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Abstract

Exposure models for air pollutants often adjusteidects of the physical environment
(e.g., season, urban vs. rural populations) inraxmlenprove exposure and risk predictions. Yet
attempts are seldom made to attribute variabtitghserved outdoor air measurements to
specific environmental variables. This resear@dsents a statistical strategy to identify and
explain the spatial and temporal components gba@iutant measurement variance using
regional predictors and large-scale (with impaetsranultiple kilometers of distance) emission
source effects. The emission sources considertétdsimvestigation include major highways
and industries, and were chosen based on theimpitgxo monitoring areas designated in the
Detroit Exposure and Aerosol Research Study (DEAR$)ear mixed effects models were
used to investigate 24-hr averaged outdoor resalent measurements of several pollutants,
including PM s mass, PM components (elemental carbon, organimoametals, elements),
nitrogen dioxide, and volatile organic compound®(46). Three hierarchal statistical models
were utilized to calculate and examine variancemament estimates for each analyte before and
after adjustment for fixed effects, which includsimpling season, day of the week, air
concentrations at an ambient (centralized) mompsite, and the frequency of time a receptor
was downwind of specific large-emissions sourdeesults indicate that temporal variability
accounted for the majority of total measurementavee (90% on average). Adjustments for
ambient concentration and sampling season significeeduced temporal variance estimates for
most VOCs and for about half of the PM componegesérally with reductions of 24 to 97%).
Major exceptions to this trend were found with neet&e, Mn, and Zn), ethyltoluene, and p-
dichlorobenzene, where only 4 to 30% of the temipaaance was explained after the same

adjustments. Additional reductions in temporaiaace (up to 37%) were observed after
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adjusting for the large-emission sources and ddliefveek effects, with the strongest effects
observed for PM components, including select metalws, for the Detroit airshed, VOCs
appear to have been largely affected by regiormabfa, whereas PM components were
explained by both regional factors and localizeddaemissions sources. Examination of the
radial directions associated with suspected emmssooirces generally supportagbriori
expectations of source-analyte associations (8@,increases from areas of high vehicle
traffic). Overall, this investigation presentstatistical multi-pollutant analysis strategy thait i
useful for simultaneously (1) estimating spatiad &mporal variance components of outdoor air
pollutant measurements, (2) estimating the effettegional variables on pollutant levels, and
(3) identifying likely emissions sources that méfiget outdoor air levels of individual or co-

occurring pollutants.

1 Introduction

Measurements of pollutants in outdoor air are @by numerous natural and
anthropogenic parameters. Influential parametexg loe obvious and direct, such as a local
emission source, or more complex and indirect, siscatmospheric photochemical reactions and
turbulence. Atmospheric and exposure researcredtriidentify trends between influential
parameters, air concentrations, and human expoétoesa et al., 2002; Violante, et al., 2006),
but attempts are seldom made to attribute obsenesburement variance to specific parameters.
Such efforts may be of particular interest to medglrisk assessors, and managers, since highly
varied air concentrations, often used as modeltgpoay cause large uncertainties in predicted
output concentrations, population and personal ex@s, health outcomes (e.g., respiratory

issues, cardiovascular effects, mortality), andseghent risk-based decisions (Zeger et al., 2000;
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Calder et al., 2008; Ozkaynak et al., 2009). dfpallution measurement variance can be
attributed to specific environmental parametersntimodel uncertainties may be reduced. This,
in turn, could promote one’s confidence in modeldictions and the subsequent decisions.

The research described here focuses on the messnirgariability observed across
residential outdoor air monitors in Detroit, MI thuy the Detroit Exposure and Aerosol Research
Study (DEARS) (Williams et al., 2009). These mongites were situated with a maximum
distance of 30km between any two locations. Thé&RS collected a total of approximately
20,000, daily (24-hr integrated), outdoor measur@macross participating households and one
ambient monitoring site (Allen Park, Ml MI-DEQ AIRSite) over a three-year collection period
(2004-2007). Monitored pollutants included patiate matter (PM) mass and components,
volatile organic compounds (VOCS), and criteridytaht gases. The ambient site was used as a
centralized community monitor (historically usedsaggulatory surrogate) for concentrations
across the study domain and is assumed here teseggirconcentration trends induced by
parameters affecting the whole DEARS area, heregmebd ‘regional’ effects. The monitoring
scheme involved multiple seasons (3 summer, 3 wiated repeated measures (five consecutive
days per season; all samples collected at 09:@0 fimee + 2.5 hr) for each sampling location.
These individual locations, up to 44 per seasomewesignated by participant identifiers, or
PIDs. The PIDs were contained within sipriori enumeration measurement areas (EMAS),
which had different pollution impacts from regiomaid localized sources (Williams, 2005;
Duvall et al., 2012). The specific EMAs were defirby the presence of regional-background
sources (EMA7Y), heavy vehicle traffic (EMAG), heamgustry (EMAs 1 and 5), mixed heavy

industry and vehicle traffic (EMA3), and mixed lighdustry and vehicle traffic (EMA4)
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(Phillips et al. (2010)). EMA7 was not includedtire current analysis because data were
purposefully collected at only one PID, thus redgdhe ability to conduct intra-EMA testing.

