
T
he

In
no

va
ti
on Article
Daily CO2 Emission Reduction Indicates the Control
of Activities to Contain COVID-19 in China
Rong Wang,1,2,3,13,14,* Yuankang Xiong,1,14 Xiaofan Xing,1,14 Ruipu Yang,1,14 Jiarong Li,1 Yijing Wang,1 Junji Cao,4 Yves Balkanski,5

Josep Peñuelas,6,7 Philippe Ciais,5 Didier Hauglustaine,5 Jordi Sardans,6,7 Jianmin Chen,1 Jianmin Ma,8 Tang Xu,2 Haidong Kan,9 Yan Zhang,1

Tomohiro Oda,10,11 Lidia Morawska,12 Renhe Zhang,2 and Shu Tao8
1Department of Environmental Science and Engineering, Fudan University, Shanghai 200438, P.R. China
2Institute of Atmospheric Sciences, Fudan University, Shanghai 200438, P.R. China
3Big Data Institute for Carbon Emission and Environmental Pollution, Fudan University, Shanghai 200438, P.R. China
4Key Laboratory of Aerosol Chemistry and Physics, Institute of Earth Environment, Chinese Academy of Sciences, Xi'an 710075, P.R. China
5Laboratoire des Sciences du Climat et de l’Environnement, CEA CNRS UVSQ, 91190 Gif-sur-Yvette, France
6CREAF, Cerdanyola del Vallès, 08193 Catalonia, Spain
7CSIC, Global Ecology Unit CREAF-CSIC-UAB, Bellaterra, 08193 Catalonia, Spain
8College of Urban and Environmental Sciences, Laboratory for Earth Surface Processes, Peking University, 100871 Beijing, P.R. China
9School of Public Health, Key Laboratory of Public Health Safety of the Ministry of Education and National Health Commission Key Laboratory of Health Technology

Assessment, Fudan University, Shanghai 200438, P.R. China
10Universities Space Research Association, Columbia, MD, USA
11Global Modeling and Assimilation Office, NASA Goddard Space Flight Center, Greenbelt, MD, USA
12Queensland University of Technology, 2 George Street, Brisbane, QLD 4001, Australia
13Shanghai Institute of Pollution Control and Ecological Security, Shanghai 200092, P.R. China
14These authors contributed equally

*Correspondence: rongwang@fudan.edu.cn

Received: August 29, 2020; Accepted: October 31, 2020; Published: November 25, 2020; https://doi.org/10.1016/j.xinn.2020.100062

ª 2020 The Author(s).
CORRESPONDENCE
GRAPHICAL ABSTRACT
rongwang@fudan.edu.cn

https://doi.org/10.1016/
j.xinn.2020.100062

Received: August 29, 2020
Accepted: October 31, 2020
Published: November 25, 2020

www.cell.com/the-innovation
PUBLIC SUMMARY

- Daily CO2 emission reduction is estimated by a geographicmodel as an indicator for

the activity control in China

- A 1% day�1 decrease in the rate of COVID-19 cases is associated with daily CO2

emission reduction of 0.22% ± 0.02% using statistical data for energy consumption
or 0.20% ± 0.02% using satellite data for nitrogen dioxide
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- The swift action of China in activity control, indicated by a 23% reduction in CO2

emissions by the end of February 2020, is effective in limiting the number of COVID-
19 cases <100,000

- This study establishes an integrated modeling approach to quantify both the costs
and benefits of activity control, and therefore could provide timely and
comprehensive information for the global crisis management during the COVID-19
pandemic
ll www.cell.com/the-innovation
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Lockdown measures are essential to containing the spread of coronavi-
rus disease 2019 (COVID-19), but they will slow down economic growth
by reducing industrial and commercial activities. However, the benefits
of activity control from containing the pandemic have not been exam-
ined and assessed. Here we use daily carbon dioxide (CO2) emission
reduction in China estimated from statistical data for energy consump-
tion and satellite data for nitrogen dioxide (NO2) measured by the Ozone
Monitoring Instrument (OMI) as an indicator for reduced activities
consecutive to a lockdown. We perform a correlation analysis to show
that a 1% day�1 decrease in the rate of COVID-19 cases is associated
with a reduction in daily CO2 emissions of 0.22%± 0.02%using statistical
data for energy consumption relative to emissions without COVID-19, or
0.20% ± 0.02% using satellite data for atmospheric column NO2. We es-
timate that swift action in China is effective in limiting the number of
COVID-19 cases <100,000 with a reduction in CO2 emissions of up to
23% by the end of February 2020, whereas a 1-week delay would have
required greater containment and a doubling of the emission reduction
to meet the same goal. By analyzing the costs of health care and fatal-
ities, we find that the benefits on public health due to reduced activities
in China are 10-fold larger than the loss of gross domestic product. Our
findings suggest an unprecedentedly high cost of maintaining activities
and CO2 emissions during the COVID-19 pandemic and stress substan-
tial benefits of containment in public health by taking early actions to
reduce activities during the outbreak of COVID-19.

KEYWORDS: COVID-19 PANDEMIC; CARBON EMISSION; ENERGY
CONSUMPTION; SOCIAL CARBON COST; CONTAINMENT EFFICACY;
PUBLIC HEALTH; CORRELATION ANALYSIS; INTEGRATED MODEL

INTRODUCTION
China responded to the outbreak in 2019 of a novel coronavirus (2019-

nCoV) in Wuhan City by enforcing restrictions on mobility and activity.1 The
actions, including a travel ban and the lockdown of most commercial and
industrial activities, have caused a recession in the economy and hence
reduced emissions of CO2 and other pollutants,2,3 while they played a key
role in containing the pandemic in China.4,5 An epidemiological model sug-
ll
gests that the Wuhan travel ban and the national emergency response led
to a reduction in the number of coronavirus disease 2019 (COVID-19) cases
outside Wuhan City in China from 744,000 to 30,000 during the first
50 days following the outbreak.6 The relationship between the strength of
the measures taken and the containment of COVID-19, however, has not
yet been addressed; it is unclear to what extent the size of the pandemic
and the economic costs would have been different if these activities emit-
ting CO2 had been maintained to protect the economy through the COVID-
19 pandemic.

Evaluating the containment's efficacy is critical to designing effectivemea-
sures curbing the spread of COVID-19 infection.7 Efforts have been made to
estimate CO2 emission reduction during the pandemic using statistical activ-
ity data as a bottom-up method,8,9 or using satellite-observed nitrogen diox-
ide (NO2) retrieval dataas a top-downmethod.10,11 These efforts provided the
first data for quantifying the impact of COVID-19 on pollutant emissions.8–11

To complement these studies, we investigate the relationship between the
daily rate of COVID-19 cases and the daily CO2 emission reduction as an in-
dicator for activity control. We examine and confirm the hypothesis that the
stronger the control measures are, the greater is the reduction of daily CO2

emissions, and the lower is the daily rate of new COVID-19 cases. Although
our correlation analysis is performed by province in China, an analysis at a
higher spatial resolution is possible when the finer data for COVID-19 cases
are released (e.g., at a county level), given that our data for daily CO2 emis-
sions are available at a resolution of 0.25� 3 0.25� in space. We answer
the questions of what would have been the number of COVID-19 cases if
we had taken stronger (or weaker) measures to produce a greater (or lower)
reduction in CO2 emissions, or if these measures had been taken earlier (or
later). We address the public-health costs of maintaining activities and CO2

emissions through the COVID-19 pandemic. While awaiting comprehensive
assessments from integrated models on the full impacts of COVID-19 on
the economy, our study allows to estimate the public-health benefits of con-
taining the pandemic. Our findings are important to document the efficacy of
lockdownmeasures taken byChina in limiting the spread of COVID-19, to pro-
vide guidance on the timing and strength of containment, and to elucidate the
public-health benefits of measures aimed at containing COVID-19 with
reduced economic activities.
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Bottom-up and top-down methods are both used here to estimate the
CO2 emission reduction during the COVID-19 pandemic (see Figure S1
for a schematic of our approach, and Materials and Methods for details).
Following a bottom-up method in the literature,8,9 we compiled energy con-
sumption data for residential, industrial, and mobile activities, and estimated
the monthly CO2 emissions from each source. However, the lack of daily
energy data renders the statistical data subject to inaccuracies in fuel con-
sumption and composition.12 Following a top-down method in the litera-
ture,10,11 the daily changes in CO2 emissions were estimated to agree
with the changes in the observed NO2 column concentration. NO2 is co-
emitted with CO2 from the combustion of fossil fuel and other fuels. In
particular, the short-term variation (e.g., day to day) is dominated by anthro-
pogenic emission activities, because the atmospheric lifetime of NO2 is
generally less than 24 h.13 The relatively short lifetime of NO2 allows the
use of NO2 column concentration variations as an indicator of CO2 emis-
sions,14,15 energy consumption,16 and economic activities,17 and the activity
level to be linked with COVID-19.13,18,19 The bottom-up method can esti-
mate the activity change in each sector and is thus subject to biases if
data in individual sectors are missing. By contrast, the top-down method
can estimate the activity change in all sectors based on the observed
NO2 column concentration, but the activity changes in different sectors
are unknown. We confront both methods to examine the impact of different
data sources on our conclusion and to strengthen results compared with
relying on a single data source.8,9
RESULTS
Reduction in CO2 Emissions in 2020 Relative to the Same Months in
2016–2019

