 2020 to 2024, compared to the non-incentives 

scenario. We find that one unit of fiscal stimuli in our scenarios will increase global GDP by 

less than one unit. The major reason is that we only include fiscal stimuli from 41 countries 

(accounting for 80.9% of global GDP in 2018), part of their stimuli will induce additional 

imports and do not generate value-added of countries that implement the fiscal stimulus. 

For example, a semi-closed input-output model showed China’s four trillion-yuan stimulus 

package might have led to an increase in GDP of about three trillion yuan 43. 

The changes in the structure of fiscal stimuli will not have significant impacts on economy 

recovery and emissions. If all current fiscal stimuli on manufacturing are allocated to heavy 

industries (scenario 𝐹𝑆𝐹𝑆ℎ𝑒𝑎𝑣𝑦𝑆𝑃𝑆), the global economy would increase by 0.82% (3,465.7 

billion USD) and emissions would increase by 0.75% (1.07 gigatons). If the current fiscal 

stimuli on manufacturing is allocated to high-tech industries (scenario 𝐹𝑆𝐹𝑆ℎ𝑖𝑔ℎ𝑡𝑒𝑐ℎ𝑆𝑃𝑆), 

the increase for the global economy and emissions would be 0.82% (3,466.4 billion USD) and 

0.75% (1.05 gigatons). In contrast, changes in sectoral emission intensity would have 

substantial effects on global emissions. If fiscal packages are invested in carbon-intensive 
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technologies and traditional fossil-fuel based infrastructure (i.e., scenario 𝐶𝐼𝑆 or keep the 

sectoral emission intensity unchanged after 2017), this will bring huge lock-in effects on 

emissions. Five-year emissions will increase by 15.6% (22.0 gigatons) versus decreases of 

4.7% (6.6 gigatons), if the fiscal packages were invested in clean energy and advanced 

technologies (i.e., scenario 𝑆𝐷𝑆). 

 

Figure 3 Emissions under scenarios of fiscal stimuli and their comparisons with the emission 

allowance in meeting the 1.5°C Paris Agreement goal and 2°C Cancun goal (i.e. emissions 

that can be emitted in order to stay within the climate goals). The emission allowance, shown 

as green and red areas in the future, are collected from the Climate Action Tracker 44 and 

downscaled to accord with the emission levels of 79 countries. Sub-figure a) presents the 

emissions under our scenarios. Dashed lines in sub-figure b) presents the linear emission 

decline assuming that the emissions are decreasing uniformly, i.e., we allocate total emission 

losses between 2020 and 2024 evenly to each year. 

We find that stimuli to household consumption has higher driving force to economic 

recovery and emission growth (28.8% or 0.30 gigatons) than stimuli to others (Figure 4a). 

Household consumption is the major focus of Japan’s stimulus package, accounting for 76.3% 

of its total budget. Similarly, USA has a high proportion (26.3%) in its package, and this is 

reflected in the related emission of 78.3% and 26.0% of their emission growth, in Japan and 

USA respectively. Unlike highly industrialized nations, China has a small stimulus to 

household consumption (9.5%). A large part of China’s fiscal package (61.9%) might be 

invested to infrastructure construction 45. As a result, the emission increase from stimulating 

construction accounts for 57.8% of China’s emission growth but stimulating household 

consumption is only 9.8%. The healthcare sector could be a rising industry in the next 

generation, as 19.0% and 10.3% of China and Germany’s stimuli will be invested in the health 

sectors, including both health-related manufacturing and services. The investment on health 

industries will increase societal well-being and resilience to public health emergencies but 

will not significantly increase emissions (0.16 gigatons or 15.2% of the total emission 

increase globally, Figure 4a). 

Under the most carbon-intensive scenario ( 𝐹𝑆+𝐹𝑆ℎ𝑒𝑎𝑣𝑦𝐶𝐼𝑆 ), global emissions would 

increase by 16.4% (23.2 gigatons) compared to the non-incentive scenario (Figure 4c). 
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Current fiscal stimuli will contribute 4.6% (1.1 gigatons) of the emissions increase. Future 

fiscal stimuli up to 10% of countries’ GDP will increase global emissions by another 1.0 

gigatons, accounting for 4.3% of emission increase. High emission intensity will contribute 

91.1% (21.1 gigatons) of emissions growth compared to the non-incentive scenario. As for 

the ‘greenest’ stimuli scenario (𝐹𝑆𝐹𝑆ℎ𝑖𝑔ℎ𝑡𝑒𝑐ℎ𝑆𝐷𝑆), emissions would decrease by 4.7% (6.6 

gigatons) compared with the non-incentive scenario, owing to the decline in sectoral 

emission intensity (Figure 4b). Thus, investing in green technologies to reduce sectoral 

emission intensity is the key to control emission growth (or even achieve negative growth) in 

the post-pandemic era. 

