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Abstract.

Exposure to wildlandire smoke is associated with negative effects on human health. However,
these effects are poorly quantifigktcurately attributing health endpointswadland-fire
smokerequiresdetermining tle locations,concentratiog, anddurations of smoke eventgost
current methodfor assessinghese smokevens (groundbased measurements, satellite
observations, and chemiehnsport modelingare limited temporally, spatiallgndbr by thar

level of accuracyin this work, weexploreusng daily sociatmediapostsregardingsmoke haze

and air qualityfrom Facebooko assespopulationlevel exposure for the summer of 20h5he
western USWe compare thideidentified, aggregated Facebod#ta toseveral other datasets
that are commonly used for estimatigxposure, such as satellite observatid®DIS aerosol
optical depthand Hazard Mapping Systesmoke plumes)yaily (24-hour) averagsurface
particulatemattermeasurements, and model (WRRFem) simulated surface concentrations.
After addingpopulationweighted spatial smoothing to the Facebook,dhta dataset is well
correlatedR? generally above 0.5)ith theseother method# smokeimpacted regionsThe
Facebooldatasets better correlated with surface measurements ofsalva majority of
monitoringsites(163 of 293siteg thanthe satellite observations and our model simulatios

We also present an example case for Washington sta@d & where we combine this Facebook
dataset with MODIS observations and WRRem simulated Pd%in a regression model. We
show that the addition of the Facebook dat a
surface concentrationd-his highcorrelation of the Facebook data with surface moniois our
Washington state exammeggests that this socialediabased proxy cahe used to estimate

smoke exposure in locations without direct grodraded particulatenatter measurements

1 Introducti on

Exposure to poor air quality is associated with negative impacts on human health
(Dockery et al., 1993; Pope, 200As such, th&nvironmental Protection AgenciERA) has set
air-quality standards thmit concentration levelsf pollutantsin the United Statesvhich has
led to reductiong anthropogenic emissions. However, particulate matter (PM) also has natural
and transboundary sources, which are more difficult to control. A large natural source of PM in
thewesternUsS is fromlandscapdires, which are comprised of wildfires apdescribed burning

on natural landand agricultural fired.andscape firesmoke(LFS) drives much of the
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interannual variability in total Pkt (PM with an aerodynamic diameter < 2.5 praffe et al.,
2008) The2011National Emission Inventory (NEI2011, epa.gov) attributes %2tf the
primary PM s emissions in the US to wildfire$5 % to prescribedires, and 1.86 to
agricultural fires (epa.gov)elieveldet al.(2015)used concentratiorresponse functions derived
from previous studies of total ambient PM (and smokind household air pollutigto estimate
that~2500premature mortalitieare attributable texposure to biomadsurning(a broad
category that includesildland, prescribed, andgriculturalfires) PMz.sper yeain the US
However theassumedoxicity and dose associated wlthS were assumed to be the same as all
other PM sourced hus, it is important to determine the health resposgesifictoLFS.

Accurately #ributing health outconeetoLFS requires a determination of the exposed
population.Studiesof health impactsften rely on(l) fixed-site monitorge.g.Pope et al.,
2009) (Il) satellite prodcts(e.g.Henderson et al., 2011; Rappold et al., 201 Dby
(111 atmospheric model simulatiof&lman et al., 2016; Fann et al., 2012; Johnston et al., 2012,
Rappold et al., 2012)Each of these methods has limitations as an exposure metric. For
example, fixed site monitoexe sparse in much of the western, @& satellite productdo not
on their ownprovide surfacéevel concentrationgA\tmospheic model simulationsnay be
biased by their emission inventori@avis etal., 2015; Zhang et al., 2014patial resolution

(Misenis and Zhang, 2010; Punger and West, 2013; Thompson et al., 2014; Thompson and Selin,

2012), or input meteorological fields Cuc hi ara et al ., 2014; Sri
2013) Thus, there is a growing effort to include multigktasetge.g.Henderson et al., 2011,
Yao et al., 2013and create blended produdtsatcan exploit the strengths of each dataset

(Brauer et al., 2015; van Donkelaar et al., 2015; Lassman et al., 2017; Reid et al., 2015; Yao and

Henderson, 2013However these methods still only provide estimates of ambient concentration
levels and not of actual exposukalditionally, attributing health effects spécally to LFS
exposurecan be difficult as it requires separating the contribution of smoke from tota @M
et al., 2015)

In this work, we propose the used#identified, aggregateFacebook dat& determine
populationlevel exposure for the summer of 2015, whigds a particularly smoky year in the
US (See Supplementarydtire 1 for number of fire and smoke day¥hile there can be many
different sources of poor air qualityjze highest PMsconcentrationsneasured during the study

period were in regions arglringtime periods associated with wildfire smokée showthat,
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regionwide, this dataset is better correlated with surface measurements eftai other
traditional measof estimaing exposuresuggesting that las the potential tbe used to
estimate smoke exposure in locations without direct grdaasel particulatematter
measuremeni¥Ve also present a test case for Washingtate where wademonstrat¢hat a
regression model that includes our Facebook dataset is better able to predict susfabaif i

regression model that only hamdelsimulated PMs and satelliteaerosol optical depttAQD).