The official annual energy consumption is not yet available for China from
2018 to 2020, nor is the official monthly energy consumption from 2016 to
2020. To circumvent this difficulty, we predicted the monthly energy con-
sumption and CO2 emissions for January–May 2016–2020 and December
2015–2019 based on 420 regressionmodels of energy consumption against
activities for 1997–2017 in 14 sectors and 30 provinces (details of the sec-
tors, types of activity, and data sources are provided in Table S2, and all
data are provided in Data S1). Because the Wuhan travel ban in China was
enforcedon23 January 2020,1we assumed that COVID-19 didnot contribute
to an increase in CO2 emissions in December 2019 of 4% ± 7% (average ±

standard deviation in 30 provinces) relative to 2015–2018. Monthly emis-
sions before 2020 were detrended to match those in 2020 (Materials and
Methods). We used a difference-in-difference method to define an emission
confinement factor (ECF) as:

ECFmh =
Emh;2020

Emh;2016�2019

,
E0h;2015�2018

E0h;2019

(Equation 1)

where m is a month and h is a province. Emh;2020 and Emh;2016�2019are the
monthly detrended CO2 emissions for 2020 and the detrended average for
2016–2019, respectively. E0h;2019 and E0h;2015�2018are the detrended CO2

emissions for December 2019 and the detrended average for December
2015–2018, respectively. China's CO2 emissions fell by 15% in January–
February, 10% in March, 5% in April, and 2% in May 2020 relative to the
same months in 2016–2019 (Figure 1). The emission reduction in January–
February 2020 was largest in the transportation sector (36%), followed by
the services (34%), power (13%), industrial (12%), and residential sectors
(4%), in line with previous studies.8,9 We estimated the reduction in China's to-
tal CO2 emissions to be 12%± 3% in the first quarter of 2020 relative to 2016–
2019, which straddles the two previous estimates of 11.3% and 10.3%.8,9
Change in NO2 Column Concentration in 2020 Relative to the Same
Months in 2016–2019

A daily dataset of NO2 column concentration was retrieved from the back-
scattered radianceandsolar irradiancemeasuredby theOzoneMonitoring In-
2 The Innovation 1, 100062, November 25, 2020
strument (OMI) onboard the NASA Aura satellite platform at a spatial resolu-
tion of 0.25� 3 0.25� (SupplementalMethods).21 However, the NO2 lifetime is
not constant,22which disturbs the relationship between the retrievedNO2 col-
umn concentration and activities, while there is an inter-annual trend in the
concentration.15,19 NO2 column concentration is temporally correlated with
precipitation, temperature, pressure, height of the boundary layer, wind speed,
meridional and zonal wind speeds, relative humidity, and ozone column con-
centration (Figure S2). To attribute changes in NO2 column concentrations to
COVID-19, we detrended the daily NO2 column concentrations in 2016–2019
to match those in 2020, adjusted for the impact of daily meteorology for
2016–2020, and weighted the concentrations by gridded CO2 emissions to
represent a change in a given province (Supplemental Methods). The de-
trended and meteorologically adjusted NO2 column concentrations had
decreased by 54% inWuhan, 45% in Beijing, 19% in Shanghai, 61% inGuangz-
hou, and 47% nationally during the first 30 days immediately following the
2020 Wuhan travel ban relative to the period of 2020 before the ban (Fig-
ure S3). Therefore, we define a concentration confinement factor (CCF) as:

CCFhj =
Chj;2020

Chj;2016�2019

,
Ch0;2016�2019

Ch0;2020

(Equation 2)

where h is a grid point or a province and j is a day. Chj;2020 and Chj;2016�2019

are the detrended andmeteorologically adjustedNO2 column concentrations
as 7-day moving averages around day j in 2020 and for the same 7-day pe-
riods in 2016–2019 after excluding the minima and maxima, re-
spectively. Ch0;2020 andCh0;2016�2019 are the detrended and meteorologically
adjusted concentrations averaged from January 1t to January 22 before the
Wuhan travel ban (23 January) in 2020 and the same days in 2016–2019 af-
ter excluding the minima and maxima. This method allows the estimation of
NO2 concentration changes due to COVID-19 after correcting for the impact
of meteorology,13 temporal trends,19 and inter-annual variabilities.18

The NO2 column concentration fell sharply after the Wuhan travel ban,
to reach a maximum reduction during the first 30 days of 80% in Wuhan,
54% in Beijing, 60% in Shanghai, 70% in Guangzhou, and 50% nationally
(Figure 2A). This reduction is close to a recent estimate of 48% over
China using NO2 tropospheric vertical column density retrieved from
both the OMI and the Tropospheric Monitoring Instrument (TROPOMI),
of which the latter offers a higher spatial resolution (0.05� 3 0.05�) but
for a shorter period (2019–present).18,19 The stronger impacts of
COVID-19 are associated with the lower CCFs in provinces closer to Wu-
han (Figure 2B), with a lag effect of CCF on daily new COVID-19 cases
(Figure 2C). CCF is lower in cities closer to Wuhan City or with larger pop-
ulations, where the impact lasted to the end of February (Figures 2D and
2E). Considering the day-to-day variability, we defined the probability of
having a given daily concentration lower in 2020 than in 2016–2019 as
the percentile of the 7-day average concentration centered on this given
day in 2020 among those of the same 7-day periods for 2016–2019.
These probabilities are mapped onto the national emission-weighted
average concentration (Figure 2A). This probability is greater than 50%
for 29, 29, and 17 days out of 30 days in the first, second and third 30-
day periods following theWuhan travel ban, respectively, which is consis-
tent with a progressive return of activity and CO2 emissions.8,11
Spatial Distributions of Changes in NO2 Column Concentration and
CO2 Emissions

Figure 3 compares the spatial distribution of NO2 column concentration
changes (CCF) during the COVID-19 pandemic with that of CO2 emission
reduction (ECF) for the same months. The analysis of NO2 column concen-
trations and of our bottom-up CO2 emissions for January–February 2020
shows a decrease by >10% relative to 2016–2019 in 26 and 22 provinces
respectively. CCF in January–February 2020 is lowest in Shandong (0.60),
Anhui (0.62), and Henan (0.63) based on satellite retrievals. In contrast,
ECF is lowest in Hubei (0.67), Zhejiang (0.70), and Guizhou (0.73) based on
www.cell.com/the-innovation
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Figure 1. Changes in Activity-BasedMonthly CO2 Emissions in 2020 Relative to 2016–2019 ECFs are derived frommonthly CO2 emissions in the power (A), industrial (B),
transportation (C), residential (D), and services (E) sectors, with the total for all sectors (F) by province. To estimate CO2 emissions, energy consumption is predicted by
sector with a bottom-up method based on 28 activity changes and 420 regression models between energy consumption and activity (see Data S1 and S2 for data and
regression models). The activity data are compiled as a total for January and February, so the data for January and February are considered together. Only 30 provinces in
China are considered, and not Tibet, Hong Kong, Macau, and Taiwan due to a lack of data. The colors of the lines change from red to blue as the distance fromWuhan City
increases. Our estimate is compared with two previous bottom-up estimates, which are indicated by arrows.8,9 Many activities are constrained during the COVID-19
pandemic, but energy consumption rose in the production of medical equipment or products such as facial masks and ventilators,20 which increased CO2 emissions in the
power and industrial sectors in some provinces (e.g., Shanxi, Hunan, and Guangxi).
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activity data, and the reduction in the southwest and southeast is likely due to
a strong contraction of the mobile and industrial activities.1

A comparison of CCFs and ECFs by province is provided in Table S1. The
relative deviation of CCFs versus ECFs averaged�12% for 30 provinces, with
a standard deviation of ±14% for January–February 2020. The likely cause
for this deviation is the variable atmospheric lifetime of NO2, which influences
the relationship between NO2 column concentration and CO2 emissions,22

while the ratio of NO2 emissions to CO2 emissions differs due to different
emission factor ratios by sector.11 CCF in China rose from 0.74 ± 0.09 in
January–February to 0.80 ± 0.13 in May as the total number of local
COVID-19 cases fell to 58 cases in the whole month of May,1 while ECF
rose from 0.84 ± 0.08 to 0.98 ± 0.09. These results suggest that satellite-
based NO2 column concentration should be used together with energy con-
sumption statistics to guide decisions related to reduced economic activities
and CO2 emissions.

