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• The COVID-19 impacts on traffic-related
air pollutionwere evaluated in a US city.

• This study is the first to assess the
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This study evaluates the COVID-19 impacts on traffic-related air pollution, including ultrafine particles (UFPs),
PM2.5, black carbon (BC), NO, NO2, NOx, and CO in a Northwestern US city. Hourly traffic, air pollutants, and me-
teorological data on/near amajor freeway in the downtown of Seattle,Washington, were collected for fiveweeks
before and tenweeks after theWashington StayHomeOrder (SHO)was enacted, respectively (February 17–May
31, 2020). The pollutants between pre- and post-SHO periods were compared, and their differences were statis-
tically tested. Besides, first-ordermultivariate autoregressive (MAR(1))modelswere developed to reveal the im-
pacts specific to the change of traffic due to the COVID-19 responses while controlling for meteorological
conditions. Results indicate that compared with those in the post-SHO period, the median traffic volume and
road occupancy decreased by 37% and 52%, respectively. As for pollutants, the median BC and PM2.5 levels signif-
icantly decreased by 25% and 33%, relatively, while NO, NO2, NOx, and CO decreased by 33%, 29%, 30%, and 17%,
respectively. In contrast, neither size-resolved UFPs nor total UFPs showed significant changes between the
two periods, although larger particles (≥115.5 nm) decreased by 4–29%. Additionally, significant differences
were found in meteorological conditions between the two periods. Based on the MAR(1) models, controlling
for meteorological conditions, the COVID-19 responses were associated with significant decreases in median
levels of traffic-related pollutants including 11.5–154.0 nmparticles (ranging from−3% [95% confidence interval
(CI):−1%,−4%] to−12% [95% CI:−10%,−14%]), total UFPs (−7% [95% CI:−5%,−8%]), BC (−6% [95% CI:−5%,
−7%]), PM2.5 (−2% [95% CI:−1%,−3%]), NO, NO2, NOx (ranging from−3% [95% CI:−2%,−4%] to−10% [95% CI:
−18%,−12%]), and CO (−4% [95% CI,−3%,−5%]). These findings illustrate that the conclusion of the COVID-19
impacts on urban traffic-related air pollutant levels could be completely different in scenarios whether
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meteorology was adjusted for or not. Fully adjusting for meteorology, this study shows that the COVID-19 re-
sponses were associated with much more reductions in traffic-related UFPs than PM2.5 in the Seattle region, in
contrast to the reverse trend from the direct empirical data comparison.

© 2020 Elsevier B.V. All rights reserved.
1. Introduction

The ongoing global pandemic of coronavirus disease (COVID-19)
caused by the severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) has led to more than 355,000 premature deaths world-
wide, including 100,000 in the United States (US) alone as of May 27,
2020 (Johns Hopkins University, 2020). Washington State, located in
the northwest of the US, first reported a COVID-19 confirmed case on
January 20, 2020, and declared a state of emergency on March 3 and is-
sued a Stay Home Order (SHO) onMarch 23 (see Appendix Fig. A1 for a
timeline of events). As a result, the road traffic volume and patterns in
Washington were altered. By April 3, traffic on Interstate 5 (I-5) fell by
over 50% in both downtown Seattle and Everett (40 km to the north)
as compared to typical traffic volumes in February (Washington State
Department of Transportation, 2020b). The Stay Home Order, which
lasted ten weeks, ended on May 31.

Road traffic is a major urban pollutant source in the Seattle area
based on multiple apportionment studies (Friedman, 2020; Larson
et al., 2004; Maykut et al., 2003; Wu et al., 2007). Considering the un-
precedented decrease of urban traffic due to the COVID-19 responses,
a relatively large decrease in urban air pollutant levels was anticipated
in Washington and other urban areas around the world. Recent studies
conducted in China showed that ambient PM2.5, NO2, SO2, and CO con-
centrations during the COVID-19 period decreased by about 30–40%,
30–60%, 20–30%, and 30%, respectively, while O3 increased about 10%,
compared with either the same period in historical years or pre-
response period in the same year (Bauwens et al., 2020; Li et al., 2020;
Shi and Brasseur, 2020; Xu et al., 2020). Satellite NO2 data suggested
that Western Europe and major Northeastern US cities experienced
20–38% NO2 decreases in 2020 relative to the same period in 2019 al-
though Iran, a region strongly affected by COVID-19, did not show
clear evidence of lower NO2 concentrations (Bauwens et al., 2020). In
the US, preliminary results of an ongoing study utilizing daily PM2.5

