Article

The contribution of wildfire to PM, . trends

inthe USA

https://doi.org/10.1038/s41586-023-06522-6
Received: 5 January 2023

Marshall Burke'**”™, Marissa L. Childs*’, Brandon de la Cuesta’, Minghao Qiu®, Jessica Li?,
Carlos F. Gould®, Sam Heft-Neal® & Michael Wara"®

Accepted: 7 August 2023
Published online: 20 September 2023

M Check for updates

Steady improvements in ambient air quality in the USA over the past several decades,
in partaresult of public policy'?, have led to public health benefits' *. However, recent
trends in ambient concentrations of particulate matter with diameters less than

2.5um (PM,5), a pollutant regulated under the Clean Air Act’, have stagnated or begun
toreverse throughout much of the USA’. Here we use a combination of ground- and
satellite-based air pollution data from 2000 to 2022 to quantify the contribution of
wildfire smoke to these PM, s trends. We find that since at least 2016, wildfire smoke
hasinfluenced trends in average annual PM, s concentrations in nearly three-quarters
of states in the contiguous USA, eroding about 25% of previous multi-decadal
progressinreducing PM, ; concentrations on average in those states, equivalent to

4 years of air quality progress, and more than 50% in many western states. Smoke
influence ontrends in the number of days with extreme PM, s concentrations is
detectable by 2011, but the influence can be detected primarily in western and
mid-western states. Wildfire-driven increases in ambient PM, s concentrations
areunregulated under current air pollution law® and, in the absence of further
interventions, we show that the contribution of wildfire to regional and national air
quality trends s likely to grow as the climate continues to warm.

The observed multi-decadal declineinambient air pollutant concentra-
tions across the USA has been widely celebrated, both for its demon-
strated human health benefits and because it was substantially a result
of bipartisan public policy choices: in particular the Clean Air Act and
itsamendments'>. Recent data, however, indicate that these air qual-
ity gains are stagnating or even reversing across nearly all of the USA
(Fig.1), raising questions about whether past progressis being durably
undone, what is causing this and if or how policy should respond.
Here we study the contribution of growing wildfire activity to recent
trendsin concentrations of ambient particulate matter with diameters
less than 2.5 um (PM, ;). Wildfires have increased in size and severity in
recentyears, a consequence of achanging climate that has made fuels
morearid and flammable and resulting fires larger and more severe’”’,
a century of fire suppression in western forests that contributed to
fuel abundance' and anincrease in fire ignitions caused by humans™.
Increased fire activity hasin turn led to increases in the emission and
formulation of many air pollutants, including ‘criteria’ pollutants such
as PM, ;. These pollutants are regulated in the USA under the Clean Air
Actand have been shown to have awide array of negative health effects™.
Studies using data from before 2016 concluded that the wildfire con-
tribution to measured PM, ;concentrations was apparent mainly inthe
northwest of the contiguous USA (CONUS), but disagreed over whether
enhancementsin thisregion were observable in average annual concen-
trations or only in extreme daily concentrations™™, Studies thatinclude
morerecent datafromthe very active 2018 and/or 2020 wildfire seasons

conclude that the imprint of wildfire smoke on surface average and
extreme PM, s concentrations has expanded substantially in geographic
scope, with observed enhancements throughout much of the western
USA>1, Research also suggests that wildfire smoke is increasingly
implicatedin ‘exceptional event’ designations, or days on which regula-
torsexempt observed pollutant concentrations from determination of
regulatory attainment under the Clean Air Act because the source of
the pollution was deemed beyond control of local authorities".

Yet wildfires are clearly not the only possible contributor to recent
air quality trends. A large body of work shows how changes in meth-
ods of production in the energy, manufacturing and other industrial
sectors, inagricultural production practices, inregulatory enforcement
and changesin global trade patterns have shaped short-andlong-term
variation in air pollution concentrations throughout the USA>5%,
Accurate and up-to-date characterization of the drivers of recent air
quality trends is important to inform policy decisions about how to
regulate or improve air quality, and whether interventions should be
targeted to specific regions or sectors.

Toisolate the contribution of wildfire smoke to pollution concentra-
tions, we build on earlier work''® and use acombination of ground- and
satellite-based measurements to isolate the component of surface
PM, s concentrations attributable to wildfire smoke. Specifically, our
primary analysis combines daily data from thousands of regulatory
pollution monitoring stations from across the USA with satellite- and
analyst-based estimates of when and where wildfire smokeisin the air
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Fig.1|Nationaland regional trends in ambient concentrations of PM, ;
show steady declines through 2016 and then stagnation or reversal. Grey
linesin each subplotare annual average regional or CONUS concentrations of
PM, saveraged over monitoringstations reporting consistently over the period
ineach US climate region®***,. Regional and national averages are computed

(Extended DataFig.1). To analyse trends in total PM, 5, we use monitor-
ing datafrom 2000 to 2022. We analyse the smoke contribution to total
PM, s beginning in 2006, when smoke plume data become available.
To estimate smoke PM, s over the 2006-2022 period, we calculate daily
PM, ; anomalies from season- and time period-specific median con-
centrations at each location and attribute these anomalies to wildfire
if satellite images indicate a wildfire plume is overhead on a given day
(Methods). For this approach to successfully isolate wildfire’s contribu-
tion to surface PM, ,, it must be the case that satellite-derived plume
estimates accurately describe the location of wildfire smoke, and that
the presence or absence of a plume is not systematically correlated
with other non-wildfire sources of variation in surface PM, ;. Using
measurement data on the chemical components of PM, s and panel
regression, ref. 16 shows that both these conditions are likely to hold.
Non-wildfire PM,sonagivenday canthenbe calculated as the difference
between total observed and wildfire-attributed PM, ;. Total, wildfire or
non-wildfire PM, s can be spatially or temporally aggregated to char-
acterize wildfire’s contribution to average or extreme daily PM, ; con-
centrations. We focus on two measures of ambient air quality: annual
average PM, s concentrations, calculated as the simple average of daily
PM, ;concentrations atagivenstationinayear, and the proportion of
days above 35 ug m>ateach station over 1year, aconcentration thresh-
old used at present as part of Clean Air Act attainment designations.