Correlation between the Daily Rate of COVID-19 Cases and CO2

Emission Reduction
We performed an analysis of the correlation between the daily rate of

new COVID-19 cases and the total daily CO2 emission reduction from 1
January to a given day (Materials and Methods). The rate of new
COVID-19 cases is estimated in a 7-day moving window using a loga-
ll
rithmic method as (dN/dt)/N,23 where N is the number of new daily
confirmed local cases. Detailed statistics of the correlation analysis
by province are listed in Table S3. We found a significantly lowered
daily rate of new COVID-19 cases correlated with a greater reduction
in total daily CO2 emissions over January–May 2020. A decrease in
the rate of COVID-19 cases by 1% day�1 is associated with a total
reduction in daily CO2 emissions by 1%/4.57 = 0.22% relative to emis-
sions without COVID-19 in Hubei (including Wuhan City) (R2 = 0.76, p <
0.001), in Guangdong by 1%/9.29 = 0.11% day�1 (R2 = 0.50, p < 0.001),
and in Henan by 1%/7.97 = 0.13% day�1 (R2 = 0.73, p < 0.001) with the
bottom-up method; and by 1%/5.70 = 0.18% day�1 (R2 = 0.75, p <
0.001), 1%/8.05 = 0.12% day�1 (R2 = 0.52, p < 0.001), and 1%/6.08 =
0.16% day�1 (R2 = 0.74, p < 0.001), respectively, with the top-down
method (Figure 4). The intercept of the regression line is highest in Hu-
bei (including Wuhan City), and is associated with the lowest regression
slope, indicating that greater efforts and further reduction in activities
are necessary to halt the increase in new COVID-19 cases, consistent
with the strongest control measures taken by Hubei among all prov-
inces in China.6,24 These relationships are used to simulate the evolu-
tion of the pandemic under a set of artificial scenarios when the
strength and timing of interventions are changed relative to those un-
der the actual scenario (Materials and Methods).
The Innovation 1, 100062, November 25, 2020 3
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Figure 2. Changes in Satellite-Based Daily NO2 Column Concentration in 2020 Relative to 2016–2019 (A) Fluctuations of CCFs with respect to the date of the Chinese
Spring Festival (25 January) in Wuhan (blue), Beijing (red), Shanghai (purple), Guangzhou (green), and China (black). The estimate based on the original concentration is
indicated by a dashed line, and the detrended estimate based on the meteorologically corrected concentration is indicated by a solid line. The probability of having a lower
emission-weighted average concentration over China in 2020 than in 2016–2019 is indicated by the shaded area. The starting day of theWuhan travel ban (23 January) and
the last day of the level I emergency response in Guangzhou (24 February), Shanghai (24 March), and Beijing (30 April) are marked by arrows. (B and C) CCFs are shown in
(B), while the numbers of daily new COVID-19 cases are shown in (C) for each province and for China. The colors of the lines change from red to blue as the distance from
Wuhan City increases. The black line depicts China. (D and E) CCFs for 262 Chinese cities ranked by population (D) and the distance from Wuhan City (E), obtained from
published data.6
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Figure 3. Spatial Distribution of Changes in Satellite-Based NO2 Column Concentration and Activity-Based CO2 Emissions The CCF and ECF are mapped for January–
February (A and E), March (B and F), April (C and G), and May (D and H) as inputs to the bottom-up (A–D) and top-down (E–H) methods. The inset bar charts provide a
comparison between CCFs and ECFs in (A–D) for the five provinces with the highest total number of COVID-19 cases (Hubei, Guangdong, Henan, Hunan, and Zhejiang) and
in (E–H) for the five provinces with the lowest CCFs (Shandong, Tianjin, Shanxi, Hebei, and Anhui) in January–May 2020. The error lines in the bar charts denote the standard
deviations of daily CCFs in a given month. White indicates grid points with missing data.
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DISCUSSION
Dependence of the Number of COVID-19 Cases on the Timing of
Interventions

Wesimulated the increase in the daily rate of newCOVID-19 cases by prov-
ince based on the relationships from Figure 4 under artificial scenarios with
total CO2 emissions reduced by different percentages or at different time
scales (Supplemental Methods). The seasonality in CO2 emissions is gener-
allyweak inChina (~2.5%higher in December thanMay),25 hence the relation-
ship in Figure 4 is rather insensitive to the month in that period. We focused
ll
on analyzing the evolution of the pandemic by the end of February, because
there is a significant seasonal variation in the transmission of COVID-19,
which had not beenmodeled in this study.4 This should not affect our conclu-
sion, since the number of local cases in China was low after March (Fig-
ure 2B). There are confounding factors that influence the spread of COVID-
19, such as facial masking,26 social distancing,27 school re-opening,28 and
the test-trace-isolate strategy.29 However, the lockdown measures in China
are suggested to be a dominant factor in containing COVID-19,6,7,30 because
strict lockdown in China was taken until the number of cases was controlled
The Innovation 1, 100062, November 25, 2020 5
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Figure 4. Correlation between the Daily Rate of Cases and the Total Daily CO2 Emission Reduction The daily rate of new cases, estimated in a 7-day moving window, is
plotted against the total daily CO2 emission reduction in January–May 2020. The total daily CO2 emission reduction from 1 January 2020 to a given day is presented as a
percentage of the predicted reference emissions for January–May 2020without COVID-19 (Equations 8 and 9) in Hubei (A), Guangdong (B), Henan (C), Beijing (D), Shanghai
(E), and all provinces (F). The estimate of daily CO2 emission reduction with a bottom-up or top-downmethod is shown in red and blue, respectively. The function of a least-
square linear regression and the coefficient of determination (R2) are given in each plot.
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to a low level nationwide by the end of February.While we cannot exclude the
impact of confounding factors in our analysis, there is an acceptable agree-
ment when the predicted daily cases are compared with the observations,
with the exception of an outlier on 12 February 2020 (Figure 5). This outlier
is confirmed to correspond with a change in diagnostic criteria.1 Because
there are no data to consider the impact of changing the diagnosis standard
(e.g., from clinical to RNA test), it is likely that a higher number of subclinical
COVID-19 cases during the early period in the outbreak1,30,31 would lead to an
underestimation of the effect of reducing CO2 emissions on containment of
COVID-19. For countries with inconsistent pandemic control policies, these
confounding factors could play an important role in the pandemic and should
be considered in future studies.32

As shown in Figure 5, the bottom-up and top-down methods returned
consistent results for the increase in the number of COVID-19 cases
when the interventions were delayed. For example, there would be 450 ±

1,070 cases day�1 (as 95% confidence interval [CI]) under the actual sce-
nario by the end of February 2020, compared with 280 ± 830 or 730 ±

1,410 cases day�1 if the starting day of interventions had been enforced
by 1 day earlier or later relative to the actual scenario, respectively (Fig-
ure 5A). The sensitivity of total COVID-19 cases in January–February
2020 to the start of interventions is 10,200 ± 5,600 cases (1-day delay)�1

on 20 January, which represents one-tenth of 103,600 ± 50,000 cases
(1-day delay)�1 on 30 January (Figure 5C). These sensitivities agree with
a previous study predicting that the number of COVID-19 cases would be
more sensitive to the control measures at an earlier stage of the
pandemic.24 2019-nCoV in China was clinically identified to be spreading
between humans on 19 January, which was only 1 day before COVID-19
was announced to be a class B disease and 3 days before the Wuhan travel
ban.1 Our results confirm that these early actions taken by the Chinese gov-
ernment averted >100,000 COVID-19 cases relative to a scenario with a
delay of 1 week (Figures 5C and 5D).6,33
6 The Innovation 1, 100062, November 25, 2020
Dependence of the Number of COVID-19 Cases on the Strength of
Interventions

Early action on 23 January was critical in limiting the number of COVID-19
cases in January–February 2020 to 81,106 cases, comparedwith our predic-
tion of 79,000 cases as a central model estimate (45,300–137,700) with a
bottom-up method or of 80,000 cases (46,700–135,500) with a top-down
method under the actual scenario (Figure 6). If the interventions were taken
after 24 January under the same emission reduction of 12% (bottom-up) or
23% (top-down) as the actual scenario, total COVID-19 cases in China in
January–February 2020 would have exceeded 100,000. Many activities
were constrained, but additional energy consumption rose from the produc-
tion ofmedical equipment such as facial masks and ventilators.20 If the inter-
ventions had been delayed by 1 week, enhancement of the strength of
containment required to limit COVID-19 cases below 100,000 in January–
February would have increased China's CO2 emission reduction from 11%
to 21% (as a difference between the two methods) to 26%–50% (Figures
6G and 6H), henceforth causing greater damage to the economy.