and O3 data obtained from US Environmental Protection Agency indi-
cate that PM2.5 levels were about 10% higher than expected while O3

levels were about 7% lower than expected during the post-SHO period
compared to the same period in historical years (Bekbulat et al.,
2020). Additionally, preliminary analysis of this study shows that NO2

levels in Seattle were 20% lower than expected (Bekbulat et al., 2020).
The large variation in these findings are explained by the fact that

non-COVID-related factors (e.g., meteorology and emissions from re-
gional events other than traffic) may play an important role in con-
founding these short-term trends (Arya, 1999; Ault et al., 2009; Chen
et al., 2017; Husar and Renard, 1998; Statheropoulos et al., 1998; Vu
et al., 2015; Zhao et al., 2020). The effects of meteorology and regional
events can be partially adjusted by comparing the current year data
with historical year data (Bekbulat et al., 2020). Another recent study
tried to exclude meteorological impacts on the change of air pollution
by using the Weather Research and Forecasting (WRF) model and the
Community Multiscale Air Quality (CMAQ) model combining with
some attributing analyses (Zhao et al., 2020). However, as stated in
the study,WRF and other regionalmodels have difficulties in simulating
the evolution of the boundary layer (Banks et al., 2015; Hu et al., 2010),
which plays an important role in air pollution formation and dispersion.
Therefore, the impacts of meteorological factors may not be completely
and accurately captured by theWRFmodel. Hence, it is of great value to
develop an approach to account for these confounding factors fully.
Road traffic emits a wide variety of pollutants and is one of the main
contributors of urban ultrafine particles (UFPs; diameter ≤ 100 nm)
(Harrison et al., 2011; Pant and Harrison, 2013; Vu et al., 2015) and
black carbon (BC) (Miguel et al., 1998; Zheng et al., 2015), no studies
have examined the COVID-19 impacts on ambient UFPs and only one
study in Milan, Italy involved BC (Collivignarelli et al., 2020), to the au-
thors' knowledge.

Near-roadside samplingwas conducted in Seattle,Washington, pre-
ceding and following the Washington State SHO. Pollutant data col-
lected at a roadside monitoring station in Seattle was combined with
roadway traffic andmeteorology data to better understand any changes
in air quality related to decreased traffic. This paper aims to evaluate the
impacts of the COVID-19 responses on traffic and corresponding traffic-
related air pollution (TRAP), including UFPs, PM2.5, BC, NO, NO2, NOx,
and CO. In particular, this paper examined the impacts by (1) comparing
the pollutants between pre- and post-SHO periods based on the empir-
ical data, and (2) developing a model that controlled for meteorological
conditions to reveal the impacts specific to the change of traffic due to
the COVID-19 responses.

2. Methods

2.1. Data sources

The Washington State Department of Transportation (WSDOT)
operates multiple loop detector stations along main routes in
Washington, including I-5, which connects Canada, Washington, Ore-
gon, California, and Mexico from north to south. The hourly traffic
data from February 17 to May 31, 2020, at I-5 milepost 164.66 (close
to 10th Ave S & S Weller St, Seattle, see Appendix Fig. A2 for the loca-
tion) were obtained from the TRACFLOW system maintained by
WSDOT (Washington State Department of Transportation, 2020a). Pa-
rameters used in this study include hourly total vehicle (TOV) volume
summing all mainline lanes in both directions and road occupancy (%)
defined as a percent of the time a short space on the road is occupied
by vehicles (Hall, 1996). Traffic data were excluded as invalid or unus-
able under one ormore of the following conditions: (1)flagged as errors
by the TRACFLOW system; (2) volume or occupancy was less than 0;
(3) time when the loop detectors were working in only one direction
(either northbound or southbound).

