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ABSTRACT
Steady improvements in ambient air quality in the US over the past several decades have
led to large public health benefits. However, recent trends in PM, 5 concentrations, a key
pollutant, have stagnated or begun to reverse throughout much of the US. We quantify the
contribution of wildfire smoke to these trends and find that since 2016, wildfire smoke has
significantly slowed or reversed previous improvements in average annual PM; 5 concen-
trations in two-thirds of US states, eroding 23% of previous gains on average in those states
(equivalent to 3.6 years of air quality progress) and over 50% in multiple western states.
Smoke influence on trends in extreme PM; 5 concentrations is detectable by 2010, but re-
mains concentrated primarily in western states. Wildfire-driven increases in ambient PM, s
concentrations are unregulated under current air pollution law, and, absent additional in-
tervention, wildfire’s contribution to regional and national air quality trends is likely to
grow as the climate continues to warm.

The observed multi-decadal decline in key ambient air pollutant concentrations across the US
has been widely celebrated, both for its demonstrated human health benefits and because it was
substantially a result of bipartisan public policy choices, in particular the Clean Air Act and its
amendments (1). Recent data, however, suggest that these air quality gains are stagnating or even
reversing across nearly all of the US (Fig 1), raising questions about whether past progress is be-

ing durably undone, what is causing the undoing, and if or how policy should respond.

Here we study the contribution of growing wildfire activity to recent trends in ambient PM 5

concentrations. Wildfires have increased in size and severity in recent years, a consequence of a
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century of fire suppression in western forests that have left abundant fuels on the ground and a
warming climate that has made these fuels more arid and flammable (2, 3). Increased fire activity
has in turn led to increases in the emission and formulation of key air pollutants, including “cri-
teria” pollutants such as particulate matter with diameters less than 2.5 microns (PM; 5 ). These
pollutants are regulated in the US under the Clean Air Act and have been shown to have a wide
array of negative health impacts (4). Studies using data prior to 2016 concluded that the wild-
fire contribution to measured PM; 5 concentrations was apparent mainly in the northwest of the
contiguous US (CONUS), but disagreed over whether enhancements in this region were observ-
able in average annual concentrations or only in extreme daily concentrations (5, 6). Studies that
include more recent data from the very active 2018 and 2020 wildfire seasons conclude that the
imprint of wildfire smoke on surface average and extreme PM; 5 concentrations has expanded
substantially in geographic scope, with observed enhancements throughout much of the Western
US (7, 8). Research also suggests that wildfire smoke is increasingly implicated in “exceptional
event” designations, or days on which regulators exempt observed pollutant concentrations from
determination of regulatory attainment under the Clean Air Act because the source of the pollu-

tion was deemed beyond control of local authorities (9).

Yet wildfires are clearly not the only possible contributor to recent air quality trends. A large
body of work shows how changes in methods of production in the energy, manufacturing, and
other industrial sectors, changes in agricultural production practices, and changes in global trade
patterns have shaped short- and long-term variation in air pollution concentrations throughout the
US (10-12). Accurate and up-to-date characterization of the drivers of recent air quality trends is
important to informing policy decisions about how to regulate or improve air quality, and whether

interventions should be targeted to specific regions.

To isolate the contribution of wildfire smoke to pollution concentrations, we build on earlier work
(6, 8) and use a combination of ground- and satellite-based measurements to isolate the compo-
nent of surface PMj 5 concentrations attributable to wildfire smoke. Specifically, our primary
analysis combines daily data from thousands of regulatory pollution monitoring stations from
across the US with satellite- and analyst-based estimates of when and where wildfire smoke is in
the air (Fig S1). Using data from 2006-2022, we calculate daily PM; 5 anomalies from season-
and time period-specific median concentrations 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 contribution to surface PM, s , 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, 5 . Using measurement data on the chemical components



of PM, 5 and panel regression, ref (8) shows that both these conditions are likely to hold. See
Methods for a discussion of the advantages of this ground station-based approach relative to al-
ternatives. Non-wildfire PM; 5 on a given day can then be calculated as the difference between
total observed and wildfire-attributed PM; 5 . Total, wildfire, or non-wildfire PM; 5 can be spa-
tially or temporally aggregated to characterize wildfire’s contribution to average or extreme daily
PM, 5 concentrations. We focus on two measures of ambient air quality: annual average PM; 5
concentrations, calculated as the simple average of daily PM; 5 concentrations at a given station
in a year, and the proportion of days above 35ug/m> at each station over a year, a concentration

threshold currently used as part of Clean Air Act attainment designations.

To characterize trends in total or non-smoke PM; 5 averages and extremes and to test whether
trends in each have changed over time, we divide our sample into “early” and “recent” periods,
estimate trends in pollutant concentrations in each period, and then test whether trends are sta-
tistically different (p < 0.05) between the two periods. To inform period definitions, we con-
duct formal tests for trend breaks (13) on data pooled across all stations in CONUS and then
separately in each US climate region (Methods). CONUS-wide data indicate a trend break in
2016 for annual average PM; 5 , and in 2010 for extreme daily PM; 5 , consistent with visual ev-
idence (Fig S2). Region-specific tests identify trend breaks for average PM; 5 within a few years
of 2016 in most states, but suggest that breaks might have been earlier in some western states (Fig
S3). Region-specific tests for breaks in extreme daily PM; 5 concentrations also suggest regional
breaks similar to CONUS-wide averages (Fig S4). Trend breaks in extreme days in the eastern
US occurred at least in part because, remarkably, most states nearly eliminated the occurrence of

such days around year 2010, despite averaging 10 of these days per year from 2000 - 2002.

