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Abstract. Data from the Interagency Monitoring of Pro- 1 Introduction

tected Visual Environments (IMPROVE) network are used

to estimate organic mass to organic carbon (OM/OC) ra-Atmospheric measurements have shown that organic mass
tios across the United States by extending previously pub{OM) is a major component of fine particulate matter
lished multiple regression techniques. Our new methodology(PM, 5), comprising over 50% of ambient P} in some lo-
addresses common pitfalls of multiple regression includingcations (Jimenez et al., 2009; Murphy et al., 2006; Zhang et
measurement uncertainty, colinearity of covariates, datasedl., 2007). OM can be divided broadly into two components:
selection, and model selection. As expected, summertimerganic carbon (OC), and all other mass which we will here-
OM/OC ratios are larger than wintertime values across theafter refer to as non-carbon organic mass (NCOM). NCOM is
US with all regional median OM/OC values tightly confined the largest component of ambient Pythat is not routinely
between 1.80 and 1.95. Further, we find that OM/OC ratiosmeasured. To achieve mass closure in source testing and am-
during the winter are distinctly larger in the eastern US thanbient particle measurements, an OM/OC ratio (denoteld as
in the West (regional medians are 1.58, 1.64, and 1.85 in theand Roc in some earlier literature, Frank, 2006; Malm and
great lakes, southeast, and northeast regions, versus 1.29 aRénd, 2007) is often multiplied by measured OC to estimate
1.32 in the western and central states). We find less spatiabtal OM. This ratio is primarily affected by the oxygen con-
variability in long-term averaged OM/OC ratios across thetent in the organic aerosol (Pang et al., 2006), although hy-
US (90% of our multiyear regressions estimate OM/OC ra-drogen, nitrogen, and sulfur also make small contributions to
tios between 1.37 and 1.94) than previous studies (90% felthe NCOM.

between 1.30 and 2.10). We attribute this difference largely The first estimate of OM/OC was made by White and
to the inclusion of EC as a covariate in previous regressiorRoberts (1977), who calculated an average ratio of 1.4 for
studies. Due to the colinearity of EC and OC, we find that upspecific organic compounds measured in Los Angeles. This
to one-quarter of the OM/OC estimates in a previous studyvalue was used widely until Turpin and Lim (2001) analyzed
are biased low. Assumptions about OC measurement artia larger dataset to show that OM/OC is generally higher than
facts add uncertainty to our estimates of OM/OC. In addition] 4. In recent years a range of techniques have been applied
to estimating OM/OC ratios, our technique reveals trends thato quantify OM/OC, including gas chromatography/mass
may be contrasted with conventional assumptions regardingpectrometry (GC/MS) (Turpin and Lim, 2001; Yu et al.,
nitrate, sulfate, and soil across the IMPROVE network. For2005), high resolution time of flight aerosol mass spectrom-
example, our regressions show pronounced seasonal and spgry (HR-ToF-AMS) (Aiken et al., 2008; Chan et al., 2010;
tial variability in both nitrate volatilization and sulfate neu- Sun et al., 2009), Fourier Transform Infrared (FTIR) spec-
tralization and hydration. troscopy (Gilardoni et al., 2007; Kiss et al., 2002; Liu et
al., 2009; Polidori et al., 2008; Reff et al., 2007; Russell,
2003; Russell et al., 2009), sequential extraction followed
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POI'er' et al., 2008), and coupled thermal grawmetr_lc ar]dTabIe 1. Summary of measurement techniques and filter types
chemical analyses (Chen and Yu, 2007). Those studies haug, each PM component included in the regression analyses. For
contributed substantially to our understanding of NCOM in getails, see Malm et al. (2004) and the IMPROVE data guide
many laboratory and field settings, but none of the techniqueshttp://vista.cira.colostate.edu/improve/Publications/OtherDocs/
have been applied over a broad temporal and spatial range.IMPROVEDataGuide/IMPROVEdataguide.ftm

Numerous PM 5 constituents, including OC but not OM,

are measured routinely across two large US networks: the Analyte Measurement Technique Filter Type
Chernlc'al Speciation Netv_vork (CSN) and the Interagency PNy Gravimetric Teflon
Monitoring of Protected Visual Environments (IMPROVE)  nitrate and Chioride lon Chromatography Nylon
network. A technique for computing OM from these net- Si, S, K, Ca, Ti,and Fe  X-Ray Fluorescence Teflon
works could yield a comprehensive dataset of OM/OC ratios OC and EC Thermal Optical Reflectance  Quartz

covering a large spatial and temporal extent. Frank (2006)
developed the SANDWICH method to estimate OM from
measurements across the urban-centric CSN. He calculated
total OM as PM s minus the sum of other components (sul- Samples mimics the average composition of sedimentary
fate, nitrate, ammonium, crustal material, and elemental carfock), and OM was estimated as k4C. Changes to
bon (EC))' while making adjustments for partic'e_bound wa- the RCFM equation since 1994 include the addition of
ter (not measured directly) and nitrate volatilization. Unfor- more components (ammonium nitrate (M¥0D3), non-soil
tunately, the uncertainty in OC data collected at CSN sitegPotassium, and sea salt), modification of Eq. (2) to eliminate
prior to some major network changes in 2008 is comparablé?l; and an increase of OM/OC from 1.4 to 1.8 (McDade,
to the uncertainty in OM/OC ratios (Watson, 2008). There-2008).
fore, although the SANDWICH technique is useful for esti- ~ Although a network-wide OM/OC ratio is commonly used
mating total OM, CSN data are not yet adequate for estimat_to Compute RCFM, a few studies have estimated Site-specific
ing OM/OC over |arge mu'tiyear periods_ OM/OC ratiOS from IMPROVE data. E|-Zanan et a.l. (2005)
The IMPROVE network tracks visibility degradation in describe a mass closure technique for calculating OM/OC,
national parks and wilderness areas via routine measureg, PMy 5— ((NH4)2S0s+ NHsNO3 -+ EC-+ SOIL + Othep
ments of PM s mass and composition (Malm et al., 1994). oc- oc 3)
The network began with 36 monitoring sites in 1988,
and currently reports data from 178 remote and 13 urbanin which “Other” is the sum of sodium, chlorine, and trace
sites across the continental US, Hawaii, Alaska and theelements measured by XRF that are not associated with soil
Virgin Islands pttp://vista.cira.colostate.edu/improve/Data/ (Lowenthal and Kumar, 2003). Unfortunately, there are
IMPROVE/AsciiData.aspx PM;s is collected on filters  many uncertainties associated with a mass closure analysis of
for a 24-hour period (midnight to midnight) every third day. IMPROVE data. First, assumptions must be made about two
The filters are subjected to a gravimetric analysis that meaunmeasured Pt components: ammonium and particle-
sures total mass and various chemical analyses that measupeund water. Since ammonium is not routinely measured at
bulk composition. Specifically, OC and EC are measured byiIMPROVE sites, sulfate and nitrate are commonly assumed
the Thermal Optical Reflectance (TOR) combustion methodto be fully neutralized by ammonium. Estimation of water
soj—, NO3, and CI” by ion chromotograpahy; and elements mass is complicated by the fact that filter samples are shipped
with atomic weights between sodium and lead by X-Ray Flu-at ambient conditions and weighed in a laboratory where rel-
orescence (XRF). Table 1 summarizes the IMPROVE meaative humidity (RH) is not controlled. Second, nitrate mea-
surements used for this paper and the filter medium on whictsurements are made from patrticles collected on nylon filters
each particle component is collected. In addition to these di-downstream of a HN@denuder, to which nitrate adheres
rect measurements, the network reports a reconstructed fingell, whereas PMls weights are determined from Teflon fil-
mass (RCFM) concentration which is a weighted sum of se+ers, from which nitrate is known to volatilize (Hering and
lected chemical constituents. RCFM was first calculated us-Cass, 1999). The amount of volatilization from the Teflon fil-
ing Egs. (1) and (2) (Malm et al., 1994), though our notation ter depends on which cation the nitrate is bound to as well as
differs slightly from the original publication. the temperature and RH during sampling, shipping, and anal-
sis. Third, the IMPROVE soil equation relies on assump-
RCFM= (NH4)2SQ + SOIL+EC+OM @ zons about the abundance and qoxidation states of varigus