Initial exposure assessments associated with thER3 involving various PM size
fractions, (George et al., 2010; Rodes et al., 20h0rnburg et al., 2009), PM components
(Baxter et al., 2008; Williams et al., 2011a), VOBsarzyk et al., 2009; George et al., 2011), and
NO, (Williams et al., 2011b) have been reported. Mahthese summaries have highlighted the
spatial and temporal relationships between dafaated in the various EMAs and at the ambient
monitoring site. However, attempts have not beadarto evaluate measurement variance
components within each EMA before and after adpgstor regional and large-scale emissions
source effects.

Using data from the DEARS, this research demorestrah application of statistical
methods for quantification and evaluation of thatgp and temporal components of air pollutant
measurement variance. This work presents a fiegt4sy which data users, modelers, and
managers can begin to account for data variahiitieir analyses. This technique is not
intended as an alternative to source apportionmedispersion/receptor modeling efforts, but
rather as an informative tool for the handling afadused as inputs to such methods. The
objectives of this unique multi-pollutant analyare to

» estimate spatial and temporal variance componédrtaily outdoor air pollutant

measurements from the DEARS using a hierarchasstal modeling approach.

» evaluate environmental parameters that are suspectiive outdoor pollutant

concentrations and for which data are widely abégl@and easily accessible.
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e attribute measurement variance to environmentamaters that have been, or may
be considered, in deterministic air pollution opegure models, and use estimated
model coefficients to inform the direction and miagghe of these parameter effects.

* present “heat maps” to allow rapid comparisonssiilts between the hierarchical

models and across all pollutants.

20 Methodsand Materials
2.1  Sampling scheme and analyte selection

Table 1 provides a summary of outdoor residentagd d@ollected during the DEARS,
listing the number of observations and associatBd Bcross seasons and EMAs for VOCs
(Table 1a) and PM-related analytes and,NlTable 1b). Specific species for which data was
available are also given. For ease in reportin@; N grouped with the PM components
throughout this report. The number of observatuiffer across the tables owing to differences
in sampling methodologies between VOCs (passiveasidn monitors; Mukerjee et al., 2004,
McClenny et al., 2005), PM components (personairenmental monitors; Rodes et al., 2010),
and NQ (Ogawa diffusion badges; Mukerjee et al., 200&ns et al., 2001). Additional
information on the Detroit metropolitan area anteptial source impacts can be reviewed in the
DEARS project design (US. EPA, 2012a).

Measurement distributions for each pollutant wesa@weated using the UNIVARIATE
procedure of SAS statistical software version S8 Institute, Cary, NC). Normal probability
plots and histograms showed the data were geneigliitskewed and, therefore, measurements
were log-transformed prior to further statisticablyses. Analytes were included in the

statistical models when at least 75% of the t@eabrds were above an individual pollutant’s
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sample-specific method detection limit (ss-MDL)heBe ss-MDLs were calculated as three-
times the standard deviation of a set of laboralbepks, with multiple sets of blanks over the
study period resulting in several MDLs for eachly@int. Measurements falling below a ss-
MDL were given an imputed value of ss-MDLV2§ (Hornung and Reed, 1990). Specific
analytes were omitted from analysis if measuremeste collected in fewer than four seasons,
which secured a balanced assessment of seasots éfféite models. These selection criteria

resulted in an evaluation dataset of 20,090 outdegidential measurements across 21 analytes.

2.2 Data analysis and statistical model structure

The data analysis was performed in three partan¢Estigation of the concentration
distributions across the entire study domain, iBrpretation of statistically significant £p
0.05) predictors of analyte levels for each EMAJ &B) evaluation of the spatial and temporal
components of concentration measurement varianasafth EMA. Part 1 of the data analysis
included determination of the pollutant concentmrafpercentile estimates (via Proc
UNIVARIATE), geometric means (GM) and geometricretard deviations (GSD) of the ss-
MDLs (via Proc MEANS), and percentage of imputethdacords for individual analytes (via
Proc FREQ).

Parts 2 and 3 of the data analysis were performrset)linear mixed-effects models,
available through Proc MIXED in SAS. First, nulbdels containing a fixed global mean for
each EMA, a random-PID effect, and a random-erifecewere created for individual
pollutants. Reduced and full models were thentlogibn the null models, with adjustments for
additional fixed effects. Assumptions of the mixaddels (e.g., normally-distributed random-

effect estimates and residual errors) were evaduadeng standard regression diagnostic
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procedures, namely residuals analysis and revietweoEhapiro-Wilks test statistic. Scaled
residuals and Bayesian Information Criteria (BI@)put were also reviewed to ensure a proper
covariance structure for the models. A compoumdrsgtry structure was used for each model,
which assumes that all random PID effects are iedéent and all random errors for a given PID
are correlated by a constant amount. This strectuas selected in part to retain model-structure
homogeneity across all pollutants and simplify madgput interpretation. Finally, Studentized
and Pearson residuals, restricted likelihood dec#gaand Cook’s D and Covariance Ratio outputs
were evaluated to identify influential outliershé&se points were compared with surrounding
measurements (both in time and space) to verifytttesy were indeed true outliers and not the
result of localized trends. From these proced@8,out of the total of 20,090 outdoor
residential measurements (1.0%) were identifiedudlsers and removed from the analysis.

