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Abstract

The COVID-19 global pandemic and associated government lockdowns dramatically altered human activity, providing a window

into how changes in individual behavior, enacted en masse, impact atmospheric composition. The resulting reductions in

anthropogenic activity represent an unprecedented event that yields a glimpse into both the past and a future where emissions

to the atmosphere are reduced. While air pollutants and greenhouse gases share many common anthropogenic sources, there

is a sharp difference in the response of their atmospheric concentrations to COVID-19 emissions changes due in large part to

their different lifetimes. Here, we discuss the lessons learned from the COVID-19 disruptions for future mitigation strategies

and our current and future Earth observing system.
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The COVID-19 global pandemic and associated government lock-
downs dramatically altered human activity, providing a window into
how changes in individual behavior, enacted en masse, impact atmo-
spheric composition. The resulting reductions in anthropogenic ac-
tivity represent an unprecedented event that yields a glimpse into a
future where emissions to the atmosphere are reduced. While air pol-
lutants and greenhouse gases share many common anthropogenic
sources, there is a sharp difference in the response of their atmo-
spheric concentrations to COVID-19 emissions changes due in large
part to their different lifetimes. Here, we discuss two key takeaways
from modeling and observational studies. First, despite dramatic
declines in mobility and associated vehicular emissions, the atmo-
spheric growth rates of greenhouse gases were not slowed. Second,
it demonstrated empirically that the response of atmospheric compo-
sition to emissions changes is heavily modulated by factors includ-
ing carbon cycle feedbacks to CH4 and CO2, background pollutant
levels, the timing and location of emissions changes, and climate
feedbacks on air quality.
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The effects of the COVID-19 pandemic and associated lock-1

down measures have provided a way to observationally test2

predictions of future atmospheric composition. This is illus-3

trated conceptually in Figure 1. With many people working4

from home and limiting travel, the pandemic caused a signif-5

icant decrease in anthropogenic emissions. These emissions6

reductions can be thought of as a jump forward in time to7

a future where additional systemic emissions controls have8

been adopted. However, because these changes occurred in a9

matter of months, the changes to the concentrations of key10

air quality (AQ) and climate relevant gases in the atmosphere 11

were readily observable. Combining these observations with 12

current state-of-science models allows us an important win- 13

dow into the underlying processes governing the response of 14

the Earth system to reductions in anthropogenic emissions, 15

and thus a preview of the relative effectiveness of different 16

emissions control strategies. 17

Our goal is to synthesize some of the key results from 18

the past year into a coherent understanding of what we have 19

learned about the effectiveness of different strategies to reduce 20

greenhouse gas (GHG) emissions and improve AQ. We will do 21

so in four parts. First, we summarize the observed changes 22
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DRAFTFig. 1. Illustration of the conceptual foundation for this study. The COVID-19-induced reductions in human activity led to reduced anthropogenic emissions. The fact that
these reductions occurred over months rather than decades allows us to observe how the atmosphere, land, and ocean are likely to respond in a future scenario with stricter
emissions controls. This analysis helps to identify effective pathways to mitigate air pollution and climate change. Image credit: Chuck Carter / Keck Institute for Space Studies

in anthropogenic emissions during 2020. Second, we examine23

how the reduction in CO2 emissions impacted the atmospheric24

CO2 growth rate. Third, we show that the response of AQ25

to emissions reductions is very spatially heterogeneous, and26

summarize the causes of that heterogeneity. Fourth, we discuss27

the implications of these results for future AQ improvement28

strategies, our understanding of processes controlling GHG29

concentrations in the atmosphere, feedbacks between AQ,30

GHGs, and climate, and finally close by identifying strengths31

and gaps in our current observing networks. We draw three32

primary conclusions from this synthesis:33

1. Despite drastic reductions in mobility and resulting ve-34

hicular emissions during 2020, the growth rates of GHGs35

in the atmosphere were not slowed.36

2. The lack of clear declines in the atmospheric growth37

rates of CO2 and CH4, despite large reductions in human38

activity, reflect carbon cycle feedbacks in air-sea carbon39

exchange, large interannual variability in the land carbon40

sink, and the chemical lifetime of CH4. These feedbacks41

foreshadow similar challenges to intentional mitigation.42

3. The response of AQ to emissions changes is heavily mod-43

ulated by factors including background pollutant levels,44

the timing and location of emissions changes, and climate-45

related factors like heat waves and wildfires. Achieving46

robust improvements to AQ thus require sustained reduc-47

tions of both AQ and GHG emissions.48

Summary of emissions in 2020 49

As AQ-relevant gases and CO2 are co-emitted by combus- 50

tion processes, decreases in human activity are expected to 51

drive decreases in both of these species. Figure 2 summarizes 52

changes to key sectors of human activity during the COVID- 53

19 pandemic. Figure 2a shows the Oxford Stringency Index 54

(1), which quantifies the severity of government-imposed re- 55

strictions on travel, businesses, schools, and other aspects of 56

society. Panels b, c, and d show changes in air travel & mar- 57

itime shipping, traffic, and United States (US) electricity use, 58

respectively. There is a clear decrease in air travel and traffic 59

for most of the world in March 2020, when the first major 60

wave of COVID-19 led governments to institute quarantine 61

measures (see also high values of the Stringency Index). Mar- 62

itime shipping (to west coast US ports) and power generation 63

(in the US) were less affected. Power generation in particular 64

remained within approximately 5% of 2019 levels. 65

Reductions in NOx emissions were apparent in both in situ 66

(5) and satellite (6) observations of NO2 concentrations due 67

to the short atmospheric lifetime of NOx (< 1 day). Esti- 68

mates of NOx emissions reductions from assimilating satellite 69

data in global models (7), combining global chemical models 70

with machine learning trained on surface measurements (8), or 71

activity data (including electricity use, traffic/mobility data, 72

flight data, etc.) (9–11) find regional reductions of 10% to 73

40% during the strictest lockdown periods. Generally, meth- 74

ods assimilating satellite data report smaller reductions (10% 75

to 20%) than studies based on activity data (25% to 40%). 76

2 | www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX Laughner et al.
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Fig. 3. 2020 saw reductions in CO2, CH4, and NOx emissions. CH4 and NOx

are plotted along the left axis, CO2 on the right. The dashed line for CH4 after
2017 indicates it is estimated from the average rate of increase. 2020 emissions are
represented as a range: the IEA estimated a 10% decrease in CH4 emissions in
2020(12), but this is uncertain, as the CH4 growth rate increased in 2020. Full details
are in the SI.

Estimates of the reduction in global NOx emissions in the first77

half of 2020 range from 5% (8) to 13% (7).78

The change in global CO2 emissions was comparable to79

that of NOx emissions, as seen in Fig. 3. Liu et al. report80

a peak global reduction of approximately 15% (4 Tg C or81

15 Mt CO2) in April, and an annual total of 5.4% (13). In82

March 2020, Le Quéré et al. projected a slightly larger 7%83

decrease in CO2 over the remainder of 2020 (14). The largest 84

decreases occurred in the first half of 2020, as shown in Fig. 85

4a and were primarily associated with reductions in ground 86

transportation (15). The response of atmospheric CO2 mixing 87

ratios can be observed near the emissions sources; during 88

the strictest lockdowns, Turner et al. were able to use CO2 89

observations from a local ground-based network to estimate a 90

48% reduction in traffic CO2 emissions in the San Francisco 91

Bay Area (16). Liu et al. found a 63% (41 ppm) decrease 92

of the typical on-road CO2 enhancement in Beijing, China 93

(17). Distinguishing these signals in CO2 at regional scales 94

is more challenging. Buchwitz et al. infer peak decreases in 95

anthropogenic CO2 emissions from China of 10% from space- 96

based total column CO2 measurements (18). However, they 97

note that the uncertainty is approximately 100%, and that 98

the expected CO2 concentration signal is 0.1 to 0.2 ppm, out 99

of a background of over 400 ppm. 100

Anthropogenic CH4 emissions are dominated by sources 101

such as landfills, oil and gas production, and agricultural 102

activities. The International Energy Agency (IEA) estimates 103

that CH4 emissions dropped by 10% in 2020 (Fig. 3), largely 104

due to the decrease in demand for oil and gas. However, it is 105

unclear whether reduced demand during 2020 was the primary 106

driver of emissions. It is likely that decreased maintenance of 107

landfills and oil and gas infrastructure during the COVID-19 108

pandemic led to new leaks in some areas, which can result 109

in those locations becoming CH4 “superemitters” (19). In 110

general, the type, maintenance level, and throughput of CH4 111

infrastructure can have a large impact of the amount of fugitive 112

Laughner et al. PNAS | July 13, 2021 | vol. XXX | no. XX | 3
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Fig. 4. Despite substantial reductions in anthropogenic CO2 emissions in early 2020,
the annual atmospheric CO2 growth rate did not decline. Panel (a) shows daily global
CO2 emissions for 2019 and 2020, calculated following Liu et al. (13). Panel (b) shows
trends in atmospheric column average CO2 from the Orbiting Carbon Observatory
2 (OCO-2). The small blue and red symbols indicate daily, deseasonalized values
as percent anomalies relative to the global 2018 mean. The solid cyan and orange
lines are linear fits to 2016 through 2019 data. In panel (b) the vertical gray dashed
line marks 1 March 2020 as the approximate beginning of lockdowns in response to
COVID-19. A version of (b) showing the absolute trends and the data including the
seasonal cycle is available as Fig. S8 in the SI.