We also compare our results to another measurement of internet behavior, Google Trends, as a

proxy for airquality exposure.

The use of social media in riskhdexposure assa®ent is a growmg field. In the past
decade, data mining of social media has provided a wealtlfoomation to news outlets,
marketing firms andthe social sciencg8urke and Kraut, 2016; Golder and Macy, 2011;
Kosinsk et al., 2013; Masedu et al., 2014; Youyou et al., 20D8)y recentlyhave social media
and internet behavidreen used for researchboththe natural sciencesd public health
Social mediandinternet behaviohavebeen proposed to traelpidemic and earthquakés.g.
Broniatowski et al., 2013; Crooks et al., 2013&1$berg et al., 2009)fires (Abel et al., 2012;
Bedo et al., 2015; De Longueville et al., 2009; Kent and Capello Jr,,20i®)oor air quality
(Jiang et al., 2015; Mei et al., 2014; Tetaal., 2016)andto predict hospitalization€Ram et al.,
2015) A paper by Sachdeva et £016)also proposed the use of Twitter content and
geographic information to estimdt€S concentrationdn this paper, we show hogaily
Facebook potsrtaicnkgdo tsriegnndisf iicant changes i n
dense smoke plumes from large wildfires. Furthermeesshow thaFacebook posting trends
could also improveestimates oPM:.sexposureiy serving as an extra constraom more

traditional methods for estimating exposure

2 Methods and Datasets
2.1Internet Behavior Datasets
2.1.1AggregatePercent of Facebook Postrs
Ourdataset is thpercentage dflistinctFacebookposteran eachUS city that usd any
of the following words: Asmokeo, fAsnrakyo,
post while attempting to filter out reference to cigarette smokimgdj other phrases not related to

air quality(see Suplemen). The search generatds-identified and aggregatexunts of posters
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each day, divided by the number of people who used Facébdiokt city. This method counts
each person at most once per day, avoiding bias from a single person posting multiple times
abaut air quality thatdayRes har es of news articles and frien
No individual 6s t extOuwgpad wasg io ®eueah wiltlfire smeks e ar c her s
because wildfire smoke often leads to extreme air quality degradater broad regions of the
US in the summertime. Howevdr,e cause this | i st i m@hduatdts nNair
were allaggregatey this search criterionamalso highlight trends in Facebook perst
discussing air quality degradation duestheremissionssuch as fossfiuel combustionand
may better encompass more of the ways that people discuss their experiences of changes in the
air form smoke or other particulate mat@eographidocationat the city levelis determinedy
IP addressData wereprovided for5 Junethrough27 Octobe015.
We analyzedhis dataset of theeidentified,aggregategercentof Facebook posts that
matchedour search criteriatthe city, town,or other municipaliy level (See Supplementary
Figure 2a for locatiogentroids, r ef err ed t o a)sWeéiranalatedhe@eréemtoughou't
of Faceboolposers dataonto a standard latitude/longitude grid using an -@maothing
procedure with dateveighted by the populationof the municipality (See Supplementary Figure 2
for example) The spatial interpolatioallows usto estimate the magnitude of the response
betweerthe specific locations(centroids)andto compare to other gridded dataseAslditionally,
we chose to weight the results by population becsuseof thesdocationsare in areasvith
small populations (anplotentiallyfew posterson Facebook which anskew resultsWe
generatd a fixed 0.25° grid using an inverse distance weighting power of sixvith a scale
distance ¢r search neighborhoods) of 20 km The scale distance and powegreset tosharply
reduce the influence ahoredistant observatiorsndwere chosen based on the grid resolution
in order tomaintain the regional variability from the Facebook pesOur resulting gridded

dataaredetermined using the following formula:

O (1)
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Where the percent of Facebook musifi) at a grid locatiori) is the sum of all of the products

of the populationK¥.) and the original percent of Facebook pssfc) at each AFacebo

municipalityo c),(weighted by the inverse of the distaifdebetween locatiofli) and the
Facebookmunicipality(c).
2.1.2Google Trends