For all linear mixed models, leX,; represent the outdoor air measurement of'tday

from thei™ PID in theh™ EMA, and Y,; represent the natural logarithm Bf;. From Rappaport
and Kupper (2004), the null model for each analywgven in equation 1.
Yo =In(Xy) = a4y, +by + ey 1)
forh=EMA1, 3, 4, 5 or 6;

i=1, 2, ....,n PIDs in then™ EMA;

j=1, 2, ...n measurements of a particular analyte fromitheID in theh™ EMA.

Here, the coefficienps, represents the true (logged) mean outdoor resalentilevel in then™

EMA, b represents the random effect of tRePID in theh™ EMA, and &y represents the

random-error effect of th& measurement from th8 PID in theh™ EMA. It is assumed that
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b, and &,; are independent random variables, and ljatnd ¢,; are normally distributed with

means of 0 and variances @th and Jth , representing the spatial (between-PID) and teaipor

(within-PID) components of total variance, respedliy, for each EMAh.
Reduced mixed models were created to evaluatenmaigand seasonal effects on outdoor
air concentrations. Equation 2 shows the reducedets for the individual pollutants.

Yhij = In(xhij) = ,Boh +,31AMB|ENThij +,525EASON1U +bhi +£hij (2)
Expanding from the null model (Egn. 1), the coeéfit 53, represents the intercept for thi@

EMA, and ,and 8, are coefficients for the fixed effects of AMBIEN;Tand SEASONN;.
These represent the ambient, central-site measuatenreesponding with thi" outdoor
residential air measurement from fflePID in theh™ EMA, and the climatic season during the
ji™ measurement from th& PID in theh™ EMA (where winter = 0 and summer = 1),
respectively. An interaction between the AMBIE&nd SEASON; terms was considered,
but the effect generally did not improve the mquksiformance. Hence, the interaction was not
adopted into the reduced model structure.

The reduced mixed models were expanded upon tdroehghe full models, which
considered up to four additional source-relateddieffects, as shown in equation 3.

Yo =IN(Xyy) = B+ BAMBIENT,, + 8,SEASON,
K 222 (3)

+ ﬂSDAYhij + z (183+kZONEkhj) +hby, + Eni

= 223

Here, B,andg,,, are regression coefficients associated with tkexdfieffects of DAY;; and

ZONE;, respectively. DAY is an indicator variable (where weekend = 0 andkday = 1)

representing the part of the week during whichjtheample was collected from tH2PID in



227 theh™ EMA. The ZONKEp; term represents up to three continuous varialeféscting the

228 percentage of time during t§f& 24-hour sample period that winds traversed fraroree of

229 large-scale emission source influence (with eadividual zone identified bl wherek =1, 2,

230 ..., K) toward the center of EMA. Since source influences were considered withe@sto the
231  center point of each EMA, only one ZONEvalue was applied to all PIDs within an EMA. A
232  further description of the ZONE variable calculagds given in section 2.3. It is recognized
233 that the full model presented above does not attéonpcorporate all possible model inputs, but
234 is a compilation of variables with the highest dedapletion across participants during the

235 DEARS. Furthermore, these parameters are antadgatbe responsible for a majority of the
236  observed measurement variability.

237 For the investigation of measurement variance (@sapart 3), restricted maximum

238 likelihood (REML) estimates Qf'szh and Uvszh , the spatial and temporal variance, were

239 determined for each of the null, reduced, andridbels. In accordance with Rappaport and

240  Kupper (2008), the 95percentile spatial and temporal fold range estsatere calculated,

39264y, 3926,

241 where, Rys =€ and ,, Rys =€ Here, Iio% is the estimated fold-range

242  containing the middle 95% of the mean pollutantls\across all PIDs within EMA, and

A

243,y Rygsis the estimated fold-range containing the middigo®f the pollutant levels for any

244  given PID in EMAh. Fold-range estimates were compared across tée thodels using heat
245 maps (available through MATLAB software version,/R2009a, MathWorks, Natick, MA) to
246 rapidly interpret (1) the amount of observed measient variance for each pollutant (null

247 models) and (2) the extent to which measuremenvee was reduced after adjustment for
248 regional predictors (reduced models) and locallaege-emissions source effects (full models)

249 (Pleil et, al., 2011). To identify statisticalligsificant decreases in variance estimates between
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models (null vs. reduced model estimates, and estlus. full model estimates), one-sided Wald

tests were used:

~2 ~2
7 O¢ Modelr ~ 9 ¢, Models (4)