To characterize trends in total or non-smoke PM, s averages and
extremes, and to test whether trends in each have changed over time,
we use formal tests to identify trend breaks to divide our sample into
‘early’ and ‘recent’ periods?, estimate trends in pollutant concentra-
tions in each period and then test whether trends are statistically dif-
ferent (P < 0.05) between the two periods, propagating uncertainty
inboth the trend break and the estimated slopes using a bootstrap
procedure (Methods). CONUS-wide dataindicate atrend break around
2016 (median estimate 2015.6) for annual average PM, 5, and in 2012
(median estimate 2011.99) for extreme daily PM, 5, consistent with
visual evidence (Fig.1and Extended Data Figs. 2 and 3).
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from monitoring stations reporting over 50 days per year for at least 15 years to
preventstationintermittency frominfluencing trends. Red lines are linear fits

toeachregion’sannual average time series, with separate slopes fits for before
and after the series breakpoint, denoted as the red vertical dotted line.

To test whether trends in average or extreme PM, ; are different
between periods, we fit linear panel regressions to all stationsin each
geographicregionofinterestineach period (typically, state), allowing
average pollution levels to differ across stations but estimating acom-
montrend across all stations (Methods). Using total PM, ;, we identify
‘reversals’, states in which PM, s was declining in the early period but
increasinginthe recent period (P < 0.05), or ‘stagnations’, states where
trends in total PM, s were slower in the recent period but either still
declining or not significantly increasing. Then using our measures of
smoke PM, ;, we identify ‘smoke-influenced’ regions as those where
recent-period trends in total PM, s were statistically distinguishable
fromtrendsinnon-smoke PM, s (Methods and Extended Data Table1).

We test robustness to alternate statistical approaches to estimat-
ing pollution trends on either side of the break, to exclusion of recent
extreme wildfire years and to different ways of constructing the smoke
PM, ;data. Because individual stations come online at different times
andreportat different daily frequencies, we also test robustness to sam-
plerestrictions that limit stations to those reporting more frequently
and/or reporting for fewer years in the sample (Methods). Finally, we
notethattrendsinastate or region’s PM, s concentrations need not nec-
essarily reflect trends inthat region’s emissions of particulates and their
precursors, given that wildfire smoke often travels long distances?.

In41outof 48 statesin CONUS, average annual PM, ;concentrations
were declining over the early period (2000 to roughly 2016, depending
onbootstrap run) but then either significantly slowed (30 ‘stagnating’
states) or begantoreverse (11 ‘reversing’states) (Fig. 2a). Inthe remain-
ing sevenstates, either early trends were not declining, trends were not
statistically different between early and recent periods, or declines
accelerated between periods.

We find that wildfire smoke statistically significantly influenced
recent trends in annual average total PM, s in 35 states, representing
73% of all CONUS states. Pooling across all smoke-influenced CONUS
states, we calculate that since about 2016, smoke has added an aver-
age of 0.69 pg m= to PM, s concentrations (95% confidence interval:
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Fig.2|Improvements in total PM, ; have slowed or reversed in most states,
and smoke is asignificant influence in most. a, Classification of states by
trend in annual average total PM, sinthe early (2000 to roughly 2016) versus
therecent period (roughly 2016 to 2022); non-declining are states where
early-period PM, sisnot declining (‘no sig. early decline’) or where trends in
earlyand recent periods are not statistically different (‘non-sig. change’).
‘Stagnation’includes states where declines are slower (P < 0.05) in the recent
periodrelative to the early period but not statistically significantly negative,
‘reversal’includes states where the early trend was significantly negative and
therecent trend wassignificantly positive, and accelerating (‘accel.’) includes
states where the recent declines are faster than the early period. Numbers
indicate statesineach category, out of 48 CONUS states. An alluvial plot then

0.64-0.74) (median 0.60 pg m=(0.52-0.67)), equivalentto25% (20-29%)
oftheaverage declineinannual PM,;achievedin these states between
2000 and 2016 (median10% (8-14%)).

In 22 of these 35 states, PM, s was still declining or flat in the recent
period but would have declined faster absent smoke. These states are
located throughout much of the US mid-west, south and east (Fig. 3). We
calculate thatsince 2016, smoke added 0.47 pg m=(0.39-0.56) to annual
PM,concentrationsinthese 22 states (median), equivalentto 7% (6-8%)
of the PM,; declines achieved in these states between 2000 and 2016,
or median1.1(0.9-1.3) years of progress during those years (Fig. 2b,c).

In eight other states, total PM, s was trending significantly up since
2016 but would have either trended up more slowly (five states) or would
have actually trended down (three states) absent smoke. These states
are concentrated in the west and mid-west of the USA, and we calculate
that smoke added 0.97 pg m(0.85-1.08) to PM, s concentrations in

shows the count of states in each of these categories that are smoke influenced
intherecent period, defined as total PM, 5, having a statistically significant
steeperslope (P< 0.05) than estimated non-smoke PM, ;. A‘caused reversal’isa
recent-period trend in total PM, s that would have been negative absent smoke.
b, Inthe 35 smoke-influenced states, the distribution of changein total PM, 5
duringtheearly period (blue) and change in smoke PM, sduring the recent
period (orange). Dotted lines are medians across states and solid lines are
means. ¢, Ratio of recent-period smoke-attributed PM, sincrease to
early-period total PM, sdecline, representing the percent of early-period
progressinreducingtotal PM, ;concentrations that was undone by smoke in
therecent period; the dotted red lineis the median across states and the solid
lineis the mean.

these states since 2016, equivalent to 46% (36-58%) of the median
declineinannual PM, ;achieved inthese states between 2000 and 2016,
or7.1(5.6-9.0) years of progress during that period. The remainder of
states either had no detectable smoke influence in the recent period,
such as many states in the northeast, or were smoke influenced in the
recent period but did not have PM, strending down in the early period
or did not have a detectable change in PM, 5 trends, such as several
statesin the northern Rockies.