SOIL = 2.20Al+2.49Si+1.63Cat 2.42Fet-1.94Ti  (2) trace elements. Since soil composition is spatially heteroge-
neous, this equation may not accurately estimate the soil con-
Ammonium sulfate ((NH)>SO;) was calculated as tribution at all sites. Finally, OC measurement artifacts con-
4.125x S (sulfur was measured by Particle Induced X-ray tribute additional uncertainty because OC is measured from
Emission (PIXE) until 2002 and by XRF since then), SOIL quartz filters while OM is derived from gravimetric measure-
was approximated using Eq. (2) (assuming the soil i,BM  ments on Teflon filters. Differing tendencies among these
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two filter materials at retaining OM and/or adsorbing semi- PMz 5 ; = BocOGC; + Bsulf(NH4)2SOy ; 4 BnitNH4NO3 ;

volatile organic gases may affect OM/OC estimates. +Bs0iSOIL; +EG; +1.8CI~ +1.2KNON; +&;  (5)
To overcome some shortcomings of the mass-closure ap-

proach, Malm and collaborators developed a multiple re-KNON =K —0.6Fe (6)

gression technique to estimate OM/OC from 1988—-2003 IM-

PROVE data (Hand and Malm, 2006; Malm et al., 2005; SOIL =3.48Si+ 1.63Ca+ 2.42Fe+ 1.94Ti (7)

Malm and Hand, 2007). They fit seven coefficients in Eq. (4) _
using ordinary least squares (OLS) regression at each morlh contrast to Eq. (4), we assume that EC has no artifact and
itoring site. Some notation in Eq. (4) has been changedset its coefficient to 1 because treating EC as a separate ex-

from that of Malm and Hand (2007) for consistency with the planatory variable can biggoc (see Sect. 3.3 and Supple-
present study. ment Sect. S3). Similar to Eq. (4), we estimate sea saltas 1.8

CI~ (Pitchford et al., 2007; White, 2008) but do not treat it as
PMzs5.; = Bo+ BocOGC;i + Bsulf (NH4) 2SOy, ; + BnitNHaNO3 ; an explanatory variable. Although 1.8 Chas been deemed
4 Bsoi SOIL; + BeCEG; + Beeasaix L8CI +¢;  (4) @ good estimate of sea salt mass at coastal IMPROVE sites,
' it may underestimate sea salt concentrations at inland loca-

The subscripti, represents a day-specific sample gadep- tions where Ct has been displaced from the aged sea salt.
resents a site-specific intercept. The remairfirapefficients However, this underestimation should not substantially af-
represent ratios of the mass associated with a giveagPM fect the regression results because sea salt contributes little
component on the Teflon filter when it was weighed to the!® PMzs mass at most inland locations. Second, we add
mass of that same component determined (or estimated) vigNON to Eq. (5) for consistency with the newest IMPROVE
chemical analysis of a (possibly) separate filter. The residuaRCFM formula (McDade, 2008). KNON represents non-soil
error ¢;) denotes the difference between the measureglPM Potassium (e.g., from wood burning) and is calculated using
mass and the estimated mass (based on fitted coefficients affl- (6). The KNON coefficient is fixed at 1.2, the mass ratio
measured chemical components) for a particular sample. Thef Potassium oxide to potassium. Although KNON is influ-
coefficient of most interest to us Bpc because it represents €nced by soil composition (i.e., soil K/Fe ratio may deviate
OM/OC. This technique circumvents many of the assump_from 0.6), it contributes a small enough mass to totabBM
tions needed for mass closure. For examplss is insensi- that fixing its coefficient should not adversely affect the re-
tive to the degree of sulfate neutralization since the relativedr€ssion as a whole. Third, we use an updated IMPROVE
abundance of ammonium would mainly affegg;. How- soil equation (compare Eqgs. 2 and 7) which eliminates alu-
ever, OC measurement artifacts can biasecoeffiecient. minum from the calculation because Al is not reliably mea-
In this paper we develop a nationwide dataset ofSured by the IMPROVE XRF analysis (McDade, 2008).
seasonally- and spatially-varying OM/OC ratios across the W& downloaded the IMPROVE data frofuttp:/views.
IMPROVE network by extending the methodology of Malm cira.colostate.edu/web/DataWizaali 6 January 2010, and
and Hand (2007) while addressing some common pitfalls indnalyzed the measurements collected at 186 continental US
multiple regression. We discuss new quantitative insightsSitéS between 1 January 2002 and 31 December 2008. All

regarding the measurement artifacts associated withPM analyses are performed using the R statistical software pack-

components other than OC (e.g. nitrate volatilization and wa-29€¢ (R Development Core Team, 2010). Like Malm and

ter associated with particulate sulfate), which are ancillarymand (2007), we segregate the data b¥ monitoring site. In
benefits of our methodology. Finally, spatial and temporal2ddition, we segregate data by season: quarter 1 (January,

trends in OM/OC are reported and examined. February, March), quarter 2 (April, May, June), quarter 3
(July, August, September), and quarter 4 (Octocber, Novem-

ber, December), because we expect the coefficients (i.e.,
2 Methodology OM/OC and nitrate volatilization) to vary seasonally. How-

ever, we could not justify the seasonal variability in soil coef-
Figure 1 shows a schematic of our methodology, with com-ficients estimated from our initial analyses. For instance, the

plete details provided in this section. variability in S50y Was not correlated to Asian dust plumes or
other seasonally varying dust sources. We therefore hold the
2.1 General equation and dataset selection soil coefficient constant throughout the year by first perform-

ing a multiyear regression at each site using all data from
We begin by making three minor modifications to Eq. (4). 2002—2008 and then fixingsoj in each quarter-specific re-
First, we eliminate the intercept terngy) and reduce the gression to th@sg value obtained from the multiyear regres-
number of explanatory variables (i.e., covariates) to four thatsion at that given site.
constitute the majority of Pk and have large uncertainty  Within site- and quarter-specific datasets, the only data fil-
in their coefficient: OC, (NH)2SOy, NH4NO3, and SOIL  ter that we apply is completeness. If a major component in
(Eq. 5). Eqg. (5) (i.e., PMs, OC, S, NQ, Si, Ca, Fe, Ti, or EC)

www.atmos-chem-phys.net/11/2933/2011/ Atmos. Chem. Phys., 11,2983-2011
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IMPROVE data (2002-2008):
186 monitoring sites in the continental US
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0 -

‘ Data from 153 monitoring sites ‘

—

‘ 153 multiyear regressions (Table S2) ‘

1=

‘ 612 quarter-specific regressions ‘

Eliminate sites with less than 105 days of complete
data per quarter for PM,s, S, NOs, Si, Ca, Fe, Ti,
OC, or EC. Set missing K and CI" values to zero, but
leave negative values unchanged.