We also analyzed Google Trends dafaogle.com/trendyas a proxy for exposusend
to evaluatehe keywords used in our search crite@ar reason for including this analysis is
twofold: (1) to compare the results of quercentof Facelmok posers comparison to results
using another internet behavior dataset and (2) to determine which keywords are most strongly
correlated with PMIs (as our Facebook p&s$ dataset is an aggregated result for all search
terms)We searched for dAair qualityo, Awildfir
i 0 z o n &Mayif 3& October 2015 for every designated media area (DMA) iwéstern
US. Google Trends results are determined from a random safmgdarchesvith location
determined by IP address and duplicates (when the same person searches for the same term
multiple times) removedResultsfor each searcareaggregated ande-identified, but limited to
popular terms, with low values appearingzaso(highest values are 1Q0)herefore, the
popularityof a search ternmpacs the spatial resolutioavailableof the aggregated results
(country, DMA, or city).Because of the coarse resolution of the aggregated Google Trends data
(DMA-level), we chee to compare only to surface measurements and not the other gridded
datasetsln order to determine the temporal correlation between the Google Trensigréaud
measurements, we identified the DMA in which each measurement site is located.
2.2 Surface Measurements

We determined the temporabrrelation ofthesedatasetto several other datasets that are
commonly used for estimating exposurd_ES on a daily timescaléNe use 24our average
concentrations of total PMmass fromEPA Air Quality System (AQSdata fromepa.gov/ags
which includes monitor data from different agence®Interagency Monitoring of Protected
Visual Environments (IMPROV,Elatafrom views.cira.colostate.edu/fgdiites At IMPROVE
networksites,surface measurements of atmospheric composition are taken owoai2deriod
every thirdday (Malm et al., 1994)Depending on the measurement method at theZgier;
average concentrations are provided daily, etldrg day, or every sixth day at ERRQS sites.

To maximize our data availability, we are usmgasurements frofederal Reference Method

e o,
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and Federal Equivalent Meth@dRM/FEM, 88101 kitesandfrom nonFRM/FEM (88502) sites
(both are also used by the £Ror AQI summaries)

We determind thetemporal correlations between tii@ly surface measurement and the
internet behavior dataseds every site. However, n the Results and Discussion sectiononky
show example time series for four of these locatidhsse four locations are showacause
theywereall impacted by wildfire smoke during the study period, but the response pertbent
of Faceboolposers varied among the sites likely duedifferences in surface concentrations,
distance to fire, population, and cloud cofaiscussed in Results and Discussion)

2.3 Satellite Products
2.3.1 Hazard Mapping System (HMS)Smoke Product

We also use the HamhMapping SystenfHMS) fire andsmokeanalysisproduct which
isproduced routinelp y t he Nati onal Oceanic and At mospher
National Environmental Satellite and Data Information Service (NESIDIShe purposef
identifying fires and smoke emissiofsatepsanoneesdis.noaa.gdvThe HMSsmokeproduct
uses observations from both geostationary and oolating satellitesPolygons determined
from satellite visible image analysis ana@rentlycategorized as light, moderate and heavy
smoke and have assigned nuitarvalues to estimate surface smoke concentrations (5, 16, 27
ug md). This product is only available for daylight hours and each polygon is considered valid
for a specific time periodVe creatd a gridded surfacérom all the polygons valid for each day
with thesurfaceconcentration values suggestdhe same 0.259rid resolutionas our gridded
percent ofFacebook postsin order to calculate the temporal correlation between the two
datasets for each grith grids where there is more than one polygon valid for a day, we take the
maximum valuen each grid location during thdgy. Data files were available for every day
during our analysis period except 20 Augudi®, although suglaily smoke plume analysis
periods could also be missirigpr determining the correlationith surfacemeasurements, we
matched the site location to the corresponding box.

2.3.2 MODerate resolution Imaging Spectroradiometer (MODIS) AOD

For AOD from satelliteswe use the Collection 6/ODerate resolution Imaging
SpectroradiometeMODIS) Level 2 10km aerosol optical depttAOD) productsfrom the
Terra and Aqua platforms. Terra has a morning overpd$s30 AM LT)and Aqua has an
afternoon ovpasy~1:30 PM LT) With a swathwidth of 2,330 km the instruments provide
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almost daily coveragef the globan cloudfree conditions. The MODIS algorithm can have
difficulty distinguishing thick smoke from clou#an Donkelaar et al., 201,gausing some
instances of heavy smoke to be erroneously filtered out (although Collection 6 has made
improvemend to the algorithm to minimize this misclassification, seey et al., 2018 We
average th&ODIS AOD observations from both instruments on the same 0.25° grid and use all
quality levels for better coverage. We additionally use the MODIS cloud frg@eyproducs
(ACl oud _Fraction_Lando and ACIoud_ Fraofti on_Oc
cloudsandto determine if cloudiness impacts Facebook postings on sMakealculate the
temporal calculations between MODIS AOD and the Faceposkrs dataset and the surface
observationgor the full dataset and excluding cloudy days.
2.4Weather Research and Forecasting model with ChemisthyWWRF-Chem) PM2s