emissions (20, 21). On a positive note, some of the decrease113

in emissions estimated by the IEA was associated with the114

installation of new oil and gas infrastructure and the adoption115

of new CH4 regulations in a number of countries (12). Such116

decreases would likely be sustained beyond the pandemic117

period.118

CO2 and CH4 atmospheric growth rates119

The effect of CO2 emissions reductions, especially from ground120

transport, were clearly apparent in urban-scale observations121

of atmospheric CO2 mixing ratios (16, 17). This does not,122

however, transfer to global-scale observations. Figure 4b shows123

deseasonalized trends in column-average CO2 mixing ratios124

(referred to as XCO2) observed by the Orbiting Carbon Ob-125

servatory 2 (OCO-2) instrument. Despite the reduction in126

CO2 emissions in 2020 (Fig. 4a), there is no clear deflection of127

the observed XCO2 below what would be projected based on128

previous years’ growth rates. We compared the variability in129

actual atmospheric CO2 growth rates derived from the OCO-130

2 data with that computed from fossil fuel emissions (Fig.131

S8b) and found that the change in atmospheric CO2 growth132

caused by the COVID-19 pandemic is smaller than the natural133

year-to-year variability. This is expected, because the percent134

change in the CO2 growth rate, in the absence of feedbacks,135

will match the percent change in emissions. For a typical136
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Fig. 5. Sea-air carbon exchange responded quickly to the reduction in anthropogenic
CO2 emissions during 2020. Shown here are annual mean, globally integrated sea-
to-air carbon dioxide fluxes predicted from the CanESM5-COVID ensemble (24, 25).
Black/gray lines derive from simulations forced with SSP2-RCP4.5 CO2 emissions,
while red/pink lines derive from simulations forced with a 25% peak CO2 emissions
reduction in 2020. See (24, 25) for more details. Thick lines are ensemble averages,
and thin lines are individual ensemble members, each with different phasing of internal
variability.

growth rate of 2.45 ppm/year since 2016 (Fig. S8b and 22), 137

the 5.4% total reduction in CO2 emissions calculated by Liu 138

et al. (13) equals a 0.13 ppm/yr decrease in the CO2 growth 139

rate for 2020—well within the natural variability observed by 140

OCO-2 (Fig. S8) and surface networks (22). 141

Wildfires are one element of the variability in CO2 growth 142

rate. The 2019/2020 Australian wildfires emitted 173 Tg C 143

(634 Mt CO2) between Nov 2019 and Jan 2020, over 6 times 144

more than Australia’s average Nov.-Jan. CO2 emissions for 145

2001 through 2018 (23). This drove an early increase in CO2 in 146

2020, evident in the deseasonalized southern hemisphere OCO- 147

2 XCO2 (Fig. 4b, red series) and growth rate derived from the 148

OCO-2 data (Fig. S8b). This wildfire anomaly offset a third 149

of the 518 Tg C (1901 Mt CO2) reduction in anthropogenic 150

CO2 (13) and so does not fully explain the offset between 151

emissions and atmospheric mixing ratios for CO2. 152

The atmospheric CO2 growth rate led to a reduction in the 153

rate of oceanic CO2 uptake. Figure 5 shows the magnitude of 154

ocean carbon fluxes over 8 years as computed from a model 155

ensemble under normal and COVID-like emissions. There is 156

significant variation in the sea-air and CO2 flux among the 157

model ensemble members. This spread represents the potential 158

interannual variability in CO2 flux; given that variability, the 159

true change in CO2 flux in 2020 is uncertain, in part due to 160

corresponding variability in the land carbon sink (Fig. S9). 161

However, the ensemble mean indicates that while on short 162

time scales the land carbon flux is insensitive to the change 163

in emissions (Fig. S9), the ensemble mean ocean uptake was 164

reduced by 70 Tg C/yr in 2020. This would offset 14% of the 165

approximately 520 Tg C/yr (1901 Mt CO2/yr) reduction in 166

anthropogenic CO2 emissions in 2020 (13), further dampening 167

the signal from emissions reductions in atmospheric CO2. 168

The growth rate of CH4 was also not slowed by the pan- 169

demic. Figure 6a shows trends in column average CH4 (XCH4) 170

from two ground based spectrometers in the Total Carbon 171

Column Observing Network (TCCON, 26, 27) located in Park 172

Falls, Wisconsin, US (28) and Lauder, New Zealand (29, 30). 173

The XCH4 values after 1 March 2020 lie approximately 0.3% 174

above the 2016 to 2019 trend in both hemispheres. Similarly, 175

NOAA reported the single largest increase in CH4 in its record 176

(31). 177

Because the lifetime of CH4 depends on the abundance of 178

4 | www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX Laughner et al.
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Fig. 6. Atmospheric mixing ratios of CH4 increased more rapidly in 2020 than they had
in the past decade. The increase is consistent with no change in CH4 emissions and
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(a) is similar to Fig. 4b, except it shows trends in column-average CH4 (XCH4) from
two TCCON sites: Park Falls, WI, USA in the northern hemisphere and Lauder, New
Zealand in the southern hemisphere instead of OCO-2 XCO2. Panel (b) compares
the TCCON XCH4 trend to that predicted by a box model. The purple series are the
monthly mean percent differences between the TCCON XCH4 and linear fits from (a).
The grey line represents the percent difference in CH4 predicted by a box model (33)
with a 3% decrease in OH during 2020 compared to no change in 2020 OH.