Perform one multiyear EiV regression for each site to
obtain B

Perform four quarter-specific EiV regressions for
each site using i from the multiyear regression for
that site.

LE

‘ 605 quarter-specific regressions ‘

seven quarter-specific regressions
exhibiting strong colinearity (|rs| > 0.85) between
any two explanatory variables (Table S3)

Eliminate twelve quarter-specific regressions with
max |rs| >0.4 between &; and one or more PM

from chemical analysis. Here we describe how values differ-
ent than 1 may be interpreted and set bounds on physically
reasonable values for each coefficient.

The OC coefficient,8oc, should represent the OM/OC
ratio. We expect its lower bound to equal 1, representing
pure graphitic carbon with no associated hydrogen, oxygen,
or nitrogen mass. We expect the upper bound to equal 3.8,
which is at the upper end of OM/OC ratios for aliphatic di-
carbonyls (Turpin and Lim, 2001). It is possible to have a
higher OM/OC for some organic sulfates, but it is unlikely
that these compounds would contribute enough mass to raise
the overall OM/OC above 3.8. Typical OM/OC ratios for pri-
mary organic emissions are around 1.25 in vehicle exhaust
and 1.7 in wood smoke emissions (Reff et al., 2009). Mea-

components (Table S4)

1L

‘ 593 quarter-specific regressions ‘

Flag suspect quarter-specific regressions which have:
E 1) A temporal trend in residual error values,
2) One outlier year in the data,
3) One or more physically unreasonable coefficients
in the quarter-specific regression, or
4) A physically unreasonable soil coefficient from
the multi-year regression

surements of OM/OC from laboratory-generated secondary
organic aerosol (SOA) range from 1.4-2.7 (Chhabra et al.,
2010; Kleindienst et al., 2007). Ambient measurements of
OM/OC have shown a wide range of values in different loca-
tions. Aiken et al. (2008) report values between 1.4 and 2.5
in Mexico City and the surrounding areas during the spring
of 2006. Sun et al. (2009) report values ranging from 1.75 to
2.83 at Whistler Mountain in British Columbia, Canada also
in the spring of 2006. Finally, Huang et al. (2010) measured
OM/OC between 1.3 and 1.78 in Beijing in 2008. Although
we interpretBoc as equivalent to OM/OC, this former may
Fig. 1. Flow diagram outlining regression methodology used in this he skewed by two types of OC measurement artifact: nega-
work. Some results appear in multiple tables as indicated by thejye artifacts occur when organic PM collected on the filter
footnotes. volatilizes before chemical analysis and positive artifacts oc-
cur when organic vapors adsorb to the filter surface (McDow
and Huntzicker, 1990; Turpin et al., 1998 ¢ will be influ-
is missing from a single site and sample, we eliminate theenced further by differences in the sampling artifact on quartz
whole date from that site. Missing data values for @hd filters (used to measure OC) versus Teflon filters. These arti-
Kare setto 0. All concentrations reported as negative valuesacts are discussed further in Supplement Sect. S3. It should
are left as is. Finally, sites that do not have an average of aj|so be noted that OC is operationally defined. Here, OC is
least 15 days of complete data per quarter (i.e., 105 samplegeasured with the IMPROVE TOR protocol, which is now
for each quarter over the 7 year measurement period) for allised at both CSN and IMPROVE network sites. Coefficients
four quarters are eliminated from the analysis. This criterionreported in this paper should only be applied to OC measure-
eliminates thirty-three sites. As shown in Fig. 1, we perform ments derived using the same or equivalent methods.
one multiyear and four quarter-specific regressions for each A soil coefficient not equal to 1 could represent soil com-
of the remaining 153 monitoring sites (i.e., 765 separate repositions differing from the average sediment used to de-
gressions). velop Egs. (2) and (7)Bsoil represents the actual soil mass
in the PMy 5 sample divided by the soil mass calculated from
Eqg. (7). Simon et al. (2010) report that this ratio can range
from 0.41 to 1.63 based on soil compositions in the literature,
so these bounds are used to assess the physical reasonable-
When interpreting the coefficients in Eq.(5), it is important to ness 0fBsoil.
note that all results may be affected by changes in measure- A sulfate coefficient,8syir, below 1 would indicate that
ment techniques and variability in the ambient conditions.the assumption of dry ammonium sulfate over-estimates to-
Therefore, readers are cautioned against over-interpreting rdal sulfate mass in the samples. Incomplete neutralization
sults from a single regression and instead are encouraged tmould cause such an over-estimate. The molar mass of am-
use these results to understand spatial and temporal trends monium bisulfate (NEJHSO,) and sulfuric acid (HSOy)
the coefficients. For each R component, the regression are 87% and 74% of the (NpbSO4 molar mass. There-
coefficient represents the ratio of retained mass associatefbre, 0.74 would seem like a reasonable lower bound for
with that component on the Teflon filter (used for gravimet- Bsys. However, the sulfate mass in our regression is cal-
ric PMy 5 analysis) to the mass of that component derivedculated from an XRF sulfur measurement which can detect

Table S5: 511 high-confidence quarter-
specific regressions

Table S6: 35 quarter-specific regressions
flagged for a single outlier year or a
temporal trend in &*

Table S7: 61 quarter-specific regressions
with physically unrealistic coefficients”

* Table S6 includes 10 regressions flagged for an outlier year, yet deemed as high confidence and included in Table S5.
* Table S7 includes 4 regressions yielding physically unrealistic coefficients and low-confidence temporal trends, thus
also appearing in Table S6.