Several models and model frameworks are also routinely used to estimate smoke
exposureHere, we usachemical transport model, thgeather Research and Forecasting
model with Chemistryl/RF-Chen). The simulation was completed fodunei 1 October
2015.We useGlobal Forecast Syste(@FS meteorologyhbiogenicemissiongrom the Model
of Emissions of Gases and Aerosols from Nature (MEGBbdgnther et al., 200G\ational
Emission Inventory 201INEI) anthropogenic emissions, FINN biomdmgningemissions
(Wiedinmyer et al., 2011MOZCART aerosospecies and chemistrgnd(MOZART) chemical
boundarie§Emmons et al., 2010Horizontal resolution i45km and there are 27 vertical
levels.Concentrations are output for eanlbdelhour, which we then average to providelgai
24-houraverage surfaceoncentratiosin order tocompare tahepercent ofFacebookposers
dataset and surface measurements
2.5 Regression Model

We also presenttast cas@o evaluatehe feasibility and usefulness of including this
percent ofFaceboolposers dataset in a statisticalodel. We compare two geographically
weighted regressiofGWR) modelsthat use MODIS AOD and WREhem PM s with and
without the Facebooposers dataset. GWR has previously been used in a several different
studies to predict surface air qualftyu et al., 2013; Lassan et al., 2017; Song et al., 2014;
You et al., 2016)For ourtest case, we focus on Washington state because of the extensive
network of surface Pk measurements available for validating resuitsur regressioomode]

we determine the dependent variasierface PMs at each measurement siteym a linear
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combination othese different predictor variabl@dODIS AOD, WRFChem PM:;, and
griddedpercent ofFaceboolposers). A separate set oégression coefficienis determined at
each surface monitor locatiomhich are then interpolated across the domain. We udeahe

one out cross validatiofh OOCV) methodto test our mode)sn whichthe regression

coefficients determined atsinglemonitor arecemoved from the interpolation scheraed then
the resulting PMspredicted by the regression modetompared to the observed Pivi
concentratioa We calculate the temporal corretati slope, and mean absolute error (MAE) for
the two regression models.

3 Results and Discussion
3.1 Comparison ofPercent of FacebookPostkrs to Conventional Metrics

An example of the data used in this study igiin Figurel for 29 June 2015vhich
shows a dense smoke plume from wildfires in Canada causing degraded air quality over the
Midwestern US and smoke from local fires in the Northwest over Washington, Oregon, and
Idaho. The impact of te smoke plume is evident in th€MS smoke product, the anomalously
high surface PMsconcentrations, the elevatttODIS AOD values andin theWRFChem
PMz s The spatial pattenm the percent oFacebook postsis somewhat consistent with regions
of degraded surface air quality, suggesting some people were aware of the degiqasidya
The exteatebbokhel amed does neouthasxtheneoked as
plumeobserved by the satellite produ@ODIS AOD and HMS smokeroduc), andhotspots
in thepercent ofFaceboolposers are centered around tkastern Montana/Canabarder.To
note, the surface measurements also do not show a stegsen surface concentratiorzs
far south (Missouri and Arkansas)ggesting that the plume observed by the satathiigist
have been lofted above the surfagdditionally, while the HMS smoke product suggests only
light smoke ovenortheasteriMontana andvilODIS AOD is only moderately highethan the
surrounding regionsurface PMsconcentrations arelevatedwhich agres with the spatial
pattern in Facebook p@ss. In cases where the plume is loftedsmoke is concentrated at the
surface this new dataset might be more representative of surfageality changeghan these
satellite products

In Figure 2 we also shovexampletime serieof percent oFacebook posts and other
datasetgsurface PMsmeasurements, MODIS AOD, MODIS CF, HMS smgkeduc) used in

ar
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this study for four different locations in the western: B8rt Collins, CO; Pinehurst, ID;
Bellingham, WA; and Great Falls, MAIl four of these locations were impacted by wildfire
smoke during the study period, but the response ipaheent ofFacebookposers varied among
the sitedikely due to differences in surface concentrations, distance to fire, population, and
cloud coverFrom theseaime serieswe see the main two fire event periods that impacted large
areas of the US during the summer of 2015: (1) the Canadian wildfires in late June through early
July and (2) the wildfires the northwestern US (mainly Washiaogtand Idahoin August.The
magnitude of impact on these different metrics for estimatingualityvaries by location and
event.For Pinehurst, ID, where the populatiaras ~1600n 2015 populationweighting the
Faceboolposerstime seriesmproves the correlation witlhe 24hour averagsurface
measurements @R 0.55 for gridded and® 0.00 for raw). In more populated regions, such as
Fort Collins, CO (pop. ~161,000), Bellingm, WA pop. ~85,000) and Great Falls, MTpEp.
~60,000; populationweighting the Facebogbosers has little impact on theéme seriesand
resulting correlation with the surface measuents(as shown irSupplementigure3). Further
discussion of thestime seriess presentethroughout this result section