the hydroxyl radical (OH), the concentration of CH4 varies179

with atmospheric pollution levels. In fact, we find compelling180

evidence that the jump in CH4 mixing ratios during 2020181

is partly due to reductions in NOx emissions. In a model182

incorporating the decreased NOx emissions associated with183

COVID-19 (32), the resulting decrease in global ozone (7)184

leads to a 2% to 4% decrease in global OH concentrations. As185

oxidation by OH is the primary loss process for atmospheric186

CH4, this acts to increase CH4 mixing ratios in the atmosphere.187

Figure. 6b compares the trend in XCH4 measured by TCCON188

to that predicted by a box model (33). The purple series189

is the monthly percent difference of TCCON XCH4 from190

the linear trends shown in Fig. 6a, and the gray line is the191

percent difference between a box model run with and without192

a 3% decrease in OH during 2020. The box model closely193

matches the extra growth in atmospheric CH4 during 2020,194

indicating that the change in OH was an important driver of195

the observed CH4 growth. However, this is inconsistent with196

the 10% decrease estimated by the IEA (12), as our box model197

assumes constant CH4 emissions after 2012.198

If decreases in anthropogenic NOx emissions during 2020199

were responsible for the increase in CH4 lifetime that led to200

its higher than expected growth rate, what does this imply for201

the effect of future efforts to reduce NOx emissions to improve202

AQ? To understand this, we need to examine how the 2020203

NOx decreases affected AQ around the world. In the next204

section, we will describe the ozone and particulate matter205

(PM) response to these NOx reductions. Afterward, we will206

explore the implications of this AQ-GHG in the discussion. 207

Heterogeneity in air quality response 208

Most parts of the world saw significant decreases in NOx 209

emissions during the pandemic, but the magnitude and tim- 210

ing of these emissions changes varied with location. Figures 211

7a-c compare timeseries of NO2 column densities measured 212

by TROPOMI for three cities. Following the beginning of 213

lockdown measures (indicated by the dotted lines), the 2020 214

NO2 column densities are clearly less than in 2019. However, 215

in Los Angeles, the drop in NO2 occurred very rapidly when 216

lockdowns were enacted in early March, but by May there was 217

little difference between 2019 and 2020. In Lima, on the other 218

hand, the difference between 2019 and 2020 grew from March 219

through May. In Shanghai, we see a very large drop in NO2 220

associated with the early lockdown in January and a smaller 221

drop during the second lockdown in late February. 222

These changes in NOx emissions drove changes in secondary 223

pollutants, such as ozone and PM. However, the ozone and 224

PM responses depended on the local chemical regime and 225

meteorology, as well as the magnitude and timing of the NOx 226

emissions reductions. In this section, we describe the factors 227

controlling the ozone response first, followed by PM. 228

Ozone. Ozone is a secondary pollutant produced in the atmo- 229

sphere from the reaction of NOx and OH with volatile organic 230

compounds (VOCs). The response of ozone concentrations 231

to changes in NOx emissions is characterized by the ozone 232

production efficiency (OPE), which is the ratio of the change 233

in ozone for a given change in NOx. 234

Figures 7d-f show the ozone production efficiency (OPE) 235

calculated in a global model that assimilates multiple satellite 236

measurements. The OPE values shown represent the change in 237

ozone mass burden per unit change in mass of reactive nitrogen 238

emissions, using the COVID-19 reduction in emissions as the 239

∆NOx. More detail is given in the SI. 240

Two patterns in the OPEs demonstrate the significant spa- 241

tial and temporal variability in the relationship between NOx 242

emissions and ozone concentrations. First, in Fig. 7f, the OPE 243

in the Northern hemisphere increases between February and 244

June. This is mostly due to increasing sunlight driving key 245

photolysis reactions more rapidly. Thus, the timing of NOx 246

emissions changes plays a significant role in the magnitude 247

of the ozone response in the mid- and high-latitudes, with a 248

smaller ozone response to a given NOx change during spring 249

than during summer. Second, in Fig. 7d, tropical and subtrop- 250

ical cities have the largest, most positive OPEs. Furthermore, 251

there is little change in OPE with season for these cities (Fig. 252

7e) due to the relatively small changes in insolation at low 253

latitudes. Figure 7d indicates that most of the northern mid- 254

latitude cities have small, positive OPEs. Two cities, however, 255

have slightly negative OPEs (Beijing -0.10, Karachi -0.06); a 256

negative OPE indicates that ozone increased when NOx emis- 257

sions decreased. Other studies have, in fact, identified large 258

ozone increases in China (34) associated with the decreased 259

NOx emissions during the pandemic. Additional increases in 260

ozone were observed in Europe (35), with smaller but still 261

positive changes in ozone in the United Kingdom (36). 262

We use a steady-state model (Fig. S10) to interpret the 263

patterns in Fig. 7. From the steady-state model, we know OPE 264

is small at both low and high NOx concentrations, but large at 265
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Fig. 7. COVID-19 lockdowns dramatically reduced urban NO2 levels, which in turn drove changes in O3 production. Panels (a–c) show 15 day rolling averages of 75th
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intermediate NOx concentrations. Overall OPE also increases266

with VOC reactivity (VOCR, the total rate of reaction of all267

VOCs with OH in a given parcel of air) for NOx concentrations268

greater than ∼ 0.1 ppb. Thus, in Fig. 7, areas with negative269

OPE are in the high-NOx part of the OPE curve; sustained270

efforts to reduce NOx emissions will bring them closer to the271

maximum-OPE tipping point, after which NOx reductions272

should lead to ozone reductions. Cities in the tropics and273

subtropics have large, positive OPE values. This is partly due274

to plentiful sunlight to drive photochemistry, but these regions275

also have large VOCR values due to the abundance of biogenic276

VOCs (37). The steep dependence of OPE on NOx follows277

because NOx is the limiting reactant in ozone production in278

these high-VOCR conditions. Thus, these cities should see279

large ozone reductions from NOx reductions. However, of the280

equatorial cities shown in Figure 6, only those located in South281

Asia had large enough reductions in NOx emissions during282

the COVID-19 pandemic to produce substantial reductions in283

surface ozone (3-5 ppb) (7).284

We also see this heterogeneity in ozone response to NOx285

emissions reductions at the intraurban scale. Measurements of286

daily maximum NO2 and ozone at monitoring sites throughout287

the Los Angeles Basin show consistent reductions in NO2288

throughout the basin in March and April of 2020, but smaller289

reductions in ozone in the central northern part of the basin290

than elsewhere (Figs. S1, S2). This is consistent with the291

near-0 OPE for Los Angeles in Fig. 7d, i.e. for a city on the292

verge of reducing NOx emissions to the point where NOx is the293

limiting factor in ozone production. While the overall basin294

chemistry is at this tipping point, local differences in emissions295

as well as transport of pollutants within the basin can lead to 296

these small scale differences in ozone response (38). 297

However, the behavior of ozone in the Los Angeles Basin 298

also illustrates that NOx controls may become less effective 299

in a warmer climate. Figure 8 shows time series of daily 300

maximum NO2 and ozone (top and middle panels). NO2 and 301

ozone concentrations are clearly lower in March and April 302

2020 compared to the 2015 to 2019 average, in part due to the 303

reduction in NOx emissions at the beginning of the lockdown. 304

However, these two months were significantly cooler than the 305

2015 to 2019 average as well. When temperatures rose above 306

average during an unusual heat wave in late April and May 307

of 2020, ozone daily maxima rose above the range seen in 308

2015 to 2019, despite the fact that NO2 remained similar to 309

2015 to 2019 concentrations. An increase in ozone during 310

April and May was also seen in a previous study (39). The 311

response of ozone per degree increase in temperature is shown 312

in Fig. S3. Typical values for the O3 season (May-Sep) in 313

2020 throughout the basin were 1.8 to 5.8 ppb K−1 . This 314

is higher than a previous prediction of about 1 ppb K−1 in 315

the basin (40), suggesting the ozone climate penalty may be 316

stronger than expected; however, analysis is ongoing. 317

Particulate matter. Achieving long-term reductions in PM (es- 318

pecially PM 2.5, particles with a diameter < 2.5µm) concen- 319

trations is a matter of great importance due to the large health 320

impacts of PM compared to ozone (41). Our interest here 321

is to use observations from the pandemic period to better 322

understand some of the factors controlling atmospheric PM 323

concentrations, rather than focusing on the question of whether 324

6 | www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX Laughner et al.

www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX


DRAFTJa
n

Fe
b

M
ar

A
pr

M
ay Ju
n

Ju
l

A
ug Se
p

O
ct

N
ov D
ec

Air Quality

2020

Average [2015-2019]

Range [2015-2019]

Temperature

Average [2015-2019]

-1σ +1σ

Fig. 8. In Los Angeles, temperature and wildfires drove ozone and PM pollution,
respectively, more than changes in traffic. The three panels show 7-day rolling
average of 24hr PM2.5, 1hr daily maximum (DM) NO2, and 8hr DM O3, respectively,
by day of year in 2020 and in the past five years (2015-2019) in the LA Basin. Bars in
the background show the 7-day rolling average of basin-average 1 hr DM temperature
in 2020 relative to the 2015 to 2019 average (±1σ) by day of year. 2020 data are
preliminary, unvalidated, and subject to change.

PM exposure increases the chance of death from COVID-19.325

The factors controlling PM concentration are more compli-326

cated than those for ozone. PM arises from primary emissions327

and natural sources, as well as secondary chemistry in the328

atmosphere. One such secondary pathway is the formation329

of nitrate PM from the reaction of higher oxides of nitrogen330

(such as HNO3) with ammonia (42). Nitrate PM formation331

via this pathway may be limited by either available NOx or332

ammonia.333

Model simulations (Fig. S4) demonstrate the effect that334

NOx emissions reductions had on nitrate PM formation in335

Los Angeles. Under COVID-19 emissions, the nitrate PM336

concentrations decreased by approximately 60% in April 2020.337

At the same time, the model reported a shift towards NOx-338

limited (rather than ammonia-limited) chemistry. This implies339

that the NOx emissions decreases in April, when the shift in340

the chemical regime shows the largest change, were more effi-341

cient at reducing nitrate than the reductions in other months.342

Compared to the measured total PM reductions shown in the343

bottom panel of Fig. 8, our results suggest that NOx emissions344

reductions account for about 10% of the total PM reduction345

in the Los Angeles Basin during the COVID-19 lockdowns.346

This agrees with other recent work (43) which indicate that347

traffic NOx emissions contribute less than 10% of secondary348

PM production throughout North America, Europe, and East 349

Asia. 350

The relative availability of NOx and ammonia elsewhere 351

in the US plays an important role in whether NOx emissions 352

reductions lead to reduced nitrate PM. Simulations of nitrate 353

chemistry over the continental US show that Los Angeles is 354

somewhat unique as an urban area that experienced a signifi- 355

cant shift to NOx-limited nitrate chemistry. Other urban areas 356

in the northeast, southeast, and northwest largely remained 357

ammonia-limited (Figs. S5–S7). This could explain, at least 358

in part, the scattered response of PM to NOx emissions reduc- 359

tions across US cities seen in other studies (44). It also implies 360

that continuing the long-running trajectory of NOx emissions 361

reductions in Los Angeles in order to reach the tipping point 362

where ozone becomes NOx limited will also benefit AQ via 363

reduced production of nitrate PM. 364

However, Los Angeles also represents a cautionary tale 365

about attributing AQ changes to the COVID-19 pandemic 366

without accounting for other confounding factors. Weather 367

and wildfires also played a large role in determining the PM 368

concentrations in Los Angeles during 2020. When the lock- 369

downs were first instituted in March, news outlets and social 370

media attributed the clean air in the Los Angeles Basin to 371

the lack of traffic. However, as seen in Fig. 8, the lower PM 372

concentrations in March and April 2020 than 2015 to 2019 (Fig. 373

8, bottom) coincide with anomalously cool weather, which 374

was accompanied by higher than average precipitation (Fig. 375

S1 in (38)). Precipitation removes PM from the atmosphere 376

through wet deposition (45, 46), and was at least partially 377

responsible for the clean air during this period. The extreme 378

spike in PM concentrations seen in September 2020, on the 379

other hand, coincides with a time period when major wildfires 380

were burning in close proximity to Los Angeles. Like the 381

April-May heatwave, this event also points to the fact that 382

climate change can erase progress in AQ improvement through 383

emissions reductions. 384

Discussion 385

The changes in atmospheric composition throughout 2020 386

unequivocally demonstrate that AQ and GHGs cannot be 387

treated as separate problems, despite the disparate time scales 388

of AQ and GHG responses to changes in human activity. 389

AQ is most dependent on local changes in emissions because 390

of the shorter atmospheric lifetime and rapid chemistry of 391

AQ-relevant pollutants. In contrast, the global total GHG 392

emissions matter more than local emissions, as it is the overall 393

GHG atmospheric growth rate that drives climate change. As 394

discussed above, improvements in AQ made by reducing pollu- 395

tant emissions locally can be offset by changes in meteorology 396

or non-anthropogenic (e.g. biogenic or wildfire) emissions 397

driven by climate change. Likewise, changes in AQ can affect 398

climate change, as decreases in AQ-relevant emissions could 399

lead to increased lifetimes for shorter-lived GHGs (such as 400

CH4), increasing their global warming potential. 401

Reductions in NOx emissions during the pandemic did show 402

the potential benefits cities can gain by promoting systemic 403

change to accomplish these same reductions. For most coun- 404

tries, the pandemic-induced emissions reductions can be seen 405

as going back in time to a period when NOx emissions were 406

lower. In the US, Europe, and China, where NOx emissions 407

have been trending downward, these reductions were more 408
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COVID-19 Equivalent NOX Emissions Year by Country