We emphasize that our measure of ‘influence’is in regard to pollution
trends rather than pollution levels, and that most western states have
had substantial amplification of pollution levels due to wildfire smoke
in certain recent years', even if influence on trends is sometimes less
apparentin certain locations (for example, South Dakota).

State-level estimates of pollution trends and their categorization
regarding stagnating and/or reversing and smoke influence are largely
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Fig. 3| The influence of wildfire smoke onrecent trends in average PM, ;is
largestinthe westernstates, but extends to the Great Plains, mid-westand
parts of the southeast and northeast. Lines show annual averagesin the state
for observed total PM, s (black) and counterfactual estimated PM, s without
smoke (blue), calculated by subtracting estimated smoke PM, s from total
PM, ;. State average time series shownin the panels are calculated from

robust to alternate estimation samples and approaches, including
using stations thatreportinasfewas5yearsoronlyinnearly allyears,
and using region-specific sample breakpoints for trend estimation
(Extended Data Fig. 4 for trend estimates, Extended Data Table 2 and
Extended DataFigs.5and 6 for categorizations). Region-specific tests
identify trend breaks for average PM, s within a few years of 2016 in most
states, but suggest that breaks might have been earlier in some western
states (Extended DataFig. 6). Results are only moderately sensitive to
whether one fits a single piecewise regression with a change in slope
at the breakpoint (our main model) or fits separate models on either
side of the breakpoint; discontinuous trend estimates suggest that 39
of 48 states experienced smoke-influenced changes in PM, 5 trends.
Estimates are most sensitive to dropping observations from 2021, which
was a heavily smoke-influenced year in our sample; without 2021 in
thesample, we estimate that 18 out of 48 states are ‘smoke influenced’
(Extended Data Table 2).

Wildfire influence on daily PM, ; extremes

By 2010, most states in the central, eastern and southern USA saw the
near-elimination of days on which PM, s concentrations exceeded
35 pg m (Extended Data Fig. 3). Thus, there was an observed trend
break in extreme smoke PM, ; in these states, but these breaks were
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no sig. trend change
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stations with atleast 15 years of data, each with more than 50 observations per
year. Vertical dashed line shows the median CONUS-wide break year (2015.6)
from the main specification. Panels are coloured by smoke-influenced
classification, whichis determined using regression on station-year level data
pooled within each state. Smoke-influence classifications match those usedin
Fig.2.

driven by states hitting zero extreme pollution days, thus eliminating
the opportunity for further declines. By contrast, most states in the
western USA have seen consistent, if variable, increasesin the number
of extreme days since 2010.

We find substantial smoke influence on trends in extreme PM, s days
inwesternand mid-western states. In 18 states, we find clear evidence
that, since 2012, the observed increase in days above 35 pg m~would
have been smaller without smoke (Extended Data Fig.3). In the remain-
ing 30 states, we did not detect aninfluence of smoke onrecent trends
indaily extremes. These counts are robust to alternate samples, break
years and estimation approaches (Extended Data Fig. 7), although, as
with mean PM,;, excluding 2021 substantially reduces the number of
smoke-influence classifications.

We then calculate the proportion of days in which wildfire smoke
was the cause of the threshold exceedance—that is, days in which the
35 ug m= threshold would not have been exceeded absent wildfire
smoke on that day—using the sample of Environmental Protection
Agency (EPA) stations with at least 15 years of data with more than 50
observations per year during 2000-2022. As station intermittency
couldstill affect estimates by overweighting certain years, we first cal-
culate state-year averages and then average these to get state averages
over aspecified time period. From2006 t0 2010, in no states did wildfire
smoke cause more than 25% of daily 35 ng m=exceedances (Extended



a g
3.0 02020 -
12 =0.49 o021 -
2.0 L
o2017 ©2018 .7
> 07 2022 7
= © 2015.°
© 0.’
s 20080, 02012
a 057 02013,
$ .
g 02007
z 072014 2006
=] e
g 027 ,~" 02016
< 22011 02009
762019
01 .-
02010
T T T T T 1
085 090 095 100 105  1.10

May-September average VPD (kPa)

Fig.4|Climateis astronghistorical driver of interannual variationin
smoke exposure, and projected mid-century changes in climatic drivers
exceed recent historical extremes. a, Interannual variation insummertime
(May-September) VPD averaged over western forests is a strong predictor of
annual variationinthe log of average smoke PM, s variation across the US West,
2006-2022 (r* = 0.49); smoke PM, s is a simple average of daily smoke PM, s over
allreporting stationsin the US Westinagivenyear, and the dotted lineis linear
regression fit. b, Historical and projected mid-century changes in summertime
VPD over western forests. Rectangles to the right show projected mid-century

DataFig. 8). Between2011and 2022, wildfire smoke caused at least 25%
of exceedancesin seven states (Washington, Oregon, Montana, Idaho,
Nevada, North Dakota and South Dakota). Inthe the last 3 years of the
sample (2020-2022), wildfire smoke caused at least 25% of daily exceed-
ances in 21 states and caused more than 75% of exceedances in four
states (Washington, Oregon, Montana and Idaho). We conclude that
wildfire smoke has been a substantial cause of increases in daily PM, 5
extremes throughout most of the West, and that the influence of smoke
on extremes now extends beyond the influence uncoveredin previous
analyses®, which discerned influence only in the Pacific northwest.