Economic Losses and Gains from Reducing Activities during the
COVID-19 Pandemic

The social costs of CO2 emissions are conventionally considered to stem
from the economic damage caused by release of CO2 into the atmosphere
and the subsequent climate change.34 We defined the public-health costs
of CO2 emissions during the COVID-19 pandemic as a sum of the health-
care cost for cured cases and the mortality cost for fatal cases if activities
and CO2 emissions are maintained, which will cause an increase in the daily
rate of COVID-19 cases following the relationship shown in Figure 4. It should
be noted that these public-health costs only exist during the epidemic and
disappear when the pandemic is terminated. We estimated the costs of
health care and fatalities using a Monte Carlo approach (Materials and
Methods).35,36 The public-health costs of increased COVID-19 cases due to
www.cell.com/the-innovation
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Figure 5. Sensitivity of the Daily Rate of COVID-19 Cases to
the Starting Day of Interventions (A and B) The predicted
daily rate of cases from 15 January to 29 February 2020 in
China based on an estimate of total daily CO2 emission
reduction as an indicator for activity control with a bottom-
up (A) or top-down (B) method is compared with the
observed value on each day. To show the effect of
containment, simulations are run under artificial scenarios
by changing the starting day of the interventions to 1, 3, and
7 days earlier or later than 23 January (dashed lines) (Sup-
plemental Methods). The day confirming the spread of 2019-
nCoV between humans (19 January) is indicated by a yellow
line, and the starting day of the Wuhan travel ban (23
January) is indicated by a green line. The outlier on 12
February (red dot) consists of a surge in cases due to a
change in diagnostic criteria.1 The shaded areas indicate the
95% CIs. (C and D) Dependence of the number of total cases
in January–February 2020 on the starting day of in-
terventions in Hubei (including Wuhan City), Guangdong,
Henan, and all provinces in China based on estimate of CO2
emissions with a bottom-up (C) or top-down (D) method.
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maintaining CO2-emitting activities amount to $740 (95% CI, $400–$1,100) t
CO2

�1, per tonne of CO2, on the first day of theWuhan travel ban (23 January)
with a top-down method, which decrease over time as the pandemic is con-
tained (Figure 7A). These costs are lower with a bottom-up method ($600 [t
CO2]

�1 on 23 January), which predicted a lower sensitivity of the rate of new
COVID-19 cases to the percentage of reduction in CO2 emissions (Figure 4).
These public-health costs would amount to $4.3 trillion–$5.0 trillion (when 1
trillion = 1012) under an artificial scenario maintaining CO2 emissions to pro-
tect the economy, which drops to $27 billion–$28 billion under the actual sce-
nario (Figure 7B). The cost curve becomes flatter when CO2 emissions are
further reduced, indicating a decline in the efficacy of the containment. We
compared the public-health costs associated with a quintile of actual CO2

emission reduction with the direct reduction in gross domestic product
(GDP) (Figure 7C). The public-health costs associated with the first quintile
of CO2 emission reduction ($3.6 trillion–$4.0 trillion) are nearly 8-fold larger
than the direct loss of GDP in the first quarter of 2020 relative to 2016–
2019 ($450billion). The public-health costs associatedwith the fourth quintile
of CO2 emission reduction ($50 billion–$60 billion) are less than one-fifth of
the GDP loss. These results confirm that interventions, using CO2 emissions
as an indicator could have generated greater benefits than the economic loss
in the short term.7
Policy Implications
We perform a correlation analysis to confirm that the daily rate of new

COVID-19 cases is lower when more activities and CO2 emissions are con-
tained in China asmeasured using both statistical data for energy consump-
tion and satellite retrievals of NO2 column concentration. These relationships
lead to substantial public-health costs ofmaintaining activities andCO2 emis-
sions in the pandemic of COVID-19; avoiding these costs by the control pol-
icies in China creates substantial benefits 10-fold larger than the loss of GDP
in the first quarter of 2020. The peak of the COVID-19 pandemic is likely
higher in the winters of 2020 and 2021 than in 2019,37 with a potential resur-
gence as far into the future as 2025,4 while the impact of COVID-19 will inev-
itably last for years or even decades.38 Low oil prices and low interest rates
during the pandemic are also likely to continue for years.39 On the positive
side, a rising social cost of CO2 emissions would create an opportunity to
decarbonize the energy system under a shrinking supply of carbon-emitting
energy, an increasing demand for high-tech industries, and the pursuit of a
lifestyle that consumes less energy. On the negative side, the expense of con-
taining the pandemic consumes energy for medical equipment production20
ll
and competes for investments in renewable energy.40 The pandemic caused
a decline in CO2 emissions in the first quarter of 2020, but these emissions
will increase in the long term as the economy recovers and social activities
are re-opened; if CO2 emissions had been maintained during the pandemic,
the emissions would be lower in the long term when the economy would
collapse. The same could occur in the event of disastrous climate change.41

When considering the impact of COVID-19, an integrated approach is essen-
tial and urgently needed; public health can no longer be separated from either
climate change or human society. Our study using a geographicmethod sug-
gests an unprecedentedly high cost of maintaining activities and CO2 emis-
sions during the COVID-19 pandemic and confirms the effects of China's
swift actions by saving human lives and substantial public health costs.

MATERIALS AND METHODS
Daily Confirmed Local COVID-19 Cases in 30 Provinces

We constructed a dataset of daily local cases of COVID-19 by excluding the im-
ported cases in China from 15 January to 31 May in 2020 in three steps. First, in the
period from 12 March to 31 May, we compiled the imported and local cases of
COVID-19 infection from the National Health Commission of the People's Republic
of China (NHC) (http://www.nhc.gov.cn/xcs/xxgzbd/gzbd_index.shtml), which distin-
guished the local cases from the imported cases of COVID-19 on each day. Second, in
the period from 1March to 11March, we compiled the total cases of COVID-19 infec-
tion from theNHC (http://www.nhc.gov.cn/xcs/xxgzbd/gzbd_index.shtml), without in-
formation on either imported or local cases. To identify the local cases, we compiled
the imported cases of COVID-19 on each day released by the new crown epidemic
daily analysis report (NCER) (https://datanews.caixin.com/interactive/2020/
pneumonia-h5/#live-data). Third, in the period from 15 January to 29 February, the
NHCandNCER released the local cases of COVID-19 inHubei province. For other prov-
inces, we compiled the local cases of COVID-19 from the Harvard dataset (https://
dataverse.harvard.edu/dataverse/2019ncov). To estimate the relationship between
the daily rate of new COVID-19 cases and CO2 emission reduction, we analyzed the
number of daily local cases after excluding these cases imported from regions out
of China's mainland.

Monthly CO2 Emissions by Province and Sector during 2016–2020
Because official statistical data for annual energy consumption in China has not yet

been released for the years after 2017, and monthly energy consumption is not avail-
able, we needed the prediction of energy consumption by month from 2016 to 2020 to
estimate themonthly CO2 emissions as a bottom-up method. In two recent studies,8,9

CO2 emissions in 2020were predicted by scaling the annual emissions in earlier years
(most original data are obtained for 2017, and are extended to 2019 using preliminary
or forecast data; see details in Friedlingstein et al.42) withmonthly sector-specified ac-
tivity data to estimate CO2 emissionsglobally. In thesestudies, the underlying assump-
tion is that the ratio of emission rate to activity is a constant. Different from the scaling
method,8,9 we (1) developed 420 regression models between the annual energy
The Innovation 1, 100062, November 25, 2020 7

http://www.nhc.gov.cn/xcs/xxgzbd/gzbd_index.shtml
http://www.nhc.gov.cn/xcs/xxgzbd/gzbd_index.shtml
https://datanews.caixin.com/interactive/2020/pneumonia-h5/#live-data
https://datanews.caixin.com/interactive/2020/pneumonia-h5/#live-data
https://dataverse.harvard.edu/dataverse/2019ncov
https://dataverse.harvard.edu/dataverse/2019ncov


A B

C D

E F

G H

Figure 6. Dependence of the Number of COVID-19 Cases
on the Strength and Timing of Interventions (A and B)
Comparison of the simulated and observed numbers of
COVID-19 cases in January–February 2020 based on an
estimate of CO2 emissions as an indicator for human activity
with a bottom-up (A) or top-down (B) method. The number of
cases is predicted by province, and the sum for all provinces
is indicated by a red dot. (C–H) Prediction of the number of
COVID-19 cases in January–February 2020 under a given
starting day and the percentage of CO2 emission reduction
as an indicator of reduced human activity in Hubei (C and D),
other provinces (E and F), and China (G and H). The actual
starting day and percentage of CO2 emission reduction are
indicated by red pentagrams.
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consumption and the annual activity data over the 21 years of 1997–2017 in 14 eco-
nomic and production sectors (listed in Table S2) in 30 provinces (a total of 143 30 =
420 regression models, of which the original data are given in Data S1); and (2) pre-
dicted the monthly energy consumption in January–May over 2016–2020 based on
the monthly activity data in January–May of 2016–2020 using these 420 regression
models. To compile the annual data for energy consumption and activities over the
21 years of 1997–2017, we selected 30 provinces in China by excluding Tibet, Hong
Kong, Macau, and Taiwan due to lack of data. The procedures for compiling energy
data are provided in the Supplemental Methods. Based on energy consumption in
the 15 sectors (one sector is the remaining sectors other than the 14 sectors in Table
S2) and cement production over 2016–2020, monthly bottom-up CO2 emission (Emt)
was estimated as:

Eoriginal
mt =

X30
h=1

Eoriginal
mth =

X30
h=1

X16
s= 1

Eoriginal
mths =

X30
h= 1

X16
s= 1

X3
q= 1

�
Jmthsfmthsqeqgq

�
(Equation 3)
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wherem is amonth, t is a year, h is a province, s is a sector, q is a type of fuel (1–3 for coal, oil,
and gas, respectively), Jmths is the energy consumedor cement produced, fmthsq is the fraction
of energy q in energy consumption as an average for 2016–2017 based on the energy data
released by the National Bureau of Statistics of China (1 for cement production),43 eq is the
emission factor, and gq is the oxygenation efficiency (1 for cement production). To estimate
emissions, we applied anemission factor of 96.6 t CO2 (TJ coal)

�1, 69.4–77.4 t CO2 (TJoil)
�1,

56.2–78.9 t CO2 (TJ gas)�1 and 0.2916 t CO2 (t cement production)�1, and oxygenation effi-
ciency of 74%–90% for coal, 96% for oil, and 91%–98% for gas.44 The estimatedmonthly CO2

emissions over 2016–2020 in 30 provinces are provided in Data S2.
To show the impact of COVID-19 on CO2 emissions in 2020, the estimated CO2

emissions were detrended by removing a temporal trend over 2016–2019 that best
fits the data in the least squares sense (https://ww2.mathworks.cn/help/ident/ref/
detrend.html) as:

Edetrended
mths = Eoriginal

mths +4mhs,ð2020� tÞ (Equation 4)
www.cell.com/the-innovation

https://ww2.mathworks.cn/help/ident/ref/detrend.html
https://ww2.mathworks.cn/help/ident/ref/detrend.html
http://www.cell.com/thennovation


A

B

C

Figure 7. Economic Costs and Benefits of Containment during the COVID-19
Pandemic (A) Using an estimate of CO2 emissions as an indicator for human ac-
tivity in 2020 with a bottom-up (red) or top-down (blue) method, the marginal costs
of health care for cured cases (dotted line) and of mortality for fatal cases (dashed
line) in January–May are estimated when one additional tonne of CO2 is emitted to
show the impact of maintaining activity on a given day between 20 January and 29
February in each province. The averagemarginal costs in China are calculated as an
average weighted by provincial CO2 emissions (Materials and Methods). (B) The
total costs of health care and mortality in a set of artificial scenarios, where actual
daily CO2 emission reduction is multiplied by a constant value (e.g., 0 indicates no
intervention, and 2 indicates interventions at a doubled strength) in January–May
2020. (C) Comparison of the public-health costs associated with a quintile of the
actual daily CO2 emission reduction to the direct loss of GDP (Materials and
Methods). The bar for 100%–120% indicates an artificial scenario with 20% more
CO2 emissions reduced than the actual scenario. To assess the uncertainty in our
estimate, we ran 10,000 Monte Carlo simulations, of which the median is indicated
as a central estimate (line or bar) and the 95% CI is indicated as the uncertainty
(shaded area or error line).
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where t is a year, and 4mhs is the linear regression slope of Eoriginal
mths against year t.

A Dataset of Satellite-Based NO2 Column Concentration Corrected for the
Annual Trends and Impacts of Meteorology

We compiled a dataset of daily NO2 column concentration at a resolution of 0.25�

3 0.25� from satellite retrievals and ninemeteorological variables from global re-anal-
ll
ysis data (see detailed sources of data in the Supplemental Methods). To identify the
impact of COVID-19, we corrected for inter-annual trends and the impact of meteoro-
logical changes in the temporal trend of NO2 column concentration in three steps.
First, log10-transformed NO2 column concentration was detrended by removing in-
ter-annual trends over 2016–2019 that best fit the data in the least squares sense
(https://ww2.mathworks.cn/help/ident/ref/detrend.html) as:

log10C
detrended
ijt = log10C

original
ijt +fi,ð2020� tÞ (Equation 5)

where i is a grid, j is a day, t is a year, Coriginal
ijt is NO2 column concentration retrieved from the

satellite, and fi is the coefficient in the regression of the log10-transformed NO2 column con-
centration against the year t.

Second, for each grid, the detrended log10-transformed NO2 column concentration
was regressed against the detrendedmeteorological variables (Mj,itk, k = 1 to 9 for tem-
perature, pressure, relative humidity, wind speed, zonal wind, meridional wind, atmo-
spheric precipitable water content, boundary layer height, and ozone column concen-
tration). Correlation coefficients between log10C

detrended
ijt and daily meteorological

variables are mapped in Figure S2. Given the correlation between log10C
detrended
ijt and

daily meteorological variables, we adopted a partial-least-square regression using a
lag model as:45

log10C
detrended
ijt =

X3
t = 0

X9
k = 1

ðct;ik ,Mj�t;itkÞ+bi« (Equation 6)

where i is a grid, j is a day, t is a year, k denotes onemeteorological variable, t is the lag day in
the effect of meteorology on concentration (e.g., t = 3 denotes the meteorological variables
on 3 days before day i), ct,ik is a regression coefficient, and bi is a constant.

Third, log10-transformed NO2 concentration corrected for the impact of meteo-
rology (Cijt) can be derived as:

log10Cijt = log10C
detrended
ijt +

X3
t = 0

X9
k =1

ct;ik,

�
Mk �Mj�t;itk

�
(Equation 7)

where Mk is the average meteorology over January–May in 2020. The NO2 column concen-
tration is log10 transformed to consider a first-order change in atmospheric physical and
chemical processes.46 For each province, we calculated an average NO2 column concentra-
tion (Chjt, where h is a province) weighted by gridded CO2 emissions (see detailed procedures
in the Supplemental Methods).

Estimation of Daily CO2 Emissions by a Bottom-Up Method
Because the first state-level action of the Wuhan travel ban was released on 23

January, we assumed that COVID-19 did not contribute considerably to changes in
CO2 emissions in December between 2015–2018 and 2019, which serves as a refer-
ence change in the absence of COVID-19. We took the average of daily CO2 emissions
over 2016–2019 as a reference, rather than a specific day. We estimated daily CO2

emissions on a day in 2020 based on the change in concentration, measured as the
CCF (Equation 2). We estimated changes in daily CO2 emissions with COVID-19 rela-
tive to a reference without COVID-19 as:

DEjh = Ejh �E0jh = Emh;2020 ,
CCFhjPnm
j =1CCFhj

�Emh;2016�2019

nm

,
E0h;2019

E0h;2015�2018

(Equation 8)

where j is a day, h is a province,m is amonth, andnm is the number of days inmonthm.Ejhand
E0jh are daily CO2 emissions with and without COVID-19, respectively. Emh,2020 and
Emh;2016�2019are the monthly detrended CO2 emissions in 2020 and the monthly detrended
average for 2016–2019, respectively. E0h;2019and E0h;2015�2018are the detrended CO2

emissions in December 2019 and the detrended average for December 2015–2018,
respectively.

Estimation of Daily CO2 Emissions by a Top-Down Method
We used a top-down method to estimate the change in CO2 emissions due to

COVID-19 based on satellite retrievals of NO2 column concentration. We assumed
that COVID-19 did not contribute considerably to changes in NO2 column concentra-
tion in December between 2015–2018 and 2019, which serves as a reference change
in the absence of COVID-19. We estimated changes in daily CO2 emissions with
COVID-19 relative to a reference without COVID-19 as:

DEjh = Ejh �E0jh = E0jh ,CCFhj �E0jh =
Emh;2016�2019

nm

,
E0h;2019

E0h;2015�2018

,ðCCFhj � 1Þ

(Equation 9)

where j is a day, h is a province, andm is amonth. Ejh and E0jh are the daily CO2 emission rates
with and without COVID-19, respectively. Emh;2016�2019 is the monthly detrended CO2 emis-
sions as an average for 2016–2019. E0h;2019and E0h;2015�2018are the detrended CO2
The Innovation 1, 100062, November 25, 2020 9
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emissions in December 2019 and the detrended average for December 2015–2018, respec-
tively. CCFhj denotes the concentration change on a given day relative to an average of the
same days in 2016–2019, which is calculated by Equation 2.
Relationship of the Epidemic to Daily CO2 Emissions
To simulate the daily evolution of newCOVID-19 cases by province, we developed a

regression model between the percentage of CO2 emission reduction to emissions in
January–May and the daily rate of new cases as:

Vj;h = Bh +Sh,Lj;h (Equation 10)

where j is a day, h is a province, Vj,h is the daily rate of local new cases, Lj,h is total CO2 emis-
sion reduction as a percentage of CO2 emissions in January–May (see Equation 11), Sh is the
slope of the regression, andBh is the intercept of the regression. Provincial Sh andBh are listed
in Table S3. Lj,h was calculated as:

Lj;h =
DTERjh

TER0h

=

Pj
d = 1DEdhP152
d =1E0dh

=

Pj
d = 1ðEdh � E0dhÞP152

d = 1E0dh

(Equation 11)

where d is a day, and 152 denotes the last day (d) for 31May 2020 (d = 1 for 1 January 2020).
DTERjh is total CO2 emission reduction due to COVID-19. TER0h is total CO2 emissions in
January–May without COVID-19. DEdh is change in daily CO2 emissions due to COVID-19.
Edh and E0dh are daily CO2 emissions with or without COVID-19, respectively (Equations 8
and 9).