In order to assess how well changethim fraction ofpeople postingboutsmoke and air
guality in Faceboolpostsrepresent actual changes in surface air quality, we cortipaeseries
of the percentage éfacebookposts matching our criteria time serief PMz smeasured all
of thedifferent surface sitescross the summer of 2Q1€uch ashown in the @ampletime
seriesof Figure 2 Thecoefficientsof determinatiorfor all surface PMs-measuremergites with
the gridded, populatieweighted Facebook postse shown in Figur8a, which suggests that the
best agreement between the two datasets is in refpanexperiencetieavy smoke and/or
anomalously high Phkconcentrationsluring the summemvhich is to be expected based on our
search criteriaFor examplethe Mt. Hood IMAROVE site in Orgon (Figure 3)had 39
measurement days (Jub&september 30) and had ddyswhenthe HMS smokeproduct
suggestesmokeover thelocation. This site provides the b&&tbetween th@ercent of
Faceboolposersand measured surface PBvith a value of 0.97

We also compare agreement of fleecent ofFacebookposers against simulated
concentrations from a chemical transport maa@ulation(WRFChem Figure 3), which
again shows thkighest correlatiom the Northwest USwvhich was impactedy wildfire smoke

for many days in the summer of 20Y8e would expect this as our Facebguisers search

10
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criteria is aimed at smokand poor air qualitgnd would likely only show changes in postings in
regions where airuplity was noticeably degraded.

Agreemenbetween MODIS AOD and Facebook posting trends are shown in Bgure
which also shows the best agreement in the northwesterBad¢&use thick smoke can
occasionally be classified as clomdhe MODIS algorithr{van Donkelaar et al., 201, ye
filter out MODIS AOD observations where the cloud fraction wags%6. The impact of this
filtering is shown in théime serie©f Figure 2. Theriterion reduced ounumber ofuseable
observations but improvembrrelationsat mostsites(Supplementary Figurd). Comparisons
between Facebogbtosersand MODIS AODare similar spatiallyo WRFChem PM.sand
surface measurementsutcoefficientsfor MODIS AOD and Facebook posisegenerally
worse.However, tls satellite product is derived for the full atmospheric column and is not
necessarilylirectly relatable to surface concentraticBsioke plumegand transported pollution
from other sourceg)an be lofted above the surface and may not impact stieaekeexposure
where astute Facebook posters would take notice.

Finally, we also show Rvalues betweethe HMS smoke producgstimated values and
theFaceboolposersin Figure 3. Again we see similar trends, where the best agreement occurs
in regions which experienced numerous smoke deyscorrelationvalues are not as high s
MODIS AOD or WRFChemPMzs. The HMSsmokeproduct only provides estimates for
smoke, which is thprimaryfocus of our search criterathough it also includes phrases related
to general air quality degradatiohdditionally, as withMODIS AOD, the HMSsmokeproduct
may not be representative of actual surfiesel exposurel-inally, the HMSsmokeproduct only
provides categorical estimates of HAheavy, 0
represensubtle changes iexposureconcentratiorevels ascompared tdviODIS AOD.

3.2 Evaluation of All Metrics Compared to Surface Measurements

While we have shown that our new dataset often correlates well withtradigonal
datasets that have been used to estimate samzker PM sconcentrations/exposure, we also
investigate whethehe percent oFacebookposers can be used to improve estimates when
combined with these other datasets. In Figlinge compare how good of a predictor each
dataset is atstimaing PMs. We show thecoefficientsof determinationfor Facebook posts
(4a, similar to 3a but for days where CF < 0.WQDIS AOD (with CF< 0.75,Figure 4), the
HMS smoke produdiFigure4c), and WRFChemPM: s (Figure 4l) with the surface monitors.

11
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From Figure 4, we caevaluaé which dataset best correlates with surface measurements in
different regions of the western US.

We summariz¢hese initiaffindingsin Figure4e, which showshe dataset that was best
correlated with the surface measurement at each site (and hiagl B® be greater than 0.5). This
figure shows that our Facebook parstataset is better correlated with actual surface
measurements atostsites in our domain for the given time peri@June’ 30 September
2015)compared to other datasets that are typically used to estimate exposure. We do find that
MODIS AOD and WRFChem PM are better predictors in regions with low populations, such
as North Dakota, eastern Montana, and eastern Washingtiolitionally, WRFChemPM. sand
MODIS AOD are better predictors over much of the eastern US (not siBwalues all less
than 0.9, which is dominated by anthropogenic emissions during the time period, as these
A n o r matb-day changes in anthropogenic pollution may be less likely to be picked up by
our Faebook posting search criteribo note we did na optimize the configuration ajur
WRF-Chem simulatiorio match surface observatior@@hanging emissions, meteorology,
parameterization choices, grid resolution or tstepps may have improved surfaaancentration
estimates, but the optimebnfigurationwould likely differ by region and time periotlowever,
our resultsshown in Figure 4uggesthat Facebook posting could be used to help estimate
exposure in conjunction with these other datasets.