Historical and future climatic influence

Therecentrapiduptickinwildfireactivity and resultingupward pressure
on annual and extreme PM, ; concentrations throughout the western
USA raises the question of whether recent PM, s trends are likely to
continue or whether they were driven by idiosyncratic variability in
climatic conditions that are unlikely to persist. Many studies have
sought tounderstand climatic drivers of recentincreases in fire activity
andto project future changesin these drivers. Together, these studies
provide strong evidence thatinterannual variation in climate-related
factors such as fuel aridity and fire weather are a primary driver of
recent variation in fire activity, and that projected future changes in
these variables from global climate models (GCMs) indicate that—
absent intervention—fire activity is likely to further increase as the
climate warms”?, although the magnitude of thatincrease is sensitive
to the climate variable used to project changes in wildfire activity*.
Using avariety of modelling approaches, studies also relate projected
increases in wildfire activity to potential changes in surface air quality
over the next century, finding large possible increases in average and
daily extreme PM, s concentrations®?,

Tofurther corroborate these results, we calculate annual summertime
(May to September) average vapour pressure deficit (VPD) over western
US forests, and relate these values to our measures of annual average
smoke PM, ;, using all available monitoring stations across the western
USA (defined here as all states in the CONUS west of, and including,
New Mexico, Colorado, Wyoming and Montana). Summertime VPD is

b Projected
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(2040-2060) average summertime VPD froman ensemble of 34 GCMs run
under thelisted emissions scenarios and debiased to match observed VPD
valuesinacommon1979-2014 sample; lighter rectangles are10th-90th
percentiles, darker rectangles are interquartile range and solid horizontal line
isensemble median. Mid-century ensemble median projected values across all
emissions scenarios exceed recent multi-year VPD averages and are as large or
larger than recent historical extremes, suggesting that smoke PM, s is likely to
continuetoincrease absent of extraintervention.

strongly related to the log of smoke PM, ; (Fig. 4a), explaining half its
interannual variation since 2006. The estimated relationship is robust
tofirst detrending both VPD and smoke, and sois not spuriously driven
by commontimetrendsinbothtimeseries. VPD values have increased
over western forests since 1980, and were at or near record maximain
recent years (Fig. 4b).

Using an ensemble of 34 debiased GCM projections (Methods),
we find that projected average VPD levels over western forests by
mid-century match or exceed recent historical extremes, even under
low greenhouse gas emissions scenarios (Fig. 4b). Relative to observed
VPD in the last 5 years of our sample (2018-2022), ensemble median
projected average increases in VPD under SSP3-7.0 indicate an extra
increase in annual average smoke PM, s concentrations of 3.1 ug m=by
2050, onthebasis of the log-linear relationship in Fig. 4a. This projected
increase represents an annual growth rate in smoke PM, s in future
years (roughly 0.1 pg m~yr™) that is nearly equivalent to the annual
growth rate observed during the 2016-2022 period in these western
states (0.12 ug m yr). The ensemble mean projected change insmoke
is more than twice these median estimates, a result of the estimated
exponential relationship between VPD and smoke PM, ;. These results
indicate thatrecent trendsin smoke PM, s will probably continue under
awarming climate. However, we warn that such projections assume
that future smoke-VPD relationships will mirror past relationships,
which might not be the case if widespread wildfires or human fuels
management limit future fuel abundance. More detailed dynamic and
spatially explicit modelling is critically needed to better understand
how smoke will evolve under future climate.

Discussion

Approaches to air quality regulation have historically been built on
two primary facts: most pollutant concentrations were the results
of emissions tied directly to controllable human activity, and the
sources of these emissions tended to be locally or regionally proxi-
mate to the population that they affect. Regulation based largely on
these facts, such as the Clean Air Act, have contributed substantially
to the remarkable decadal improvements in air quality averages and
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extremes observed throughout the USA through the early 2010s (ref. 2)
(Fig.1and Extended Data Fig. 3). These facts have also led to calls for
location-specific approachesto reducing remaining pollution burdens
and eliminating remaining disparities in exposures across socioeco-
nomicgroups?. At present, EPA is in the process of reviewing and revis-
ingthelevel of permitted ambient PM, ;under the Clean Air Act on the
basis of updated scientific recommendations of 8-10 pg m~ annual
average PM, ; (ref. 28).

We show that recent increases in wildfire smoke have substantially
slowed or reversed improvements in ambient PM, s concentrations
throughout much of the USA, with widespread recent influence on
annual average PM, s concentrations and regional influence on daily
PM, ; extremes. These increases in wildfire smoke, which we and oth-
ers show are expected to continue under a warming climate, subvert
thelogicof traditional, regionally based air quality regulation focused
on control of anthropogenic emission sources and could undermine
location-specific approaches to reducing pollution burdens. This is
because with wildfires, the emissions source is often not under the
control of the affected jurisdiction: increased surface pollutant con-
centrationsin onelocation can originate from fires that are hundreds
or thousands of kilometres away?, and these fires have a more indi-
rect—albeit substantial—link to human activity. Whereas more recent
US rule making, such as the Cross-State Air Pollution Rule, recognizes
that criteria pollutants often cross-state boundaries, such regulation
atpresentonly pertains to large power plantsin 27 statesin the Eastern
USA. Further, wildfire smoke remains explicitly exempted from both
local and transboundary attainment rules under the Clean Air Act,
while, at the same time, proposed approaches to better managing
wildfire and wildfire smoke, by means of greater use of prescribed fire,
are subject to regulation under the Act because they are considered
anthropogenic emissions sources?”*°, The growing influence of wild-
fire smoke on ambient PM, s trends that we document suggests that a
continuation of this current regulatory approach could increasingly
fail to protect public health from poor ambient air quality.