C, ModelA-Modelg ~ — — ~2 ~—
\/SE(UC, ModeIA) +SHO., ModeIB) - 200\/(00, Modelas I, ModeIB)

where Z= the standard normal distribution z-value;
C = designation of the variance component (eithetiaidad; ] or temporal p21);
ModelA,B= designation of compared models (‘Null’ & ‘Reduted‘Reduced’ & ‘Full’);

2= the variance estimate;

SE = the standard error of the variance estimate;

cov= the covariance between variance estimates (efrtofor a conservative test)

2.3  ‘ZONE’ variable calculations

As part of the full models, this research testedgresence of large-emissions sources as
a significant contributor to the observed variaoteutdoor pollutant measurements. The
‘ZONE’ variable was created as a surrogate forinflaence of such sources, and included
facilities identified as large emitters under th® BPA National Emissions Inventof\EI, eds.
2002 and 2003;JS. EPA 2012b). To represent the wide range ofygesmfrom the DEARS, an
array of pollutants on either the NEI criteria pallutants (CAPs) and hazardous air pollutants
(HAPSs) lists were assessed, specifically: carbonarime, ammonia, sulfur dioxide, nitrogen
oxides, PM s, PM, toluene, xylenes (combined m-, p-, and o-), beazethylbenzene, styrene,
butadiene, manganese, lead, and nickel. It wasdfthat, for any given pollutant, upwards of
90% of total annual emissions were attributed td2@mission points across the study domain

and that many pollutants shared major sourcesselN&l-identified sources were then

11



272 combined with additional suspected sources not tamd by the NEI but identified in the

273 DEARS study plan (e.g. major freeways). Togethesé data established the locations of likely
274  large-emissions sources and an evaluation dataseéstablished for sources within an 8-km
275 proximity to each EMA’s centroid. Next, the 360gdee geographic space around each EMA
276  was divided into zones of source influence, ideediby the physical angle-of-exposure for each
277  suspected source or grouping of sources (Fig.rh; RDO1). A 10-degree buffer distance was
278 applied to each source zone to account for eff#fd®w-wind-speed plume meandering.

279  Finally, hourly wind data from the ambient moniteere used to calculate the frequency of time
280 an EMA spent under influence from each of the d#ifé source zones; namely the individual
281 ZONE effect parameters. To confirm that multi-cadhrity was minimized in the full models,
282  correlation analyses (Proc CORR; spearman coroelsitiwere performed for the ZONE

283 parameters in each EMA, and resulting r-values wem®than 0.55. Similarly, correlation

284 analyses were made between several meteorologitakdes across the Detroit, Ml airshed to
285 confirm that the ambient monitor location represdntind conditions across the study domain
286  (with correlation coefficients > 0.6).

287

288 3.0 Resultsand discussion

289 3.1  Descriptive statistics

290 Basic summary statistics for all VOCs and PM conmgrds measured in the DEARS are
291 presented in Table 2 for the evaluated EMAs andthkient site. Concentrations across the
292 VOCs spanned no more than 1-order of magnituditetrehe 58 or 95" percentile, indicating
293 the compounds generally occurred at similar levéldditionally, individual VOC species

204 ranged no more than 1-order of magnitude from et detected value to the"BBercentile

12
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estimate, suggesting relatively uniform concentragiacross the study domain. Fairly similar
results on a per-analyte basis were observed éoPM components where, with the exception of
Zn, analytes generally ranged no more than 1-ayfieragnitude across the lowest detected
value and 98 percentile estimate. However, when examined aaoalytes, PM components
spanned 3-orders of magnitude at both tHe &l 98" percentiles. This suggests the impact of

localized emissions sources for certain PM comptsngmoughout the study area.

3.2 Mixed Model Results

3.2.1 Analysis Part 1 — Global intercept estimdtadl models)

The fixed global intercepts associated with thik madels (not shown) were evaluated to
compare the estimated mean levels of individuduparts across the five EMAs. The largest
intercept estimates were observed in EMA 5 for fithe 21 analyzed species (benzene, 1,3,5-
trimethylbenzene, carbon tetrachloride, ethylberzemp-xylene, o-xylene, toluene, organic
carbon, PMs mass, calcium, iron, potassium, manganese, salfar zinc). Of these 15
pollutants, the second-highest estimates were wbden EMAL for 9 species (ethylbenzene, m-
p-xylene, o-xylene, toluene, calcium, iron, potassimanganese, and zinc) and in EMA3 for
another 3 species (carbon tetrachloride, organiwora and PMsmass). For both nitrogen
dioxide and elemental carbon, the two highest caetr estimates were observed in EMA3 and
EMAL, respectively. Intercept estimates were larder only four analytes in the remaining
EMAs (EMA4 and EMAG), namely p-dichlorobenzenerdehloroethene (PERC), ethyltoluene,
and 1,3-butadiene. Collectively, these findingghhght that the EMAs with anticipated

influences from heavy industry generally presetigtier concentration levels across the

13
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majority of analytes, which is in agreement withrlkwby Rodes et al. (2010) and Duvall et al.