Based on these results, our main analysis defines early and recent periods in a common way across
CONUS, with the early period beginning in 2000 when systematic monitoring of PM; 5 began,
and the recent period beginning in 2016 for annual average PM; 5 and in 2010 for extreme daily
PM, 5 ; data for the recent period include data through October 2022 (Methods). To test whether
trends in average or extreme PM, 5 are different between periods, we fit linear panel regressions
to all stations in each geographic region of interest in each period, allowing average pollution
levels to differ across stations but estimating a common trend across stations within each region
for each period (Methods). We then test whether total PM; 5 trends are statistically different in
the two periods in each region to identify ‘““stagnations”, or states where declines in total PM; 5
slowed in the recent period, or “reversals”, states in which PMj 5 was declining in the early pe-
riod but increasing in the recent period. Finally, using our measure of smoke PM; 5 , we identify
“smoke-influenced” regions as those where post-period trends in total PM, 5 were statistically

distinguishable from trends in non-smoke PM; 5 (Methods; Table S1). Our breakpoint analysis



and descriptive analysis focus on US climate regions, consistent with the public trend data pub-
lished by EPA (14) that relies on a smaller set of long-reporting stations. To characterize smoke
influence, our main analysis uses a larger sample of stations and focuses on smaller geographies

(states), in part because states have jurisdictional responsibility under the Clean Air Act.

We test robustness to alternate period breaks, to exclusion of recent extreme wildfire years, and to
alternate statistical approaches to estimating pollution trends on either side of the break. Because
individual stations come online at different times and report at different daily frequencies, we
also test robustness to sample restrictions that limit stations to those reporting more frequently
and/or reporting for more years in the sample (Methods). Finally, we note that trends in a state

or region’s PM» 5 concentrations need not necessarily reflect trends in that region’s emissions of

particulates and their precursors, given that wildfire smoke often travels long distances (15).

Results

In 42 out of 48 states in CONUS, average annual PM; 5 concentrations were declining over the
period 2000-2016 but then either significantly slowed (25 “stagnating” states) or began to reverse
(17 “reversing” states) (Fig 2a). In the remaining 6 states, either early trends were not declining

or trends in annual average PM, 5 were not statistically different between early and recent periods.

We find that wildfire smoke statistically significantly influenced recent trends in annual average
total PM, 5 in 31 of these 42 stagnating or reversing states — representing 65% of all CONUS
states. In 18 of these 31 states, PM; 5 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 that from 2016 to 2022, smoke added 0.9,ug/m3 to
annual PM; 5 concentrations in these 18 states (median), equivalent to 13% of the PM; 5 declines
achieved in these states between 2000-2016, or 2.1 years of median progress during those years
(Fig 2b,c).

In 13 other states, total PM; 5 was trending significantly up since 2016, but would have either
trended up more slowly (8 states) or would have actually trended down (5 states) absent smoke.
These states are concentrated in the US West and Midwest, and we calculate that smoke added
1.1ug/m> to PM, 5 concentrations in these states since 2016, equivalent to 40% of the average de-
cline in annual PM; 5 achieved in these states between 2000-2016, or 6.3 years of progress during

those years.



The remainder of states either had no detectable smoke influence in the recent period, such as
many states in the Northeast or, in the case of Idaho and Nevada, were smoke influenced in the
recent period but did not have PM; 5 trending down in the early period. A small number of north-
ern Rockies states, including Montana and Wyoming, had heavy smoke exposures in recent years,
but the small number of monitoring stations and high year-to-year variance in pollution in those
states meant that we could not detect a statistically significant influence of wildfires on recent
trends. 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 lev-
els due to wildfire smoke in certain recent years (8), even if influence on trends is sometimes less

apparent.

State-level estimates of pollution trends and their categorization regarding stagnating/reversing
and smoke influence are largely robust to alternate estimation samples and approaches, including
limiting the sample of stations to those reporting in most years and utilizing region-specific sam-
ple breakpoints for trend estimation (Figs S5 and S6 for trend estimates, Tables S2 and S3 and
Figs S7 and S8 for categorizations). Results are most sensitive to whether one fits separate mod-
els on either side of the breakpoint (our main model) or estimates a single piecewise regression
with a change in slope at the breakpoint; piecewise trend estimates suggest that 14 of 48 states
experienced smoke-influenced changes in PM, 5 trends. Estimates are also somewhat sensitive
to dropping observations from 2021, which was the most smoke-influenced year in our sample;
without 2021 in the sample, we estimate that 19 out of 48 states are “smoke-influenced” (Table
S3). Notably, we find largely similar results when using break years prior to 2016 for states in
the West, where region-specific breakpoint analysis suggests total PM, 5 trends were changing as
early as 2010 (Fig S9). Results are robust to several different station inclusion criteria and addi-
tional modeling strategies (Methods, Figs S5 - S8 and Tables S2 - S3).

Wildfire influence on daily PM; 5 extremes By 2010, most states in the central, eastern, and
southern US saw the near-elimination of days on which PM> 5 concentrations exceeded 35ug/m>
(Fig S10). Thus there was an observed trend break in extreme smoke PM; 5 in these states (Fig
S4), but these breaks were driven by states hitting zero extreme pollution days, thus eliminating
the opportunity for further declines. By contrast, most states in the western US have seen consis-

tent, if variable, increases in the number of extreme days since 2010.

We find substantial smoke influence on trends in extreme PM; 5 days in western States. In 13
states, we find clear evidence that, since 2010, the observed increase in days above 35 /ucg/m3

would have been smaller without smoke (Fig S10). In the remaining 35 states, we did not de-



tect an influence of smoke on recent trends in daily extremes. These counts are robust to alternate

samples, break years, and estimation approaches (Fig S11, Table S4).