For each province, the number of daily new COVID-19 cases (N) was predicted as:

Nj + 1;h = Nj;h,expðVj + 1;hÞ (Equation 12)

where j is a day. To initialize the simulation,we obtained the initial number of daily cases (N0,h)
as that from the fourth day after the first infectionwas reported in a province, which was esti-
mated as the average number of daily cases during the three adjacent days with re-
ported cases.

In Figures 5 and 6, we simulated the spread of COVID-19 under a varying starting
day and percentage of emission reduction by modifying Equation 10 into:

Vj;h = Bh +Sh,Lj + n;h,
m

L152;h

(Equation 13)

where n denotes the change of the start day of interventions (n is positive to denote a
delay and negative to show earlier interventions, while n is shown by the vertical axis in
Figures 6C–6F), L152,h is the actual percentage of emission reduction in January–May
(152 denotes 31 May 2020), and m is the tested percentage of emission reduction in
January–May (m is zero for no interventions, while m is shown by the horizontal axis in Fig-
ures 6C–6F).
Estimation of Economic Values
We estimated the public-health costs of CO2 emissions by considering costs of

health care for cured cases and mortality costs for fatal cases during the COVID-19
pandemic. Given the difference in the costs of a cured or fatal case, we divided the
population of COVID-19 cases into nine age groups (0–9, 10–19, 20–29, 30–39,
40–49, 50–59, 60–69, 70–79, and R80 years old). We calculated the public-health
costs in January–May 2020 for each province as:

Th =
X152
d =1

dNdh,

 
cch ,

X9
h=1

sh , Fcc;h + fch,
X9
h=1

dh , Ffc;h

!
(Equation 14)

where h is a province, d is a day, h is an age group, 152 denotes 31May 2020, Nhd is the num-
ber of daily new cases, cch or fch is the fraction of cured or fatal cases during COVID-19 in
each province,47 sh or dh is the fraction of age group h in the confirmed or fatal cases,48

Fcc,h is the unit cost in the course of infection for a cured case,35 and Ffc,h is the unit cost
in the course of infection for a fatal case.36 To estimate the costs of cured or fatal cases
due to maintenance of CO2-emitting activities, we designed a set of artificial scenarios of
CO2 emissions, which are detailed in the Supplemental Methods.

In addition to the public-health costs, the loss of GDP was estimated. We used an
empirical method to estimate the loss of GDP in the first quarter of 2020 based on a
linear regression of GDP in the first quarter over 2016–2019 against years (GDP =
1,871.3t�3,756,238.3, where t is the year).49 The difference between the predicted
GDP in 2020 (23,787.7 billion CNY or US$3,383.7 billion) and the observed value in
2020 (206,504.3 billion CNY or US$2,937.5 billion) was considered as the direct
loss of GDP due to the COVID-19 pandemic (3,383.7�2,937.5 = US$446.2 billion)
(shown as the purple bar in Figure 7C). The quarterly data for GDP for 2016–2020
in 30 provinces in China were compiled from the statistics of the National Bureau
of Statistics of China (NBSC) (https://datanews.caixin.com/interactive/2020/
pneumonia-h5/#live-data).
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Uncertainty Analyses: Monte Carlo Simulations
To assess the uncertainty in the simulation of COVID-19 spread and the costs of

health care and fatalities, we ran 10,000 Monte Carlo simulations where the following
parameterswere varied randomly: (1) the coefficients in the regression of the daily rate
of new cases against CO2 emission reduction, of which 95% CIs were applied (see the
ranges in Figure 4); (2) the number of new cases on the day with the first case
confirmed with 2019-nCoV, which was taken from a normal distribution with the
average and standard deviation of the numbers over the first 7 days; and (3) the costs
in the course of infection for a cured or fatal case (the 95% CIs are listed in Table S5).
We adopted random values for these parameters from their normal distributions in
Monte Carlo simulations. We used the median to indicate the central estimate and
used the 95% CI to indicate the uncertainty range.
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Supplementary Methods 

Monthly energy data by sector and province in China for 2016–2020 

We compiled the annual data of energy consumption over the 21 years of 1997 to 2017 by selecting 

30 provinces in China except for Tibet, Hong Kong, Macau and Taiwan due to lack of data. 

Following a method in the literature,1 the consumption of coal, oil, and gas was collected for 14 

sectors from the National Bureau of Statistics of China,2 which was converted to energy in joules 

using a constant heat value for coal (0.015–0.026 TJ [t coal]-1), oil (0.043–0.044 TJ [t oil]-1), and 

gas (430–3890 TJ [108 m3 gas]-1).1 Annual data of energy consumption over 1997–2017 in 14 

sectors in 30 provinces are listed in Supplementary Spreadsheet S1. 

To estimate the annual data of energy consumption by sector over 1997–2017 and the monthly 

data of energy consumption by sector over 2016–2020, the products produced or services supplied 

(see a list of these activities in Table S2) were compiled from the National Bureau of Statistics of 

China and the Ministry of Transport of the People’s Republic of China.3,4 Since the monthly 

activity data for January and February are given together, activities, energy consumption, and the 

corresponding CO2 emissions in January and February were considered as a total. 

Then, the energy consumption (J) was predicted by month based on the data of activity as: 

Jmths= ∑ αhzAmthz

ns

z=1

+β
hz

 (1) 

where h is a province, s is a sector, m is a month, t is a year, z is one of the predictors (see Table S2 

for a list of predictors used to predict the energy consumption in 14 sectors), ns is the number of 

predictors used to predict energy consumption in the sector, αhz and βhz are coefficients derived 

from regression models (see these coefficients in Supplementary Spreadsheet S1), and Amthz is 

the activity of predictor z in month m. Although the relationship between energy consumption and 

activity may deviate from a linearity in extreme cases, we assumed that linear functions can be 

used when most changes in activities during COVID-19 are within the ranges observed in 

historical data over 1997–2017 as shown in Supplementary Spreadsheet S1. 

For urban/rural residential energy usage and farming, forestry, animal husbandry, fishery, and 

water conservancy sectors, we developed 14×30=420 regression models between annual energy 

consumption and urban or rural population and predicted the annual energy consumption values 

for 2016–2020 by urban or rural population,3 which were evenly allocated to 12 months. For 

wholesale, retail trade and catering services and other service sectors, the annual energy 



 

 

consumption in the 5-year period of 2016–2020 was allocated to 12 months using the monthly 

distribution of production in China.3 

In addition to the 14 sectors listed in Table S2, the remaining sectors contributing 4% of the total 

energy consumption in China were combined into one sector. For this sector, the annual energy 

consumption in 2010–2017 was regressed against year,3 which was used to predict the annual 

energy consumption in 2018–2020. Then, the annual energy consumption was evenly allocated to 

12 months. 

For cement production, monthly activity data in January–May over 2016–2020 and in December 

over 2015–2019 were compiled from the National Bureau of Statistics of China.3 

Daily NO2 columnar concentration and meteorology 

A daily data set of satellite-based NO2 columnar concentration is retrieved from the backscattered 

radiance and solar irradiance at a wavelength of 270 to 500 nm with a spectral resolution of 

approximately 0.5 nm measured by a push broom ultraviolet-visible (UV-Vis) spectrometer in the 

Ozone Monitoring Instrument (OMI) on NASA's Aura satellite platform.5 The daily measurement 

mode of OMI samples the swath width of 2600 km for the complete wavelength range with a nadir 

field-of-view (FOV) resolution of 13 km×24 km (along×across track), which has been shown to 

be stable with minimal degradation over the past 14 years.6 For this study, we used the OMI global 

daily gridded NO2 product version 3.0 (OMNO2d: OMI/Aura NO2 Cloud-Screened Total and 

Tropospheric Column L3 Global Gridded 0.25º×0.25º V3) from the Earth Observing System Data 

and Information System Distributed Active Archive Centers (https://earthdata.nasa.gov/). 

