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1 Supplementary Figures

Supplementary Figure 1: Maps of trend in column CO between 2002-2018 by month. Grey
dots indicate a probability of nonzero trends to 95%
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Supplementary Figure 2: Global map of trend in August column CO between 2002-2018.
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Supplementary Figure 3: Global map of trend in August AOD between 2002-2018.

4



Supplementary Figure 4: Comparison of MOPITT CO and MODIS fire detection for
the PNW. Time series of PNW monthly average MOPITT CO (blue) and monthly
summed MODIS fire detection for burned area (red, MCD64CMQ[1]) and fire count (black,
MOD14CMQ[2]) in the same region. Vertical lines show the beginning of each year.
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Supplementary Figure 5: Time series and trend analysis of CO and AOD in studied regions.
For the CO observations, which are regional averages of all retrievals within a month, the
mean sample size is PNW: 1110, Central USA: 2469, and Northeast: 1341. For the AOD
data, which are regional averages of monthly average data, the mean sample size is: PNW:
240, Central USA: 190 and Northeast: 175.
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Supplementary Figure 6: Seasonal cycle analysis of wildfire emissions. Seasonal cycles of
wildfire emissions of CO for the PNW (left), Central USA (center), and the Northeast (right)
regions based on FINN1.5[3], QFED[4, 5], GFED4.1s[6, 7], and Zheng reanalysis[8]. Black
lines are averaged monthly mean for 2002-2011. Blue lines are averaged monthly mean for
2012-2018 where data is available (Zheng ends in 2017). Shading represents the range in
inter-annual variability for each month.

Supplementary Figure 7: Seasonal cycle analysis of anthropogenic emissions. Same as Sup-
plementary Figure 6 but for anthropogenic emission inventories CAMS-GLOB-ANT v3.1
and Zheng reanalysis[8]. Anthropogenic emissions of CO from Zheng et al. (2019)[8] are
based on multi-species atmospheric inversions, using CEDS[9] as prior information for an-
thropogenic emissions and constrained by satellite retrievals of atmospheric compositions
(e.g., MOPITT CO).
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2 Supplementary Information Section 1:

Global model simulations

We use global simulations with the Community Earth System Model version 2 (CESM2)
implementing the Community Atmosphere Model with chemistry (CAM-chem) to support
this study in two ways. First, we look at a long time period of simulation and compare
emissions and burden to investigate the impact of PNW changes on other regions. Second,
we directly explore the potential for PNW wildfire emissions to impact surface air over North
America.

The CAM-chem simulations over a long time period (2002-2018) uses QFED fire emissions
with the setup as described in Emmons et al. (2020)[10]. Subtracting the mean surface CO
of the early period (2002-2011) from the later period (2012-2018) shows large enhancements
over the PNW and extending across North America (Supp. Fig. 8). Hydrogen cyanide
(HCN) is predominantly emitted from fires and is also simulated by CAM-chem. The similar
pattern of HCN to CO in the equivalent difference plot (Supp. Fig. 9) supports that the
increase in the PNW CO for the later period is driven by wildfires.

Supplementary Figure 8: Analysis of modeled CO. Average August CAM-chem simulations
of surface layer CO from 2002-2011 (left), 2012-2018 (center), and their difference (right).

The burden of CO over the whole column is calculated for the 3 regions of the main paper,
as well as for an inflow region over the Pacific, which has the same volume as the PNW (Supp.
Fig. 10). Burden calculations include emissions, deposition, chemical production and loss,
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Supplementary Figure 9: Analysis of modeled HCN. Average August CAM-chem simulations
of surface layer HCN from 2002-2011 (left), 2012-2018 (center), and their difference (right).

to provide the total mass inside a region.

Supplementary Figure 10: Domains used for analysis of CAM-chem simulations. The Pacific
region (light blue) is in addition to the regions used in the main manuscript.

Emissions and burden for the August CO regional averages for 2002-2011 compared to
2012-2018 are shown in Supplementary Figure 11. Over the PNW, the signal from the strong
increase in emissions is seen through an increase in the burden. No difference in the incoming
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CO burden (Eastern Pacific) further points to an increase in emissions over the PNW driving
the increase in the PNW burden. For the Central USA and Northeast regions, despite the
large reduction in emissions fluxes, burdens remained the same between time periods. This
is likely the result of a combination of both increased CO from transported sources from the
PNW combined with decreased local NOX, that consequently reduces the source of OH and
increases CO lifetime.