We then calculate the proportion of days where wildfire smoke was the cause of the threshold ex-
ceedence — i.e., days in which the 35ug/m> threshold would not have been exceeded absent wild-
fire smoke on that day — using the sample of EPA stations with at least 15 years of data with over
50 observations per year during 2000 - 2022. As station intermittency could still impact estimates
by overweighting certain years, we first calculate state-year averages and then average these to

get state average over a specified time period. From 2006 to 2010, in no states did wildfire smoke
cause more than 25% of daily 35ug/m> exceedances (Fig S12). Between 2011 and 2022, wild-
fire smoke caused at least 25% of exceedances in 7 states (Washington, Oregon, Montana, Idaho,
Nevada, North Dakota, and South Dakota). In the the last 3 years of the sample (2020-2022),
wildfire smoke caused at least 25% of daily exceedances in 21 states, and caused more than 75%
of exceedances in 4 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 uncovered in

previous analyses (5), which discerned influence only in the Pacific Northwest.

Historical and future climatic influence The recent rapid uptick in wildfire activity and re-
sulting upward pressure on annual and extreme PM> 5 concentrations throughout the western US
raises the question of whether recent PM; 5 trends are likely to continue or whether they were
driven by idiosyncratic variability in climatic conditions that are unlikely to persist. Many stud-
ies have sought to understand climatic drivers of recent increases in fire activity and to project
future changes in these drivers. Together, these studies provide strong evidence that interannual
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 indicate that — absent intervention — fire activity is likely to further increase as
the climate warms (2, 16), although the magnitude of that increase is somewhat sensitive to the
climate variable used to project changes in wildfire activity (17). Using a variety of modeling ap-
proaches, 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, 5 concentrations (18, 19).

To further corroborate these results, we calculate annual summertime (May-Sept) average vapor
pressure deficit (VPD) over western US forests, and relate these values to our measures of annual

average smoke PM; 5 , using all available monitoring stations across the Western US (defined



here as all states west of, and including, New Mexico, Colorado, Wyoming, and Montana). VPD
is strongly related to the log of smoke PM, 5 (Fig 4a), explaining roughly half of the interannual
variation in western smoke since 2006. The estimated relationship is robust to first detrending
both VPD and smoke, and so is not spuriously driven by common time trends in both time series.
VPD values have increased over western forests since 1980, and were at or near record maxima in
2020-2021 (Fig 4b).

Using an ensemble of 34 debiased global climate model projections (Methods), we find that pro-
jected average VPD levels over western forests by mid-century match or exceed recent histori-

cal extremes, even under low emissions scenarios (Fig 4b). Relative to observed VPD in the last
three years of our sample (2020-2022), projected average increases in VPD under SSP3-7.0 imply
an additional increase in annual average smoke PM, 5 concentrations of 3.3ug/m> by 2050, based
on the log-linear relationship in (Fig 4a). This projected increase represents an annual growth
rate in smoke PM> s in future years (0.12ug/m> yr~!) that is roughly 60% of the annual growth
rate observed during the 2016-2022 period in these western states (0.19ug/m> yr~!). While more
detailed, spatially-explicit modeling will help improve these estimates, they suggest that absent
additional intervention (such as widespread fuels management in affected forests), recent trends

in smoke PM; 5 will likely continue under a warming climate.

Discussion

Approaches to air quality regulation have historically been built on two primary facts: most pol-
lutant concentrations were the results of emissions tied directly to controllable human activity,
and the sources of these emissions tended to be locally or regionally proximate to the popula-
tion that they impact. 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 ex-
tremes observed throughout the US through the early 2010s (1) (Fig 1, Fig S2). These facts have
also led to calls for location-specific approaches to reducing remaining pollution burdens and
eliminating remaining disparities in exposures across socioeconomic groups (20). At present,
EPA is currently in the process of reviewing and revising the level of permitted ambient PM; 5
under the Clean Air Act, based on updated scientific recommendations of 8-10 yug/m? annual av-
erage PM, 5 (21).

We show that recent increases in wildfire smoke have substantially slowed or reversed improve-

ments in ambient PM; 5 concentrations throughout much of the US, with widespread recent in-



fluence on annual average PM, s concentrations and regional influence on daily PM, 5 extremes.
These increases in wildfire smoke, which we and others show are expected to continue under a
warming climate, subvert the logic of 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 impacted jurisdiction: increased surface pollutant concentrations in one
location can originate from fires that are hundreds or thousands of kilometers away (15), and
these fires have a more indirect — albeit quite substantial — link to human activity. While more
recent US rule-making, such as the Cross-State Air Pollution Rule, recognizes that criteria pollu-
tants often cross state boundaries, such regulation currently only pertains to large power plants in
27 states in the Eastern US. 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, via greater use of prescribed fire, are
subject to regulation under the Act because they are considered anthropogenic emissions sources
(22, 23). The growing influence of wildfire smoke on ambient PM, 5 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 approaches will likely be needed to address the growing influence of wildfire smoke on air
quality. These could include large-scale investment in fuels management to reduce extreme wild-
fire risk, as recently proposed by the US Forest Service (22); revision to key air quality 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
emissions are exempt from regulation under the Clean Air Act, especially if annual average regu-
latory PM; 5 standards are lowered; expansion of the geographic scope of regulatory implemen-
tation plans to include both source and impacted jurisdictions; and/or a shift in focus of air pol-
lution programs towards exposure rather than emission reduction, implying large investment in
indoor filtration to protect individuals and communities from the wildfire smoke events that in-
creasingly occur (3,9, 24). Given the complexity of wildfire smoke management, all of these
measures may be required to avoid significant negative impacts on public health. Absent these
or other interventions, wildfires’ contribution to poor air quality and adverse health impacts will

likely continue to grow as the climate continues to warm.