Daily meteorological data were compiled from the Google Earth Engine cloud platform 

(https://developers.google.com/earth-engine/datasets/catalog). The data originate from three 

sources: 1) the relative humidity at 2 m above the ground, meridional wind at 10 m above the 

ground, zonal wind at 10 m above ground, columnar precipitable water content in the air, air 

temperature at 2 m above the ground, and surface wind speed at 10 m above the ground at a 

resolution of 0.25º×0.25º were generated by the Global Forecast System (GFS) operated by the 

National Center for Environmental Predictions (NCEP);7 2) the atmospheric pressure and 

planetary boundary layer height at a resolution of 0.2º×0.2º were generated by the Climate Forecast 

System (CFSv2) and Climate Forecast System Reanalysis (CFSR), respectively, operated by 

NCEP; 7 and 3) the ozone columnar concentration at a resolution of 0.01º×0.01º was measured by 

the Tropospheric Monitoring Instruments (TROPOMI) on the Sentinel-5 Precursor satellite.7 

https://earthdata.nasa.gov/


 

 

Average of NO2 columnar concentration by region 

Given the overlap of high CO2 emissions and high pollutant concentrations in China, we calculated 

an average NO2 columnar concentration weighted by CO2 emissions in each province as:8 

Chjt=
∑ Cijt ∙ Ei

detrended̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅nh

i=1

∑ Ei
detrended̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅nh

i=1

 (2) 

where h is a province, i is a grid, j is a day, t is a year, nh is number of grids in region h, Ei
detrended̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ 

is the gridded CO2 emission averaged in January–May 2016–2019. 

To obtain E̅i, we mapped our bottom-up estimation of CO2 emissions over January–May in 2016–

2019 to a spatial resolution of 0.1º×0.1º, using a global monthly gridded dataset of CO2 emission 

at a resolution of 0.1º×0.1º from the Open-source Data Inventory for Anthropogenic CO2 (ODIAC) 

inventory developed by the Center for Global Environmental Research.9 In this product, the 

authors have disaggregated national CO2 emissions to 0.1º×0.1º grids using satellite-based 

observations of nightlight and global data sets of point sources.10 For each grid, CO2 emission rate 

in January–May over 2016–2019 is calculated as 

Emti
detrended=Emth

detrended Rmi

∑ Rmi
nh

i=1

,  i∈h (3) 

where i is a grid, m is a month, t is a year, h is a province, Rmi is the gridded CO2 emission from 

ODIAC averaged in January–May 2016–2018, nh is the number of grids in province h, and 

Emth
detrended is the detrended CO2 emissions in province h from our bottom-up estimate. 

Artificial scenarios of daily CO2 emissions in 2020 

To estimate the public-health costs of CO2 emissions, we estimated the costs of health care for 

cured cases and mortality costs for fatal cases during the COVID-19 pandemic. Considering the 

difference in the unit cost of a cured or fatal case, we divided the population into nine age groups 

(0-9, 10–19, 20–29, 30–39, 40–49, 50–59, 60–69, 70–79, and ≥80 years old). We calculated the 

health-care and mortality costs in January–May 2020 for each province as: 

Th= ∑ dNdh

152

d=1

( cch∑ ση cc,η

9

η=1

 + fc
h
 ∑ δη fc,η

9

η=1

) (4) 

where h is a province, d is a day, η is an age group, 152 denotes the day 31 May 2020, Nhd is the 

daily number of confirmed COVID-19 cases, cch or fch is the fraction of cured or fatal cases during 

COVID-19 in each province,11 ση or δη is the fraction of an age group η in cured or fatal cases,12 



 

 

cc,η is the unit cost in the course of infection for a cured case,13 and fc,η is the unit cost in the 

course of infection for a fatal case.14 We estimated the economic values of these avoided 

mortalities by dividing the deaths into nine age groups and applying the age-specified cost of 

premature mortality based on mortality risk valuation.14 

To estimate the economic costs of health care and fatalities for COVID-19 cases associated with 

CO2 emissions, we simulated the evolution of daily COVID-19 cases from 1 January to 31 May 

2020 when one tonne of CO2 was emitted by maintaining the CO2-emitting activity on a given day 

in any province. We estimated the marginal costs (jh) as change in the costs (dTh) when the CO2 

emissions on a given day j were changed from Ejh to (Ejh+dEjh) in a given province as: 

ξjh=
dTh

dEjh

 (5) 

It should be noted change in CO2 emissions on day j only affects the rate of new COVID-19 cases 

on these days after day j (Nhd with d> j), as is considered in our model. 

To ensure the repeatability of calculation, the values of parameters for cch, fch, ση, δη, cc,η and 

fc,η are listed in Tables S4, S5. The data of CO2 emission reduction due to COVID-19 from 1 

January to 31 May (Ejh) were estimated by bottom-up or top-down methods (Figures 1,2 in the 

main text). The relationship between the daily number of new COVID-19 cases (Nhd) and the 

reduction of CO2 emissions was described in the main text (Eqs. 10-13). 

Finally, we calculated the marginal costs of health care and fatalities by maintaining CO2-emitting 

activity (j) as an average of the marginal costs in 30 provinces (h) which are weighted by 

provincial CO2 emission as: 

ξj=
∑ (ξjh Eh,2016-2019

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)30
h=1

∑  Eh,2016-2019
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅30

h=1

 (6) 

where j is a day, h is a province and Eh,2016-2019
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ is the detrended CO2 emission as an average for 

2016–2019 in province h. 

  



 

 

Supplementary Figures 

 

Figure S1. A scheme for estimating the impact of COVID-19 on daily CO2 emissions with a 

top-down or bottom-up method.  



 

 

  

Figure S2. Correlation coefficients between NO2 columnar concentration and nine 

meteorological variables. 

Correlation coefficients are mapped for the log10-transformed daily NO2 columnar concentrations 

against relative humidity at 2 m above the ground (a), zonal wind at 10 m above the ground (b), 

meridional wind at 10 m above ground (c), columnar precipitable water content in the air (d), 

atmospheric pressure at the ground (e), temperature at 2 m above the ground (f), surface wind 

speed at 10 m above the ground (g), planetary boundary layer height (h), ozone columnar 

concentration (i), and all variables (j). Grids with P>0.05 are marked in grey, while grids with 

missing data are shown in white.  



 

 

   

Figure S3. Comparison of NO2 columnar concentration during the 150 days around Chinese 

New Year from 2016–2019 to 2020. 

The concentration is shown as a 7-day moving average for a given day in 2020 and the same day 

in the lunar calendar in 2016–2019, which is used to compute the concentration confinement factor 

in Wuhan (a), Beijing (b), Shanghai (c), Guangzhou (d) and China (e). The standard deviation for 

the moving average in 2016–2019 is shown as the shaded area. The starting day of the Wuhan 

travel ban (23 January) and the end day of the Level I emergency response in Guangzhou (24 

February), Shanghai (24 March) and Beijing (30 April) in 2020 are marked by arrows.  



 

 

Supplementary Tables 

Table S1. Comparison of concentration confinement factor and emission confinement factor 

by province. 

To compare the satellite-based NO2 columnar concentration changes with the activity-based CO2 

emission reduction, we computed an emission confinement factor (ECF) and a concentration 

confinement factor (CCF) (see Eqs. 1,2 in the main text) as the ratio of NO2 columnar 

concentration and CO2 emissions between January and May in 2020 and the same period over 

2016–2019. The values of CCF and ECF are given by province for Jan–May. 

Province 
CCF ECF 

Jan-Feb Mar Apr May Jan-Feb Mar Apr May 

Beijing 0.72  0.71  0.61  0.82  0.91 0.95 1.02 0.98 

Tianjin 0.70  0.58  0.58  0.70  0.76 0.72 0.76 0.75 

Hebei 0.68  0.64  0.66  0.68  0.92 0.96 0.91 0.91 

Shanxi 0.65  0.68  0.59  0.65  0.95 1.07 1.14 1.12 

Inner Mongolia 0.83  0.85  0.80  0.82  0.88 0.83 0.91 0.89 

Liaoning 0.84  0.78  0.80  0.73  0.91 0.88 0.90 0.96 

Jilin 0.90  0.78  0.91  0.75  0.94 0.89 0.92 0.95 

Heilongjiang 0.76  0.64  0.73  0.64  0.82 0.88 0.87 0.84 

Shanghai 0.74  0.88  0.92  1.05  0.81 0.79 0.85 0.89 

Jiangsu 0.71  0.71  0.83  0.82  0.75 0.83 1.01 1.06 

Zhejiang 0.71  0.91  0.92  0.90  0.70 0.84 0.86 0.98 

Anhui 0.62  0.63  0.70  0.71  0.85 0.96 0.98 0.99 

Fujian 0.74  0.73  0.72  0.67  0.77 0.94 0.86 0.87 

Jiangxi 0.65  0.68  0.67  0.82  0.78 0.88 0.91 1.01 

Shandong 0.60  0.54  0.59  0.65  0.89 1.03 0.98 0.96 

Henan 0.63  0.68  0.76  0.72  0.88 1.02 1.03 1.09 

Hubei 0.74  0.75  0.95  0.99  0.67 0.61 0.77 0.86 

Hunan 0.67  0.65  0.71  0.87  0.91 1.07 1.11 1.21 

Guangdong 0.67  0.66  0.76  0.65  0.81 0.90 0.96 1.09 

Guangxi 0.83  0.86  0.95  0.81  1.01 1.06 1.12 1.07 

Hainan 0.90  0.93  0.92  0.93  0.82 0.84 0.85 0.99 

Chongqing 0.68  0.68  0.71  0.65  0.75 0.87 0.93 1.01 

Sichuan 0.76  0.71  0.75  0.74  0.86 0.88 0.95 1.01 

Guizhou 0.72  0.72  0.79  0.64  0.73 0.77 0.89 0.95 

Yunnan 0.74  0.98  0.98  0.82  0.75 0.89 0.90 0.92 

Shaanxi 0.74  0.83  0.72  0.87  0.85 0.84 0.86 0.90 

Gansu 0.86  0.96  0.90  0.95  0.85 0.85 1.01 1.10 

Qinghai 0.90  0.99  1.02  1.06  0.83 1.01 1.09 1.03 

Ningxia 0.90  0.97  0.85  1.00  0.85 0.88 1.04 1.02 



 

 

Xinjiang 0.73  0.69  0.78  0.75  0.93 0.89 1.03 0.95 

 



 

 

Table S2. Activity data used to predict the monthly energy consumption. 