Supplementary Figure 11: Analysis of CAM-chem simulations. Regional average of the
August sum for each period (2002 to 2011 and 2012 to 2018), (a) shows the CO emissions
in terragrams per month (Tg month−1), (b) the atmospheric burden in terragrams (Tg).
Points represent the August sums for each region (n: Eastern Pacific = 408, PNW = 408,
Central USA = 195, Eastern USA = 204).

In order to examine the potential extent of PNW wildfire emissions impact on North
American air quality, we examine 2018 PNW wildfire season using a sensitivity simulation
experiment. We perform full-chemistry simulations using CESM2.1/CAM-chem[10] with a
model spin-up for the first 6 months of 2018. Horizontal resolution was 0.92◦×1.25◦, with 56
levels of vertical resolution. Simulations were run with specified dynamics using MERRA2
nudged at 1%. Biogenic emissions were from Model of Emissions of Gases and Aerosols from
Nature (MEGAN) coupled to CLM[11], anthropogenic emissions from CAMS-GLOB-ANT
v3.1[12], and fire emissions from QFED[4].

Two simulations were carried out, one control simulation including all emissions and the
second without PNW wildfire emissions from July 2018 onwards. In the second simulation,
we masked fire emissions within a region that covered a large portion of the PNW extending
from 32.5◦ N to 60◦ N, and 132.5◦ W to 109◦ W. Within this PNW region, all fire emissions
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were set to zero thus limiting the effects of wildfires in the PNW in the model. Subtracting
the mean surface CO of the masked simulation from the control shows large enhancements
in CO over the PNW when fire emissions are included (Supp. Fig. 12). These enhancements
extend across large regions of North America.

Supplementary Figure 12: Sensitivity study of PNW fire emissions using CAM-chem. Aver-
age surface CO for August 2018 from a CAM-chem simulation with QFEDv2.5 fire emissions
(left) and without QFEDv2.5 fire emissions in the Pacific Northwest (center). The difference
between simulations is shown on the right.

Using a full chemistry simulation allows us to examine the effect on other atmospheric
species that are related to air quality. Equivalent differences between the masked simulation
and control for ozone (O3) and fine particulate matter (PM2.5) show similar spatial extent
of increased concentrations when including PNW wildfire emissions (Supp. Fig. 13). These
simulations show that in 2018, and potentially other years with large wildfires, the PNW
wildfires can have substantial impact on air quality locally, regionally and far-downwind,
showing impact across large regions of the North America landmass. There are also increases
in outflow pollution over the Pacific Ocean for August 2018 when including fire emissions.

In summary, these model simulations are a first look at the impact of PNW wildfire on
local and downwind regions. A more complete modeling study would consider:

• Including tagged tracers to quantify the impact of each source region to the receptor
regions. This will help quantify the PNW wildfire impact on the change in burden and
CO lifetime in the Northeast and Central USA.

• The CMIP6 emissions do not accurately reflect the decrease in East Asian CO, so we
do not see the expected decrease in East Pacific burden in Supplementary Figure 11.
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Improved anthropogenic emissions from an inventory such as CAMS-GLOB-ANT v3.1
emissions could improve these results.

Supplementary Figure 13: Modeled PNW fire impact on surface atmospheric composition.
Differences between including and not including PNW fire emissions in 2018 CAM-chem
simulations for ozone (left) and PM2.5 (right).
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3 Supplementary Information Section 2:

Potential health relationships

MOPITT shows seasonal pattern changes in surface CO (Fig. 3) and Supplementary Section
1 identified the potential impact of PNW wildfires on air quality relevant species at the
surface for large regions of North America. Changes in air quality suggests that health
responses may also be changing. Wildfire smoke exposure has been linked to cardiovascular
and respiratory morbidity responses[13, 14, 15]. Although the mortality increases from
short-term exposure to ambient PM2.5 are well established[16], studies specific to short-term
wildfire smoke exposure are limited. There is some evidence of cardiovascular mortality[17]
and respiratory mortality[18]. As such, we briefly analyzed seasonal patterns for respiratory
health in Colorado, a state in the Central USA region, to understand potential respiratory
health responses to transported wildfire pollution in the late summer. We note that this is
not the examination framework for an epidemiological study, where short-term effects need
to be studied on daily basis using a time-series approach. By contrast, our focus is on if the
special seasonal cycle we find in wildfire emissions may have potential indication on health
responses.