Pollutants were monitored at a roadside air quality monitoring sta-
tion (Seattle-10th&Weller), approximately 10meast of the loop detec-
tors on I-5 (see Appendix Fig. A2 for the location). Hourly BC and PM2.5

mass concentrations, as well as NO, NO2, NOx, and CO volume concen-
trations from February 17 to May 31, 2020, at this site, were obtained
from theWashington Air Quality Advisory (WAQA) systemmaintained
by the Washington State Department of Ecology (WSDOE)
(Washington State Department of Ecology, 2020). Size-resolved nano-
particles were measured at 1-minute intervals from March 7 to May
31, 2020, using a NanoScan SMPS Nanoparticle Sizer (Model 3910, TSI
Inc., MN) deployed at the same site by our team from University of
Washington. The NanoScan measures particle number concentrations
(PNCs) over a size range of 10 to 420 nm particles with a resolution of
13 size bins (11.5 nm, 15.4 nm, 20.5 nm, 27.4 nm, 36.5 nm, 48.7 nm,
64.9 nm, 86.6 nm, 115.5 nm, 154.0 nm, 205.4 nm, 273.8 nm,
365.2 nm). Pollutant data were excluded under one or more of the fol-
lowing conditions: (1) flagged as errors by the WAQA system or the
NanoScan instrument; (2) pollutant level was less than 0; (3) incom-
plete hourly measures by the NanoScan (b 50% minute data). We
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additionally limited the size-resolved data from the NanoScan to the
size bins b205.4 nm as the larger bins reported more than 50% of zeros.

Hourly meteorological data, including ambient wind direction and
speed, as well as the temperature at the Seattle-10th &Weller monitor-
ing station, were obtained from theWAQA system. Hourly ambient rel-
ative humidity (RH) and precipitations were obtained from the BFI
station (about 7.5 km south of the Seattle-10th & Weller site) in
Washington State Automated Surface Observing System (ASOS) Net-
work (Iowa Environmental Mesonet, 2020) as they were not routinely
monitored at the Seattle-10th & Weller site.

2.2. Empirical data comparisons between pre- and post-SHO periods

Considering the weekly pattern of traffic, the data from February 17
to May 31, 2020, were grouped into fifteen weeks, including the pre-
SHO period (five weeks, February 17–March 22, 2020) and the post-
SHOperiod (tenweeks,March23–May31, 2020). Theweek right before
the Washington SHO enacted was defined as Week 0 (March 16–22,
2020). Note that size-resolved PNC data measured from NanoScan
were not available for Weeks (−4) to (−3), while all other traffic, pol-
lutant, and meteorological data were available for the entire fifteen-
week period.

Total UFP number concentrations (NCs) were calculated by sum-
ming the PNCs of eight size bins (median sizes ranging from
11.5–86.6 nm). The PNC data were aggregated into hourly means after
applying the aforementioned exclusion criteria. Then, the fifteen-week
traffic, pollutant, and meteorological data were merged based on date
and hourly time.

None of the traffic, pollutant, andmeteorological variableswere nor-
mally distributed based on Shapiro-Wilk tests. Therefore, Wilcoxon
two-sample rank-sum tests were conducted for each traffic, pollutant,
and meteorological variable between the pre- and post-SHO periods
to compare the differences between these two periods. Wilcoxon effect
sizes, which indicate the strength of the differences were calculated
using the “coin” and “rstatix” packages in R (R Core Team, 2013).

2.3. Model prediction of COVID-19 impacts on TRAP

Road occupancy is an equivalent variable to traffic density, which
can be expressed as traffic volume divided by speed (Hall, 1996). Theo-
retically, TRAP levels at a near-road monitoring site should be directly
related to the traffic density rather than volume, although traffic density
and volume are highly correlated. Additionally, road occupancy in the
adjacent areas between the west and east of the air monitoring station
should bemuchmore similar than traffic volume. Therefore, the change
of road occupancy was used as the primary indicator for TRAP impacts
due to the COVID-19 responses in the present study.

Due to the potential autocorrelation among observations from the
time-series air pollution measurement, multivariate autoregressive
(MAR) models were used to analyze traffic-pollutant associations be-
tween road occupancy and each pollutant level (Holmes et al., 2020;
Neumaier and Schneider, 2001). Based on the partial autocorrelation
function (PACF) computing for each pollutant, the p orders for the
MAR(p) models were set to 1 for all pollutants (Fig. A3), which means
the pollutant at time t was based on the immediately preceding value
at time t-1. Depending on data distribution and statistical tests, pollut-
ant concentrationswere natural log-transformed in theMAR(1)models.
With road occupancy as the main traffic-related indicator, the models
(Eq. (1)) were fitted for each pollutant in which the dependent variable
was the natural log-transformed pollutant level at time t (log(yt)), and
the independent variables included the natural log-transformed pollut-
ant level at lag hour 1 (log(yt-1)), traffic-related indicator (traffict), and
meteorological variables such as temperature (Tt), relative humidity
(RHt), precipitation (Pt), wind speed (WSt), and a category variable –
wind direction (WDt). According to the layout of I-5 near the air quality
monitoring station (Fig. A2), wind direction (degrees from the north)
was categorized based on a northwest-southeast line (i.e., 135–315 de-
grees as the reference category (level = 0, mostly west wind), and the
rest as the other category (level = 1, mostly east wind)). Outliers
were determined by using Cook's distance value. The observations
with Cook's distance value greater than 0.5 were excluded from the re-
gression analysis (Cook, 1977; Yerramshetty and Akkus, 2008).