New approacheswill probably be needed to address the growing influ-
ence of wildfire smoke on air quality. These could include large-scale
investment in fuels management to reduce extreme wildfire risk, as
recently proposed by the US Forest Service; revision to key air qual-
ity regulation such that air quality exemptions during smoke days are
only granted if efforts have been made to reduce wildfire risk; a default
stance (or ‘rebuttable presumption’) that prescribed fire smoke emis-
sions are exempt from regulation under the Clean Air Act, especially if
annual average regulatory PM, sstandards are lowered; and expansion
of the geographic scope of regulatory implementation plans toinclude
both source and affected jurisdictions and/or a shiftin focus of air pol-
lution programmes towards exposure rather than emissionreduction,
indicating large investment in indoor filtration to protect individuals
and communities from the wildfire smoke events that increasingly
occur®”?, Given the complexity of wildfire smoke management, all
these measures may be required to avoid significant negative effects
on public health. Absent of these or other interventions, wildfires’
contribution to poor air quality and adverse health effects will probably
continue to grow as the climate continues to warm.
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Methods

Isolating wildfire smoke PM,

We measure total PM, ; at the daily level using data from 2,498 EPA air
quality monitoring stations located throughout the CONUS, where
station-day average PM, s is calculated over all observations from moni-
torsatastationlocation (Extended DataFig.1)***. To understand when
smoke from fires may be affecting ground pollution levels, we follow
earlier work™'**¢ and construct a binary classification of smoke days
for each station-day using data on smoke plumes from the National
Oceanic and Atmospheric Administration hazard mapping system
(HMS)¥, which are analyst-identified plume boundaries based on visible
bands of satellite imagery®**°, A station-day is classified as a smoke
dayifitfalls within a smoke plume on agiven day. The first full year for
which the HMS plume data are availableis 2006, which limits the start
date of our smoke estimates.

We then combine ground station measurements with this classi-
fication of smoke days to define daily time series of smoke PM, s at
eachstation. We first define PM, ;anomalies as deviations from recent
month- and location-specific median values on non-smoke days

_— NS
PMidmy = PMidmy - PMimy' ®

where PM,,,, isthe PM, sat stationionday dinmonthmandyeary,and
W,N,,; isthe 3-year location- and month-specific median PM, ;on non-
smoke (NS) days. This medianis calculated as

PM)yy =median({PMyy,,,li=1,m=M,Y-1<y<Y+1,smoke;,, =0}, (2)

idmy
with smoke;,,, abinary variable indicating smoke-day classification,
or when smoke may be affecting air pollution levels. We use medians
rather than means to prevent days with extreme PM, s that are not
smoke days from affecting the background PM, s estimates, asis occa-
sionally the caseinour data. Further, by using 3-year medians, we allow
the measure of background non-smoke PM, s to evolve over time in
each location to capture trends in non-smoke PM, 5, which include
the many other changing sources of anthropogenic emissions. We
then define smoke PM, ; on each station-day as the anomaly relative
to the median if there was a plume overhead; this allows negative
smoke values on days when total PM, ; was below median PM, ; on
aday with a plume overhead, which in our data occur on 2.36% of all
station-days. We also tested robustness to bottom-coding smoke at
zero, that is, setting negative values of smoke PM, s to zero, and find
that this yields higher classifications of smoke influence (Extended
Data Table2).Finally, we calculate non-smoke PM, s on each station-day
asthe difference betweentotal PM, ;on that day and estimated smoke
PM,; on that day.

Ourapproachtoisolatingsmoke PM, ;at monitoring stationsis similar
to other recent work™'¢3¢, and for it to successfully isolate wildfire’s
contributionto surface PM,, it must be the case that the HMS plumes
accurately describe the location of wildfire smoke on a given day and
that the presence or absence of a plume is not correlated with other
non-wildfire sources of variation in surface PM, ;. To the first concern,
we find in our data that having a smoke plume overhead is associated
with an average 4.67 ug m= increase in PM, ; after controlling for
station-specific averages and average differences in PM, ; between
states, months and years using fixed-effects regression. We also find
that in time series for specific stations, plumes align temporally with
spikes in ground-measured PM, s (Extended Data Fig. 1). We note that
our approach does not require that plume heights or plume density
be accurately measured by the satellite data; rather, we only need the
plume data to tell us whether there is any smoke in the atmospheric
column, and then the magnitude of the ground-measured PM, ;anomaly
under the plume will tell us whether this smoke is mixing to the surface
and how muchitis affecting surface pollutant concentrations.

To the second concern about correlated time-varying non-smoke
PM, ssources, Childs et al.’® analysed whether this method of construct-
ing smoke PM, ; from ground station anomalies is indeed picking up
PM, . from smoke and not from other local time-varying sources of PM, ¢
unrelated to smoke by using speciated data from Interagency Monitor-
ing of Protected Visual Environments (IMPROVE) and Chemical Specia-
tion Network monitors. The authors found that species most likely to
be present insmoke PM, ;—in particular organic carbon—rose on smoke
days but other non-fire-associated species (for example, elemental
carbon) did not rise. These results provide supporting evidence that
ourapproachtoisolating smoke PM, s from non-smoke PM, sisindeed
picking up wildfire-sourced PM, ;and not some other correlated PM, 5
source. Nevertheless, our measure of smoke days may still be a con-
servative estimate of the locations with air quality affected by smoke:
there probably remain undetected plumes under cloud cover, during
nighttime periods when satellite-based plume segmentations are una-
vailable or on days when smoke is diffuse and difficult to identify in
satelliteimagery™*. This will cause us to under-attribute PM, s to smoke
and thus understate the influence of wildfire smoke on total PM, 5.