Methods

Isolating wildfire smoke PM;, s We measure total PM; 5 at the daily level using data from
2,489 EPA air quality monitoring stations located throughout the contiguous US, where station-
day average PMj 5 is calculated over all observations from monitors at a station location (Fig S1)
(14, 25). To understand when smoke from fires may be affecting ground pollution levels, we fol-
low earlier work (6, 8, 26) and construct a binary classification of smoke days for each station-
day using data on smoke plumes from the National Oceanic and Atmospheric Administration
(NOAA) Hazard Mapping System (HMS) (27), which are analyst-identified plume boundaries
based on visible bands of satellite imagery (28—30). A station-day is classified as a smoke day if
it falls within a smoke plume on a given day. The first full year for which the HMS plume data

are available is 2006, which limits the start date of our smoke estimates.

We then combine ground station measurements with this classification of smoke days to define
daily time series of smoke PM, 5 at each station. We first define PM; 5 anomalies as deviations

from recent month- and location-specific median values on non-smoke days

— —NS
PMidmy = PMidmy - PMimya (D

. . ) ——NS .
where PM, 4y, is the PM; 5 at station i on day  in month m and year y and PM imy 18 the 3-year

location- and month-specific median PM; 5 on non-smoke days. This median is calculated as
PM yyy = median({PMignyli = m = M,Y =1 <y <Y + 1, smokejgmy = 0}),  (2)

with smoke;4y,,, a binary 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, 5 that are not smoke days from affecting the background PM, 5 estimates, as is occasion-

ally the case in our data. Further, by using 3-year medians, we allow the measure of background
non-smoke PM 5 to evolve over time in each location to capture trends in non-smoke PM> 5 over
time, including the many other changes sources of anthropogenic emissions. We then define
smoke PM; 5 on each station-day as the anomaly above the median if there was a plume overhead,
and zero otherwise:

smokeP M,y = max(W,-dmy * SMOKE; gy, 0). 3)

Our approach to isolating smoke PM; 5 at monitoring stations is similar to other recent work
(6, 8, 26), and for it to successfully isolate wildfire’s contribution to surface PM; 5 , it must be

the case that the HMS plumes accurately describe the location of wildfire smoke on a given day,
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and that the presence or absence of a plume is not correlated with other non-wildfire sources of
variation in surface PMj; 5 . To the first concern, we find in our data that having a smoke plume
overhead is associated with an average 4.74 ug/m? increase in PM, 5 after controlling for station-
specific averages and average differences in PM; 5 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, 5 (Fig. S1). 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 if there is any smoke in the atmospheric column, and then the magnitude
of the ground-measured PM; 5 anomaly under the plume will tell us whether this smoke is mixing

to the surface and how much it is affecting surface pollutant concentrations.

To the second concern about correlated time-varying non-smoke PM; 5 sources, Childs et al.

(8) analyzed whether this method of constructing smoke PM, s from ground station anomalies
is indeed picking up PM; 5 from smoke and not from other local time-varying sources of PM; 5
unrelated to smoke, using speciated data from Interagency Monitoring of Protected Visual En-
vironments (IMPROVE) and Chemical Speciation Network (CSN) monitors. The authors found
that species most likely to be present in smoke PMj 5 — in particular organic carbon — rose on
smoke days but other non-fire-associated species (e.g., elemental carbon) did not rise. These re-
sults provide supporting evidence that our approach to isolating smoke PM; 5 from non-smoke
PM; 5 is indeed picking up wildfire-sourced PM; s and not some other correlated PM; 5 source.
Nevertheless, our measure of smoke days may still be a conservative estimate of the locations
with air quality impacted by smoke: there likely remain undetected plumes under cloud cover,
during nighttime periods when satellite-based plume segmentations are unavailable, or on days in
which smoke is diffuse and difficult to identify in satellite imagery (6, 15). This will cause us to

under-attribute PM, 5 to smoke and thus understate the influence of wildfire smoke on total PM, 5

Our main analysis uses data from 2000-2022. Because only data through October 21, 2022 were
available at the time of analysis, we imputed the remainder of total PM; 5 and non-smoke PM 5
for 2022 as the average value over October 22 through December 31 from the three previous three
years. We will recompute the 2022 estimates with the full year of data once 2022 has ended and
re-estimate all results; however, we do not expect our inferences to change as no large wildfires
occurred between late October 2022 and December 2022. Data in Fig 1 are from the EPA’s offi-
cial public analysis of regional trends for each US climate region (31), using a subset of monitor-

ing stations that report in every year; available data from this EPA analysis go through 2021.

Because we use data from fixed pollution stations to measure overall PM; s trends and wildfire
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influence on them, our data will be representative of locations where stations are located. As
stations are purposefully located in populated areas to assess Clean Air Act attainment, our es-
timates should be largely representative of CONUS populations. However, they will be less accu-
rate for many rural areas in the Western US where stations are less common but where other es-
timates suggest wildfire influence on PM3 5 is often the strongest (8). Our implicitly population-
weighted estimates thus likely understate the influence of smoke on total PM; 5 trends relative to

an area-weighted estimate, and could understate wildfire influence in the rural West.