2.2 Physical interpretation of coefficients
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organo-sulfur atoms. A conservative lower bound could beanalysis shows that hydration can add 35% extra mass to the
calculated assuming that all sulfur mass associated with ornitrate, so 1.35 is a reasonable upper boungfar
ganic molecules would be included in ti8gc. Surratt et
al. (2008) report that up to 20% of sulfur may be contained2.3 Effects of measurement uncertainty
in these organic compounds, so we expect the lowest rea-
sonable value 0By to equal 0.59 (0.74 0.8) to capture  Despite the aforementioned advantages of the regression
an admittedly extreme scenario in which all inorganic sul- method, it is subject to several pitfalls. One is that mea-
fate is in the form of sulfuric acid and 20% of the total sul- surement uncertainty in the explanatory variables can bias
fur is contained in organic compounds. A sulfate coefficientthe regression coefficients. An OLS regression assumes that
above 1 would indicate that there is extra mass associategxplanatory variables are measured without error, but this
with the particulate sulfate. This extra mass could comeassumption conflicts with the reality of our application in
from water if the aerosol remains hydrated during gravi- which measurement uncertainty is associated with all ex-
metric analysis. During the history of the IMPROVE net- planatory variables: OC, (NH2SOs, NH4NO3, and SOIL.
work, RH in the gravimetric measurement laboratory wasFor regressions with a single explanatory variable that is un-
only recorded intermittently. We obtained laboratory mea-certain, the coefficient is biased towards zero (Fuller, 1987;
surements of RH during the gravimetric analysis of filters Saylor et al., 2006; White, 1998). With multiple explanatory
collected from September 2003 to May 2005 and from Mayvariables, bias in the coefficients exhibits a complex depen-
to December of 2008 (personal communication, Charles Mcdency on the relative uncertainties in various components,
Dade, 2009). The maximum reasonaig is estimated  the correlation between explanatory variables, the correla-
using the 99th percentile of those measurements (i.e., 5294on between measurement errors, and other factors. White
RH). At this humidity, the AIM model (Wexler and Clegg, (1998) examined this problem in a simplified case with two
2002) (available athttp://www.aim.env.uea.ac.uk/aim/aim. correlated explanatory variables of which one was measured
php computes hydrated (NPLSOy4 to have 53% more mass Without error. For that case, he showed that the coefficient for
than dry (NH;)»>SO4 and hydrated NyHSOy to have 32%  the perfectly measured explanatory variable was artificially
more mass than dry NjHSQy. Therefore, 1.53 is a reason- inflated while the other coefficient was diminished.
able upper bound fgBsys. To evaluate this bias within the more complex conditions
Nitrate coefficients less than 1 likely represent volatiliza- of the present study, we analyze synthetic datasets that mimic
tion of NH4NO3 from the Teflon filter prior to gravimet- the IMPROVE data. Assuming that the actual values for
ric analysis. Hering and Cass (1999) report that the absoeach measurement were exactly equal to the reported value,
lute amount of nitrate volatilization is a function of RH and we create 200 synthetic datasets for each site- and quarter-
temperature, but not ambient nitrate concentration (unlesspecific dataset that represent “observed” data with error in
the calculated nitrate loss exceeds the ambient nitrate avaithe explanatory variables. Errors are added by perturbing
able). Thus, a proportional coefficient captures the averagghe reported values of OC, sulfate, nitrate, andoBMsing
volatilization behavior reasonably well. Because a value ofthe reported uncertainty and assuming that “observed” val-
0 (complete nitrate volatilization) would imply no statistical ues would be normally distributed around the actual value.
relationship between nitrate mass andf2\hass, a slightly  For each site- and quarter-specific dataset, we then perform
negativep,;; value caused by measurement error is just asan OLS regression on the reported dataset and the 200 syn-
likely as a slightly positivedni; value. Consequently, for each thetic datasets. The reported dataset is considered the “truth”
regression performed, we set the lowest reasonable value fdn this exercise, so OLS regression yields “true” coefficients
Bnit as 1.5 standard errors below 0 (calculation of standardor comparison with the results from our synthetic datasets.
errors is described in the Supplement, Sect. S1.1). Ther®esults from one such analysis for a regression with typical
are 129 site/quarter groupings exhibiting negaifyge val- OLS biases (Gila Wilderness in New Mexico during quar-
ues within 1.5 standard errors of 0. To show that these negter 1) are shown in the left half of each plot in Fig. 2. The
ative values really represent slight variations around 0, wedotted lines represent the “true” coefficients and the box plot
repeat each of these regressions without the nitrate term anghows the distribution of coefficients obtained from the 200
find that Boc bandgsys coefficients change by less than 3% synthetic datasets. Although the true value could be accu-
on average (n@oc and only sixBsy;s coefficients change by rately estimated from some synthetic datasets in this exam-
more than 5%). A8yt greater than 1 indicates that the as- ple, Soc is typically under-estimated whilgsyir and Bnit are
sumption of dry NHNO3 underestimates the actual nitrate over-estimated.
mass on the Teflon filter at the time of weighing. This would  To overcome the biases associated with the OLS assump-
occur either if the cation has a larger molar mass than ammotion of error-free explanatory variables, a class of methods
nium (e.g. Na) or if there is water associated with the nitratehas been developed to explicitly account for the existence
during weighing. Again a maximum reasonable valuesgfgr  of such errors; these are often collectively called measure-
is determined by computing increases in water mass at 52%mnent error models or errors-in-variables (EiV) models. Such
RH with the AIM model for both NHNO3 and NaNQ@. This methods typically assume that for all observations of each
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Boc Bout Brit the error standard deviation) associated with the explanatory
variables, in the specified order. As an initial estimate for
- the regression coefficients, we use the method-of-moments
estimator, the column vectg, given by Eq. (8)

n -1 n
SR R (25 »] T 7 BT
t=1 =1

1.25
|

132

1.20
|

SR L W
1.15
{ bl [ =t

1.0

Having obtained this initial estimate, we work to refine it,
, as outlined by Fuller (1987). We define for each observa-
i tion 7 the matrix)_aar This is also a diagonal matrix, with
the elements along the diagonal consisting of the variance

1.10

06

for the response followed by the variances for the explana-
tory variables in the specified order. We take the square of
the reported measurement uncertainty for each chemical con-
oLs  EV oLs  EV oLs  Eiv stituent in a particular sample as its variance. (Note that the
> uutt featured in Eq. (8) is simply a submatrix ®faat) We
Fig. 2. Bias in regression coefficients caused by measurement ery|gq letZ, represent the row vector containing the observed

ror in synthetic datasets representative of Gila Wilderness, NM inresponse and the observed explanatory variables foreach
quart_el_r 1. Horizontal dott.ed lines repres_ent the “truz_e" value of eachi_e” Z, = (¥,, X,). We then define the matricés andA as
coefficient. The left box in each panel illustrates bias for OLS re-

gressions and the right box shows a greatly reduced bias after im- n 1
plementing the errors-in-variables (EiV) regression method. M= Z YaattandA = th Z;
=1 =1

04
I

—L
T

With these defined, we can now obtain an estimate of the
covariate, the errors are independent, identically distributedvariance associated with the regression error, denedgd
and follow a normal distribution with mean zero and a fixed We first solve for the eigenvalues of the matrix product
(possibly unknown) standard deviation. In the IMPROVE M ~1A. If the minimum of these eigenvalues is less than one,
data, the standard deviation is not fixed because we have #hendqq is 0. Otherwisegqq is given by Eq. (9):
different estimated error associated with each observation of ; )

a given covariate, V\{hICh we take as the star)dard dewatmq;q _ Z[(ﬂ—k)_l<Yz —Xzﬁ) _ -t (1’_5/)
of the error distribution. To accommodate this added com- par
plexity, we turn to an advanced measurement error model

N/
described by Fuller (1987) (Sect. 3.1.2). The following dis- Zaan(l, —ﬁ/> ] ©)
cussion is based entirely on Fuller's work, conforming to his . . .

original notation as much as is feasible. Both g andgqq are then used to obtain an estimate of the error

To begin, we defing, as the value of the response vari associated with the linear relationship between the observed
1] t -

able for observatiom, such that =1,2, ...,n, with n rep- (with error) response and covariatég. (Eq. 10):

resenting the number of observations. For the multiyear re~ _ ~ 5 5

gression, this response is given by P4 (1.2 KNON + 1.8 Owt =0 + Ot Zuunﬂ (10)