Our mainanalysis uses data from all EPA monitors between January
2000 and December 2022. Because we use data from fixed pollution
stations to measure overall PM, s trends and wildfire influence onthem,
our datawill berepresentative of locations where stations are located.
Asstations are purposefully located in populated areas to assess Clean
Air Act attainment, our estimates should be largely representative
of CONUS populations. However, they will be less accurate for many
rural areas in the western USA where stations are less common but in
which other estimates suggest wildfire influence on PM, s is often the
strongest'. Our implicitly population-weighted estimates thus prob-
ably understate the influence of smoke on total PM, s trends relative
toanarea-weighted estimate, and could understate wildfire influence
in the rural West.

Finally, our approach to estimating trends in total, smoke and
non-smoke PM, s that combines satellites and ground stations isacom-
plement to other potential approaches to measuring the influence of
smoke onair quality trends, including approaches that rely on statistical
analysis of station data alone® or that use emissions inventories and
chemical transport models™%, An advantage of our approach relative
tosolely station-based approaches is that satellite-derived plume data
provide substantial information on the location of wildfire smoke
plumes, and this information helps isolate the influence of wildfires
from other time-trending sources of pollution exposure. An advantage
of our approachrelative to transport-based approachesis thatit does
not depend on uncertain wildfire emissions inventories, which have
been shown to have large influence on predicted pollutant concen-
trations*'. Machine-learning based approaches for total and wildfire
PM,, and the gridded products they generate, provide an alter-
nate approach'®*>*, yet these products are generally estimated with
some time lag and do not yet provide estimates for the most recent,
heavy wildfire smoke years.

Estimating trend breaks and period-specific trends

Tosplitour dataintoearly and recent periods, estimate trends in total
and non-smoke PM, s in each period, and test whether slopes differ
across periods or pollutants, we use the following bootstrap procedure.
First, werestrict our sample toall available stationsin CONUS that meet
aninclusion criteria, whichin our main sample is having more than 50
daily observations per year for at least 15 years (we test robustness to
this criteria as described below). We draw a stratified random sample
of stations from this dataset, stratifying on state and sampling with
replacement. We use state-stratified random sampling to ensure that
eachstate has the same influence on the pooled estimatein each boot-
strap, and sampling monitoring stations with replacement mimics the
ideaof an (unobserved) superpopulation of possible pollution monitor
locations in each state, of which we observe only asample.
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Using this sample, we then follow ref. 21 and implement an algorith-
micapproach to estimating breakpoints in time series data. Under this
approach, abreakpointinitialization valueis chosen and the algorithm
searches until the change in the estimated breakpoint falls within a
prespecified tolerance level. Formally, we search for a single breakpoint
y*byfitting the following iterative regression on the station-year data:

y,.t=0(,-+51Zt+52(2,—(/7)ﬂ{2,>(/7}—V]{Zt>$}+£,t (3)

where yis total PM, s at station i in year ¢, a; is a vector of station fixed
effects (intercepts), z, is a numeric variable indexing time, § is the
iteratively updated candidate breakpoint, y measures the gap atagiven
iteration of breakpoint ) between the two fitted lines on either side of
thebreakpointand{z, > ¢} istheindicator function, and 6,and §,are
estimated period-specific time trends. The breakpoint is then updated
between iterations, with = § + 5%‘ As the algorithm converges, the
ratiogLapproaches zero, with the algorithm ceasing once it falls within
a prespecified tolerance, which we set to 1 x 107 (see Supplemental
Methods for a discussion of robustness to weaker and stronger toler-
ances). We also constrain the algorithm to search only between the
20th and 80th quantile of the time series for CONUS breakpoints and
betweenthe 15th and 85th quantile for regional breakpoints, prevent-
ing it from choosing breakpoints in the first or last few years of the
sample. This was done to prevent the pre- and postperiod model fits
from having to use only a very small slice of the sample, which could
lead to very steep, imprecisely estimated slopes that are both noisy
and a poor predictor of future trends. The model sees only total PM, 5
data when estimating the breakpoint. Less strict quantile constraints
were chosen for the regional breakpoints to account for variation in
possible breaks across regions. See Supplemental Methods for further
details on algorithm implementation.

Onceabreakpointis chosen onthe pooled data, we thenfit general-
ized linear maximum likelihood panel regressions** to the same sample
of station-year observations, pooling stations within a given region of
interest (typically, state) and allowing slopes to differ on either side
of the prescribed breakpoint. Formally, we estimate equations of the
following form separately for both total and non-smoke PM, 5

PMits = ai5+ﬁ]_g (Zt - w*)]l{zt < ‘p*} +B25 (Zt - w*)]l{zt > ‘p*} + s 4)

whereg*is the estimate of the breakpoint generated fromthe algorithm
described above. The subscriptiindexes pollution station, tisthe year
andsis the type of particulate matter (total or non-smoke PM, ;). 1{}is
the indicator function, a;, represents a station-PM, 5 type intercept
(thatis, separate intercepts for each station and PM, s type of total or
non-smoke) and 8, and §3, are the estimates of early and recent-period
slopes for PM, s type s, pooled across all stations i. This equation is
estimated either using all stations in CONUS, or all stations in a given
state or region, yielding a set of estimates of state- and period-specific
trends in total and non-smoke PM, ;.

We construct 1,000 stratified bootstrap samples, then repeat this
entire procedure foreach bootstrap, generating 1,000 breakpoint esti-
matesand 1,000 estimates of the slopes for each state and for CONUS.
The distribution of these estimates (Extended Data Fig. 2) thus accounts
for uncertainty in both the timing of the breakpoint as well as uncer-
tainty in the slopes conditional on a chosen breakpoint. The analysis
isrepeated separately for annual average PM, ;and for the proportion
of daysinwhich PM,sis greater than 35 ug m~as outcomes. For annual
average PM,;, our maximum likelihood estimator is equivalent to
estimating equation (4) with ordinary least squares; for annual counts
of extreme days, we instead use a Poisson fixed-effects model tofind the
breakpoint and fit slopes, with counts of extreme days per year as the
outcome and log of number of station-year observations as an offset.