log ytð Þ ¼ β0 þ β1 log yt−1ð Þ þ β2traffict þ β3Tt þ β4RHt þ β5Pt
þ β6WSt þ β7WDt þ ε ð1Þ

where β0 – β7 are the coefficients from the MAR(1) model; ε is the
residual.

The estimates of β2 determined from theMAR(1) models were used
to predict the median percent changes of pollutant levels due to the
COVID-19 responses, as shown in Eq. (2):

Δy %ð Þ ¼ eβ2�Δtraffic−1
� �� 100% ð2Þ

where Δtraffic is the median absolute change of road occupancy due to
the COVID-19 responses.

Based on pairwise comparisons using Wilcoxon rank-sum tests, the
median road occupancy was not statistically different (p N 0.2) among
Weeks (−4), (−3), and (−2), but statistically different (p b 0.05) be-
tween Week (−2) and Week (−1) (see more in the Results section).
As therewere no significant differences for themedian hourly traffic be-
tween Week (−2) and previous weeks, and all data were available in
Week (−2), Week (−2) was taken as the reference week when there
were no significant impacts on themedian traffic from the COVID-19 re-
sponses. Therefore, Δtraffic was calculated as the difference of median
hourly traffic between the post-SHO weeks and Week (−2), as shown
in Eq. (3):

Δtraffic ¼ trafficpost−SHO−trafficWeek −2ð Þ ð3Þ

where trafficpost-SHO and trafficWeek(−2) are themedian hourly road occu-
pancy during Weeks 1 to 10 and Week (−2), respectively.

The median absolute changes of pollutant levels due to the COVID-
19 responses were calculated by multiplying the percent changes with
the median hourly concentration in Week (−2) for each pollutant,
respectively.

2.4. Sensitivity analyses

In the main model, data in Week 0 were excluded as there probably
existed significant air pollution emission sources from regional events
in that week (see more in the Results section). The sensitivity of the
MAR(1) results to the data in Week 0 was examined by including the
data in Week 0. Additionally, based on the wind rose plot (Appendix
Fig. A4), the sensitivity to thewinddirection categorizingwas examined
by categorizing the wind direction based on a north-south line into the
west (180–360 degrees, reference category) and the east (0–180 de-
grees). Also, five more models were assessed: (1) without considering
the autocorrelation effects in the time-series observations (excluding
the log(yt-1) variable in the MAR(1) model), (2) with a second-order
multivariate autoregressive (MAR(2)) model, (3) considering the inter-
action between the amount of road occupancy and the twoWD catego-
ries, (4) using traffic TOV volume as themain traffic indicator instead of
road occupancy, and (5) using last-hour road occupancy as the main
lag-effect indicator instead of last-hour pollutant level. The results
were compared with those of the main models.

For all statistical tests, p = 0.05 indicated statistical significance in
this study. All calculations and figures were made using “data.table”,
“stats”, “mgcv”, “coin” and “rstatix”, “tidyverse”, “openair”,“ggplot2”,
“ggpubr” and “leaflet” packages in R, Version 3.3.0 embedded in RStudio
Version 1.1.456.
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3. Results