A total of 28 types of activity data were used to predict the monthly energy consumption in 14 

sectors by 420 regression models for 30 provinces. The number of activity data items used to 

predict the energy consumption in each sector, equal to the number of independent variables in the 

regression model by sector, is given in parenthesis. 

# Sector name Activity data 

1 Production and supply of electric power, 

steam and hot water 

Thermal power generation (1) 

2 Smelting and pressing of ferrous metals Pig iron production, and steel production (2) 

3 Non-metal mineral products Cement production (1) 

4 Transportation, storage, post and 

telecommunication services 

Passenger turnover, cargo turnover, and express 

delivery number (3) 

5 Urban residential energy usage Urban population (1) 

6 Coal mining and dressing Raw coal production (1) 

7 Petroleum processing and coking Gasoline, kerosene, diesel, energy oil, and coke 

production (5) 

8 Rural residential energy usage Rural population (1) 

9 Wholesale, retail trade and catering 

services 

Total retail sales of social consumer goods (1) 

10 Other service sectors Total retail sales of social consumer goods (1) 

11 Raw chemical materials and chemical 

products 

Sulfuric acid, Caustic soda, fertilizer, plastic, 

and fiber production (5) 

12 Farming, forestry, animal husbandry, 

fishery and water conservancy 

Gross output value of agriculture, forestry, 

animal husbandry and fishery (4) 

13 Smelting and pressing of nonferrous 

metals 

Production of ten non-ferrous metals (1) 

14 Construction New construction area of real estate (1) 

  



 

 

Table S3. Coefficients in the regression of daily rate of COVID-19 cases against the CO2 

emission reduction by province. 

The slope, intercept, and square of Pearson’s correlation coefficient (R2), and the p-value of linear 

regression between the daily rate of new COVID-19 cases and the total CO2 emission reduction 

estimated using a bottom-up or top-down method are given by province. 

Province 
Bottom-up method Top-down method 

Slope Intercept R2 p-value Slope Intercept R2 p-value 

Beijing -7.46 0.16 0.75 <0.001 -5.57 0.16 0.74 <0.001 

Tianjin -3.72 0.13 0.22 0.01 -3.57 0.13 0.22 0.01 

Hebei -10.51 0.25 0.57 <0.001 -7.69 0.28 0.57 <0.001 

Shanxi -9.86 0.13 0.82 <0.001 -6.88 0.18 0.81 <0.001 

Inner-Mongolia -3.11 0.08 0.08 0.38 -3.03 0.08 0.08 0.39 

Liaoning -7.3 0.09 0.2 0.13 -7.06 0.09 0.21 0.11 

Jilin -7.13 0.08 0.21 0.18 -7.13 0.08 0.21 0.18 

Heilongjiang -7.74 0.3 0.66 <0.001 -7.72 0.3 0.66 <0.001 

Shanghai -6.89 0.12 0.56 <0.001 -6.49 0.12 0.57 <0.001 

Jiangsu -9.77 0.26 0.82 <0.001 -9.56 0.26 0.82 <0.001 

Zhejiang -9.31 0.2 0.54 <0.001 -10.35 0.19 0.53 <0.001 

Anhui -12.47 0.35 0.91 <0.001 -9.52 0.37 0.92 <0.001 

Fujian -11.54 0.23 0.66 <0.001 -12.11 0.23 0.66 <0.001 

Jiangxi -15.46 0.32 0.84 <0.001 -13.37 0.35 0.86 <0.001 

Shandong -2.2 0.02 0.03 0.42 -1.22 0 0.02 0.53 

Henan -7.97 0.18 0.73 <0.001 -6.08 0.2 0.74 <0.001 

Hubei -4.57 0.25 0.76 <0.001 -5.7 0.24 0.75 <0.001 

Hunan -8.8 0.14 0.49 <0.001 -7.39 0.16 0.51 <0.001 

Guangdong -9.29 0.16 0.5 <0.001 -8.05 0.18 0.52 <0.001 

Guangxi -23.92 0.02 0.21 0.09 -13.23 0.04 0.27 0.05 

Hainan -9.25 0.05 0.17 0.12 -17.14 0.05 0.22 0.06 

Chongqing -4.06 0.1 0.46 <0.001 -3.86 0.1 0.46 <0.001 

Sichuan -9.53 0.22 0.69 <0.001 -7.71 0.22 0.68 <0.001 

Guizhou -14.6 0.43 0.63 0.001 -15.42 0.43 0.64 0.001 

Yunnan -5.11 0.08 0.14 0.11 -5.43 0.08 0.14 0.11 

Shaanxi -15.55 0.26 0.76 <0.001 -13.07 0.28 0.77 <0.001 

Gansu -1.84 0.04 0.01 0.7 -2.37 0.04 0.01 0.7 

Ningxia -14.9 0.27 0.51 0.07 -17.96 0.26 0.51 0.07 

Xinjiang -7.02 0.15 0.4 0.003 -4.15 0.16 0.38 0.004 

  



 

 

Table S4. The fraction of cured and fatal cases by province. 

Province 
Fraction of cured cases (%) Fraction of fatal cases (%) 

(RRTD, 2020)11 

Beijing 98.99 1.01 

Tianjin 98.48 1.52 

Hebei 98.28 1.72 

Shanxi 100 0 

Inner-Mongolia 99.58 0.42 

Liaoning 98.7 1.3 

Jilin 98.71 1.29 

Heilongjiang 98.63 1.37 

Shanghai 99.01 0.99 

Jiangsu 100 0 

Zhejiang 99.92 0.08 

Anhui 99.39 0.61 

Fujian 99.72 0.28 

Jiangxi 99.89 0.11 

Shandong 99.12 0.88 

Henan 98.28 1.72 

Hubei 93.38 6.62 

Hunan 99.61 0.39 

Guangdong 99.51 0.49 

Guangxi 99.21 0.79 

Hainan 96.49 3.51 

Chongqing 98.97 1.03 

Sichuan 99.49 0.51 

Guizhou 98.64 1.36 

Yunnan 98.92 1.08 

Shaanxi 99.06 0.94 

Gansu 98.77 1.23 

Qinghai 100 0 

Ningxia 100 0 

Xinjiang 96.05 3.95 

  



 

 

Table S5. Age distribution and unit cost for a cured or fatal case. 

The population was divided into nine age groups. The age distribution and unit cost in the course 

of infection for a cured or fatal case were applied for each group. The uncertainties as a percentage 

of the 95% confidence interval to the central value in the unit costs are given in parentheses, and 

are applied in our Monte Carlo simulations. 

Age group 

Fraction of age 

group in cured 

cases 

(%) 

Fraction of age 

group in fatal 

cases 

(%) 

Cost for a  

cured case 

(thousand 2020 

$) 

Cost for a 

fatal case 

(million 2020 $) 

 Novel, 202012 Novel, 202012 
Bartsch et al, 

202013 

Thunström et al, 

202014 

0–9 0.90 0.00 14.7 (±3%) 14.7 (±3%) 

10–19 1.20 0.10 14.7 (±3%) 15.3 (±3%) 

20–29 8.10 0.70 17.0 (±3%) 16.1 (±3%) 

30–39 17.00 1.80 17.0 (±3%) 15.8 (±3%) 

40–49 19.20 3.70 20.6 (±3%) 13.8 (±3%) 

50–59 22.40 12.70 20.6 (±3%) 10.3 (±3%) 

60–69 19.20 30.20 19.2 (±3%) 6.7 (±3%) 

70–79 8.80 30.50 19.2 (±3%) 3.7 (±3%) 

≥80 3.20 20.30 15.4 (±3%) 1.5 (±3%) 
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