(2012).

3.2.2. Analysis Part 2 — AMBIENT, SEASON, DAY,Z0NE parameter effects (full models)

Results for fixed-effects parameters in the futidels are presented in Table 3. Analytes
are categorized as significantly affected (p < Ddifher positively or negatively impacted) or as
not affected by the fixed effects AMBIENT, SEASOdhd DAY. A detailed review of the
ZONE effect is presented in the supplemental sectio

A positive AMBIENT effect indicates that as measuents at the ambient site
increased/decreased, so did the corresponding mesasats within an EMA. In contrast, a
negative AMBIENT effect indicates a negative linaasociation between the two measurement
sites. From Table 3, it is evident that all pahtis across the five EMAS experienced a positive
AMBIENT effect except for manganese in EMAS.

A positive SEASON effect identifies an increassummertime EMA concentrations
after accounting for regional concentration tren@®nversely, a negative SEASON effect is
associated with higher winter concentrations. dnegal, the VOCs had elevated levels across all
EMAs during the summer (a trend also observedact et al., 2008), while many of the PM
components did not vary seasonally. Higher sungoecentrations of iron, manganese, and
zinc were observed in EMA1 and may reflect a sunimerincrease in industrial operations
around that sampling area. However, these coraténirtrends were not shared across the other
nearby industrial areas, EMAs 3 and 5. This mélgcea reduced impact distance of the local
industrial sources, thought to be the result ofeased atmospheric turbulence in summertime

(George et al., 2010).
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During the DEARS, many factories in the study donveere suspected to be idle over
weekends and to resume normal operations patte&risig on Sunday nights. Hence, the DAY
term was defined as ‘weekday’ for Tuesday — Thuys#mples and ‘weekend’ for Friday —
Saturday samples. A positive DAY effect, therefamelicates an increase in EMA
concentrations for weekday measurements after atiogufor regional and seasonal effects, and
a negative effect indicates higher weekend conatatrs. From Table 3, it is evident that the
VOCs generally experienced no change between ‘waelethd ‘weekend’ scenarios. An
exception to this was observed in EMA 3, wherergjraveekday effects were observed on
several VOCs. This may be explained by changiafid¢rpatterns along the Ambassador Bridge
(see supplemental section). Similarly, nitrogesxdle concentrations in EMAG6 were found to
be higher on the weekend, suggesting that neadnways have different traffic patterns for
weekends and weekdays. Positive DAY effects wbeekved on iron, manganese, and zinc
across EMAs 1 and 5, supporting a potential deergasperations of the surrounding industry
on weekends (US. EPA, 2012a). Additionally, a pesiDAY effect was observed on PERC in
EMAs 1, 3, and 5. However, when compared with2A8&E parameter effects (see
supplemental section), the DAY effect could noaltebuted to any large-emissions sources
around these EMAs.

A positive ZONE effect indicates increased poltteoncentrations when winds came
from a specific source-impact zone. A negative Efect, in turn, suggests increased
concentrations when winds traveled from an altévaatirection. A review of the ZONE effects
across the multi-pollutant suite identified suspddources around and between the individual
EMAs (results presented as supplemental matemallding power generation processes,

iron/steel production, automotive manufacturingj amtor vehicle operations. These results
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agree with the source apportionment findings of &uet al. (2012), with effects noted from
steel or mixed industry sources in EMAs 1, 4, andrial substantial evidence of motor vehicle

sources around EMAS3.

3.3  Analysis Part 3 — Variance component evaluation arudlel review

Heat maps presenting the fold-range estimatdseofariance components from the null,
reduced, and full models are given for VOCs (Figared for PM components (Fig. 3). The heat
maps follow a top-to-bottom layout according toreasing model complexity, with the null,
reduced, and full model results in the top, middled bottom tier, respectfully. These plots
show the temporal variance on the left half offigare and the spatial variance on the right half.
Each model section was divided into 5 distinct roge@esenting the unique EMAs. A white dot
within an individual cell indicates a statisticaflignificant (p < 0.05) decrease in the variance

estimate from the previous-level model, as givetheyone-sided Wald tests defined in Eqn. 4.

3.3.1 VOC Analysis

The results in Figure 2 indicate that temporalaraze was predominant in the null
models for nearly all VOCs. The spatial fold ramgesre generally less than 4, while temporal
fold ranges varied between 5 and 17. This suggasitar average concentrations across PIDs
in a specific EMA, but differences for any giverbRdver time. An exception to the temporally-
dominated fold range trend was p-dichlorobenze¥(B in EMA4, which had a spatial fold
range of 50 and a temporal fold range of 15. Gahgrthe spatial fold ranges were comparable
between EMASs for any VOC, illustrating that spatiatiance across the study domain was

relatively uniform.
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After adjusting for concentrations at the ambimonitoring site and season (reduced
model), spatial fold ranges remained nearly uncedng his result was expected, given the
relatively small spatial estimates in the null misde 4 fold). Significant reductions in temporal
fold range (Fig. 2) were seen across VOCs, withynatues dropping tg 5. This indicates
that regional concentrations and seasonal effepigi@ed a notable amount of the observed
measurement variance. However, the introducticihede parameters did not account for the
large spatial variance observed for PDCL in EMAA4.