3.1. Weekly variation

Fig. 1 shows the weekly traffic (volume and occupancy), pollutant
concentrations (size-resolved particles and total UFPs, BC, PM2.5, NO,
NO2, NOx, and CO), and meteorological conditions (wind direction,
wind speed, temperature, relative humidity, and precipitation) at Seat-
tle 10th & Weller for both pre-SHO (Weeks (−4) to 0) and post-SHO
(Weeks 1 to 10) periods. The traffic TOV volume and road occupancy
continually decreased from Weeks (−3) to 1 by ~50% for medians, in-
cluding a decrease of ~30% formedians fromWeeks 0 to 1. This suggests
that the COVID-19 pandemic impacts on traffic in Seattlewere observed
from early March (Week (−2)), and the SHO enacted onMarch 23 (the
first day ofWeek 1) resulted in an additional reduction in the traffic vol-
ume and road occupancy. This is consistent with the timeline of major
governmental and public responses inWashington, as shown in Appen-
dix Fig. A1. While significantly lower than that in the pre-SHO period,
the traffic from Weeks 1 to 10 in the post-SHO period gradually in-
creased. By the end of the post-SHO period (Week 10), themedian traf-
fic TOV volume and road occupancywere 68% and 54% of those inWeek
(−2), respectively.

The concentrations of BC, PM2.5, and gaseous pollutants seem to be
generally higher in the pre-SHO period than those in the post-SHO pe-
riod, while the trend is unclear for UFPs. It can be clearly seen that the
trend of weekly variation of all pollutants does not mirror that of traffic,
especially for Week 0, where an unexpected spike in most pollutants is
observed. Relatively large drops in concentrations were observed in
most pollutants, except in 11.5–20.5 nm particles, from Weeks 0 to 1.
For instance, median UFPs, PM2.5, and NOx concentrations decreased
by 43%, 75%, and 52%, respectively. The lowerwind speed inWeek 0 rel-
ative to that in Weeks (−1) and 1 possibly contributed to the spike in
that week. However, this cannot explain why BC, PM2.5, NO2, and NOx

levels in Week 0 were significantly higher than those in Week (−3)
even thoughwind speed and other meteorological variables were com-
parable in the two weeks, while traffic volume and road occupancy in
Week 0 decreased by 25% and 53% relative to those in Week (−3), re-
spectively. It can be inferred that there probably existed significant air
pollution emission sources from regional events in Week 0.

3.2. Empirical data comparisons between pre- and post-SHO periods

As regional events showed a large impact on pollutants at Seattle-
10th &Weller monitoring station in Week 0, the effects of SHO enact-
ment could have been overestimated with this outlier. Therefore,
excluding the data in Week 0, Fig. 2 shows the pooled density distribu-
tions of traffic, pollutant concentrations, and meteorological conditions
at Seattle 10th &Weller for both the pre- and post-SHO periods. Appen-
dix Table A1 summarizes the statistic descriptions of traffic, pollutant
levels, andmeteorological conditions for each period aswell as compar-
isons between the twoperiods, excluding the data inWeek 0. Compared
with those in the post-SHO period, the median traffic volume and road
occupancy decreased from 6656 to 4181 #/h (a drop of ~37%), and from
23% to 11% (a drop of ~52%), respectively. As for pollutants, the median
BC and PM2.5 levels decreased by25% and 33%, relatively,whileNO,NO2,
NOx, and CO decreased by 33%, 29%, 30%, and 17%, respectively. In con-
trast, although larger particles (≥115.5 nm) decreased by 4–29%, neither
size-resolved UFPs nor total UFPs show significant changes between the
two periods. As for meteorological conditions, there was more wind
from the west (degree N180) in the post-SHO period. Compared with
those in the pre-SHO period, median wind speed and temperature in-
creased by 0.3 m/s (19%) and 6 °C, respectively, while relative humidity
decreased by 7%. Median precipitations were both 0 μm in the two pe-
riods, while mean precipitation increased by 21 μm (122%) in the
post-SHO period. Wilcoxon tests indicate that the differences between
pre- and post-SHOperiods are significant for all traffic, pollutants except
11.5–115.5 nm particles, and meteorology variables except precipita-
tion. Additionally, the tests showmoderate effects (0.3 ≤ r b 0.5) for traf-
fic volume, road occupancy, NO2, CO, and temperature, and small effects
(r b 0.3) for the other variables.

Appendix Table A2 summarizes the statistic descriptions of traffic,
pollutant levels, and meteorological conditions for each period as well
as comparisons between the two periods, including the data in Week
0. Including the data inWeek 0 would make the two-period differences
significant for larger UFPs (≥36.5 nm) and increase the effect size for al-
most all pollutants.