CI~ +EC), and for the quarter-specific regression it isd2M  whereowwtt is the measurement variance associated with the

— (1.2KNON +1.8 Ct + EC +Bs0il SOIL). The row vector response at time. To obtain our final estimate3, of the

X, contains the observed values of the explanatory vari-regression coefficients, we combine the previous elements to

ables associated with observation The first element is  obtain Eq. (11):

the observed value of OC, the next element corresponds to 1

NH4)2SQy, the third is NH{NO3, and the fourth is SOIL. . noo noo

Eln the quarter-specific regression case, the SOIL componen‘(t3 = [Z"vvtlt (X;Xf o ZUU“)} Z“vvtltxgyl (11)

is omitted.) Note that the order of these explanatory variables =1 =1

mimics their order in Eq. (5) and is preserved in the variousyere 4 is a column vector containing our estimatestet,

mathematical representations of their coefficients, errors, etcg_ . 8. and Bsoi (for the multiyear regression). Fuller

which follow. (1987) also provides an estimator for the covariance matrix
Additionally, we let) yuit represent the covariance ma- of B. We use the diagonal elements of this matrix to ob-

trix associated withX,. Assuming that errors in each co- tain the standard errors for our estimated regression coeffi-

variate are independent, this is a diagonal matrix. The elcients. In the interest of brevity, we leave further discussion

ements along the diagonal contain the variance (square abf this variance estimate to the Supplement (Sect. S1). In
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addition, sample R code used to perform these regressions i Boc bias
also supplied in Sect. S1.

We recognize that our method includes several assump-«
tions. Perhaps most notable is the assumption that the mea,,
surement errors are independent among all the covariate:_
and the response measured at a given date and locatior

]

T T
-0.2 -0.1 0.0 0.1 0.2

The method could be extended to include information about

the correlation between measurement errors, if such were Beur bias

known. This would result in non-diagonal matric@Syut o

and) aar: Another key assumption is that the measurement © |

error distributions are normal. If this is an unreasonable as- 2 -

sumption, we could explore more complex statistical models

that allow for nonnormal measurement errors, which are cur- -~ ! T T I

rently a subject of statistical research. 02 o1 00 o1 02
To demonstrate that this new technique reduces the bias ir B Dias

coefficients, we reanalyze all of our synthetic datasets using

the EiV regression methodology. The results for quarter 1 ° 7

data from Gila Wilderness are shown in the right-hand box «

plots of Fig. 2. Clearly, the EiV method yields coefficients

that are much closer to the “truth” than the OLS methodol- ° 0'2 0'1 o 0'1 0'2

ogy. To confirm the generality of this result, Fig. 3 shows
the distribution of bias across all site- and quarter_Sp(:"clfICFig. 3. Distribution of bias in regression coefficients for quarter-

datasets. 'Sgbstantlal bias fivc (un.de.r-predllctlon),,Bsuu specific regressions at all IMPROVE sites. For each technique,

(over-prediction), andBn;r (over-prediction) arise from the \ye compute the median bias from 200 synthetic datasets at

OLS regression, but these biases are greatly mitigated witlach site/quarter using ordinary least squares (blue) and errors-in-

the EiV technique. White (1986) provides a similar analy- variables regression (black) and plot the distribution of those me-

sis of regression performance using measurements from theian values across all 612 site- and quarter-specific regressions. The

1981-1982 Western Regional Air Quality Study. His analy- red vertical line shows zero bias.

sis, which includes three explanatory variables (sum of ionic

sulfate, nitrate, and ammonium; organic carbon; sum of sil-

icon dioxide and calcium oxide), also found that correcting Fig. 1, these guidelines are subsequently applied to identify

for measurement uncertainty reduces bias in the coefficientdgression results that can be used with *high confidence” for
Although the EiV methodology shows improved results, applications such as air quality model evaluations, source-

it should be noted that additional error arises if the mea-@Pportionment analyses, epidemiology studies, and radiative

surement uncertainties are biased themselves. Hyslop arfgflculations.

White (2008) report some systematic biases in the measure-

ment uncertainty from XRF, ion chromatography, and TOR2.4.1 Multicolinearity among explanatory variables

carbon measurements at IMPROVE sites. If future updates

to the IMPROVE data include substantial changes to uncerOne requirement of our regression method (irrespective of

tainty estimates for these components, it may warrant somé&hoosing EiV or OLS) is that all explanatory variables be

repetition of the present work. For all subsequent analyseéndependent of each other. If any two R¥icomponents

discussed in this paper, we apply the EiV method (instead ofire linearly related, the dataset is not suitable for regression

OLS). analysis because the techniqgue may over-estimate one coef-
ficient and under-estimate another due to excess degrees of
2.4 Statistical identification of high-confidence freedom. To identify such datasets, Pearson correlation co-
regressions efficients ¢p) are calculated for all six couplings among the

four explanatory variables (OC, (NpbSO4, NH4NO3, and
After applying the EiV method to each multiyear and quarter- SOIL) in each site- and quarter-specific dataset. We exam-
specific dataset, it is tempting to begin examining spatial andne all datasets having arnyp| values greater than 0.65 and
temporal patterns in the regression coefficients. However|ook for cases in which the coefficient on one of the highly
as emphasized by Malm and Hand (2007), “Regression coeorrelated explanatory variables appears to be over-estimated
efficients are vulnerable to a variety of systematic and ran-while the other appears under-estimated relative to the ranges
dom errors.” In this subsection, we establish some empir-established in Sect. 2.2. For example, sulfate and nitrate from
ical guidelines for flagging or eliminating datasets that do 4th quarter measurements at the Puget Sound monitoring site
not conform to Eq. (5). As summarized in the lower half of are correlated witlhp = 0.86. In that regressiorisy; = 0.83
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Fig. 4. Empirical selection of the 0.85 threshdlg| value for iden-
tifying site- and quarter-specific regressions which may be biasec N _ _ ) ) .
due to multicolinearity. See Sect. 2.4.1 for an explanation of what & (Mg/m®) & (Hg/m®)
constitutes a regression that is “suspect.” The 452 EiV regressions
with max|rp| < 0.65 were not examined when determining this em- g 5 Example datasets in which residual errey)(exhibits a
pirical threshold. strong correlation with a P component, indicating that Eq. (5)
is an unreliable representation of Blcomposition at these sites
during these quarters. Twelve regressions are eliminated because
(lower end of its physically reasonable range) gpgl= 1.28 max |rg| > 0.4, including examples shown here. See Sect. 2.4.2 for
(higher end of its range). We regard such regression results discussion of the negative Clalues in(a).
as “suspect.”
A summary of our analysis across all sites and quarters is
shown in Fig. 4, from which we determine thiap| values  also degrade the regression results at that site. Finally, if the
greater than 0.85 often indicate suspect results. We acknowkelationship between Pp mass and any major chemical
edge that our empirical approach for setting this thresh-component is nonlinear, our regression analysis will be in-
old value is not foolproof since (1) coefficients that appearaccurate. For instance, if OC artifact corrections were biased
skewed may actually be accurate, and (2) some regressiortiigh in clean conditions and vice versa, OC concentrations
which are affected by co-linearity may not be identifiable would be negatively (positively) biased in clean (polluted)
if the estimated coefficients fall well within their physically conditions and the relationship between reported OC and to-
reasonable ranges. However, our approach yields an easyal PMy s would be nonlinear.
to-use procedure for screening out regression results that To identify cases influenced by one or more of these phe-
may be biased due to co-linearity in speciatedBMata.  nomena, we examine the residual errassii Eqg. 5) result-
Seven quarter-specific datasets are eliminated from our analng from each site- and quarter-specific regression. Spear-
ysis based on the maxp| > 0.85 criterion (see list in Sup- man rank order correlation coefficientss are calculated