 

Figure 4 Drivers of change in emissions under three key incentive scenarios. a) Basic stimuli 

scenario (𝐹𝑆𝐹𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑃𝑆) allocates current stimuli plans flow based on current industrial 

structure and emission intensities change with regulations of countries’ stated policies on 

energy and climate change (i.e., using IEA-SPS emission intensity). b) The greenest scenario 

(𝐹𝑆𝐹𝑆ℎ𝑖𝑔ℎ𝑡𝑒𝑐ℎ𝑆𝐷𝑆)  is based on current stimuli plans investing in the most advanced 

infrastructure and low-carbon industries; c) the most carbon-intensive scenario 

(𝐹𝑆+𝐹𝑆ℎ𝑒𝑎𝑣𝑦𝐶𝐼𝑆 ) invests up to 10% of countries’ one-year GDP into carbon-intensive sectors 

with backward technologies. Note the subpanels have different y-axis. 

The decline in emissions due to COVID-19 and climate targets 

It seems that the decline in emissions due to COVID-19 and lockdown policies could 

inadvertently help achieve climate change goals, however, it is insufficient for the Paris 

agreement targets. Comparison of global emissions with climate target emission allowance 

shows without COVID-19 global emissions (Figure 3 grey lines) will keep growing and exceed 

the higher boundary of the 2°C Cancun goal in 2021. Considering the effects of COVID-19 

(scenario 𝑇𝑆𝐶1𝑆𝐶2, possibly the most realistic scenario according to its settings) and 

ongoing fiscal stimuli, the dashed line in Figure 3-b) presents the linear emission decline 

assuming that the emissions are changing uniformly, i.e., we allocate total emission changes 

between 2020 and 2024 evenly to each year. We find that the brown dashed line (scenario 

without stimuli) can only delay the time when global emissions exceed the upper boundary 

of the 2°C Cancun climate goal. 

However, reality could be even worse. First, in this study we only consider the CO2 emissions 

from economic sectors. Overall emission losses over the period of the pandemic should be 

less than our estimates, as household emissions from energy use could be slightly increasing 

due to lockdown policies and people working from home. Second, the emission decline due 
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to COVID-19 might be neutralized by follow-up fiscal stimuli. The world is facing huge risks if 

such unprecedented amounts of transfers and investment flow into traditional carbon-

intensive sectors to rebuild the economy of yesterday. It means not only a short-term 

increase of emissions, but also further lock into a fossil fuel-based economy that makes it 

difficult to change in the future. A latest report by Energy Policy Tacker 46 shows that around 

52% of the recovery packages in G20 countries would be invested in fossil fuel-related energy 

sectors, without any environmental commitments attached. Our scenarios show that if fiscal 

packages target establishing carbon-intensive infrastructure and technologies, global 

emissions would continue to grow rapidly, even faster than in the previous five years. The 

worst-case option in Figure 3 (the dark green line) would increase at an average rate of 4.3% 

per year and soon exceed the maximum amount of allowed emissions to keep the 

temperature rise below 2°C. In contrast, if fiscal packages are invested in high-tech industries 

with advanced technologies (dark red line in Figure 3), emissions could potentially be 

controlled within the emission allowance of the 2°C-target. 

Therefore, severe challenges remain in how to respond to the pandemic but at the same 

time enormous opportunities exist in restructuring ailing economies requiring financial aid. 

Countries should take the stimuli plans as a jumpstart to achieve a net-zero energy economy 

versus further lock-in to carbon intensive infrastructure, production and consumption 

patterns 42,47. However, it is not easy. Despite decades of efforts, dependences of fossil fuels 

in the energy system remain deep-rooted. As the prices of wind, solar and lithium ion 

batteries have decreased significantly in the past ten years, a clean energy system can 

operate at nearly the same prices as the fossil fuel ones 48. With a government infrastructure 

program to cover the capital costs of clean energy system, the persistent carbon lock-in 

effect could be broken. Reflecting the governmental fiscal plans after the financial crisis in 

2008 when the United Nations Environment Programme proposed the Global Green New 

Deal, most of them were labelled as failed with a handful of successful cases. Most of the 

G20 countries failed to deliver the promises. Out of the $3 trillion fiscal stimulus, only 15% of 

them were spent on green stimuli during the recession, which accounted for only 0.7% of 

G20 GDP 49. Only China and South Korea invested heavily in environmental stimulus projects 

with around 3% of their annual GDP 49. As a result, the two countries are now better placed 

in the race for technological superiority of renewable energies than other countries, 

harnessing increased revenue and employment. 