Wethen use these bootstrapped distributions of slope estimates to
implement statistical tests: whether early-period (8;) and recent-period

(B,) slopes in total PM, ; are statistically different and whether the
recent-period slope (5,) is different from zero, to classify states as stag-
nating, reversing, accelerating or not significantly changing; and
whether slopes in recent-period total PM, s (8,) and non-smoke PM, 5
(B) aredifferent, to classify smoke influence. Differences are classified
as statistically significant if 97.5% of the distribution of differences in
slopes (forexample, B, - B,) ison oneside of zero, thatis, P < 0.050na
two-tailed test. Details on classifications are provided in Extended Data
Tablel.

We test robustness in various ways: to alternate station inclusion
criteria, to the inclusion or exclusion of recent very-high-wildfire years
and to the use of regional rather than national breakpoints, using the
nine climate regionsin Fig. 1to define the regions withinwhich separate
breakpoints are estimated. As shown in Extended Data Figs. 5-7 and
Extended DataTable 2, results arelargely robust to these choices. A few
factors contribute to the observed variationinresults. First, stricter sta-
tioninclusion criteria drive down sample size and thus tend to decrease
power and spatial representativeness. Second, someinclusion criteria
yield bootstrap samples with higher variance in the distribution of
estimated breakpoints. Samples with a higher percentage of earlier
breakpoints will tend to estimate more similar pre- and postbreak
slopes, resulting in more stagnation and fewer reversal classifications.
Third, removal of 2021 has the most influence on estimates, and remov-
ing it from the analysis results in 17 fewer states classified as smoke
influenced for average annual PM, ; and seven fewer states classified
as smoke influenced for portion of days in which PM, s is greater than
35 pg m (Extended Data Table 2 and Extended DataFig. 7). Given that
VPD over western forestsis a strong driver of wildfire smoke, that 2021
wasayear of historically high VPD over western forests and that future
VPD averages are likely to exceed these historical extremes (Fig. 4),
inclusion of2021inthe sampleis arguably important for understanding
recent trendsin wildfire smoke. Nevertheless, sensitivity of estimates
toits exclusion suggests the need to further assess wildfire smoke’s
contribution in coming years.

We also study how results change if, instead of fitting the continu-
ous model in equation (4) that forces fitted lines to intersect at the
breakpoint, we fitamodel that allows period-specific intercepts, which
does not force intersection at the breakpoint. Whereas such a model
is perhaps less sensible for estimating whether trends in total PM, 5
changed between early and recent periods, it is arguably more sensible
for estimating whether recent-period total versus non-smoke PM,
trends are different; aresearcher interested inonly the latter question
might sensibly start by restricting the sample to the years of inter-
est to estimate the trends (for example, dropping years before 2016),
whichis equivalent to allowing period-specificintercepts. Under this
discontinuous model, results are stronger, with 39 states classified as
smoke influenced (Extended Data Table 2).

Finally, we calculate the percent of previous air quality improvements
thatwere undone by recent smoke increase by dividing the estimated
increasein smoke PM, sintherecent period by the estimated decrease
intotal PM, sinthe early period. We bottom-code this value at zero for
the small number of states where total PM, s was notimproving during
the early period, and top-code at 100% for the small number of states
whererecent smoke PM, sincreases exceeded early-period total PM, 5
increases. We calculate the mean or median percentage reversal across
all smoke-influenced CONUS states in each bootstrap, then compute
confidence intervals using the distribution of estimates across the
1,000 bootstraps.

Climatic drivers of smoke

Building on earlier work’, we calculate the annual average VPD during
the warm season (May-September) over forests in western states
(as defined above) and relate summertime VPD to the log of annual
average smoke PM, s as measured across monitoring stations in the
same states using linear regression, that is:



log(smokePM,) =a+ BVPD; +¢, (5)

Estimates of fare nearly identical whether the equationis estimated
withanextratimetrend ([? =14.3,standard error (s.e.) = 2.7) or without
one (/? =14.6,s.e.=3.9);inthe former case, theimpact of VPD on smoke
isestimated using deviations in smoke about a time trend on deviations
in VPD, thus accounting for any other variable that is trending over
time and correlated with both VPD trends and smoke trends. We chose
VPD as the main climatic variable because it is frequently used as a
primary fire weather indexin previousresearch, is simple to calculate
from temperature and relative humidity, and is highly correlated with
other fire weather and dryness measures”**¢, We calculate average
seasonal VPD from daily 4 km-resolution surface temperature and
relative humidity over the western USA from GRIDMET*. We chose to
directly calculate VPD fromrelative humidity and surface temperature
(instead of using VPD archived in GRIDMET) to be consistent with the
VPD values calculated for future climate projections (as detailed below).
Theaverage VPD over the western USA is then calculated as the weighted
average of VPD for each grid cell, weighted by the forest coverage
percentage of each grid cell. VPD calculation is performed with the R
package bigleaf.

To quantify future change in VPD, we use the projected temperature
andrelative humidity from the Coupled Model Intercomparison Project
Phase 6 GCM ensemble, run under different emissions scenarios. Similar
tothe historical analysis, we first calculate monthly VPD values for each
climate model grid cell falling over western US forests and then calculate
the annual average VPD over western USA during May to September
for a given model and emissions scenario. We evaluate the changes
in VPD across three commonly used climate scenarios constructed
as pairs between the shared socioeconomic pathways (SSPs) and the
representative concentration pathways: SSP1-2.6, SSP2-4.5 and SSP3-
7.0. Consistent with the latest Intergovernmental Panel on Climate
Change report and recommendations from ref. 48, we use SSP3-7.0
as the baseline high emission scenario and SSP2-4.5 and SSP1-2.6 as
the medium and low emission scenarios. In total, we use projections
from 34 GCMs with available temperature and relative humidity at the
monthly level for the historical and three climate scenarios.