0.00
o

plement Table S3). between the; values and each species used in Eq. (5): OC,
S, NG, SOIL, EC, CI', and KNON. Any strong correla-
2.4.2 Assessing the fit of the regression model tion indicates that Eq. (5) is an inadequate representation of

PMz 5 at the given site/quarter. Examples are shown in Fig. 5.
A second requirement for accurate regressions is that th&ollowing this analysis, a criterion ¢fs| > 0.4 is imposed to
equation used to fit coefficients is physically realistic. Basedeliminate 12 quarter-specific datasets that are likely affected
on our knowledge of ambient aerosol across the US, Eq. (5py the problems discussed above (see list in Supplement Ta-
includes all the essential P\ components. However, if a ble S4). Nine of these datasets exhibit a strong correlation
true coefficient for EC, Cl, or KNON is substantially differ-  betweens; and CI-, largely due to an abundance of nega-
ent from our fixed coefficients for those species, the regrestive CI~ concentrations in the underlying IMPROVE data.
sion could be adversely affected. In addition, if the actualThe negative Ct values in 2002 and 2003 were caused by
SOIL coefficient varies greatly throughout the year at anyvariability in filter blanks and a change of filter suppliers in
site, then our assumption of temporally-invariggg; could 2004 corrected this problem (White, 2008). This exemplifies
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a need to understand the underlying data before interpretinc a) quarter 1 b) quarter 2
any results from a regression analysis. wy o T |7
2.4.3 Dataset selection and segregation = ! o : — Q i |

€ S . Q T £ : E

[o2] 1 1 (o2 o T o -
A third key element to obtaining meaningful regression co- % 1 HEQEE T E % ol B b Ed E
efficients from IMPROVE measurements is appropriate seg- Pl T Lo B T
regation of data. For this analysis, data are grouped by sea 0 + P - g P i
son and monitoring site with the intention that samples taken ——— ———
within each subset should yield fairly constant regression 2002 12004 12006 2008 2002; 2004 2006] 2008

coefficients. However, sites that are strongly influenced by
time-varying sources may not match our intent and therefore o1
may not be ideal input for the regression analyses. For in-
stance, a monitoring site that is impacted heavily on certain
days by wildfires and on other days by diesel traffic will ex-
hibit varying OM/OC ratios that violate our assumption of
constants coefficients by quarter. gk
To check for temporal trends or irregularities during our o
7 year study period, residual error values were binned by year
and examined for each site- and quarter-specific dataset. Thi: " 2002 2004 2006 2008 2002 2004 2006 2008
analysis was designed to identify three possible problems:
(1) a one-time abrupt change in which could indicate a  Fig. 6. Lack of systematic change in residual error valug$ le-
change in measurement methods, (2) a monotonic temporé‘f"ee“ 2004 and 2005 at the Sipsy Wilderness in Alabama, a site
trend ine; which could indicate changing aerosol Characteris-With one of the highest QC concentrations. Inspectioq of the analo-
tics at the site possibly due to emission regulations, and (3) §°US Plots from other sites reveals no abrupt changg.in
single year which shows vastly differesntfrom other years

indicating that a distinct and infrequent event (e.g., forest fire;g greater than two times the second broadest inter-quartile

or abnormal meteorology) affected the monitoring site. range. An example of each phenomenon is shown in Fig. 7b
Visual inspection of all datasets shows no evidenceang ¢, We re-run these regressions without the errant year

of problem 1. There was a change in EC and OCganq report results from both the full and abridged datasets

measurement equipment between 2004 and 2005 (Whitgy Taple S6 of the Supplement. Of the 28 cases flagged, we

2007) as well as a coincident change in the calibrationregarg 10 as high-confidence results because none of their

of the XRF sulfur measurements (White, 2009a).  (De-¢qefficients are perturbed by more than 0.1 when the outlier

tails about these and other such changes to IMPROVE datgaay is removed. These cases are shaded in gray in Supple-

can be found ahttp://vista.cira.colostate.edu/improve/Data/ ment Table S6 and also appear in Table S5. In the remain-

QA-QC/Advisory.htm). Despite these changes in OC, EC, ing 18 cases, further examination of the underlying measure-

and sulfur, no shift in residual values is apparent betweenyents by site-specific experts is warranted.

2004 and 2005 for the network as a whole (see Fig. 6). That

year-to-year change is no greater than other inter-annual var% Results

ations. Though we find no observable effect, we acknowl-

edge that any change in measurement techniques adds uncefgple S2 in the Supplement shows our multiyear regression
tainty to our final results. results. Tables S5, S6, and S7 show coefficients for all
Seven site- and quarter-specific datasets exhibit temporajyarter-specific regressions along with standard error values,
trends in which median residual values or the inter-quartilenormalized mean errors (NME), and normalized mean biases
range of residual values either increase or decrease mongNMB). NME and NMB are calculated using Egs. (12) and
tonically from 2002-2008 (i.e., problem 2 outlined above). (13). NMB and NME values are generally small (mean NMB
One example is shown in Fig. 7a and all seven are listed irfor gj| regressions in Tables S5, S6, and S76:2%, maxi-
Supplement Table S6. Further investigation of these datasetgym absolute NMB = 2.6%, mean NME = 8.5%, maximum

by people with site-specific expertise would be worthwhile. NME = 22.6%) indicating that the IMPROVE data fit Eq. (5)
Though we report these 7 sets of regression coefficients, wgite well.

do not regard them as high-confidence results.

c) quarter 3 _d) quarter 4

0.5

& (Hg/m®
0 1
porsel_T Jesee=d

[T~

-

=
m__

& (Hg/m®)

0.5

1]

-1.5

Finally, sites affected by an infrequent event are identi- i lei
fied using two criteria: the inter-quartile rangespfin a sin- NME — i=1 < 100% (12)

PMgs;

other year; or the year with the broadest inter-quartile range ]

l

gle year does not overlap the inter-quartile ranges from any n
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Yosemite, quarter 4

b) Northern Cheyenne, quarter 2

c)

Bridgton, quarter 3
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Fig. 7. (a)Residual error values) from quarter 4 at Yosemite National Park show a monotonically increasing trend between 2002 and
2008. (b) In the quarter 2 regression of Northern Cheyenne data, the inter-quartile rangen&f002 does not overlap with other years.
(c) There is a substantially larger spreacjrduring quarter 3 at Bridgton, Maine in 2002 than in all other years.

i&' (medianBoc in quarters 1, 2, 3, and 4 are 1.39, 1.83, 1.81,
NMB — i=1 < 100% (13) and 1.59 respectively). Therefore, a slight low bias would
5 PM, push more OM/OC ratios below 1 in the winter than in other