Finally, our approach to estimating trends in total, smoke, and non-smoke PM; 5 that combines
satellites and ground stations is a complement to other potential approaches to measuring the
influence of smoke on air quality trends, including approaches that rely on statistical analysis

of station data alone (5) or that use emissions inventories and chemical transport models (6, 7).
An advantage of our approach relative to solely station-based approaches is that satellite-derived
plume data provide substantial information on the location of wildfire smoke plumes, and this in-
formation helps isolate the influence of wildfires from other time-trending sources of pollution
exposure. An advantage of our approach relative to transport-based approaches is that it does
not depend on uncertain wildfire emissions inventories, which have been shown to have large in-
fluence on predicted pollutant concentrations (32). Machine-learning based approaches for to-
tal and wildfire PM, 5 , and the gridded products they generate, provide an alternate approach
(8, 33, 34), 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 breakpoints in PM, 5 trends To guide our choice of how to divide our sample into
early and recent periods for analysis, we follow ref (13) and implement an algorithmic approach
to estimating break points in time series data. Under this approach, a breakpoint initialization
value is chosen (the median time point by default) and the algorithm searches until the difference
in slopes between its current and previous iteration is within a pre-specified tolerance level. For-

mally, in the single-breakpoint case the Muggeo algorithm fits the following iterative regression:

vi=PBizi+ Bz — ) +y1I{z; > ¥}~ 4

Where z; is a numeric variable indexing time, i/ is the breakpoint value and is updated iteratively,

and ¥ measures the gap at a given iteration of breakpoint y between the two fitted lines on ei-

ther side of the breakpoint. The breakpoint is then updated between iterations, with §y = ¢ + %
2

As the algorithm converges, ¥ converges to zero and the algorithm ceases once it falls within a

11



pre-specified tolerance window. We set k = 1 and search for the breakpoint at which ¢ falls be-
low the default tolerance of 107> suggested by Muggeo (35). We also constrain the algorithm

to search only between the 20th and 80th quantile of the time series, effectively not allowing it

to choose breakpoints in the first or last few years of the sample. This was done to prevent the
pre- and post-period model fits from having to utilize 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. The process

is implemented in the segmented package in R (35).

We first fit a single model for the entire United States, pooling station-year data for all available
stations and producing a single breakpoint for all states, separately for annual average PM; 5 and
extreme daily PM; 5 (Fig S2). We then retain the station-year resolution but fit models separately
for each of nine climate regions in Fig 1, pooling all stations in each region and giving each state
the resulting breakpoint in its corresponding region (Figs S3 and S4). The main breakpoint es-
timates are fit with station-year data limited to stations with at least 10 years of data each with
over 50 observations, but results of both models are robust to increasing the temporal resolution
to station-month and to various inclusion criteria that drop stations that report only intermittently
or for a small number of years. Including station fixed-effects (i.e., separate intercepts for each
pollution station) in the breakpoint estimation equation has no substantively or statistically mean-
ingful effect on estimated breakpoints; inclusion results in the estimated break occurring 0.066
years earlier on average relative to a model that includes time as its only predictor. Visually, and
as expected, the region-specific models modestly outperform the CONUS-wide model, particu-
larly in the fire-heavy Western states where region-specific breakpoints suggest an earlier stagna-
tion in total PM; 5 . However, these differences produce only minor changes in state-level infer-
ences about the influence of wildfire smoke in driving total PM; 5 as compared to using a com-
mon CONUS-wide breakpoint (Figs S7-S8 and Tables S2 -S3).

Estimating trends in PM, 5 To estimate trends in PM; 5 for the early and recent periods, we
fit linear panel regressions to station-year observations, pooling stations within a given region of
interest and allowing intercepts and slopes to differ on either side of the prescribed breakpoint.

Formally, we estimated equations of the form:
PMitps = Uipys +ﬁ1s(t - t*)]ltsf‘ +:32s(t - t*)HIZI* + Eitps (5)

where 1 is the chosen breakpoint year. The subscript i indexes pollution station, ¢ is the year,

p the early and recent periods, and s the type of particulate matter (total or non-smoke PM; 5 ).
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1 is the indicator function, ;4 represents a station-period-PM; 5 type intercept (i.e. separate
intercepts for each period for each station and PM, 5 type of total or non-smoke), and ;5 and S,

are the estimates of early and recent period slopes for PM; 5 type s, pooled across all stations .

Equation 5 is equivalent to running split sample regressions on pooled early or pooled recent ob-
servations for each of total and non-smoke PM5 5 , but the single equation version allows straight-
forward statistical tests on the equivalence of early and recent period slopes and total and non-
smoke slopes. This equation is estimated either using all stations in CONUS, or all stations in a
given state. Analysis is repeated separately for annual average PM; 5 and for the proportion of

days where PM, 5 is greater than 35ug/m> as outcomes.

We then use estimated slopes and corresponding statistical tests to categorize states into the cat-
egories shown in Figures 2 — 3; the categories and corresponding tests are described in Table S1.
We assess robustness of estimated slopes and state categorization to varying station inclusion cri-
teria, year samples, breakpoint years, and alternative methods of fitting the pre- and post-break
trends (Figs S5 - S11, Tables S2 - S4). We first consider several completeness criteria for de-
termining which monitoring stations are retained in the estimation stage, ranging from using all
stations (least restrictive) to including only stations who report over 50 days per year for at least
15 years (most restrictive), with the main specification shown in Figs 2 and 3 including stations
reporting over 50 days for at least 10 years. Because our statistical model allows separate inter-
cepts by station, differences in average pollution levels between stations are accounted for, and
thus even stations that do not report for the full period can contribute useful information that will
not bias trend estimates; correspondingly, we see little difference in estimates that use an unre-
stricted sample of stations versus a sample that restricts to stations that report in all years (Figs S8
and S11).