Fig. 9. The emissions reductions during the pandemic are, in a sense, like moving
forward or back in time. Countries are colored by the year to which their 2020 NOx

emissions are equivalent, projected forward in time where emissions have been
decreasing and backward elsewhere. Details of emissions estimates given in the SI.

akin to a jump forward in time to a lower emissions future.409

Figure 9 shows the equivalent year for each country’s NOx410

emissions during the pandemic, assuming recent trends in411

NOx emissions hold constant. Most striking is how much412

more quickly China could reach pandemic-like emissions levels413

than the US or Europe. Though all three regions’ emissions414

reductions had similar peak magnitudes (18% to 20%), Europe415

and especially the US are further along their respective NOx416

reduction pathways than China. This, combined with China’s417

higher pre-pandemic emissions levels, means that China can418

make progress quickly if they are able to maintain the aggres-419

sive pace of emissions reductions they have set over the past420

decade (32).421

Many cities in the US and Europe are close to reaching a422

point at which NOx emissions will be a very effective control423

on ozone concentrations. In Fig. 7d, cities with an OPE424

near 0 are likely at the tipping point between VOC-limited425

and NOx-limited chemistry. Further NOx reductions should426

move them firmly into NOx-limited chemistry, where NOx427

is the primary control on ozone formation. While sustaining428

these emissions reductions may be challenging due to the429

decreasing contribution of on-road gasoline emissions (47) and430

the impact of emissions reductions being offset in part by431

increases in chemical lifetime (48), the rewards in doing so432

are likely substantial. In addition, since NOx and CO2 are433

co-emitted by combustion processes, regulations such as those434

that encourage a transition to electric vehicles will also benefit435

climate. In fact, recent work has shown that the cost savings436

associated with reduced health impacts from air pollution will437

outweigh the cost of transition to a clean carbon economy and438

that the increased radiative forcing from longer-lived CH4 and439

ozone is balanced by the decrease in forcing from smaller CO2440

mixing ratios (49). On the other hand, measures such as NOx441

removal from coal-fired power plants will benefit AQ but not442

climate; as discussed below, this will eventually limit their443

effectiveness for improving AQ.444

The same strategies to improve AQ will not be equally445

effective in all locations. On one hand, the tropical and sub-446

tropical cities with large, positive OPE values in Fig. 7d can447

immediately realize substantial ozone reductions through re- 448

ductions in NOx emissions. On the other hand, cities such as 449

Beijing and Karachi with negative OPEs, or locations such as 450

the United Kingdom where in situ studies found a negative 451

correlation between NOx emissions and ozone concentrations 452

(36) would do better to reduce volatile organic compound 453

(VOC) reactivity simultaneously with NOx emissions. Such an 454

approach would allow them to avoid the chemical regimes with 455

the largest OPEs (50) (Fig. S10a). Similarly, while chemical 456

formation of ammonium nitrate PM in Los Angeles became 457

NOx-limited during the pandemic, most other cities in the US 458

remain ammonia-limited and would see stronger reductions in 459

PM by controlling primary emissions, organic precursors, or 460

other key species. 461

Unfortunately, 2020 has also shown that improvements in 462

AQ are likely to be offset by climate feedbacks. Such effects 463

were most apparent in Los Angeles, where warmer than average 464

May temperatures led to ozone concentrations above the 2015 465

to 2019 average, greater than average precipitation in March 466

and April likely contributed to the reduction in PM, and 467

severe wildfires from late August through September caused 468

PM concentrations four times that of the 2015 to 2019 average. 469

Changing climate will affect each of these variables, leading 470

to warmer temperatures, more wildfires (51), and potentially 471

more intense but less frequent precipitation (52), giving PM 472

more time to accumulate between wet deposition events. 473

Changes in AQ-relevant emissions, particularly NOx emis- 474

sions, have potential to feed back into climate change as well. 475

As we showed in Fig. 6, there is compelling evidence that 476

reductions in OH stemming from reduced anthropogenic NOx 477

emissions drove a ∼ 0.3% jump in CH4 during 2020. While 478

tropical cities have the greatest potential for decreasing ozone 479

by reducing NOx emissions (Fig. 7d), they also have an out- 480

sized impact on atmospheric CH4 lifetime, as the largest share 481

of CH4 oxidation occurs in the tropics (33). Since only tropical 482

cities in South Asia had substantial changes in NOx emissions 483

during 2020 (7), 2020 represents a minimum benchmark for 484

the effect of NOx reductions on the CH4 growth rate. It is 485

therefore essential to invest strategies to reduce fugitive CH4 486

emissions (such as updated CH4 storage and transportation 487

infrastructure to prevent and limit leaks, landfill CH4 capture, 488

and confined animal feed operation CH4 mitigation) ahead of 489

decreases in tropical NOx emissions. 490

In terms of climate, despite a reduction in global emissions 491

equivalent to going back in time nine years (to 2011-equivalent 492

CO2 emissions), any change to the global CO2 growth rate 493

was smaller than typical interannual variability. As mentioned 494

earlier and discussed in more detail below, this is partly due 495

to the offsetting reduction in ocean carbon uptake (Fig. 5), 496

but also arises because the sharp decreases in CO2 emissions 497

during the first half of 2020 were not sustained. By the second 498

half of 2020, emissions due to power generation, industry, and 499

residential consumption had nearly returned to 2019 levels (13). 500

If we assume that these emissions levels represent a balance 501

between reduced activity to limit the spread of COVID-19 and 502

sufficient activity to maintain a minimum economic productiv- 503

ity, this suggests that reducing activity in these sectors is not 504

practical. Reducing these sectors’ emissions permanently will 505

require their transition to low carbon emitting technologies. 506

One interesting aspect of the GHG emissions reductions 507

during the pandemic was that they provided a chance to study 508
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the feedback in ocean carbon uptake. The model simulations509