Application of the full model, adjusting for theéORE and DAY effects, resulted in slight
reductions of the variance estimates. Only thegotgal fold range for toluene in EMA4 was
significantly decreased from reduced model estimaiéhis implies that large-emissions sources
and day of the week effects did not account fostutial amounts of measurement variance for
VOCs across the different EMAs. The large spdtilal range observed for PDCL across EMA4
persisted through the full model results. Thisgasgs that neither regional concentrations,
seasonal effects, large-emissions sources, natayef-week effects were responsible for the
concentration differences among PIDs in that EM#awever, significant random-intercepts
were identified for 3 of the 20 PIDs, and thesatamns were located within 300m of one
another. This implies that PDCL levels are dribbgra highly spatially-isolated event or source,
such as the use of substances for tree-boringtineeth, and mold control or wood preservation

activities (US. EPA, 2000; Unger, Schniewind, anther, 2001).

3.3.2 PM Component Analysis

Figure 3 presents the heat map for the PM compendrhis figure shares features of

Figure 2, with temporal fold ranges larger thantigpéold ranges (5—40 times larger). In
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general, spatial fold ranges for the PM componemi® between 1 and 3, indicating similar
average concentrations across individual PIDs wighspecific EMA. Temporal fold ranges, in
contrast, were often above 5-10, suggesting thatatday concentrations for any given PID
varied considerably. The largest temporal foldgemwere associated with sulfur and the metals
(iron, manganese, and zinc), implying temporallyein associations for those species. As with
the VOCs, spatial fold ranges were generally coaiparbetween EMAs and, hence, spatial
variance was relatively uniform across the studydio.

Reduced model results showed relatively no chantfee spatial fold ranges; which is,
again, anticipated given the small variance esesiaf the null models. Significant reductions
in temporal fold ranges were observed for calciBiM; s mass, potassium, elemental carbon,
organic carbon, nitrogen dioxide, and sulfur. Tduggests regional concentration or seasonal
drivers for these species in agreement with Thaignetial. (2009) and Williams et al. (2009). It
is noted that the organic carbon and sulfur PM camepts in this analysis are heavily influenced
by secondary PM formations. Therefore, regionalescseasonal-dependant effects are expected
to produce most of the trends and variability obsdifor these pollutants. In contrast with these
analytes, zinc, manganese, and iron had tempddatdages of between 7 and 30, indicating
little difference from the null model results. $Hinding coordinates well with results from
Duvall et al. (2012), wherein the ambient monit@sWound to not adequately represent EMAs
with a close proximity to large-emissions industsiaurces.

After accounting for the ZONE and DAY effects, find models yielded several notable
changes. First, the temporal fold ranges assatwaitn manganese were reduced to under 10

acrossll five EMAs. This suggests either a common emissaurce type or similar day-to-day
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emission patterns across the EMAs. Reductionsnporal fold range for iron and zinc across

most EMAs reinforce the impact of the surroundiaigé-emissions sources.

3.3.3 Multipollutant Comparison and Evaluation

Comparison of the VOC and PM component resulteatd that outdoor residential
measurement variance was temporally-driven (aggeeith findings from Lau et al., 2009).
Reduced model results demonstrate the significahoegional concentration trends and
seasonal effects for nearly all pollutants, witmperal fold range estimates reduced by 24 to
97% (except for iron, manganese, zinc, ethyltolyand p-dichlorobenzene). Full model results
suggest substantial impacts from large-emissionsces and weekday effects for a handful of
PM components and for virtually none of the VOQ#is implies that VOCs are more
homogenously distributed across the Detroit airstide primary PM components may be
influenced by localized sources.

Despite reductions in the fold range estimatesiestemporal variance remained in the
full model for most pollutants, with the middle 958observations for any PID generally
occurring within an approximate 8-fold range. Emobns to this were p-dichlorobenzene, zinc,
and iron, which had temporal fold ranges of 10-@@ss several EMAs. This implies that the
full-model parameters explained a majority of thserved measurement variance, but did not
account for all of the variance across all of thalgtes. An examination of the ZONE parameter
(see supplemental section) suggests impacts fraliti@uhl sources not considered in this

analysis.
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454 4.0  Summary and Conclusion

455 The focus of this analysis was to present a sitalsmethod by which air pollutant

456 measurement variance could be calculated and dedluanportant predictors of pollutant

457  concentrations could be identified, and measurewamnce could be attributed to specific
458  environmental parameters. Residential, outdoomassurements from the DEARS were

459  evaluated for a 21-pollutant suite including VO8] components, and nitrogen dioxide. As
460 observed with previous analyses, measurement a@sialsas predominantly characterized by
461 temporal variability across nearly all the analyteéarge-emissions sources and their associated
462  operational patterns were significant in explaining measurement variance for PM components
463 in the Detroit urban environment. Variances in V@&ia, on the other hand, were explained
464  reasonably well by accounting for regional concatiins and season.