Conclusions 

The lockdown policies in response to the COVID-19 pandemic will lead to substantial changes 

in energy consumption and CO2 emissions. Total emissions of 79 countries will decrease 3.9% 

to 5.6% in five years (2020 to 2024), compared with a no pandemic baseline scenario and 

bring the global emissions 2020 to the level before 2007. 

As countries are designing fiscal stimulus plans to recover the economy, global emissions will 

increase by 1.05 gigatons (0.74%) during the period of 2020 to 2024, with the ongoing 

stimuli. Those stimuli could either be a threat to global climate change or a jumpstart to 

achieve a net-zero energy economy. The large amount of liquidity introduced into the market 

can either reinforce the carbon lock-in effect by investing in the carbon-intensive sectors or 
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go to clean energy sectors in order to escape the path dependences of fossil fuel-based 

production and consumption. The most carbon-intensive scenario would increase five-year 

global emissions (2020 to 2024) by 16.4% (23.2 gigatons). In contrast, the “greenest” 

scenario could reduce emissions by 4.7% (6.6 gigatons), if the fiscal stimuli are allocated to 

high-tech industries with low-carbon technologies. Thus, governments need to be cautious 

when reopening the economy and designing fiscal stimulus plans. 
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Methods 

Economic impacts model 

A number of well-known modelling methodologies are used to assess economic 

consequences of COVID-19, such as input-output (IO) analysis and computable general 

equilibrium(CGE) analysis 50,51. Both IO and CGE are popular for disaster impact assessment 

with the benefits in their ability to reflect interdependencies of economic sectors. A 

neoclassical CGE model assumes that the market eventually reaches equilibrium through 

price adjustments. Such an assumption makes the CGE model usually overestimate the 

flexibility of the post-disaster market and disequilibrium, especially for sudden disasters 52. In 

contrast, our IO-based disaster model explicitly models such disequilibrium shortfalls in 

supply and demand of different markets reflecting the fact that not all market can adjust 

flexibly in the short or medium term. Thus, IO-based models are more suitable to capture 

the impact of sudden shocks on the economy. However, due to a lack of the adaptive 

behaviour of economic agents in a disaster aftermath, IO-based models may overestimate 

the impacts of a disaster.  

To overcome the rigidity of IO, Hallegatte 28 developed an adaptive regional input-output 

model (ARIO). The ARIO model can be used to analyse the disaster-induced influence on 

regional economy by incorporating the production capacity constraints resulting from capital 

loss and changes of consumption behaviour within the pre- and post-disaster period, as well 

as possibilities of over-production 53,54. Equipped with different datasets of input-output 

linkages, the ARIO model has been used for the impact of COVID-19 in different regions on 

the local economy. For example, Inoue and Todo 55 quantified the economic effects of a 

possible lockdown of Tokyo to prevent spread of COVID-19 by applying the ARIO model to 

the supply chains of nearly 1.6 million firms in Japan. Pichler, et al. 56 employed the ARIO 

model to assess six re-opening scenarios of the UK economy to identify an appropriate 

economic restart strategy. 

Here, we extended the ARIO model to a multiregional economic impact model, which has 

the ability to simulate the propagation of the shocks in multiple regions. After calibrating the 

model with the latest GTAP database 57, we assess the dynamic impact of COVID-19 control 

measures on the global economy throughout production supply chains by considering 

available production imbalances and consumer behaviour changes 21.  

In our model, there are two types of agents, i.e., producers and households. In an economy, 

each sector can be regarded as a producer, in which labour and capital are the two main 

inputs for producing products. Meanwhile, economic sectors are also consumers that require 

intermediate products from other sectors. 

There are various estimation methods for industrial production, such as Leontief production 

function from IO basic theory 58, Cobb-Douglas (C-D) function and Constant Elasticity of 

Substitution (CES) function 52; in particular, the Leontief production function does not allow 

for substitution between inputs and is more suitable for this study, as the pandemic occurs 

without any predication and economic agents cannot make timely adjustments. According to 

the Leontief function, the output from sector 𝑖 in region 𝑟 (𝑥𝑖,𝑟) can be expressed in Equation 
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1. 