However, iftheaggregatgercent ofFacebook posts ae used to estimate exposure,
theremay bea few limitations becausewhile trends in Facebook posting seem to represent well
the variability in surface air quality over our study period at many sites, there is not a simple
relationship betweeposting and®Mz 5. For onethere did not appear to be a thresheid 5
concentration at which it was guaranteed that people would start postiggywide or at an
individual city (e.g.there werecases with high smoke but little postisigch as the July eveim
Fort Collins, CQ. There are several potential reasons for {fisAs noted, on cloudy days
people may not be able to distinguish poor air quality, especially if it is frorréorge
transporwhere residents are not aware of a nearby(@)There could be a point of saatron
or response fatigue wheregpeoplewho have experienced ntigle days of smokenay find it
less interesting to post aboutat theycould have a cognitive bidlsatcauses them tthink that
air quality has improved inoenparison to air quality previously experienced. To testwes,

looked also at theéme serief the ratio of % of Facebook pest to surface concentratigrand
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this ratiodoes appear toedrease over timaguring periods ofmoke eventkasting several days.
A decreas¢hroughout the seasamonly evident at a few sites, although this is difficult to
comparebecaus the major smoke event at most sites occurred in late August and early
September with fevto-no smoke events occurringerwards.(3) We noted that occasionally
regiors with a high Faceboekosting percenivas centered over areas where the population had
experienced poor air quality on preceding days rather than the current regions of poor air quality
This time shift coud suggest that there could sometimes be a lag in either indistdwehreness
or in the time it takes to spread information among commilienms social networks.
Additionally, there could also be persistence in Facebook posts, whqrekiy might improve
in a location but people are still posting about it. Conversagreness of events could spread
through social networknore quicklythan an air quality event (such as a smoke plume) is
transported such that individuals are discugsin event before impacts themQuantitatively,
this is difficult to assess as it may be more event related than sgzestfic.We did compare
+/- 1-day lag correlations between Facebook posts and surface measufemahtstes that
had aily measurements (as opposed to every third. d&sfpg the same day provided the best
correlation at ~906 of sites. Slightly better correlatewer e f ound using the pr.
measurement at several sites in Utah, and using the following day edookeiter estimates at
several sites in Washington and Oregon, where there were broad regions and extended periods of
degraded air quality due to local fires.
3.3 Cloudy Day Modification

We included the CF criterion for tladoveanalysis for all datasets. We found that
filtering out days with high CF improved agreement of Facebook posts and MODIS AOD
(Figure 2 and Supplementary Figure 5). This led w840 hypothesize that people ntegve
difficulty distinguishing poor air qudly on cloudy days, especiallgrther downwind of a
source. To test this, we also sampleelFacebook posts and surface measurement time aéries
each sitawith filtering using theMODIS cloud fractionComparedo correlationdbetween
surface measuremisnand Facebook podts the full time period, using only the days witlr <
0.75improvedcorrelations most noticeably at sites that were generally more than 500 km
downwind of fires (such as in Colorado, Wyoming, and Utah, Supplementary Figure 53l but ha
less impact at sites closer to the 2015 wildfires (Oregon, western Montana, Washington, and

Idaho, see Supplementary Figure 1a for fire locations). Cloudiness possibly impacting awareness
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on Facebook is seen in the time series for Fort Collins, Colandéigure 2a, where, although
concentrations were greater during the July event than the August event, the response in
Facebook posts was much less. Bellingham, WA was also impacted by smoke during the same

period in July, and although lower surface com@ions were measured, the response in

Facebook posts was greater. We noted however, that during the July event, the MODIS product

reported a cloud cover of 100 % over Fort Collins. For the full time period, filtering out days
with a CF > 0.75, improvedhe R between Facebook posts and surface measurements in Fort
Collins from 0.33 to 0.54. Alternatively, in Great Falls, MT, which had many nearby fires,
filtering only changed the ®/rom 0.77 to 0.79, even though roughly the same number of days
met the 075 criteria for exclusion.
3.4 Google Trends comparison withSurface Measuremens

We also compared Google trends data to surface measurementsoORMresults are
shown in Figure %or each search termAs with the Faceboofosers, correlations are best in
thenorthwesern US, specifically, Washington, Montana, and Oregon, stidit@svereheavily
impacted by smoki 2015 Althoughwe are comparing to total P} the best correlations
were found for not only HAair ,whichgdsiwithyhe, but
Facebookposers, we might expect since wildfire smoke was the source of the most variability in
surface PMs during this time periodThe search terms that are more related to urban pollution
(Apol l utionod, A s mohgve muchildwecprelatiorsand sités that danhave )
R2>0.1 are generally in urban areas or far downwind of smoké Oz one o i n part.i
well-correlatedvith PMz s measurement@ll R? < 0.22) which should be expected since ozone
concentrationand PM sconcentrationgre notalwayswell-correlatede.g.Reisen et al., 2011)
3.5 Google Trendssearch term comparison