using COVID-like CO2 emissions shown in Fig. 5 indicate510

that the sea-air carbon flux adjusts rapidly in response to511

changes in anthropogenic emissions. That model ensemble512

mean indicates a response time of about one year. Though513

this basic response - a decline of the ocean carbon sink in514

response to mitigation - is accounted for the RCP scenarios515

(53), much uncertainty remains as to the accuracy of these516

ocean sink predictions. This uncertainty is due both to the517

forced response of the ocean and to interannual variability518

Lovenduski et al. found that, for a change in ocean carbon519

uptake to be observable with our current network of ocean520

buoy measurements, it would need to be four times larger521

than the COVID-19 emissions reductions (25). This will be a522

challenge as we work to quantify the effect of future permanent523

CO2 emissions reductions on atmospheric CO2 mixing ratios.524

The pandemic does offer insight into how the atmospheric525

GHG growth rates could be curtailed: systemic changes are526

required to enable sustained reductions in emissions. The527

efficacy of sustained reductions (without systemic changes to528

the energy sector) can be seen in the contrast between CO2529

emissions from ground transport and international shipping530

and aviation (“international bunkers”) reported by Liu et al.531

(13) The peak reduction in international bunkers’ emissions was532

only approximately 1/3rd that of the reduction in emissions533

from ground transport, by mass. However, while ground534

transport recovered fairly quickly, the international bunkers’535

emissions remained at about half of 2019 levels throughout536

the second half of 2020. As a result, the cumulative reduction537

in 2020 emission due to international bunkers was 75% that of538

the reduction due to traffic, despite the comparatively small539

magnitude of the daily emissions from international bunkers.540

Sustained reduction in other sectors will require investment541

in renewable energy and new technologies to support current542

levels of productivity with lower carbon emissions, that is, to543

reduce the carbon intensity of our economy. Such investment544

is essential, as several studies (54, 55) have documented the545

harm to employment, family connections, and other critical546

human connections from the reduction in personal mobility547

due to the pandemic. Liu et al. (13) note that Spain’s 2020548

emissions due to power generation were almost 25% lower549

than in 2019 due to investment in renewable energy. A post-550

COVID economic recovery represents an opportunity to invest551

in carbon-reducing technologies (56), as long as the need to552

balance short-term job creation with long-term retraining is553

accounted for (57). If this investment was able to continue554

the trend of a 5.4% decrease in global CO2 emissions per year,555

we would reach “preindustrial” (circa 1850) emissions levels556

in approximately 18 years.557

Strengths and weaknesses of current observing sys-558

tems559

Understanding how the COVID-19 pandemic has altered AQ560

and the carbon cycle has relied heavily on the multifaceted ob-561

serving system built over the past two decades, including satel-562

lites, dense ground-based observing networks, Earth system563

and chemical transport models, and techniques to assimilate564

observations into these models. Novel data on human activity565

(particularly internet-of-things mobility data, crowdsourced566

air traffic data, and even news reports) have also played a567

vital role in both understanding how human behavior changed568

during the pandemic and quantifying the effect of that change 569

on anthropogenic emissions. 570

Nevertheless, there remain important gaps in our observ- 571

ing network. First, space-based detection of VOCs remains a 572

challenging problem, yet quantitative measurements of key bio- 573

genic (e.g. isoprene, terpenes) and anthropogenic (e.g. ethene, 574

propene) contributors to VOC OH reactivity are needed to 575

identify the dominant chemistry governing AQ around the 576

globe. Second, as we saw in the LA Basin case study, disen- 577

tangling primary PM emission, secondary PM formation, and 578

meteorological drivers of PM concentration is crucial to under- 579

stand which processes control PM exposure. Given the serious 580

health impacts of PM exposure, work towards an integrated 581

surface and space-based system that can differentiate these 582

processes is needed to elucidate the optimum approaches to 583

reducing PM exposure. 584

In regards to climate-relevant observations, spatiotempo- 585

rally broader and denser space-based GHG observations would 586

provide a highly valuable empirical constraint on changes to 587

anthropogenic and biogenic carbon fluxes. A satellite instru- 588

ment that provided comparable observations to the BEACO2N 589

network in the San Francisco Bay area (∼ 2 km resolution, 590

strong sensitivity to the near-surface atmosphere, urban-scale 591

coverage) could apply similar inversion techniques as Turner 592

et al. (16) to infer key sectors’ emissions in cities around the 593

world. It is also clear that our current network of near-real 594

time ocean carbon uptake measurements are not sufficient 595

to disentangle internal variability in the air-sea carbon flux 596

from changes driven by reductions in anthropogenic emissions 597

(25). Expanding this network or developing new methods to 598

constrain the air-sea carbon flux from space will be necessary 599

to quantify the impact of anthropogenic emissions reductions 600

on atmospheric CO2 mixing ratios. 601

Conclusions 602

The COVID-19 pandemic and associated changes in human 603

behavior represent an unprecedented rapid change in anthro- 604

pogenic emissions to the atmosphere. Due to the large differ- 605

ences in relevant atmospheric lifetimes for constituents central 606

to AQ and climate, clear changes in local AQ but not global 607

GHG trajectories were observed. Changes in AQ were very 608

spatially heterogeneous, demonstrating that the same strate- 609

gies to improve AQ do not apply equally well to all regions. 610

Additionally, changes in AQ in the Los Angeles Basin corre- 611

lated with temperature, precipitation, and severe wildfires, 612

indicating that shifts in these quantities associated with cli- 613

mate change will at least partially offset gains in AQ made 614

from past and future reductions in anthropogenic emissions. 615

Despite large disruptions in transportation emissions sec- 616

tors, the global-scale change in the CO2 growth rate was less 617

than interannual variability. This is due to a combination of re- 618

duced ocean uptake of CO2, a recovery of CO2 emissions in the 619

second half of 2020, and large interannual variability in land 620

carbon fluxes. That recovery indicates that expecting changes 621

to individual behavior to be sufficient to halt the increase of 622

GHGs in the atmosphere is unrealistic. Instead, incentives to 623

deploy new methods to systematically and sustainably reduce 624

carbon intensity are needed. Given the bidirectional feedback 625

between climate and AQ, it is clear that climate and AQ can 626

no longer be considered separate problems; prompt action to 627

reduce anthropogenic carbon emissions is essential not only to 628

Laughner et al. PNAS | July 13, 2021 | vol. XXX | no. XX | 9
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avert direct climate impacts, but to avoid giving up decades629

of hard-won progress in improving urban AQ.630

Materials and Methods631

Full methods are available in the SI. Analysis of LA Basin AQ used632

data from CA Air Resources Board monitors, filtered for complete633

data records in the 2015 to 2020 period. 1 h daily maximum (DM)634

NO2 and temperature, 8 h DM O3, and 24 h average PM were635

calculated from this data. OPE was derived from model simulations636

using multiconstituent assimilation of multiple satellite measure-637

ments in the MIROC-CHASER model (32). OPE calculated by638

comparing modeled O3 production and NOx emission difference be-639

tween baseline (2010 to 2019) and reduced 2020 emissions. Separate640

PM2.5 simulations used GEOS-Chem v9-02 with NOx emissions641

consistent with the OPE simulations: baseline NOx emissions used642

HTAP v2 scaled to 2017 using satellite-derived emissions reduction643

ratios and COVID NOx emissions were scaled down by the same644

factor as in the OPE simulations. The TROPOMI timeseries analy-645

sis first regridded native TROPOMI pixels to a 0.01◦ × 0.01◦ grid646

and filtered to primarily remove cloud and snow/ice contaminated647

scenes. The timeseries show the 75th percentile of 15-day rolling648

average NO2 columns in a 1◦ × 1◦ box around each city.649

Global CO2 emissions estimates were derived from an array of650

near-real time data on power generation, industry, transport, and651

fuel consumption. XCO2 growth rates were derived from OCO-2 v10652

ocean glint data and XCH4 growth rates from TCCON GGG2014653

data. The data shown are 15-day running averages deseasonalized by654

fitting a four-harmonic curve. Expected CH4 trends we computed655

from a two-box model (representing the two hemispheres) using656

prescribed OH concentrations and constant CH4 emissions after657

2012. TCCON data can be obtained from the TCCON Data Archive658

hosted by CaltechDATA (https://tccondata.org./). The authors thank659

the TCCON science team for their effort in providing this data.660

Publicly available datasets are listed along with data generated661

from this study and stored in public facing repositories in the SI,662

table S1. Emissions data for Figs. 3 and 9 are given in Table S2.663

Data for the OPE values in Fig. 7 is given in Table S4. Emissions664

and OPE data also included as Excel SI files.665
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Additional figures62

Fig. S1. Change in 1 hr daily maximum (DM) NO2 in 2020 relative to the average of 2015 to 2019 at the California Air Resources Board sites throughout the South Coast Air
Basin.

Fig. S2. Change in 8 hr daily maximum (DM) O3 in 2020 relative to the average of 2015 to 2019 at the California Air Resources Board sites throughout the South Coast Air
Basin.
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Sites are ordered by longitude (from west to east)

Fig. S3. Average derivatives of O3 response vs. temperature between May and September at California Air Resources Board sites throughout the South Cost Air Basin for
years 2015–2020. Each group of bars is one site, and are ordered by longitude (west to east).
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Fig. S4. Simulated inorganic nitrate aerosol sensitivity at downtown LA for two model runs during March to May 2020. Dashed lines represent the run with lockdown-induced
emissions reductions (COVID-19), solid lines represent the business as usual (BAU) run. NOx emissions are shown in black, nitrate aerosol concentration in blue, and the gas
ratio in red. A gas ratio < 1 indicates NH3-limited (compared to NOx-limited chemistry). See the SI for more information.
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Fig. S5. Average change in gas ratios for March 2020 between a model simulation using business as usual (BAU) NOx emissions and one using emissions based on NO2
observations for March 2020 (COVID-19). The gas ratio is described in Eq. (3); a value < 1 indicates NH3 limited nitrate aerosol formation; a value > 1 indicates NOx

limited aerosol formation.

Apr: BAU NO
x

EMS

G
a
s 

ra
tio

Apr: COVID-19 NO
x

EMS

0.00 0.30 0.50 0.70 0.95 1.05 1.50 2.00 3.00 10.00

Difference (COVID - BAU)

-5.0 -1.0 -0.5 -0.1 0.1 0.5 1.0 5.0

Relative difference (COVID - BAU)/BAU

-1.0 -0.8 -0.5 -0.3 -0.1 0.1 0.3 0.5 0.8 1.0

Fig. S6. Same as Fig. S7, but for April 2020.
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Fig. S8. Trends in column average CO2 and CH4. (a) Trends in CO2 from the Orbiting Carbon Observatory 2 (OCO-2) for the northern and southern hemispheres. The pale
blue and red markers are daily values, calculated as described in the text. The vibrant blue and red markers represent deseasonalized values computed from the daily values
by fitting a fixed seasonal cycle described by a four-term harmonic equation (1, 2). The solid line is a robust linear fit to the 2016 through 2019 data. (b) Annual growth rate of
CO2 computed from OCO-2 data in the northern and southern hemispheres, as well as derived from fossil fuel emissions trends. See text for details. (c) As (a), but for CO2
from two Total Carbon Column Observing Network (TCCON) stations: Park Falls, WI, USA in the northen hemisphere and Lauder, New Zealand in the southern hemisphere.
(d) As (b), but derived from TCCON CO2. (e) As (c), but for CH4. (f) As (d), but for CH4. In all panels the vertical gray dashed line marks 1 March 2020.
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Fig. S9. Annual mean, globally integrated terrestrial net ecosystem production (NEP, positive into biosphere, excludes land use change) predicted from the CanESM5-COVID
ensemble (3). As in the main paper, black/gray lines derive from simulations forced with SSP2-RCP4.5 CO2 emissions, while red/pink lines derive from simulations forced with
a 25% peak CO2 emissions reduction in 2020. See (3) for more details. Thick lines are ensemble averages, and thin lines are individual ensemble members, each with different
phasing of internal variability.