𝑥𝑖,𝑟 = 𝑚𝑖𝑛 (for all 𝑝,
𝑧𝑖,𝑟

𝑝

𝑎𝑖,𝑟
𝑝 ;  

𝑣𝑎𝑖,𝑟

𝑏𝑖,𝑟
)  Equation 1 

where p denotes type of intermediate products; 𝑧𝑖,𝑟
𝑝

 refers the intermediate product 𝑝 used 

in sector 𝑖; 𝑣𝑎𝑖,𝑟 refers the primary inputs for the sector 𝑖, including labour (𝐿) and capital 

(𝐾). 𝑎𝑖,𝑟
𝑝

 and 𝑏𝑖,𝑟 are the input coefficients of intermediate products 𝑝 and primary inputs of 

sector 𝑖, which can be calculated in Equation 2. All the economic transactions and industrial 
interdependence are expressed as monetary values. 

𝑎𝑖,𝑟
𝑝

=  
�̅�𝑖,𝑟

𝑝

�̅�𝑖,𝑟
, 𝑏𝑖,𝑟 =  

𝑣𝑎̅̅̅̅ 𝑖,𝑟

�̅�𝑖,𝑟
 Equation 2 

It assumes that before the COVID-19 occurred, total output should satisfy intermediate 

demands and final demands from consumers. However, such economic balances are broken 

by the pandemic and further crush the supply chains. From the view of producer, restriction 

of labour input caused by control measures will decrease the production capacity and 

outputs.  

Labour constraints after a disaster may impose severe knock-on effects on the rest of the 

economy 21. This makes labour constraints a key factor to consider in disaster impact 

analysis. For example, in the case of a pandemic, these constraints can arise from employees’ 

inability to work as a result of illness or death, or from the inability to go to work and the 

requirement to work at home (if possible). In this model, the proportion of surviving 

productive capacity from the constrained labour productive capacity (𝑥𝑖
𝐿) after a shock is 

defined as: 

𝑥𝑖
𝐿(𝑡) = (1 − 𝛾𝑖

𝐿(𝑡)) ∗ �̅�𝑖  Equation 3 

where 𝛾𝑖
𝐿(𝑡) is the proportion of labour that is unavailable at each time step 𝑡 during 

containment. (1 − 𝛾𝑖
𝐿(𝑡)) contains the available proportion of employment at time 𝑡. 

𝛾𝑖
𝐿(𝑡) = (�̅�𝑖 − 𝐿𝑖(𝑡))/�̅�𝑖    Equation 4 

The proportion of the available productive capacity of labour is thus a function of the losses 

from the sectoral labour forces and its pre-disaster employment level. Following the 

assumption of the fixed proportion of production functions, the productive capacity of 

labour in each region after a disaster (𝑥𝑖
𝐿) will represent a linear proportion of the available 

labour capacity at each time step. Take COVID-19 as an example, during an outbreak of an 

infectious disease, authorities often adopt social distancing and other measures to reduce 

the risk of infection. This imposes an exogenous negative shock on the economic network. 

The shortage of intermediate products will further affect the production capacity of 

downstream sectors and reduce their outputs due to the forward effect. If we consider the 

limitations of primary and intermediate inputs, the maximum production capacity of sector 𝑖 

in time 𝑡 (𝑥𝑖,𝑟
𝑚𝑎𝑥(𝑡)) can be calculated as Equation 5. 

𝑥𝑖,𝑟
𝑚𝑎𝑥(𝑡) = 𝑚𝑖𝑛 (𝑥𝑖

𝐿(𝑡); 𝑥𝑖
𝐾(𝑡); for all 𝑖, 𝑟, 𝑥𝑖,𝑟

𝑝 (𝑡))  Equation 5 
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𝑥𝑖,𝑟
𝐿 (𝑡), 𝑥𝑖,𝑟

𝐾 (𝑡), 𝑥𝑖,𝑟
𝑝 (𝑡) are the maximum outputs when considering the labour constraints, 

capital limitation, and intermediate input scarcity, respectively. 

From the view of demand, 1) direct contact business activities become less when keeping 

social distancing; 2) alternative consuming activities impact on the output of producers 

through changing demand of consumers (i.e. backward effect). Hence, the total order 

demand for the sector 𝑖 in time 𝑡 (𝑇𝐷𝑖,𝑟(𝑡)) equals to the sum of intermediate demand and 

household demand (Equation 6). 

𝑇𝐷𝑖,𝑟(𝑡) = ∑ 𝐹𝐷𝑖,𝑟
𝑗,𝑠(𝑡)𝑗,𝑠 + ∑ 𝐻𝐷𝑖,𝑟

𝑠 (𝑡)𝑠   Equation 6 

where 𝐹𝐷𝑖,𝑟
𝑗,𝑠(𝑡) refers the order demand that sector 𝑗 in region 𝑠 required from supplier 𝑖 in 

region 𝑟; 𝐻𝐷𝑖,𝑟
𝑠 (𝑡) is the order demand that household in region 𝑠 required from supplier 𝑖 in 

region 𝑟.  