465 The presented method, utilizing mixed effect medeld heat maps, has proven to be
466  sufficient for capturing spatial and temporal daéamds in agreement with other analyses.

467 Hence, this technique is should be consideredvaabée tool for the investigation of variability
468 in outdoor air concentration measurements acrasplex, multi-scale, multipollutant datasets.
469 The analysis highlights the need for more spatiabsolved, neighborhood-level monitoring to
470 overcome the measurement variances not explainedrmentration trends at an ambient,

471  central-site monitor. By starting with more spliyiand temporally refined measurement data,
472  the parameters affecting measurement variance maydoe readily identified, accounted for,
473 and, in turn, used to reduce uncertainty in modelgguts and subsequent decisions.

474

475

476

20



477  Acknowledgement

478 The US Environmental Protection Agency througlOtice of Research and

479 Development funded and conducted the researchideddrere under contract 68-D-00-012

480 (RTI International), EP-D-04-068 (Battelle Columpus8-d-00-206 and EP-05-D-065 (Alion

481 Sciences). It has-been subjected to Agency reaisivapproved for publication. Mention of

482  trade names or commercial products does not catesehdorsement or recommendation for use.
483  Carry Croghan (US EPA) is acknowledged for herrésfom developing the assembled databases
484 used in this effort and Karen Oliver (US EPA) fer haboratory contributions. Field data

485  collections performed by Charles Rodes and Jondathamburg and the staff of RTI

486 International are greatly appreciated. Hunter Ddngy, Dennis Williams and Herb Jacumen of
487  Alion Science and Technology are acknowledgedHeirtiaboratory contributions. Finally,

488  Kristen Foley, David Holland, and Linda Sheldorttg US EPA, and Amy Herring and Josh

489  Warren of the University of North Carolina at Childél are acknowledged for their helpful

490 reviews of this manuscript.

491
492 References

493 Barzyk, T., George, B., Vette, A., Williams, R.,d@han, C., and Stevens, C., 2009.

494  Development of a distance-to-roadway proximity meetts compare near-road pollutant levels to

495 a central site monitor. Atmospheric Environment A37-797.

496

497 Baxter, L., Barzyck, T., Vette, A., Croghan, C.daNilliams, R., 2008. Contributions of diesel

498  truck emissions to indoor elemental carbon conediotrs in homes proximate to the

499  Ambassador Bridge. Atmospheric Environment 42, 99886.

500

501 Calder, C., Holloman, C., Bortnick, S., Strauss, &id Morara, M., 2008. Relating ambient particulat
502 matter concentration levels to mortality using &pasure simulator. Journal of the American Staiadti
503 Association 103, 137-148.

504

505 Duvall, R., Norris, G., Burke, J., Olson, D., Vetleam, R., and Williams R., 2012. Determining spatia
506 variability in PM2.5 source impacts across Detmit, Atmospheric Environment 47, 491-498.

507

21



508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552

George, B., Whitaker, D., Gilliam, R., Swall, hdaWilliams, R., 2010. Relationship between
PM2.5 collected at residential outdoor locationd artentral site. Journal of the Air & Waste
Management Association 60, 1094-1104.

George, B., Schultz, B., Palma, T., Vette, A., &vitiams, R., 2011. Comparison of national-
scale air toxics assessment (NATA) modeled premtistfor benzene with measurement data in
Detroit. Atmospheric Environment 45, 3301-3308.

Hornung, R., and Reed, L., 1990. Estimation of agerconcentration in the presence of nondetectable
values. Applied Occupational and Environmental ldpgi 5, 46-51.

Kousa, A., Oglesbhy, L., Koistinen, K., Kunzli, Nupd Jantunen, M., 2002. Exposure chain of urban air
PM2.5 associations between ambient fixed sitedessial outdoor, indoor, workplace and personal
exposures in four European cities in the EXPOLIBgt Atmospheric Environment 36, 3031-3039.

Lau, J., Hung, W., and Cheung, C., 2009. Interpiggtaf air quality in relation to monitoring stafi’'s
surroundings. Atmospheric Environment 36, 769-777.

Lim, T.T., 2001. Development of a site-specific bdopact distance guideline for swine production
systems. PhD diss. West Lafayette, Ind.: Purdueessity, Department of Agricultural and Biological
Engineering.

McClenny W., Oliver, K., Jacumin H., Daughtrey, Hnd Whitaker, D., 2005. 24h diffusive sampling
of toxic VOCs in air onto Carbopack X solid adsarbllowed by thermal desorption/GC/MS analysis
— laboratory studies. Journal of Environmental Maming 7, 248.256.

Mukerjee, S., Smith, L., Norris, G., Morandi, M.optzales, M., Noble, C., Neas, L., and
Ozkaynak, H., 2004. Field method comparison betveesive air samplers and continuous
monitors for VOCs and N&n El Paso, Texas. Journal of the Air & Waste Mgeraent
Association 54, 307-319.