3.3. Model prediction

Appendix Table A3 summarizes the results of the main MAR
(1) models. The regression coefficients of traffic indicators (β2) are sig-
nificant for all pollutants (p b 0.005). The coefficient of determination
(R2) for all the models ranges from 0.5 to 0.8, which generally indicates
50–80% of data variances can be explained by themainMAR(1)models.
In addition, Appendix Fig. A5 shows the results of the autocorrelation
function (ACF) computing of the residuals for each pollutant in the
main MAR(1) models. Results indicate no autocorrelation in the resid-
uals for each pollutant, confirming that the MAR(1) models well cap-
tured the autocorrelation effects in the time-series observations of
pollutants.

Compared with the reference week in the pre-SHO period, the me-
dian road occupancy in the post-SHO period decreased by 53%. Fig. 3
shows theMAR(1) results for the effect of COVID-19 pandemic response
on air pollutants fully adjusted for meteorological conditions. All pollut-
ant variables were significantly lower in the post SHO period. In partic-
ular, therewere significant decreases inmedian levels of 11.5–154.0 nm
particles (ranging from −3% [95% CI: −1%, −4%] to −12% [95% CI:
−10%, −14%]), total UFPs (−7% [95% CI: −5%, −8%]), BC (−6% [95%
CI:−5%,−7%]), PM2.5 (−2% [95% CI:−1%,−3%]), NO, NO2, NOx (rang-
ing from−3% [95% CI:−2%,−4%] to−10% [95% CI:−18%,−12%]), and
CO (−4% [95% CI: −3%, −5%]). Nucleation-mode particles (b30 nm)
and NO show the largest median percent changes (~10%), followed by
36.5–154.0 nmparticles, BC, NO2, NOx, and CO. PM2.5 shows the smallest
percent changewhich is about 1/3 of that in total UFPs. The correspond-
ingmedian absolute changes in those pollutants are shown in Appendix
Fig. A6. The reductions in median PNCs were generally lower than 150
#/cm3 for size-resolved particles and ~600 #/cm3 for total UFPs. In con-
trast, the reductions in PM2.5 and BC mass concentrations were rela-
tively small (b0.1 μg/m3). Those in NOx and CO were 2 and 15 ppb,
respectively.

3.4. Sensitivity analyses

The results of the sensitivity analyses are shown in Appendix
Figs. A7–12, and Table A4. Including the data inWeek 0 (Fig. A7) or cat-
egorizing thewind direction in the other way (Fig. A8) slightly changed
the results (changes ranging from −1 to 1% compared with the main
models). Ignoring the autocorrelation effects in the time-series observa-
tions resulted inmuch larger reductions in all pollutants (changes rang-
ing from 3 to 22%), especially for nucleation-mode particles (b30 nm),
BC, and NO (Fig. A9). However, the R2 of this model (0.1–0.5) is much
smaller, and the Akaike and Bayes information criteria are much larger,
compared with the main models (Table A4). The MAR(2) model made
slight differences to the results (changes ranging from 0 to 1%), further
confirming that theMAR(1)models are good enough to capture the au-
tocorrelation effects (Fig. A10). Including an interaction between the
amount of road occupancy and the twoWD categories did not improve
the model, and the coefficients for the interaction term are nonsignifi-
cant for nearly half of the pollutants. It can be inferred that road occu-
pancy on I-5 well represented the road occupancy in both west and
east of the air monitoring station. Using traffic TOV volume as the
main indicator instead of road occupancy resulted in larger reductions
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Fig. 2. Pooled density plot of traffic, pollutant, andmeteorological data from the Seattle-10th &Weller monitoring site in the pre- and post-SHO periods. The colored dashed line on each
panel represents the median for the corresponding distribution. P-value is shown at the top right corner of each panel. Definition of abbreviations: TOV = total vehicle; 11.5 nm–
154.0 nm = 11.5 nm–154.0 nm particles; PNC = particle number concentration; BC = black carbon; WD = wind direction (degrees from the north); WS = wind speed; T =
temperature; RH = relative humidity; SHO = Stay Home Order.