To make a more realistic representation to the real production process, we assume that each 
sector holds some inventory of intermediate goods. In each time step, sectors use 
intermediate products from their inventories for production, and purchase intermediate 
products from their supplying sectors in order to restore their inventories 53. The amount of 

intermediate product 𝑝 hold by sector 𝑗 in region 𝑠 in time 𝑡 is denoted as 𝑆𝑗,𝑠
𝑝 (𝑡), and we 

assume the inventory of intermediate product 𝑝 required by sector 𝑗 in region 𝑠 is 𝑆𝑗,𝑠
𝑝,∗(𝑡), 

which could fulfil its consumption for 𝑛𝑗,𝑠
𝑝

 days. 

𝑆𝑗,𝑠
𝑝,∗(𝑡) =  𝑛𝑗,𝑠

𝑝
∗ 𝑎𝑗,𝑠

𝑝
∗ 𝑥𝑗,𝑠

𝑚𝑎𝑥(𝑡)  Equation 7 

Then the order issued by sector 𝑗 to its supplying sector 𝑖 is 

𝐹𝐷𝑖,𝑟
𝑗,𝑠

(𝑡) =

{
(𝑆𝑗,𝑠

𝑝,∗(𝑡) − 𝑆𝑗,𝑠
𝑝 (𝑡)) ∗

𝐹𝐷̅̅ ̅̅
𝑖,𝑟
𝑗,𝑠

∗𝑥𝑖,𝑟
𝑚𝑎𝑥(𝑡)

∑ (𝐹𝐷̅̅ ̅̅
𝑖,𝑟
𝑗,𝑠

∗𝑥𝑖,𝑟
𝑚𝑎𝑥(𝑡))𝑗→𝑝

,     if  𝑆𝑗,𝑠
𝑝,∗(𝑡) > 𝑆𝑗,𝑠

𝑝 (𝑡);

                                0                                                      if 𝑆𝑗,𝑠
𝑝,∗(𝑡) ≤ 𝑆𝑗,𝑠

𝑝 (𝑡).

  
Equation 8 

𝐻𝐷𝑖,𝑟
𝑠 (𝑡) is measured by the household demand and the supply capacity of their suppliers. In 

this study, the demand of final products 𝑞 by household in region 𝑠, 𝐻𝐷𝑇𝑠
𝑞(𝑡), is given 

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

𝐻𝐷𝑖,𝑟
𝑠 (𝑡) = 𝐻𝐷𝑇𝑠

𝑞(𝑡) ∗
𝐻𝐷̅̅̅̅

�̅�,𝑟
𝑠 ∗𝑥𝑖,𝑟

𝑚𝑎𝑥(𝑡)

∑ (𝐻𝐷̅̅̅̅
�̅�,𝑟
𝑠 ∗𝑥𝑖,𝑟

𝑚𝑎𝑥(𝑡))𝑖→𝑞
  Equation 9 

Taking both forward effects and backward effects into consideration simultaneously, the 

actual output of the producer 𝑖 in time t (𝑥𝑖,𝑟
𝑎 (𝑡)) is 

𝑥𝑖,𝑟
𝑎 (𝑡) = 𝑚𝑖𝑛(𝑥𝑖,𝑟

𝑚𝑎𝑥(𝑡), 𝑇𝐷𝑖,𝑟(𝑡))  Equation 10 

The actual production will be allocated to downstream economic sectors and households 

according to their orders. If the output is not enough to meet all orders, it will be split 

according to the order proportion 28,59. 

If we assume the growth rate for each producer (𝑔) remains the same within the entire 

process, then the actual output of the producer 𝑖 in time 𝑡 after adjusting the economic 

growth (𝑥𝑥𝑖,𝑟
𝑎 (𝑡)) can be calculated in Equation 11. 

𝑥𝑥𝑖,𝑟
𝑎 (𝑡) = (1 + 𝑔𝑖,𝑟) ∗ 𝑥𝑥𝑖,𝑟

𝑎 (𝑡 − 1) ∗ (
𝑥𝑖,𝑟

𝑎 (𝑡)

𝑥𝑖,𝑟
𝑎 (𝑡−1)

)  Equation 11 



20 
 

The code of economic impact model could be accessed from Wang 60. The global multi-

regional input-output (MRIO) table used in the model is compiled based on the latest GTAP 

database (version 10) 57. GTAP database presents values of intermediate products 

transaction between 65 sectors, the output of each sector, and final consumption of 

commodities in 141 countries/regions. It also provides global bilateral trade links among the 

sectors and countries/regions. The growth rates of sectoral GDP (𝑔𝑖,𝑟) are collected from the 

IIASA’s GAINS model 38 and IEA 39,40. 