Next, because trends may be sensitive to the recent-sample outlier years where wildfire sever-

ity varied strongly from year-to-year, we also investigate the effect of dropping each of the last 3
years in our data (2020, 2021 and 2022). The year 2021 has the most influence on estimates, and
removing it from the analysis results in 14 fewer states classified as smoke-influenced for average
annual PM; 5 and 7 fewer states classified as smoke-influenced for portion of days where PM; 5 is
greater than 35 ug/m® (Tables S3 and S4). Given that VPD over western forests is a strong driver
of wildfire smoke, that 2021 was a year of historically high VPD over western forests, and that
future VPD averages are likely to exceed these historical extremes (Fig 4), inclusion of 2021 in
the sample is arguably important for understanding recent trends in wildfire smoke. Neverthe-
less, sensitivity of estimates to its exclusion suggests the need to further assess wildfire smoke’s

contribution in coming years.
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We also examine whether moving the CONUS breakpoint forward or backward by one year, to
2017 and 2015 for average annual PM; 5 and to 2009 and 2011 for portion of days where PM, 5 >
35 ug/m? , or using region-specific breakpoints impacts our estimates. For average PM, 5 , these
alternative breakpoints produce somewhat fewer classifications of smoke-influenced or smoke-
caused trend reversal and more classifications of stagnation compared to our 2016 CONUS break-
point (Table S2-S3). For extreme daily PM, 5 , the 2009, 2011, and regional breakpoints resulted
in 2 fewer, 2 more, and 1 more classifications of smoke-influenced, respectively (Table S4).

Finally, in our main specification, we effectively fit separate models on either side of the break-
point, including the breakpoint year in both the pre- and post-period models and allowing each
model their own intercepts. We test sensitivity to slightly altering this procedure, wherein we
assign the breakpoint year to the pre-break sample only. We also separately fit a piecewise regres-
sion, which constrains the intercept of the post-break and pre-break models to match in the break-
point year. For annual average PM; 5 , this has a meaningful effect on estimated recent-period
slopes and state categorizations, because it effectively raises the second period intercept and thus
mechanically lowers the estimated second period slope (in settings where that slope is positive).
We view this as a less accurate fit of the recent-period slope than if the slope and intercept are
estimated on only the recent period data (which is what our preferred model does, by allowing

period-specific intercepts), but we report this alternate approach for completeness.

Climatic drivers of smoke Building on earlier work (2), we calculate the annual average vapor
pressure deficit (VPD) during the warm season (May-Sept) over forests in western US states (as
defined above) and relate summertime VPD to the log of annual average smoke PM, 5 as mea-
sured across monitoring stations in the same states using linear regression. We chose VPD as the
main climatic variable because it is frequently used as a primary fire weather index in previous
research, is simple to calculate from temperature and relative humidity, and is highly correlated
with other fire weather and dryness measures (2, 36, 37). To calculate average seasonal VPD,

we first calculate the VPD for each grid cell of a 0.25-by-0.25 degree grid over the western US
from the monthly surface temperature and relative humidity derived from GRIDMET (38). We
chose to directly calculate VPD from RH 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). The average VPD over the western US is then calculated as the weighted aver-
age of VPD for each grid cell, weighted by the forest coverage percentage of each grid cell. VPD
calculation is performed with R package bigleaf.

To quantify future change in VPD, we use the projected temperature and relative humidity from
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the Coupled Model Intercomparison Project Phase 6 (CMIP6) global climate model ensemble,
run under different emissions scenarios. Similar to the historical analysis, we first calculate VPD
values for each climate model grid cell falling over western US forests and then calculate the an-
nual average VPD over western US during May to September for a given model and emissions
scenario. We evaluate the changes in VPD across three commonly-used climate scenarios con-
structed as pairs between the Shared Socio-economic Pathways (SSPs) and the Representative
Concentration Pathways (RCPs): SSP1-2.6, SSP2-4.5, SSP3-7.0. Consistent with the latest [PCC
report and recommendations from (39), we use SSP3-7.0 as the baseline high emission scenario,
SSP2-4.5 and SSP1-2.6 as the medium and low emission scenarios. In total, we use projections
from 34 global climate models (GCMs) with available temperature and relative humidity at the

monthly level for the historical and three climate scenarios.

To remove potential level bias from each GCM, simulated VPD values are debiased based on the
calculated difference between the simulated values in the historical simulations and the observa-
tional VPD values (1979-2014) for each GCM. To reduce the uncertainty and account for internal
variability, we summarize mid-century VPD changes as the average VPD values between 2040 to
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 (“rlilp1f1”) when possible and use the

other ensemble variants if “rlilp1fl” is not available.
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Figure 1: National and regional trends in ambient concentrations of PM, 5 show steady
declines through 2016 and then stagnation or reversal. Grey lines in each subplot are EPA-
estimated annual average regional concentrations of PM; 5 averaged over monitoring stations re-
porting consistently over the period in each US climate region (31). Red lines are linear fits to
each region’s annual average time series, with separate fits for 2000-2016 and 2016-2021.
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Figure 2: Improvements in total PM; 5 have slowed or reversed in most states, and smoke
is a significant influence in the majority. a. Classification of states by trend in total PM; 5 in
2000-2016 versus 2016-2022; non-declining are states where first period PM3 5 is not declin-
ing (“no early decline”) or where trends in early and recent periods are not statistically different
“non-sig. change”), ”stagnation” includes states where declines are slower (p<0.05) in the recent
period relative to the early period but not significantly negative, and “reversal” includes states
where early trend was significantly negative and recent trend was significantly positive. Numbers
give states in each category, out of 48 CONUS states. Alluvial plot then shows the count of states
in each of these categories that are smoke-influenced in the recent period, defined as total PM; 5
having a significantly (p<0.05) larger slope than estimated non-smoke PM, 5 . A “caused rever-
sal” is a recent-period trend in total PM; 5 that would have been negative absent smoke. b. In the
34 smoke-influenced states, the distribution of change in total PM; 5 during early period (blue),
and change in smoke PM; 5 during the recent period (orange); dotted lines are medians across
states. ¢. Ratio of recent-period smoke-attributed PM; 5 increase to early-period total PM, 5 de-
cline, representing the percent of early period progress in reducing total PM; 5 concentrations that
was undone by smoke in the recent period; dotted line is the median across states.
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Figure 3: The influence of wildfire smoke on recent trends in average PM, s is largest in the
Western states, but extends to the Great Plains, Midwest, and parts of the Southeast. Lines
show annual averages in the state for observed total PM; 5 (black) and counterfactual estimated
PM, 5 without smoke (blue). State averages lines shown in the panels are calculated from stations
with at least 15 years of data, each with over 50 observations per year. Vertical dashed line shows
the CONUS-wide break year (2016) used in the main specification. Panels are colored by smoke-
influenced classification, which is determined using regression on station-year level data pooled
within each state. Smoke-influence classifications match those used in Fig. 2.
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Figure 4: Climate is a strong historical driver of interannual variation in smoke exposure,
and projected mid-century changes in climatic drivers exceed recent historical extremes.