Murkerjee, S., Oliver, K., Seila, R., Jacumin, Gtpghan, C., Daughtrey Jr., H., Neas, L., and
Smith, L., 2009. Field comparison of passive amglkers with reference monitors for ambient
volatile organic compounds and nitrogen dioxiddamweek-long integrals. Journal of
Environmental Monitoring 11, 220-227.

Ozkaynak, H., Frey, H., Burke, J., and Pinder 2BQ9. Analysis of coupled model uncertainties in
source to dose modeling of human exposures to andiepollution: A PM2.5 case-study.
Atmospheric Environment 43, 1641-1649.

Phillips, M., Rodes, C., Thornburg, J., Shamo)¥hjtmore, R., Chowdhury, D., Allpress, J.,
Vette, A., and Williams, R., 2010. Optimizing reitnobent and retention strategies for the Detroit
Exposure and Aerosol Research Study (DEARS). Ra@s$r
doi:10.3768/rtipress.2010.2010.mr0021.1011.

22



553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598

Pleil, J., Stiegel, M., Madden, M., and Sobus2011. Heat map visualization of complex
environmental and biomarker measurements. Chemosgde 716-723.

Rappaport, S., and Kupper, L., 2004. VariabilityeaZironmental exposures to volatile organic
compounds. Journal of Exposure Analysis and Enviemntal Epidemiology 14, 92-107.

Rappaport, S., and Kupper, L., 2008. Quantitatkfmsure assessment. Stephen Rappaport. El Cerrito,
CA, USA.

Rodes, C., Lawless, P., Thornburg, J., Croghanyélte, A., and Williams, R., 2010. DEARS
particulate matter relationships for personal, orgdoutdoor, and central site settings for a
general population cohort. Atmospheric Environnehtl 386-1399.

Stocco, C., MacNeil, M., Wang, D., Xu, X., Guay,,MBrook, J., and Wheeler, A., 2008.
Predicting personal exposure of Windsor, Ontarsadents to volatile organic compounds using
indoor measurements and survey data. Atmosphericdiment 42, 5905-5912.

Thornburg, J., Rodes, C., Lawless, P., and Willigfhs2009. Spatial and Temporal variability
of outdoor coarse particulate matter mass condatsameasured with a new coarse particle
sampler during the Detroit Exposure and AerosoeBesh Study. Atmospheric Environment 43,
4251-4258.

Unger, A., Schniewind, A., and Unger, W., 2001. Smwation of wood artifacts. Springer — Verlag,
Berlin.

US. Environmental Protection Agency, 2000. Techggldransfer Network — Air Toxics Web
Site: 1,4-Dichlorobenzene (para-Dichlorobenzehtp.//www.epa.gov/ttn/atw/hlthef/dich-
ben.htm]

US. Environmental Protection Agency, 2012a. Detesiposure and Aerosol Research Study
(DEARS).http://www.epa.gov/dears

US. Environmental Protection Agency, 2012b. TecbgplTransfer Network — Clearinghouse
for Inventories and Emissions Factdrgp://www.epa.qgov/ttn/chief/eiinformation.html

Varns, J., Mulik, J., Sather, M., Glen, G., Smith, and Stallings, C., 2001. Passive ozone
network of Dallas: a modeling opportunity with connmity involvement. Environmental Science
and Technology 35, 845-855.

Violante, F., Barbieri, A., Curti, S., Sanguineti,, Graziosi, F., and Mattioli, S., 2006. Urban
atmospheric pollution: personal exposure versugdfixmonitoring station measurements.
Chemosphere 64, 1722-1729.

Williams, R., Oct. 2005. EPA’s Detroit Exposure akerosol Research Study. EPA Research
Highlights. AWMA Environmental Manager, pp43.

23



599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614

Williams, R., Rea, A., Vette, A., Croghan C., Whig, D., Wilson, H., Stevens, C., McDow, S., Burke,
J., Fortmann, R., Sheldon, L., Thornburg, J., Bis]IM., Lawless, P., Rodes, C., and Daughtrey, H.,
2009. The design and field implementation of thér@eExposure and Aerosol Research Study
(DEARS). Journal of Exposure Science and EnviramtaldEpidemiology 19, 643-659.

Williams, R., Brook, RD., Bard, R., Hwashin, S.daBurnett, R., 2011a. Impact of personal and
ambient-level exposures to nitrogen dioxide andi@#ate matter on cardiovascular function.
International Journal of Environmental Health Resleal-21.

Williams, R., Jones, P., Carry Croghan, Thornbdrgand Rodes, C., 2011b. The influence of
human and environmental exposure factors on perdiidaexposure. Journal of Exposure
Science and Environmental Epidemiology, 1-7.

Zeger, S. L., Thomas, D., Dominici, F., SametSéhwartz, J., Dockery, D., and Cohen, A., 2000.

Exposure measurement error in time-series studias pollution: concepts and consequences.
Environmental Health Perspectives 108, 419-426.

24