CO2 emission accounts 

Previous studies employed different economic models to forecast emissions. For example, 

Kavoosi, et al. 61 forecast global CO2 emissions until 2030 using Genetic Algorithm based on 

(non-)linear equations and historical energy consumption. Hosseini, et al. 62 predict CO2 

emissions for Iran until 2030 with multiple linear regression and multiple polynomial 

regression models. Mi, et al. 63 developed an Integrated Model of Economy and Climate 

based on the input-output model to predict emissions for China until 2035 with constraints 

of economic growth, energy consumption, employment, industrial structure change, etc. 

Mercure, et al. 64 designed a simulation-based integrated assessment model that combines a 

macro-econometric prediction of the global economy, a simulation of technology diffusion, 

and a carbon cycle and atmospheric circulation model of intermediate complexity. 

This study wants to investigate the short-term (next five years) changes in emissions brought 

by the sudden shock of COVID-19. We assume that the production efficiency, technology 

level, and economic structures are unlikely to change significantly within such a short time. 

The relationship between emission and GDP (i.e., the emission intensity) will not change 

much. Therefore, we simply estimate the emissions of countries based on their sectoral 

emission intensities and economic outputs (shown in Equation 12). A similar method has 

been used to estimate the recent emission decline in Chinese provinces 65. 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠𝑖𝑟
𝑡 = 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖𝑟

𝑡 × 𝑜𝑢𝑡𝑝𝑢𝑡𝑖𝑟
𝑡   Equation 12 

In the equation, subscript 𝑖 and 𝑟 represent sector and country/region, respectively. The 

superscript 𝑡 stands for year. 𝑜𝑢𝑡𝑝𝑢𝑡𝑖𝑟
𝑡  are collected from the above economic impact model.  

𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖𝑟
𝑡  refers to per output emissions The historical emissions are collected from the 

IEA 66. The emission intensities are collected from IIASA’s GAINS model 38 and IEA 39,40 (see 

also the below section of Scenarios of fiscal stimuli – Emission intensity). 

Scenarios of lockdown 

We set the scenarios of lockdown from the dimensions of period and strictness. The basic 

scenario is designed based on the literature and google mobility data, and a series of 

scenarios are designed to reflect the sensitivity of the basic scenarios. 

1) Lockdown periods (T) 

Kissler, et al. 16 projected the dynamic spread of the pandemic over the coming years and 

defined intermittent social distancing scenarios under restriction of critical care capacities. 

With reference to their results, we define three scenarios for “lockdown periods” and 

“recovery periods”. Basic scenario “𝑇” is accord with the intermittent social distancing 

scenario defined by Kissler, et al. 15, scenario “𝑇+” has 10% longer time for each lockdown 
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period while scenario “𝑇−“ has 10% shorter. Please see Table S5 for detailed lockdown 

periods for scenarios. 

2) Strictness of the first lockdown period (S1) 

We define three scenarios for the strictness of the first period. The basic scenario (“𝑆1”) are 

calculated based on Google Community Mobility data 33. Google provides the daily changes 

in people’s movement trends since 15th February across six types of places: retail and 

recreation, groceries and pharmacies, parks, transit stations, workplaces, and residential 

area. We use the average of declines in movement trends from workplaces and increase 

from residential area to reflect the loss of labour availability and freightage capacity in 

different countries. We exclude the weekends and use the daily average value between 15th 

March and 31st July as the lockdown strictness for the first “lockdown period”. For China, we 

use the mobility data from Baidu and get 80% as the strictness of its first lockdown period 67. 

Table S6 shows the basic scenario of the strictness of first lockdown period (“𝑆1”) in the 79 

countries. Then we define scenario “𝑆1+” as 10% stronger than “𝑆1” and scenario “𝑆1−” as 

10% weaker. 

The control measures may have different effects on the labour supply of different sectors. 

For example, there are no control measures on the lifeline sectors, such as hospitals and 

pharmaceutical companies. And sectors that have low exposure levels to the virus, such as 

education, are less affected by the control measures than commercial services which have 

higher level of exposure. Therefore, we multiply sectoral multipliers with the general 

strictness level to get the sector-specific strictness. The sectoral multipliers can be designed 

to differentiate the impact of the pandemic on each sector and are designed based on three 

dimensions, i.e., the exposure level to the virus, whether it is a lifeline, and the possibility of 

working from home. Multipliers range from 0 to 1 (see Table S7) 21. If a sector’s exposure 

level to the virus is low, and it is a lifeline sector, and it is easy to work from home, the 

sector’s multiplier will be small, indicating that the sector is less affected by the pandemic 

and the lockdown measures. 