We also used the Google Trends data to analyzEameboolsearch term criteria
becaus we were not able to do this within the Faceboogkrs datasetWe chose several words
t hat might be omqwasloictiyad eandvideht d&iramirned t he ¢
for each DMA as shown in Figure 8. As with the actual concentrations g§PMwe f i nd t
gual iihgemeraime@r e associated wit h wordsmmore eoovmaaly d
assocated with uban sources i k e 7 s mofigpoo, | | fiunht ai nodnoofh Sacluleva et al.
(2016) the authors found that distance from the fires impacted the content of postings about the

fire, andwe alsonotesome differencgin our correlation maps based on distance. For example,
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closer to the fires (WA, ORedlI D@ tMTfismdaeo, gw
farther away (CO, NV, UT, WY), #dAair qualityo
Afair qualityo is also better correlated with
people are aware of the impact of the wilel on air quality, but not able to see smoke.

However, Google Trends are scaled by popularity in each ragidata only very popular

termsare availableThis could lead to a discrepancy in that the same amount of people may be

searching for theserms in different regions, but the relative popularity may be very different

compared to other search terms, especially ifthere arher physi cal sources
gualiint yab regi on. AOzoneo, MAsmogo, ssociatedwWithbol | ut i
urban air pollution), arenotwetl or r el at ed wi th dAair qualityo, A
study period; however, fAhazeo is moderately c

3.6 Geographically Weighted Regression Test Cader W ashington state

As a first case test ®valuatehe usefulnessf this Facebookosers datasetn a
statistical modelwe compared two geographically weighted regression model estimates using
MODIS AOD and WRFChemPMz swith and without the Faceboglosers. From Figure4, we
see that WRFEChemPM: 5, MODIS AOD, and this Facebogdosers dataset are atlorrelated
with surface PMsin Washington stajeand the best correlated variable varies between surface
sites.Therefore a regression model could allow us to leveragesttengths from each dataset to
create an improved estimate.

In Figure 7 we show the result®i our regression models wigimd without the Fagbook
posts We see that including the Fédookpostsin the regression model leads to improvéd R
values at many of the sites in Washington (only one site shows a deéiigase 7¢.
Additionally, for the full dataset (of all sites and all days), there is an impro¥¢l 6%
compared t®.58), slope (0.60 compared to 0.52), and a smaller error. While, these
improvements may be small; we find this is in fwetauseéhe Facebookostsexplains much of
the same variability as WREhemPM s (and better explains variability in the urban region
around Seattle, WAWe alsodid not account for cloudy days in our regression analysis.
Includinginformation on cloud cover coufabtentiallyimprove our regressiomode| which

will be investigateddrther in ongoing work on this analysis.

4 Conclusions
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In this paper, we introdied a novetoncepiof using deidentified, aggregatecounts of
Facebook posts mentioning smokaze or airqualityto determine exposure by comparing to
traditional datasets and in a regression mdadfel also looked at Google Trends data for the
same time period and compared it to surface observafibe$:aceboolpostswereuseful in
regions meeting two calitions: (1) the region was impacted l4dyS, and (2) there was a large
enough population posting to Facebobke Google Trends dateerealso best correlated in
regions impacted by smoke, however, it is aggregated at a much ceaddetion (DMAlevel),
therefore the impact of population density is unclEar.regions that meet these two criterig, t
Faceboolpostsagreed well with moretraditional datasets routinely used for estimating smoke
concentrationdn fact, the datasetasoften abetterpredictor ofsurface PMsthan several of
these other methodsd/or datasefdMODIS AOD, HMS smoke mduct WRFChemPM; 5).
Therefore, this~acebooolpostersdatasetould be useful in determiningatial extent of
exposure between surface monitors.

In furtherinvestigating regions artime periods of poor agreement, we noted that the
cloud cover negatively impacted our correlatiswggesting that some environmental factors
mi ght i mpact peopl eds iassmeregionscarelatiogNenp@ded o f oun
when comparing to the previous or following day, possibly suggesting some influesumabf
mediaon awarenessSome ofthe disagreement could also be due to our search critdrieh
could be further refinetb reduce the number of false negatives (not recogn&agt is about
air quality) and false positive@ncluding posts that are not about air qualihgtlikely occur
with colloquialconversationsOther studieswvhich have relied offwitter messagesiave been
able to optimize this process by examining subsets of individual pdst$ w ete testfad false
positives. However, again, because this dataset does not provide information on individual posts,
this is difficult to dosolelywithin this datasebut we doplanto test different search criteria in
the futureto aid in optimizingour dataset