Fig. S10. Theoretical ozone production efficiency as a function of NOx concentration and one other variable, computed in a steady-state model. In all panels, NOx concentration
is given on the x-axis, the second independent variable on the y-axis, and the color represents the ozone production efficiency. In panel (a), the y-axis is total VOC reactivity,
VOCR; in panel (b), it is total HOx production, P(HOx); in panel (c), it is the branching ratio (α) for the RO2 + NO reaction. Note that the y-axis in panel (b) is multiplied by 107

and the color scale for panel (c) has a higher maximum value than the other panels and is logarithmic, rather than linear. The default values for VOCR, P(HOx), and α when
not the second dependent variables are 5.0 s−1, 6.25 × 106 molec. cm−3 s−1, and 0.04, respectively.
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Supporting Information Text63

Methods64

Public data. All public datasets used in this study are shown in Table S1.65

Human activity metrics. The human activity metrics in Fig. 2 include the Oxford Coronavirus Government Response Index66

(4), Opensky-derived flight data (5, 24, 25), Port of LA container moves (https://www.portoflosangeles.org/business/statistics/67

container-statistics, last accessed 13 May 2021), Port of Long Beach container moves (https://www.polb.com/business/port-statistics/68

#teus-archive-1995-to-present, last access 20 Feb 2021) Port of Oakland container moves (https://www.oaklandseaport.com/69

performance/facts-figures/, last accessed 13 May 2021), Caltrans PeMS daily vehicle counts (http://pems.dot.ca.gov/, last accessed70

30 Mar 2021), Apple driving mobility data (https://covid19.apple.com/mobility, last accessed 20 Feb 2021), and U.S. Energy71

Information Agency electricity consumption (https://www.eia.gov/electricity/data/browser/#/topic/, last accessed 20 Feb 2021).72

The CAADA Python package (26) was used to preprocess the PeMS vehicle counts and Strohmeier et al. (5) flight data,73

as well as download Port of LA and Port of Oakland container moves. For the purposes of Fig. 2, “Bay Area” is defined as74

Alameda, Contra Costa, Marin, San Mateo, San Francisco, Santa Clara, and Santa Cruz counties, while “LA” is defined as Los75

Angeles, Orange, Riverside, San Bernardino, Santa Barbara, and Ventura counties. For flight data, shipping data, and traffic76

data, daily values were normalized such that 15 Jan 2020 is 100% and monthly values were normalized such that Jan 2020 was77

100%. For electricity use data, each month’s value is the 2020 use as a percentage of 2019 use in the same month.78

Oxford stringency index: US vs. US state mean. The Oxford Stringency Index (27) includes stringency metrics labeled as US without79

a subregional code along with metrics for individual states. In Fig. 2, “United States” indicates that the US values without80

a subregional code are plotted, while “US (state mean)” indicates that the average of all the individual states’ stringency81

indices is plotted. The Oxford index subnational interpretation guide (https://github.com/OxCGRT/covid-policy-tracker/blob/master/82

documentation/subnational_interpretation.md, last accessed 13 May 2021) indicates that their primary dataset summarizes the83

totality of policies in the specified territory.84

While we include both the combined US and state mean metric to illustrate the general stringency of lockdown measures in85

the US, we do not ascribe specific meaning to the difference between them.86

Equivalent Emissions Year Calculations. For the CO2 emissions in Fig.3, we used 2005-2018 fossil fuel emissions from the87

Global Carbon Budget 2019 (28). For 2019, we assumed a +0.1% increase from 2018 based on Supplementary Data in Le88

Quere et al (29). For 2020 we used a 7% decrease from the 2019 value with a ± 1% uncertainty, based on Le Quere et al (29)89

and Liu et al (30). The 2020 emissions are 9.29 (± 0.10) GtC/yr; this corresponds to somewhere between 2010 (9.05 GtC/yr)90

and 2012 (9.50 GtC/yr). For CH4, we use the anthropogenic emissions based on the EDGARv4.3.2 and GFED4.1s emissions91

inventories as published in the Global Methane Budget 2000-2017 (31). To estimate the emissions trajectory beyond 2017, we92

assumed that the rate of increase for 2018 and 2019 was equal to the average rate for 2005 to 2017, then used the estimated93

10% reduction in 2020 from (32). For the global NOx emission trajectory in Fig. 3 we used 2005-2020 emissions from the94

assimilation system described in the subsection “Global ozone production efficiency calculation” below.95

For Fig 9, we again used the NOx emissions from the assimilation system. For countries whose emissions have been96

monotonically increasing since 2005, we calculate the prior year with the same emissions as 2020. For countries whose emissions97

decreased over all or part of the 2005-2019 period, we use the 2015-2019 rate of decline to project emissions into the future.98

Global CO2 emissions estimates. We calculated the daily global fossil CO2 emissions in 2020 (updated to December 31st), as99

well as the daily sectoral emissions from power sector, industry sector, transport sector (including ground transport, aviation and100

shipping), and residential sector respectively. The estimates are based on a set of near real time dataset including hourly to daily101

electrical power generation data from national electricity operation systems of 31 countries, real-time mobility data (TomTom102

city congestion index data of 416 cities worldwide and FlightRadar24 individual flight location data), monthly industrial103

production data (calculated separately by cement production, steel production, chemical production and other industrial104

production of 27 industries) or indices (primarily Industrial Production Index) from national statistics of 62 countries/regions,105

and monthly fuel consumption data corrected for the daily population-weighted air temperature in 206 countries.106

CO2 and CH4 trends and CH4 box model. CO2 and CH4 trends were computed from version 10 column average CO2 (termed107

XCO2) measurements made by the Orbiting Carbon Observatory 2 (OCO-2) satellite instrument and ground based CO2 and108

CH4 column measurements from two Total Carbon Column Observing Network (TCCON) sites: one in Park Falls, WI, USA109

(45.945° N, 90.273° W) and Lauder, New Zealand (45.038° S, 169.684° E). OCO-2 data was subset to quality flag = 0 data110

collected in the ocean glint mode and all data averaged daily between 20° N and 55° N for the northern hemisphere and 55° S111

and 20° S for the southern hemisphere. TCCON data was limited to data with flag = 0; publicly available data is already112

filtered in this manner.113

To compute the trends, 15 day running averages of the daily data were computed and deseasonalized using the method114

in Liu et al. (1) which follows Graven et al. (2). A robust linear fit was applied to the 2016 through 2019 data. 2020 was115

excluded so as to test how the 2020 trend compared to the previous four years.116

Growth rates were computed from the deseasonalized data by taking the differences in time of three month averages of the117

OCO-2 or TCCON deseasonalized data, multiplied by four to convert from three-monthly to annual growth rates. The growth118
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Dataset Used for Link Last access Citation

Oxford Stringency Index Human activity metrics https://www.bsg.ox.ac.uk/
research/research-projects/
coronavirus-government-response-tracker

20 Feb 2021 (4)

OpenSky-derived flight data Human activity metrics https://zenodo.org/record/3928564 31 Mar 2021 (5)
Port of Oakland container moves Human activity metrics https://www.oaklandseaport.com/

performance/facts-figures/
13 May 2021

Port of LA container moves Human activity metrics https://www.portoflosangeles.org/business/
statistics/container-statistics

13 May 2021

Port of Long Beach container moves Human activity metrics https://www.polb.com/business/
port-statistics/#teus-archive-1995-to-present

20 Feb 2021

Caltrans PeMS Human activity & SF emissions https://pems.dot.ca.gov/ 30 Mar 2021
Apple mobility trends Human activity metrics https://covid19.apple.com/mobility 20 Feb 2021
US EIA electricity use Human activity metrics https://www.eia.gov/electricity/data/browser/

#/topic/
20 Feb 2021

CARB air quality data LA Basin analysis https://www.arb.ca.gov/aqmis2/aqdselect.
php

11 Nov 2020

OMI NO2 columns Global model assimilation (OPE) http://www.qa4ecv.eu/ecv/no2-pre/data 11 Nov 2020 (6, 7)
TROPOMI NO2 columns Global model assimilation (OPE) http://www.tropomi.eu/data-products/

nitrogen-dioxide
11 Nov 2020 (8)

MOPITT CO Global model assimilation (OPE) https://www2.acom.ucar.edu/mopitt 11 Nov 2020 (9)
OMI SO2 columns Global model assimilation (OPE) https://disc.gsfc.nasa.gov/datasets/OMSO2_