3) Strictness of future lockdown periods (S2) 

Considering learning effects and potential herd immunity, countries might achieve the same 

control effects of the pandemic with weaker strictness in future periods of lockdown. 

Therefore, we design three scenarios of strictness of lockdown in different periods, see Table 

S8. 

In all scenarios, we assume that the household demand remains unchanged except for 

tourism-related demand (decrease to 10% during the pandemic). First, labour loss, instead of 

shortfalls in demand, is the major reason that led to a shortage of supply in various markets. 

In other words, labour loss dominates the economic loss in our model. Second, governments 

have taken a series of measures to keep demand stable through direct fiscal transfers. 

Generally, there might be ‘retaliatory consumption’ shortly after a disaster. However, we do 
not consider such a rapid growth of consumption in our scenarios. First, we did not see 
obvious retaliatory consumption in the real data. Possible reason is that the impact of 
COVID-19 on economic and people’s lifestyle is huge and will last for a longer time compared 
with ordinary more localized disasters. People might be more willing to hold savings to 
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prepare for future waves of pandemic and possible unemployment (i.e., risk avoidance). 
Second, the pandemic is still ongoing, and the lockdown policies might come in waves for 
several years, as also expressed in our scenarios, and thus people will not increase 
consumption in the short term. 

Scenarios of fiscal stimuli 

1) Size of the fiscal stimuli 

The basic scenario (𝐹𝑆) reflect the current intensity of fiscal stimuli from countries. We 

summarise the fiscal incentives that have been introduced by the end of September 2020 in 

41 countries (accounting for 80.9% of global GDP in 2018) 68,69. These fiscal incentives range 

from 0.7% (Mexico) to 21.1% (Japan) of a country’s GDP. Table S3 shows the ongoing fiscal 

stimuli by the countries. 

Countries keep increasing their fiscal stimuli plans. Six countries (Japan, Canada, the US, 

Brazil, Germany, Australia) have already invested over 10% of their annual GDP by the end of 

September 2020. Also, considering that China made an economic stimulus plan of 4 trillion 

Yuan (12.5% of the country’s GDP in 2008) in response to the 2007 global financial crisis, we 

design the “𝐹𝑆+” scenario as countries will further increase fiscal stimuli to 10% of their 

annual GDP in the coming months. 

2) Structure of the fiscal stimuli 

These fiscal incentives mainly stimulate five components: household consumption, 

infrastructure construction, health industry and services, other service sectors, and 

manufacturing. Table S3 shows the proportion of these five parts in countries’ stimuli plans. 

However, it is still not clear how the countries will distribute the part of manufacturing into 

sub-sectors. Therefore, we designed three scenarios: scenario “𝐹𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡” assumes that the 

stimuli part of manufacturing will be allocated to sub-sectors based on countries’ current 

economic structure; scenario “𝐹𝑆ℎ𝑒𝑎𝑣𝑦” allocates the fiscal stimuli into heavy industries that 

are usually carbon-intensive; scenario “𝐹𝑆ℎ𝑖𝑔ℎ𝑡𝑒𝑐ℎ” allocates the fiscal stimuli into high-tech 

industries that are high value-added and low carbon-intensive. 

3) Emission intensity 

With the ongoing fiscal stimuli, emission intensity of countries’ sectors may change hugely in 

the coming years. If those fiscal packages are invested to traditional fossil fuel technologies, 

the emission intensity will increase, vice versa. This study designed the following three 

scenarios of sectoral emission intensity changing based on IEA WEO (World Energy Outlook) 

scenarios of future energy trends 39,40. 

a. IEA WEO Stated Policies Scenario (𝑆𝑃𝑆). 𝑆𝑃𝑆 considers the effects of policies and 

measures that governments around the world have already put in place, together 

with the effects of announced policies, as expressed in official targets and plans.  It 

means that all the fiscal stimuli will conform to existing and stated policies. The 

sectoral emission intensity will decrease slowly. 

b. IEA WEO Sustainable Development Scenario (𝑆𝐷𝑆). According to IEA, 𝑆𝐷𝑆 designs a 

low-carbon pathway towards the UN Sustainable Development Goals and the 

objectives of the Paris Agreement. For example, the fiscal stimuli will be invested in 
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green deals such as renewable energy technologies. The emission intensity 

decreases rapidly under 𝑆𝐷𝑆. 

c. Carbon-intensive Scenario (𝐶𝐼𝑆). The emission intensity will keep stable after 2017 

under this scenario. This scenario assumes that the ongoing fiscal stimuli ignores 

established energy and climate change policies and focuses on fossil fuel 

investments. 