Fig. 3. Mean with 95% confidence interval of median percent changes in near-road air pollutants associated with the COVID-19 responses in fully adjusted first-order multivariate
autoregressive (MAR(1)) models. Definition of abbreviations: 11.5 nm – 154.0 nm = 11.5 nm – 154.0 nm particles; PNC = particle number concentration; MC = mass concentration;
BC = black carbon.
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in all pollutants except 115.5 nmparticles and PM2.5, although the result
for PM2.5 became statistically nonsignificant (p= 0.1) (Fig. A11). Addi-
tionally, using last-hour road occupancy as themain lag-effect indicator
instead of last-hour pollutant level resulted inmuch larger reductions in
most pollutants, despite that the results are nonsignificant for
64.9–86.6 nm particles and PM2.5 (Fig. A12). However, the R2 of this
model (0.1–0.5) is much smaller, and the Akaike and Bayes information
criteria are much larger, compared with the main models (Table A4).

Despite the variations in pollutant percent change predictions
among all the models, the relative magnitudes among different pollut-
ants are generally unchanged. It further indicates traffic contributed
more to UFPs, BC, and NO, than PM2.5 and CO. The main models gener-
ally have the larger R2 and smaller Akaike and Bayes information criteria
comparedwith the sensitivity analysis models, and the results from the
main models are statistically significant. Therefore, the results from the
main model analyses are primarily reported.

4. Discussion

Previous studies have examined the impacts of the COVID-19 re-
sponses on ambient PM2.5 and/or some other gaseous pollutants in
China (Bauwens et al., 2020; Chen et al., 2020; Li et al., 2020; Shi and
Brasseur, 2020; Xu et al., 2020), India (Sharma et al., 2020), Italy
(Collivignarelli et al., 2020), Brazil (Nakada and Urban, 2020), and NO2

in Western Europe and major Northeastern US cities (Bauwens et al.,
2020). Additionally, an ongoing study has estimated the impacts on
PM2.5 and O3 across the US, as well as NO2 in three US cities, including
Seattle (Bekbulat et al., 2020). Another recent study tried to excludeme-
teorological impacts on the change of air pollution during the COVID
outbreak by using theWRFmodel (Zhao et al., 2020). However, the im-
pacts of meteorological factors may not be completely and accurately
excluded due to the inherent limitations of the WRF model (Zhao
et al., 2020). To the authors' knowledge, the present study is the first
to examine the impacts of the COVID-19 responses on size-resolved
and total UFPs, and the first to reveal the impacts on TRAP specific to
the change of traffic after fully adjusting for meteorological variations.

In the main analyses, the model predictions were based on the me-
dian reduction of road occupancy between the pre- and post-SHO pe-
riods. Although the mean hourly road occupancy in Week (−2) was
~10% lower than that in Week (−3), the medians showed no statisti-
cally significant differences (p N 0.2) due to the right-skewed distribu-
tion of road occupancy. Thus, Week (−2) was utilized as the pre-SHO
reference week. It makes no statistically significant differences for the
predicted percent reductions in all pollutants to take Week (−3) as
the reference. However, based on Wilcoxon two-sample rank-sum
tests, there were significant decreases formedian PM2.5 and CO concen-
trations from Weeks (−3) to (−2) (p b 0.05), although the effect sizes
were small (r b 0.3). This indicates that traffic was not the only contrib-
utor to these pollutants. In addition to meteorological conditions, there
were probably other contributors since PM2.5 and CO are both com-
monly from anthropogenic and natural sources (Hudman et al., 2008;
Larson et al., 2004). Both percent and absolute changes associated
with the impacts of the COVID-19 responses should be interpreted
with caution. They represented themagnitude of the impactswhen traf-
fic changed while other factors (e.g., meteorology) remain constant.

The autocorrelation effects in the time-series observations of pollut-
ants played an important role in the MAR(1) models. In this study,
50–80% of the pollutant concentrations at the last hour contributed to
the pollutant levels at the current hour. Thus, without considering the
autocorrelation would generally result in the worse fitting. On the
other hand, the autocorrelation effects indicate that the current-hour
traffic had impacts on both current- and next-hour pollutant levels at
the monitoring station. The current MAR(1) models, primarily
predicting the air pollution impacts based on the current-hour traffic,
tend to underestimate the impacts of traffic. However, models including
a last-hour road occupancy variable in the model result in much worse
fitting and larger uncertainties, as shown in the Sensitivity Analyses.
Thus, the results from the main MAR(1) models were reported as the
main results.