5,

seasons.
Eighteen of the 61 problematic regressions are due to neg-
ative Bnj; values that are more than 1.5 standard errors below
. ) ] zero. Fourteen of these occur in quarter 3. There are two pos-
Only 7 of the multiyear regressions (i.e<5% of all IM- gjpje explanations for the high occurrence in quarter 3. First,
PROVE sites) have a coefficient that is physically unrea-pjirate concentrations are generally low in the summer. In
sonable (see Table S2). Of these, 2 hfiyg values (0.21  gyarter 3, network-wide median nitrate concentrations were
and 0.27) falling below those of known soil profiles (see only 3% of median PMs (versus 11% and 6% for quarter
Sect. 2.2). Both lovpsoil values come from urban IMPROVE 1 and the annual average, respectively). When the mass of
sites (New York City and Washington DC). In these loca- 5 explanatory variable is low compared to the mass of other
tions, there are likely non-soil sources of Si, Ca, Fe, orpp, 5 components, the model fit is not very sensitive to large
Ti. For instance, residential wood combustion is a majorchanges in that coefficient. Second, these problengatic
source of all four elements, on-road vehicle exhaust is a Maggtimations may be due to a large number of cases in quar-
jor source of Si, Ca, and Fe, and surface coating operationgr 3 when all the nitrate volatilized from the Teflon filter
are a major source of Ti (Reff et al., 2009). In urban areas(see Sect. 2.2). The lower-bound for negafiyg values (1.5
where such sources may dominate, Eq. (7) would overestistandard errors below 0) may be too conservative, leading
mate total soil mass and might yield an erroneously low valueys tg flag regressions in which nitrate volatilization is 100%
of Bsoil.- The other 5 problematic multiyear regressions have(i_e_ Bt is essentially 0) as problematic.
low Bnit values, for which the cause is unclear. We are never- Tne third most frequent error comes from higji values:
theless able to extract high-confidence valuggagf at these 13 regressions estimaf; > 1.35. In general these data
sites by using the multiyedisoi value in our quarter-specific oints have higher than average standard errors (the mean
regressions. . . nitrate standard error for these regressions is 0.50 while the
In total, 61 quarter-specific regressions (10%) have at leasfean nitrate standard error for all site-specific regressions is
one physically unreasonable coefficient (see Supplement Tey 21) These large standard errors indicate highly uncertain
ble S7). The number of regressions with problematic coeffi-estimates o, possibly due to low nitrate concentrations.
cients is greatest in quarter A £ 21) and quarter 3«(=22) Overall, 90% of our quarter-specific regressions yield
and least in quarters 2 and 4 13 andn =5 respectively).  physically reasonable coefficients for all explanatory vari-
Problematicgsoi values from the multiyear regressions ac- gples. This leaves 511 high-confidence regressions (see

count for 8 of these (2 in each quarter).  Fig. 1) from which we can assess spatial and seasonal trends.
Twenty of the 61 regressions with physically unrealistic

coefficients are due tfoc values less than one, 17 of which 3.2 Spatial and temporal trends infsoil, Bsuif and Bnit

occur in quarter 1. These logoc values may be caused by

errors in OC artifact correction, as discussed in Sect. 3.3 andrigure 8 shows the spatial patterngaf. Much of the coun-
Supplement Sect. 3. Although the Ig8wc values predomi-  try haspsei values near 1, confirming that Eq. (7) does a rea-
nantly occur in quarter 1, this may be exacerbated by the facsonable job of estimating soil concentrations. Some notable
that Boc values are lower in quarter 1 than in other quartersdepartures from this are high values displayed in orange and

i=1

3.1 Physically unreasonable results
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quarter
red in the southwestern US and lower values (green and blue)
in much of the Midwest. Both of these are consistent with theF9- 9- Spatial and temporal trends fiar.
calculatedBsej values for different soil types (Simon et al.,
2010). They reporBseil values for desert soil between 1.25 West | Ceniral | Soulheast ! Greallakes | Noriheast
and 1.4 angBs, values for agricultural soil between 0.78 and 2~ % i i i i
1.10. S b
In order to evaluate spatial and temporal trendsAgj 29 Tii, 'E - ! i,% T
and Bnit, regression results are grouped by region, matching = HH' LT H' Lol Tﬁ AlE
the organizations designated by the EPA to address regione™ S ] 8 Hi iE DT o i | ifyT
haze (EPA, 2010). Hereafter, states included in WRAP, St [ b g lj: *H | H *
CENRAP, LADCO, MANE-VU, and VISTAS will be re- g R e I M I
ferred to as the western, central, great lakes, northeast, ar T T e
southeast regions, respectively. g - i ; ; — ; T ; 7

Maps of Bsyif during each quarter are given in the Sup-
plement (Figs. S6-S9). Figure 9 shows a summargso
values from 593 quarter-specific regressions. Apart from the
western regionfBsyis follows a seasonal trend in which val-
ues are lowest in the winter (median values in the centraIFig_ 10. Spatial and temporal trends ;.
southeast, great lakes, and northeast regions are 0.90, 0.92,

0.91, and 0.88, respectively) and highest in the summer (cor-

rgspoqding .medians are 1.05, 1.04, 1.09, and 1.09). Th_e Me... values. Finally we posit that any site whogg; value
dian wintertime values less than 1 suggest that sulfate is nof within 1.5 standard deviations of 0 is prone to total nitrate
fully neutralized by ammonium in quarter 1. The summer- ojatilization. The number of sites falling into this category
time values greater than 1 suggest wet sulfate. Further anajpcrease from 6 in the winter to 71 in the summer, again
ysis presented in the Supplement Sect. S2 suggests that tRowing that more nitrate volatilizes in warmer months.
trends in Fig. 9 (excluding the western region) are reasonsince nitrate volatilization is governed by the temperature-
ably explained by the seasonal variation in laboratory RHgependent nitrate equilibrium (Hering and Cass, 1999), this
where samples were weighed and by the degree of sulfatgenavior is expected. Figure 10 also exhibits a broad vari-
neutralization. ability amongnit values in quarter 3 which may be due, in

Quarter-specific maps g are given in the Supplement part, to low nitrate concentrations. This large variation cou-
(Figs. S10-S13). Figure 10 summarizes the temporal anghled with the large standard error ff;; in quarter 3 (me-
spatial trends. In generanir values are lower (i.e. higher dian=0.34, versus 0.06, 0.16, and 0.08 in other quarters) in-
pel’centages Of nitrate iS V0|ati|ized from the Teﬂon f||ter) in dicate that the regression model is not precise|y estimating

locations and seasons where temperature is higher. For &, in the summer months, though the seasonal variations in
ample, the southeast is warmer, on average, than the rest gf . are believable.

the country throughout the year. Medigp; in this region

are lower than all other regions in every quarter. Similarly, 3.3 OM/OC results

summerppnit values are lower than winter values in all re-

gions. In addition, regions which experience the most dra-Our analyses of spatial and temporal trends8igs, Bnit,
matic seasonal temperature variations (central, great lakesnd Bsoil Show that they mostly can be explained by known
and northeast) have the most dramatic variation in mediaraerosol properties and sampling artifacts. Those results build

quarter
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Fig. 11. Boc values for quarter 1 (top) and quarter 3 (bottom). High

confidence results are depicted by circles, regressions with ques quarter 1Boc

tionable residual trends are depicted by downward facing triangles,

and regressions with any physically unreasonable coefficient are deFig. 12. Comparison of8gc values for quarters 1 and 3.
picted by upward facing triangles.