Limitations and uncertainties 

Our study has the following limitations and future work may focus on these aspects to 

provide a more accurate analysis of emission decline over the pandemic. 

First, our economic model does not consider the production mix nor economic structural 

changes. Both will remain fairly stable within such a short period of time of five years and 

especially during recession year (see e.g. Feng, et al. 70). However, the carbon intensity used 

in this study varies in line with the IEA scenarios. There might be some mismatch in terms of 

assumptions used in the IEA scenario versus the constant structure assumption used in this 

paper. 

In addition, the capital accumulation retreated exogenously in our ARIO-based model. 

Specifically, we collected the economic projections from the IIASA’s GAINS model as the 

baseline of our model (i.e., scenario without pandemic). Capital accumulation is already 

embedded in the GAINS model as it uses the same set of economic projections as IEA’s 

World Energy Outlook 2019 40. In this way, our ARIO-based model focuses on the 

propagation of sudden and intermittent exogenous shocks (e.g., COVID-19 lockdowns) in the 

supply-chain network. Theoretically, it would be better to have a capital matrix, which is 

frequently part of dynamic IO, and endogenizes the investment dynamics. However, it is 

rarely applied at the global level due to data limitations. However, it is rarely applied at the 

global level due to data limitations. An interesting alternative approach on dealing with 

capital in an IO framework is provided by Södersten, et al. 71 and Södersten and Lenzen 72, 

but we have not attempted to integrate both quite different modelling approaches in this 

study. Also, the most important and direct impact of COVID-19 is to disrupt people's 

participation in normal economic activities and domestic and international transportation, 

thereby causing indirect losses in the supply-chain networks. For research focused on a 

longer term than this study, we agree that not considering the dynamic process of capital 

accumulation and investment would underestimate the potential reduction in economic 

activities as global investment during the crisis is very likely shrinking 73. Future studies could 

use other economic models, e.g., a CGE-based model, to simulate the long-term economic 

effects of investment in the post-pandemic era or explicit representations of investment and 

capital accumulations as in Södersten, et al. 71 and Södersten and Lenzen 72 or other dynamic 

IO models. 

Third, the emission intensities of sectors are estimated based on the IEA WEO 2019 Stated 

Policies Scenario (SPS) with sectoral details provided by GAINS model, which are designed 

without considering the pandemic. However, the emission intensities during the pandemic 

may be higher than the normal levels. The main reason is that even if the factories cannot 

produce due to restrictions, some facilities are still in operation. We cannot quickly shrink 
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capacity with economic decline. Meanwhile, due to the paralysis of the supply chain, part of 

the production capacities cannot be converted into economic outputs. Thus, our calculation 

based on economic outputs may overestimate the emission loss during the pandemic. 

Fourth, the fiscal stimuli may have complicated but important long-term effect on economic 

performance. Our scenarios of fiscal stimuli assume that governments will use loans or other 

financing tools to provide short-term fiscal stimuli in an attempt to recover the economy. 

Long-term effects such as increasing taxes to balance the public budget, potential inflation, 

longer-term structural changes, and change in interest rates are not considered. Although 

this is acceptable in the short-term, any such long-term effects, may affect the economic and 

emission path in the future. This is beyond the scope of this paper and the chosen modelling 

approach. 

Finally, we consider the emissions from economic sectors only. Emissions from energy use in 

households that we ignore in this study may slightly increase due to working from home and 

increased time at home 74. 
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Supplemental Information 

Supplemental Information can be found online at 

Table S1 Country list and sectors 

Table S2 Sectoral emissions from 79 countries under scenarios without fiscal stimuli, 2020-2024 

Table S3 Fiscal stimuli in countries (size and structure) 

Table S4 Sectoral emissions from 79 countries under scenarios with fiscal stimuli, 2020-2024 

Table S5 Scenarios for lockdown periods 

Table S6 Average lockdown strictness of countries from 15th March to 31st July 

Table S7 Multipliers for sectors in terms of influence of the pandemic 

Table S8 Scenarios of lockdown strictness in the future periods of lockdown 

Data availability 

All results have been uploaded to China Emission Accounts and Datasets 

(https://www.ceads.net/data/covid_19/) for free download. 

Code availability 

The simulation code for the economic impact model can be accessed at 

http://doi.org/10.5281/zenodo.4290117 60. The minimal input for the code is multiregional 

input-output table. The sample code and test data for the minimal inputs are also provided. 