We use monthly mortality data from the Vital Statistics Program, Colorado Department
of Public Health & Environment. Data are separated into seasonal cycles for 2002-2011
(period 1) and 2012-2018 (period 2). Mortality annual cycle related to asthma and other
chronic lower respiratory conditions (bronchitis, emphysema, COPD, bronchiolectasis) is
shown in Supplementary Figure 14. We find other chronic respiratory conditions show a
significant increase in August mortality for period 2 compared to period 1 for a Welch’s
independent two-tailed t-test at the α = .05 level (t=-5.4, p=1.6×10−4, df=12.8, mean
difference(effect size)=6.4, 95% C.I.=3.8;9.0). Asthma mortality shows small decreases in
mortality for the first half of the year for period 2 compared to period 1, while for the second
half of the year there appears to be no difference between time periods.

Supplementary Figure 14: Analysis of monthly mortality. Seasonal cycles of monthly pop-
ulation weighted other chronic respiratory mortality (left) and asthma mortality (right) in
Colorado for time period 1 (black, 2002-2011) and time period 2 (red, 2012-2018). Shaded
areas denote standard deviation.
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We additionally plot the surface layer seasonal cycles of MOPITT CO in Colorado (37◦ to
41◦ N, 102◦ to 109◦ W), without detrending (Supp. Fig. 15, Supp. Table 1). The resulting
pattern in CO has similarities with mortality seasonal cycle plots from both asthma and
other chronic respiratory conditions. The first half of the CO annual cycle shows significant
decreases in 2012-2018 relative to 2002-2011, while the second half of the annual cycle shows
no significant changes between time periods (Supp. Table 1). Thus the pattern of change in
Colorado surface CO shows a similar pattern to asthma mortality, with reductions in the early
part of the year for 2012-2018 and no change for the second half of the year. Additionally, the
emerging peak in August CO in the later period, coincides with the increased August peak
in mortality for other chronic respiratory conditions for this same period. These pattern
similarities between mortality and atmospheric composition suggest that there may be a
relationship between changes in transported wildfire pollution and health. However, a full
epidemiological study with detailed time series examination is required to accurately assign
a causality relationship. Additionally, based on previous literature, hospital admissions
and emergency room visits may show more significant response to wildfire pollution than
mortality[14], and is the subject of future analysis.

Supplementary Figure 15: Surface CO seasonality in Colorado. Seasonal cycle in MOPITT
surface CO 2002-2011 and 2012-2018 (not detrended). Shaded area shows standard deviation
and filled circles represent data means that are significantly different between the two time
periods at the α = .05 level according to a two-tailed t-test.
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Supplementary Table 1: Comparison statistics from an independent, two-tailed t-test be-
tween 2002 to 2011 and 2012-2018, for Colorado surface CO (not detrended).

P t df d Mean 95% CI
difference

January .498 0.694 15 0.354 4.663 -7.460; 6.785
February .001 4.217 15 2.152 18.361 10.490; 26.232
March .003 3.476 15 1.715 11.072 4.923; 17.220
April .017 2.687 15 1.317 9.669 2.639; 16.698
May .004 3.369 15 1.651 12.136 5.095; 19.176
June .079 1.886 15 0.980 8.613 0.659; 16.568
July .446 0.782 15 0.406 3.411 -4.204; 11.026
August .084 -1.859 14 0.930 -11.794 -24.247; 0.658
September .940 0.076 15 0.035 0.425 -11.734; 12.584
October .121 1.642 15 0.873 6.618 -0.055; 13.292
November .510 0.675 15 0.358 2.308 -3.373; 7.989
December .615 0.514 15 0.274 3.058 -6.742; 12.858

Legend: P = P value, t = t statistic, df = degrees of freedom, d = Cohen’s measure of
sample effect size for comparing two sample means, Mean difference = 2002 to 2011 - 2012
to 2018, 95% CI = Confidence interval for 95%
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