Toremove potential level bias fromeach GCM, simulated VPD values
are debiased on the basis of the calculated difference between the simu-
lated valuesin the historical simulations and the observational VPD val-
ues (1979-2014) for each GCM. Toreduce the uncertainty and account
for internal variability, we summarize mid-century VPD changes as
the average VPD values between 2040 and 2060 for each GCM and
emissions scenario. We select one ensemble variant for each of the 34
models, using the first ensemble variant of each model (r1ilp1fl) when
possible and use the other ensemble variants if r1lilp1flis not available.

To estimate potential changes in future smoke PM, ;under increasing
VPD, we combine estimates from the log-linear modelin equation 5 with
recent (2020-2022) or mid-century VPD averages. Predicted smoke
PM,is calculated as:

smokePM, = d e A VPDs (6)

where d, is the ‘smearing estimate’ 4, = Z,Zl efi/n that can accommo-
date non-normally distributed errors*, and sindexes warming scenario.
Predictions for future annual average smoke PM, ; under SSP1-2.6,
SSP2-4.5 and SSP3-7.0 scenarios are 1.6, 3.2 and 3.8 pg m™ for the
western USA, compared to 0.74 for average VPD over the last 5 years
(2018-2022). Thusin the highest warming scenario, this simple model
predicts an increase in annual average PM, s from smoke of 3.1 pg m™
by mid-century, relative to an average across the last five (historically
extreme) years. Owing to the exponential relationship between smoke

PM,;and VPD, the predicted mean change in smoke across the climate
model ensemble is more than twice the median for each emissions
scenario. More detailed work is needed to understand whether such
changes are plausible.
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a) Partitioning of total and non-smoke PM,

b) Annual average by station and year
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Extended DataFig.1|Pollution stations and method used to construct
non-smoke PM, ;estimates. a. Example of total and non-smoke partitioning
forasingle stationin CAin2020. On days without asmoke plume overhead
(nogrey points), all PM, sis assumed to be from non-smoke sources. On days
with aplume overhead (grey points), PM, s;anomalies from the non-smoke
month-and station-specific 3-year median are attributed to smoke, and total

e 10 - 14 years
5 -9 years

<5 years

PM, sminusanomalies are attributed to non-smoke (blue). b. Annual average
total and non-smoke PM, s for the same station are produced by aggregating
daily total observed PM, s (black) and the daily estimates of non-smoke PM, ¢
(blue). c. Locations of PM, s stations throughout the contiguous US. Stations
are coloured by the number of years with atleast 50 observations.
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Extended DataFig. 2 |Distribution in estimated breakpoints for different
samplerestrictions and/or statistical specifications.a. Annual average
PM, . b. Extreme (> 35 ug/m?®) daily PM, 5. Histograms show distribution of
estimated breakpoints for different sample restrictions, pooling data fromall
CONUS monitors. Panelslabeled with number of observations and years are
various samplerestriction choices, while those labeled “Drop” retain our
primary inclusion criteria- more than 50 observations per year for atleast 15

years - but remove one of the last three years of the sample to understand their
influence on estimates. Discontinuous models allow for separate intercepts on
eitherside of the break year. Strong bunchingin the discontinuous models for
average PM, ;occurbecause only integer years are permitted as candidate
breakpoints. “Positive smoke PM, sanomalies” tests the sensitivity of results to
bottom-coding daily smoke PM, sestimates to zero, i.e., not allowing negative
smoke PM, ;anomalies.
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Extended Data Table 1| Definition of trend groupings

Group Conditions on slopes In words

b1 B2 B | B

Trends in total PM, 5
Stagnation <0 | <0&>5 Total PM, 5 declined in
the first period but de-
clined more slowly or was
flat in second period.

Reversal <0 >0 Total PM, 5 declined in
the first period but in-
creased in the second pe-
riod.

Influence of smoke PM. ;

Smoke-influenced Stagnation <0 | <0&>pH < B2 | A stagnation where re-
cent period PM, s would
have declined more
quickly without smoke.

Smoke-caused Reversal <0 >0 < 0 | A reversal where second-
period total PM, 5 would
have declined absent
smoke.

Smoke-influenced Reversal <0 >0 < B2 | A reversal where second
period total PM, 5 would
not have declined ab-
sent smoke, but increases
would have been at a
lower rate.

Smoke-influenced, no early decline | >0 < By | Smoke influenced total
PM, 5 trends in the sec-
ond period, but there was
no detectable decline in
total PM; 5 during the first
period.

Smoke influence not detected ~ (B2 | We did not detect an in-
fluence of smoke on total
PM2‘5 trends.

We subdivide states into “stagnation” states and “reversal” states based on comparison of trends in total PM, s between early and recent periods, and then subdivide those based on whether
they were smoke-influenced. Coefficients refer to period-specific estimated slopes on PM,5: 31and 3, are early and recent-period slopes on total PM,. 87 and 35 are corresponding period
slopes for non-smoke PM, 5. Strong inequalities (greater or less than) must be statistically significant (p <0.05) for condition to be met.



Extended Data Table 2 | Counts of states in different classifications under different sample restrictions and/or statistical
specifications

no smoke smoke- smoke- smoke-
influence smoke- caused influenced influenced smoke-influenced smoke-influenced
sample detected influenced reversal reversal stagnation no trend change no early decline

Main (50 obs, 15 years) 13 35 3 5 22 2 3
50 obs, 5 years 12 36 3 3 23 5 2
50 obs, 10 years 13 35 3 5 21 3 3
100 obs, 15 years 14 34 2 5 22 2 3
Drop 2020 8 40 3 6 26 2 3
Drop 2021 30 18 3 2 13 0 0
Drop 2022 14 34 3 8 18 2 3
Regional breaks 11 37 3 10 20 1 3
Discontinuous 9 39 0 6 32 1 0
Positive smoke anom. 9 39 3 6 25 2 3
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