a. Interannual variation in summertime (May-Sept) vapor pressure deficit (VPD) averaged over
western forests is a strong predictor of annual variation in average smoke PM variation across the
US West, 2006-2022 (r2=0.47); smoke PM, s is a simple average of daily smoke PM; 5 over all
reporting stations in the US West in a given year, and dotted line is linear regression fit. b. His-
torical and projected mid-century changes in summertime VPD over western forests. Rectangles
at right show projected mid-century (2040-2060) average summertime VPD from an ensemble
of 34 global climate models run under the listed emissions scenarios and debiased to match ob-
served VPD values in a common 1979-2014 sample; lighter rectangles are 10-90th percentiles,
darker rectangles are interquartile range, and solid horizontal line is ensemble median. Mid-
century median projected values across all emissions scenarios exceed recent historical extremes,
suggesting smoke PM,, s is likely to continue to increase absent additional intervention.
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Figure S1: Pollution stations and method used to construct non-smoke PM; 5 estimates. a.
Example of total and non-smoke partitioning for a single station in CA in 2020. On days without
a smoke plume overhead (no grey points), all PM; 5 is assumed to be from non-smoke sources.
On days with a plume overhead (grey points), PM; 5 above the non-smoke month- and station-
specific 3-year median is attributed to smoke and only PM 5 levels up to the median are at-
tributed to non-smoke (blue). b. Annual average total and non-smoke PM, 5 for the same sta-
tion is produced by aggregating daily total observed PM; 5 (black) and the daily estimates of non-
smoke PM; 5 (blue). ¢. Locations of PM 5 stations throughout the contiguous US. Stations are
colored by the number of years with at least 50 observations.
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Figure S2: Breakpoint estimates for annual average PM, 5 and extreme PM, 5 days, pool-
ing data across CONUS. Black line is pollution level averaged across stations, vertical dotted
line provides the estimated break point in each time series following approach in ref (13) and de-
scribed in Methods, and red solid lines show the estimated slopes on either side of the breakpoint.
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Figure S3: Breakpoint year estimates for annual average PM; 5 in each climate region.
Breakpoints are estimated pooling all stations in each US climate region (each denoted by a dif-
ferent color), and then are visualized over the PM; 5 time series in each state in that region. State
small multiples are colored by climate region matching those from Fig. 1. Dashed vertical lines
show the region-specific estimated breakpoints, while solid vertical lines show the the CONUS-
wide breakpoint. Lines show the state average total PM; 5 matching the total PM; 5 shown in Fig.
3, as calculated from stations with at least 15 years of data, each with 50 observations per year.
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Figure S4: Breakpoint year estimates for the proportion of days in each year with PM; 5
concentrations above 35.g/m> in each climate region.. Breakpoints are estimated pooling all
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Table S1: Definition of trend groupings. We subdivide states into “stagnation” states and “’re-
versal” states based on comparison of trends in total PM; 5 between early and recent periods,
and then subdivide those based on whether they were smoke-influenced. The s refer to period-
specific estimated slopes on PM; 5 : 51 and 3, are first- and second-period slopes on total PM; 5
, B} and B are corresponding period slopes for non-smoke PM; 5 . Strong inequalities (> or <)
have to be statistically significant (p < 0.05) for condition to be met.

Group

Bi

Conditions on slopes

B

B

P

In words

Trends in total PM, 5
Stagnation

Reversal

Influence of smoke PM, ;5

Smoke-influenced Stagnation

Smoke-caused Reversal

Smoke-influenced Reversal

Smoke-influenced, no early decline

Smoke influence not detected

<0

<0

<0

<0

<0

<=0&> B

>0

SO&>ﬁ]

>0

>0

< p2

<0

< p2

< p2

Total PM> 5 declined
in the first period but
declined more slowly
or was flat in second
period.

Total PM> 5 declined
in the first period but
increased in the second
period.

A stagnation where
recent period PM> 5
would have declined
more quickly without
smoke.

A reversal where
second-period total
PM> 5 would have de-
clined absent smoke.
A reversal where sec-
ond period total PM; s
would not have de-
clined absent smoke,
but increases would
have been at a lower
rate.