003/summary
11 Nov 2020 (10, 11)

MLS O3 Global model assimilation (OPE) https://mls.jpl.nasa.gov/products/o3_product.
php

11 Nov 2020 (12, 13)

MLS HNO3 Global model assimilation (OPE) https://mls.jpl.nasa.gov/products/hno3_
product.php

11 Nov 2020 (12, 14)

BEACO2N CO2 data SF CO2 emissions estimates https://beacon.berkeley.edu/ 11 Nov 2020
OCO-2 XCO2 V10 CO2 trends https://ocov2.jpl.nasa.gov/oco-2-data-center/ 2 Apr 2021 (15–17)
TCCON CO2 and CH4 GGG2014 data CO2 & CH4 trends https://tccondata.org/ 2 Apr 2021 (18–21)
ODIAC 2016–2019 CO2 emissions for FF

growth rate
https://www.odiac.org/index.html 2 Apr 2021 (22)

Carbon Monitor 2020 CO2 emissions for FF growth
rate and 2019/2020 emissions com-
parison

https://carbonmonitor.org/ 2 Apr 2021 (23)

NOAA HRRR meteorology SF CO2 emissions estimates https://rapidrefresh.noaa.gov/hrrr/ 11 Nov 2020
Ocean/land ensemble data Ocean and land flux responses http://crd-data-donnees-rdc.ec.gc.ca/

CCCMA/publications/COVID19/.
27 May 2021 (3)

GEOS-Chem nitrate simulation Response of nitrate PM2.5 to NOx

reductions
https://doi.org/10.5281/zenodo.4849416 29 May 2021

Table S1. Public data sources used in this paper. The “Used for” column gives the part of the analysis in which that data was used.
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Year CO2 (Gt C/yr) CH4 (Tg CH4/yr) NOx (Tg N/yr)

2005 8.02 330.458 36.50
2006 8.29 341.481 37.02
2007 8.54 339.064 36.41
2008 8.73 341.426 36.47
2009 8.61 345.293 34.41
2010 9.05 352.484 36.16
2011 9.35 356.701 36.65
2012 9.50 363.326 35.75
2013 9.54 361.773 35.99
2014 9.61 369.790 37.04
2015 9.62 377.163 35.36
2016 9.66 371.620 33.77
2017 9.77 373.658 34.31
2018 9.98 - 34.30
2019 9.99 - 33.34
2020 9.29 - 30.58

Table S2. Emissions used in Figs. 3 and 9. A dash indicates that emissions data were not available for that year.
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rate for fossil fuel emissions was computed by using three month total of anthropogenic CO2 emissions from the Open-source119

Data Inventory for Anthropogenic CO2 (ODIAC) for 2016 through 2019 and carbonmonitor.org for 2020. The three month total120

emitted CO2 mass was converted to an atmospheric mixing ratio by:121

RFF = 4 · ECO2,3mo · 2.14 ppm
Gt C · f [1]122

where ECO2,3mo is the three month total CO2 emissions and f is the average airborne fraction computed from all of the123

OCO-2 data; each three-monthly airborne fraction (f) is computed as:124

f = ROCO−2,3mo

ECO2,3mo · 2.14 ppm/Gt C [2]125

where ROCO−2,3mo is the three-monthly growth rate computed from the OCO-2 data.126

The TCCON CH4 series shown in Fig. 6b are computed from the time series and trends in Fig. 6a. First, the percent127

difference of the northern and southern hemisphere data against their respective trends is computed. Then, monthly averages128

of these two percent differences are calculated. Finally, the two monthly time series are averaged together.129

The box model trend shown in Fig. 6b was calculated using the box model described in (33) and (34), available at130

https://github.com/alexjturner/BoxModel_PNAS_20161223. Briefly, this model treats the change in concentration of CH4 in each131

hemisphere as the sum of changes due to emissions, oxidation by OH, and interhemispheric transport. OH concentrations can132

either be directly prescribed or have a prescribed source with concentrations varying alongside CH4 and CO. The results in Fig.133

6b use prescribed OH concentrations, but the behavior is similar if the OH source is prescribed. For simplicity, CH4 emissions134

followed the “stabilized” scenario described in (34). The percent difference in CH4 shown in Fig. 6b is the difference between a135

model run with a 3% reduction in OH during 2020 and one without.136

We do note that, in the box model, the renewed CH4 growth after 2008 occurs earlier than indicated by in situ measurement.137

This is due to the timing of CH4 emissions growth in the EDGAR inventory. However, this does not affect our conclusions as138

(a) we use the difference of two model runs with the same CH4 emissions trends and (b) we focus on the behavior in 2020.139

TROPOMI NO2 timeseries. For our analysis we re-grid the operational TROPOMI tropospheric vertical column NO2, with native140

pixels of approximately 3.5 × 7 km2 for 2019 and 3.5 × 5.5 km2 for 2020, to a newly defined 0.01◦ × 0.01◦ grid (approximately141

1 × 1 km2) centered over each of the three cities: Los Angeles, Lima, and Shanghai. Before re-gridding, the data are filtered so142

as to use only the highest quality measurements (quality assurance flag (QA_flag) > 0.75). By restricting to this QA value, we143

are removing mostly cloudy scenes (cloud radiance fraction > 0.5) and observations over snow-ice. Once the re-gridding has144

been completed, the data is binned temporally during a 15-day rolling timeframe and spatially over the metropolitan area,145

which we loosely define as a 1◦ × 1◦ box over the city center. The rolling 75th percentile of the binned data during the first five146

months of 2019 annd 2020 are shown in top row of Figure 7. There is some evidence that the current TROPOMI operational147

NO2 product may have a low bias of 20 to 40% in polluted areas; much of this bias may be attributed to the air mass factor148

(35–37). We limit our analysis to relative trends, which reduces this uncertainty.149

LA Basin AQ analysis. The hourly ambient temperature and concentrations of PM2.5, NO2, and O3 in the South Coast Air150

Basin for the period of 1 Jan 2015 to 30 Sept 2020 were downloaded from the California Air Resources Board Air Quality Data151

Query Tool (https://www.arb.ca.gov/aqmis2/aqdselect.php). It should be noted that the 2020 data are preliminary, unvalidated,152

and subject to change. The following steps were taken for data analysis:153

1. Only the monitoring sites that had complete data between 2015 and 2020 were considered in this analysis. Near-road154

monitoring sites were not included in the analysis. Figure S11 and Table S3 show the location of the monitoring sites155

considered in this analysis and the parameters measured at each site, respectively.156

2. For every date and site, the 1hr daily maximum (DM) temperature, 24hr average PM2.5, 1hr DM NO2, and 8hr average157

DM O3 were calculated.158

3. For every date, the average of the above-mentioned parameters was calculated across all monitoring sites. 7-day moving159

averages were then calculated and presented by day of year in Figure 8 for 2020 and the average (± range) of [2015-2019].160

The background colors in Figure 8 illustrate the difference between the 7-day moving average temperature in 2020 and161

the average (±1σ) temperature in [2015-2019] by day of year.162

4. Using the data in step 2, the percent change in monthly average concentrations of 1hr DM NO2 and 8hr DM O3 between163

2020 and the average of [2015-2019] was calculated by month and site as shown in Figures S1 and S2.164

Global ozone production efficiency calculation. We evaluated the seasonal and regional changes in the global tropospheric165

ozone response to COVID-19 NOx emissions using a state-of-the-art chemical data assimilation system. Anthropogenic166

NOx emission reductions linked to the COVID-19 pandemic were estimated as the difference between 2020 emissions and167

climatological (baseline) emissions for 2010-2019 estimated from our decadal chemical reanalysis constrained by multiple168

satellite measurements. The assimilation system uses the MIROC-CHASER global chemical transport model and an ensemble169

Kalman filter technique (38). This approach allows us to capture temporal and spatial variations in transport and chemical170
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Fig. S11. Location of South Coast Air Basin monitoring sites included in this analysis.
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Site Temperature O3 PM2.5 NO2

Anaheim X X X X
Azusa X X X
Banning airport X X X X
Central LA X X X X
Compton X X X
Crestline X X X
Fontana X X X
Glendora X X X X
La Habra X X
Lake Elsinore X X X X
LAX X X
Mira Loma X X X X
Mission Viejo X X
Pasadena X X
Perris X X
Pico Rivera X X X
Pomona X X
Redlands X
Reseda X X X
Rubidoux X X X X
San Bernadino X X X
Santa Clarita X X X X
South Long Beach X
Upland X X X X
West LA X X
Temecula X X X

Table S3. Parameters used from each South Coast Air Basin monitoring site.
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reactions in the emission and concentration estimates. The results for 2020 were used previously to evaluate the air quality171

response to Chinese COVID-19 lockdown (39), and show reasonable agreements with the observed concentrations from in-situ,172

ozonesonde, and satellite ozone measurements globally for 2005-2018 (39) as well as for 2020 (40).173

In order to evaluate seasonal and regional differences in the ozone response, the ozone production efficiency (OPE) was174

estimated based on model sensitivity calculations using the 2020 and baseline emissions for February-July 2020. The OPE was175

calculated using the simulated global tropospheric ozone burden changes corresponding to changing NOx emissions (i.e., the176