Even with some of these limitations, we demonstratedhispercent ofFacebook
posers dataset has strong potential to be used to estimate expofoer air qualitySachdeva
et al.(2016) has shown similar results with Twitter data, but only for a single fire in California.
We believe that Facebogostscould provide some specific advantages over Twiacebook
is the most widelyised sociamedia site in the USwith 70% of its participants active daily

(Duggan et al., 2015¢ompared t86 % for Twitter. Additionally, only 1 % of Twitter posts are
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georeferened(Thom et al., 2013)and Google Trends relies on a subset of seafoheslarge
region In Sachdeva et al2016) theactual analysis only includel?97 tveetsfrom a 45day
period covering a region of 40,000 kin California and Nevadandtheir shtistical modelvas
built from 705 tweets for a 3@day period covering a 7,500 Karea With a broader usedbase,
Faceboolpostscould potentiallyprovidebetterspatial resolutiover a broader region.
Therefore, this datasef deidentified, aggregatecounts of postgouldbevery useful for
estimating populatioffevel exposureWhile we showed that Google Trends datrealso
moderately wellcorrelated with surface PMin the Northwestresults werenly availablefor
DMAs, of which there arenly 210 in the U, leading tosignificantly less spatial information in
the Google Trends data than with paercent ofFacebookposers (which hagesults for>20,000
cities in the ). In 2015, there was a broad region of smoke over much of $héherefore,
correlations with Google Trends may be much higher than if we compared towibaosly
localized smoke eventBinally, we presented a first test case ugimg percent oFacbook
posersin a statistical model to predict surface concentration¥ashington state for Juiie
September 2015, showing improvements in slope &ndBes and a reduced error in predicted
PM:s. We plan to extend this work orderto provide improed estimates of smoke exposure
for the whole western 8for the 2015 summer, which will then be used to quantify the health
responses associated with exposure to wildfire smoke. Improving the understanding of these
specific health effectsanpotentiallyaid the public and decisiemakers orwhenand how to
takemeasures to reduce exposthile social media will not be able tmmpletelyreplace
traditional methods of estimating exposure, social media datasets could currently improve

estimates without the costly investmentdtitionalsurfacemonitors. Using social media

datasetsis a proxy for exposurelsolendsti s el f t o anal ysis of peopl e

understanding asmokeexposurgSachdeva et al., 201,6yhich cannot be measured by

traditional exposwe methods.

5 Data Availability

The 24-hour average concentrations of total Rivhassare available from thEPA Air Quality
System aepa.gov/agsand thdMPROVE PM; sdata are also available at
views.cira.colostate.edu/fed/he Collection 6 MODIS Level 2 16km AOD productsrom the

Terra and Aqua platformare available dadsweb.nascom.nasa.gdhe HMS fire and smoke
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analysis product is available through satepsanone.nesdis.nodzogale trends data are
available at google.com/trend3ur WRFChem model output (daily, 2dour average surface
concentrations) is availabé http://hdl.handle.net/10217/17704he Facebookostsdata

retrieval was conducted internally at Facebook by a Facebook data sclenpstserve the
privacy of Facebook useasd in accordance with the data use agreemenare unable to
providethe Faceboolposterdata However,we do provide dily maps of the raw and gridded
aggregate percent &hceboolpostersat http://hdl.handle.net/10217/177Q43
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smoke poduct d.) gridded, unfiltered MODIAqua and MODISTerra AOD (white signifies no
valid observation), and) WRFChem simulated 2#r average surface PMconcentrations.
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Bellingham, Washington
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Figure 2. Time serieof measured surface Bllconcentrations (red)gridded and populatien
weighted percent of Facebook parst(green), MODIS AOD (purplegnddays with HMS
denotedight (light gray) and moderate/thick (dark gray) smaké¢a) Fort Collins, CO; (b)
Pinehurst, ID; (c) Bellingham, WA; and (d) Great Falls, MT for 5 JuB& October 2015. R

values for each dataset with the surface measurement are given along with the number of days
available for the calculation noted in parentheses.
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Figure 3. R? values for % Facebook pest and a.) IMPROVE and ERAQS surface
measurements of PM (for sites with > 35 days of measuremeits) WRFChemPM: s, c.)
MODIS AOD when cloud fraction was below 0.75 and d.) HMS snpwkductfor the period of
5 June&’ 30 September 2015.
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Figure 4. R? values for surface measurements of.BMith a.) percent ofFacebookposers
(CF<0.75), b.) MODIS AOD (CF<0.75), c.) HMS smoke, and d.) WEiem simulated P,

for the period of 5 Junie30 September 2015. e.) Product (HMS Smoke, VIIREM PM s,
MODIS AOD, or Facebook pass) that has the hest R compared to surface measurements
for the time period of 5 Jurie30 September 2015 (sites are shown only if the resulting R
0.5). Number of sites in western US (domain shown) where product has higli@st /¢ >

0.5) is given in parentheses.
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