Smoke influenced to-
tal PM> 5 trends in
the second period, but
there was no detectable
decline in total PM, 5
during the first period.
We did not detect an
influence of smoke on
total PM, 5 trends.
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Figure S5: Sensitivity of slope coefficient estimates for early and recent-period total PM; 5
and recent-period non-smoke PM, 5 . Black line and circle show our main estimates, and colors
show estimates under alternate station or year samples, break years, region breaks, or approach to
model fitting.
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Figure S6: Sensitivity of estimated differences in slope coefficients used to classify states.
Left column shows differences in early and recent period total PM; 5 slopes, and the confidence
interval on estimated differences, that are used to classify states into stagnating/reversing cat-
egories. Right columns shows differences in recent period total PM; 5 and non-smoke PM 5
slopes that are used to classify states as smoke-influenced. Colors are as in Figure S5.
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Table S2: Counts of states in different total PM, 5 -trend classifications, under different
sample restrictions and/or statistical specifications. Main sample uses station-years that re-
port at least 50 days in for 10 years, with the year break in 2016. Other samples are as listed,
e.g. “10yrs, 1000bs” restricts to stations that report at least 100 days in each of at least 10 years.
“Drop” samples are those that drop individual years. “No dup. break yr” is a sample that does
not duplicate the break year. Specifications that identify a break year otherwise match the main
specifcation, “regional breaks” uses breaks specific to each region shown in Fig S3, and “piece-
wise” forces segments on either side of the break year to intersect at the break year.

Specification
or Sample reversal ~ stagnation  acceleration  non-sig. change  no sig. early decline
Main 17 25 0 4 2
All obs 14 27 0 5 2
Syrs, 500bs 16 26 0 4 2
15yrs, 500bs 16 27 0 1 4
10yrs, 1000bs 17 25 0 2 4
break in 2015 9 30 0 5 4
break in 2017 11 27 0 5 5
drop 2020 15 26 0 5 2
drop 2021 10 28 1 7 2
drop 2022 19 23 0 4 2
no dup. break yr 11 28 0 7 2
piecewise 10 30 1 4 3
regional breaks 14 28 0 5 1
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Figure S7: Sensitivity of PM, s trend classification to model specification, station sample,
and year sample. Left plot shows state-specific categorization under the alternative estimates,
right plot shows counts of states in each classification. Model specifications and samples match
those in Table S2.

33



Table S3: Counts of states in different smoke-influence classifications, under different sam-
ple restrictions and/or statistical specifications. Samples and specifications are as in Table S2.

Specification Smoke-influenced? Influenced
or Sample no yes caused influenced influenced influenced, influenced,
reversal reversal stagnation  no early dec.  no sig. trend
Main 15 33 5 8 18 2 0
All obs 15 33 4 5 22 2 0
Syrs, 500bs 14 34 6 6 20 2 0
15yrs, 500bs 18 30 5 8 16 1 0
10yrs, 1000bs 18 30 5 6 18 1 0
break in 2015 23 25 2 5 17 1 0
break in 2017 23 25 4 3 16 1 1
drop 2020 15 33 4 7 21 1 0
drop 2021 29 19 2 3 14 0 0
drop 2022 20 28 2 13 12 1 0
no dup. break yr 23 25 4 3 16 1 1
piecewise 34 14 2 4 6 2 0
regional breaks 20 28 6 4 17 0 1
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Figure S8: Sensitivity of smoke-influence classification to model specification. Left plot shows
shows state-specific categorization under the same alternative estimates used in above analyses,
right plot show counts of states in each classification. Model specifications and samples match
those in Table S2.
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Figure S9: Coeflicient estimates in western states are largely robust to using earlier break
point years. Blue dots and whiskers show estimate and confidence intervals on early period total
PM, s , red dots on recent period total PM, 5 , and orange dots on recent period non-smoke PM; 5
. Horizontal dashed line shows the estimated region-specific breakpoint. Text entries in columns
at right on each panel test, respectively, whether early and recent total PM, s slopes are different
and whether recent period total and non-smoke PM, 5 slopes are different.
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Figure S10: Influence of wildfire smoke on daily PM, s extremes is mainly concentrated in
states in the West, Northwest, and Great Plains. Black lines in each plot show percent of days
in each state-year where PM, 5 values exceed 35ug/m? , calculated using the sample of stations
with over 50 observations in at least 15 years, as in Fig 3. Blue lines show estimated percent of
days that exceed 35ug/m> after smoke PM, 5 has been removed. Vertical dotted line indicates
CONUS-wide estimated breakpoint (2010).
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Table S4: Count of states where trends in the annual proportion of extreme (>35ug/m> )
days post-2010 are estimated to be wildfire-smoke influenced. Specifications and samples are
as in Table S2.

Specification

or Sample no smoke influence detected =~ smoke-influenced
Main 35 13
All obs 35 13
Syrs, 500bs 35 13
15yrs, 500bs 36 12
10yrs, 1000bs 35 13
break in 2009 37 11
break in 2011 33 15
drop 2020 33 15
drop 2021 42 6
drop 2022 35 13
no dup. break yr 33 15
piecewise 36 12
regional breaks 34 14
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Figure S11: Sensitivity of smoke-influence classification on portion of extreme days (>
35ug/m? ) to model specification. Left plot shows shows state-specific categorization under the
same alternative estimates, right plot show counts of states in each classification. Model specifi-
cations and samples match those in Table S2.
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Figure S12: Distribution of proportion of extreme days due to wildfire smoke by state. a.
Density plots show, for each year, the distribution across CONUS states of the proportion of
days above 35ug/m> due to smoke, i.e. days that would have had concentrations <35ug/m? were
smoke not present. Tick marks show values for individual states. b. Cumulative distributions of
the number of states where the proportion of extreme PM; 5 days due to wildfire smoke in a time
period met or exceeded a given percentage threshold. For instance, the intersection of a vertical
line drawn at 50% and each of the depicted lines in the plot would provide estimates of the num-
ber of states in each period where at least 50% of extreme days were due to wildfire smoke.
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