COVID-19 emission anomaly); the analysis was performed separately for each of the selected megacities. The model simulations177

were conducted from the beginning to the end of each month for the time period February to June, 2020, using the same initial178

conditions. The simulated tropospheric ozone burden averaged over the last 5 days of each month was compared between the179

simulations using the 2020 and baseline emissions. The analysis thus provides information on monthly changes in the ozone180

response (Tg) to reduced NOx emissions (Tg per year) for each megacity separately. These data are presented in Table S4.181

PM2.5 simulations. We used the GEOS-Chem (v9-02) model with a bi-directional NH3 flux scheme (41) at the nested resolution182

of 0.3125◦ × 0.25◦ latitude to explore the sensitivity of inorganic aerosol formation to NOx emission reductions in Los Angeles183

(118.239° W, 34.052° N) during COVID-19. Our detailed O3-NOx-VOC-aerosol simulations were driven by Goddard Earth184

Observing System (GEOS-FP 5.22.0) assimilated meteorological fields and include anthropgenic/biogenic/biomass burning185

emissions (42–44), gas-phase chemistry (45) and inorganic aerosol partitioning (46), wet/dry depositions (47–49) and transport.186

We first scaled anthropogenic NOx and SO2 emissions from HTAP v2 (42) (originally for the year 2010) to the year 2017 using187

satellite-derived SO2 and NOx emission reduction ratios (50) as our base emissions, which refer to emissions before lockdown188

during COVID-19. We scaled our base anthropogenic NOx emissions in March by BAU/COVID monthly NOx emission ratios189

from Miyazaki et al. (39) as our BAU/COVID emissions. In the COVID-19 simulations, the NOx emissions started to decrease190

on March 1st.191

We calculated the gas ratio (51) shown in Fig. S4 using Eq. (3):192

gas ratio = [NH3] + [NH+
4 ] − 2[SO2−

4 ]
[HNO3] + [NO−

3 ]
[3]193

[NH3], [NH+
4 ], [SO2−

4 ], [HNO3] and [NO−
3 ] are in units of molar concentrations (mol m−3) and include both gas-phase and194

aerosol-phase. This gas ratio is an indicator of NH4NO3 production sensitivity to NOx emission change and NH3 emission195

change. Values > 1 indicate that NH4NO3 production is NOx limited; values < 1 indicate it is NH3 limited.196

Ozone production efficiency steady state model. The ozone production efficiency (OPE) values in Fig. S10 were computed197

from a HOx-NOx steady state model similar to that used in Laughner et al. (52) (available at https://github.com/joshua-laughner/198

HSSModel/releases/tag/v0.1.0, an example notebook is available at https://github.com/joshua-laughner/HOx-NOx-model-PNAS-2021).199

Briefly, this model takes fixed values for NO and NO2 concentrations, VOC reactivity (VOCR), HOx productions (P(HOx)),200

and RO2 + NO branching ratio (α) and solves for RO2, HO2, and OH concentrations, assuming that HO2, RO2, and the whole201

HOx family (RO2 + HO2 + OH) are in steady state.202

Theoretical OPE is computed from the model steady state as the ratio of ozone production to NOx loss, similar to Kleinman203

et al. (53) except that formation of alkyl nitrates is counted as NOx loss:204

OPEmodel = P (O3)
L(NOx)

= kNO+HO2[NO][HO2] + (1 − α)kNO+RO2[NO][RO2]
kNO2+OH[NO2][OH] + αkNO+RO2[NO][RO2] [4]
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Feb 2020 Mar 2020 Apr 2020 May 2020 Jun 2020
Country City

∆
to

ta
lO

3
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3
)

China Shanghai -0.0159 -0.054 -0.0196 -0.079 -0.1659
Pakistan Karachi -0.0009 -0.0023 -0.0039 0.0031 -0.0069
India Mumbai -0.0075 -0.0067 -0.0077 -0.0053 -0.0538
China Beijing -0.0064 -0.0087 0.0049 0.0033 -0.0227
Turkey Istanbul -0.0032 -0.0136 -0.0041 -0.0151 -0.0353
China Guangzhou -0.0127 -0.02 -0.0164 -0.0281 -0.0277
India Delhi 0.0014 0.0096 -0.0268 -0.0152 -0.0313
Nigeria Lagos -0.0186 -0.0336 -0.0532 -0.0912 -0.0594
South Korea Seoul -0.0155 -0.0246 -0.0386 -0.0476 -0.0553
Brazil São Paulo -0.0226 -0.034 -0.0499 -0.039 -0.0308
Indonesia Jakarta 0.0043 -0.1095 -0.1149 -0.1084 -0.0961
Mexico Mexico City -0.0221 -0.0376 -0.0817 -0.1191 -0.0879
Japan Tokyo -0.0131 -0.014 -0.0107 -0.0116 -0.019
United States New York City -0.0072 -0.0082 -0.0187 -0.0129 -0.014
Egypt Cairo 0.003 -0.0018 -0.0089 -0.0149 -0.0184
Peru Lima -0.0095 -0.0396 -0.0686 -0.0518 -0.0558
United Kingdom London -0.0076 -0.0104 -0.0113 -0.0102 -0.0149
Iran Tehran -0.0141 -0.0105 -0.0442 -0.051 -0.0503
Australia Sydney -0.3071 -0.3481 -0.3528 -0.3601 -0.2905
United States Los Angeles -0.01 -0.02 -0.01 -0.07 -0.11

∆
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O
x
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s
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g
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)

China Shanghai -0.553854 -0.646131 -0.245612 -0.359558 -0.396624
Pakistan Karachi 0.00108 -0.01083 -0.013907 -0.010837 -0.020179
India Mumbai -0.024593 -0.027663 -0.024419 -0.061499 -0.139134
China Beijing -0.198961 -0.099599 -0.009603 -0.011923 -0.145126
Turkey Istanbul -0.130658 -0.174579 -0.03314 -0.088187 -0.089888
China Guangzhou -0.078471 -0.132469 -0.067583 -0.066167 -0.113306
India Delhi 0.013419 0.018727 -0.039327 -0.03435 -0.032617
Nigeria Lagos -0.009639 -0.007365 -0.007956 -0.013574 -0.005402
South Korea Seoul -0.149712 -0.159186 -0.203807 -0.148556 -0.29208
Brazil São Paulo -0.008472 -0.027171 -0.0432 -0.039373 -0.033903
Indonesia Jakarta 0.002877 -0.047226 -0.064194 -0.026963 -0.05354
Mexico Mexico City -0.01537 -0.06882 -0.061191 -0.137199 -0.054954
Japan Tokyo -0.041926 -0.034649 -0.029087 -0.039731 -0.059888
United States New York City -0.044813 -0.052346 -0.070999 -0.061666 -0.091085
Egypt Cairo 0.024929 -0.012549 -0.023062 -0.04617 -0.050889
Peru Lima -0.002643 -0.01057 -0.015109 -0.017799 -0.020392
United Kingdom London -0.056416 -0.086728 -0.136076 -0.114414 -0.143172
Iran Tehran -0.108269 -0.081617 -0.12622 -0.145247 -0.140058
Australia Sydney -0.122616 -0.090462 -0.125676 -0.177362 -0.151404
United States Los Angeles -0.61 -0.53 -0.19 -0.31 -0.43

O
P

E
(T

g
O

3
/T

g
N

)

China Shanghai 0.028708 0.083574 0.079801 0.219714 0.41828
Pakistan Karachi -0.833333 0.212373 0.280434 -0.286057 0.34194
India Mumbai 0.304965 0.242201 0.315328 0.08618 0.386678
China Beijing 0.032167 0.08735 -0.510257 -0.276776 0.156416
Turkey Istanbul 0.024491 0.077902 0.123718 0.171227 0.392711
China Guangzhou 0.161843 0.150979 0.242665 0.424683 0.244471
India Delhi 0.10433 0.512629 0.681466 0.442504 0.959622
Nigeria Lagos 1.929661 4.562118 6.686777 6.718727 10.995927
South Korea Seoul 0.103532 0.154536 0.189395 0.320418 0.189332
Brazil São Paulo 2.667611 1.251334 1.155093 0.990527 0.908474
Indonesia Jakarta 1.494612 2.318638 1.789887 4.020324 1.79492
Mexico Mexico City 1.437866 0.546353 1.335164 0.868082 1.59952
Japan Tokyo 0.312455 0.404052 0.367862 0.291963 0.317259
United States New York City 0.160668 0.15665 0.263384 0.209191 0.153703
Egypt Cairo 0.120342 0.143438 0.385916 0.32272 0.361571
Peru Lima 3.5944 3.746452 4.54034 2.910276 2.736367
United Kingdom London 0.134714 0.119915 0.083042 0.08915 0.104071
Iran Tehran 0.130231 0.12865 0.350182 0.351126 0.359137
Australia Sydney 2.504567 3.848025 2.807219 2.030311 1.918708
United States Los Angeles 0.016393 0.037736 0.052632 0.225806 0.255814

Table S4. Changes in NOx emissions, O3, and ozone production efficiency inferred from the multi-satellite data assimilation system.
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