Meteorology conditions have large impacts on TRAP levels. Based on
the results seen in this study, TRAP levels were generally negatively as-
sociated with wind speed, precipitations, RH, and temperature, despite
the varying magnitudes for different pollutants. Compared with the
“west” wind (135–315 degrees), the “east” wind (0–135 and 315–360
degrees) generally led to lower TRAP levels, reflecting that the air pollu-
tion level was generally lower in the east of the monitoring site. Com-
pared with those in the pre-SHO period, temperature and wind speed
significantly increased while RH significantly decreased in the post-
SHO period. Also, there was significantly more wind from the west in
which the pollutant levels were generally higher. Without adjusting
the meteorology variables, it would be challenging to examine the im-
pacts of COVID-19 responses on TRAP levels. In particular, the impacts
on UFPs would be greatly underestimated while impacts on PM2.5, BC,
NOx, and COwould be greatly overestimated based on a direct compar-
ison of the empirical data between the pre- and post-SHO periods
(Fig. A13). Comparing the post-responses periods with either the
same period in historical years or the pre-response period in the same
year cannot fully account for the variation of meteorology, which pre-
vents us from observing the effects of the COVID-19 responses. The
MAR(1) models developed in this study provide a way to estimate the
impacts on traffic-specific air pollutants after excluding major con-
founding factors.

Based on the empirical data, the median NO2 levels in the post-SHO
period decreased by 29% compared with those in the pre-SHO period.
This reduction is comparable to that in another study (Bekbulat et al.,
2020), which reported a 20% reduction of NO2 in Seattle. However, the
magnitudes of the reductions in PM2.5, NO2, and CO after adjusting for
regional events and meteorological variation in this study are much
smaller than those reported in other countries (Bauwens et al., 2020;
Li et al., 2020; Shi and Brasseur, 2020; Xu et al., 2020) and in other
parts of the US (Bauwens et al., 2020; Bekbulat et al., 2020). This can
be explained by five reasons: (1) the results herein are specific to the
change in traffic while the other studies included the changes in all an-
thropogenic sources; (2) the results herein were fully adjusted for me-
teorology while those in the other studies were not; (3) the
contributions of traffic to different air pollutants tend to vary spatially
and temporally; (4) the MAR(1) models used in the present study
tend to underestimate the impacts of current-hour traffic on next-
hour air pollution, as discussed above; and (5) the results in the present
study are based on medians while those in some previous studies were
based on means (Bauwens et al., 2020; Li et al., 2020). Due to the right-
skewed distributions of air pollutant levels, the mean reductions were
generally larger than median reductions. With the mean reduction of
road occupancy as the prediction metric, the predicted percent reduc-
tions in pollutants would be 1–7% larger compared with the main
model (Fig. A14). This study reveals that traffic was generally not a
major contributor to ambient PM2.5 in the Seattle downtown area.
This is consistent with the Washington State 2014 Comprehensive
Emissions Inventory inwhich they reported that 2% of annual statewide
PM2.5 emissions were from on-road mobile sources (Washington State
Department of Ecology, 2018). In contrast, traffic was a relatively larger
contributor to roadside UFPs, especially nucleation-mode particles
(b30 nm).

This study has several limitations. First, UFPs were not measured
during Weeks (−4) and (−3) in the pre-SHO period, which may lead
to biased results compared with BC, PM2.5, and gaseous pollutants.
However, the MAR(1) models based on hourly data can mostly elimi-
nate the bias because the diurnal variations of traffic provided a wide
range to the inputs of the models. Second, due to data constraints, the
variation of air pollution sources other than traffic emission was not in-
cluded in the MAR(1) models. Nonetheless, it is reassuring that the re-
sults here remained robust in the sensitivity analyses, including the
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data in Week 0, when air pollutants at Seattle-10th & Weller were sig-
nificantly elevated by the air pollution emission sources from regional
events. Finally, the quantitative results obtained in this study are specific
to the Seattle area, where the study was conducted. More studies are
warranted to examine whether the results derived from this study are
representative of other locations in the US.

5. Conclusions

This study illustrates that the conclusion of the COVID-19 impacts on
urban traffic-related air pollutant levels could be completely different in
scenarios whether meteorology was adjusted for or not. Fully adjusting
for meteorology, this study shows that the COVID-19 responses were
associated with much more reductions in traffic-related UFPs than
PM2.5 in the Seattle region, in contrast to the reverse trend from the di-
rect empirical data comparison. Thesefindings suggest the need for fully
adjusting for meteorology in future studies examining the impacts of
social/economic interventions on air pollution.
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