medians are low8oc is more variable than in other seasons:
. o i
ble 2 summarizes the distribution bc values across all " quarter 1, 90% ooc values fall between 0.79 and 1.84;

regions for all quarters. Table 2 and Fig. 11a show that win-" quarter 3, 90% fall between 1.44 and 2.08.
tertime OM/OC ratios are generally higher in the eastern US As mentioned in Sect. 2.%oc is influenced by differ-
than the West. Mediagoc values during quarter 1 in the €nces in the OC sampling artifacts on quartz versus Teflon
great lakes, southeast, and northeast regions are 1.58, 1.giiters. Whereas the literature is inconclusive regarding nega-
and 1.51 respectively while the west and central regions extive artifacts, quartz filters are more prone to positive artifact
hibit 1.29 and 1.32 respectively. Higher OM/OC ratios in the than Teflon filters. The IMPROVE data include a network-
eastern US may be a result of high residential wood smokeavide and month-specific correction for positive OC artifact
emissions (see Fig. S10f of Reff et al., 2009). In addition,On the quartz filter, but no correction for the Teflon filter.
high values in the southeast may be due to SOA, which igWe evaluate the effects of site-to-site variability in positive
more abundant in this region than in other US regions dur-OC artifact (quartz filter) on our regression results (see Sup-
ing winter months (Yu et a|_, 2007) Figure 11b Suggests tha‘[plement Sect. 83) and conclude that the network-wide arti-
OM/OC ratios in the summer do not vary substantially by re- fact correction does not substantially affect our estimates of
gion; medianBoc values are 1.80, 1.81, 1.93, 1.87, and 1.81Boc. However, thefoc value could be skewed if (1) IM-
in the west, central, great lakes, southeast, and northeast r€ROVE'’s back-up filter method does not completely capture
gionsl respective'y_ The range %C values within regions all pOSitiVe artifact on quartZ filterS, (2) Teflon filters have
is also quite consistent across the US during quarter 3 (seBon-negligible positive artifact, or (3) the magnitude of neg-
Table 2). Maps offoc during quarters 2 and 4 are given in ative artifact differs on the quartz and Teflon filters. An in-
the Supplement Fig. S14. depth exploration of OC artifact is beyond the scope of this
Seasonal variations ifioc can also be seen in Fig. 12, Paper, but these uncertainties should be kept in mind when
which showsBoc values are generally higher during summer interpreting our regression results.
than in winter. This is consistent with higher SOA concen- Our low wintertimefoc estimates in the west and central
trations in the summer and more aging of primary OC dueregions (medians near 1.3) suggest an aerosol dominated by
to higher oxidant concentrations than in winter. Although fresh, mobile-source emissions. Although oxidative aging
this seasonal trend is seen at the vast majority of IMPROVEand SOA formation are limited in these regions during win-
sites, it is important to note that local conditions have causeder, the US National Emissions Inventory indicates that other
higher wintertime8oc values in a small number of locations. PM sources (e.g., wood smoke) incregige: to 1.5 or 1.6.
Regressions at only 12 sites yield higlfiesc values in quar-  Our low Boc results may be a consequence of systematic bi-
ter 1 than 3 (out of 146 available pairs). While the winter ases in the reported measurement uncertainty, which the EiV

confidence in our estimates of the OM/OC ratfigc. Ta-
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Table 2. Summary offgc distributions across sites within quarter and region.

Region Quarter Bc Number of
5th 25th 50th 75th 95th  regressions
percentile  percentile percentile percentile percentile
West 1 0.67 1.07 1.29 1.43 1.76 90
West 2 1.36 1.66 1.81 191 2.14 87
West 3 1.33 1.66 1.80 1.88 2.04 86
West 4 1.22 1.43 1.57 1.68 1.88 87
Central 1 1.18 1.27 1.32 1.52 1.64 21
Central 2 1.59 1.69 1.78 1.87 2.10 21
Central 3 151 1.72 181 1.92 2.07 19
Central 4 1.37 1.45 1.53 1.64 1.90 21
Great Lakes 1 1.43 1.44 1.58 181 1.98 5
Great Lakes 2 1.83 1.83 1.94 1.95 1.97 5
Great Lakes 3 1.67 1.90 1.93 1.95 2.01 5
Great Lakes 4 1.31 131 1.48 161 1.61 5
Southeast 1 1.44 1.58 1.64 1.80 1.87 17
Southeast 2 1.50 1.76 1.89 2.00 2.16 16
Southeast 3 1.47 1.75 1.87 2.08 2.25 16
Southeast 4 1.42 1.60 1.67 1.75 1.83 17
Northeast 1 1.29 1.43 151 1.60 1.78 20
Northeast 2 1.23 1.74 1.87 2.01 2.09 19
Northeast 3 1.69 1.76 181 1.90 2.03 20
Northeast 4 1.07 1.49 1.57 1.67 1.85 16
all 1 0.79 1.20 1.39 1.58 1.84 153
all 2 1.39 1.69 1.83 1.94 2.15 148
all 3 1.44 1.72 1.81 1.91 2.08 146
all 4 1.24 1.44 1.59 1.68 1.87 146
all all 1.10 1.44 1.66 1.83 2.06 593

regression is dependent upon (see Sect. 2.3). Another po$oc values in the west and central regions are lower in our
sibility is that our lowSoc results are somehow tied to the multiyear regressions (1.9) than in MHO7 (2.1).
high wintertimegsi values in the western region, whichwe  To isolate the main cause of these differggt results, we
are unable to explain (see Sect. 3.2). perform a series of regressions, beginning with the approach
of MHO7, that incrementally incorporates each methodolog-
3.4 Differences with previous regression estimates of ical revision listed in Table 3. The three parameters which
OomM/0C have the largest effect o are the dataset download date,
the years analyzed (i.e. 1988—2003 vs. 2002—-2008), and the
Differences between our methodology and that used bychoice of explanatory variables (i.e. differences between
Malm and Hand (2007), referred to hereafter as MHO7, areEgs. 4 and 5). The use of EiV rather than OLS aff¢iis
summarized in Table 3. A major difference is that we empha-to a smaller degree. Using S instead ofﬁSCDo calculate
size seasondoc values, whereas MHO7 focused on multi- ammonium sulfate and Eq. (7) instead of Eq. (2) to compute
year regression results. Beyond that, it is interesting to exSOIL has almost no effect on thfipc estimates. The down-
plore which of our subtle revisions to the MHO7 methodol- load dates are important because the IMPROVE data archive
ogy cause substantial changesitc. Figure 13 compares is updated whenever errors are found. For example, his-
Boc results from our multiyear regressions (Supplement Ta-toric chlorine data were adjusted in November 2009 because
ble S2) with the MHO7 results. Oulpc estimates at 37% of the original blank correction was deemed too low (White,
sites differ from MHO7 by more than 0.2, and 61% differ by 2009b). The large effect of the years analyzed may indi-
more than 0.1. Within each region, o8¢ estimates exhibit  cate a long-term trend ifioc (about 64% of the sites have
less site-to-site variability than MHO7. For example, our low higher Boc values when using 2002—-2008 data than when
Boc values in the great lakes and southeast regions (5th pemrsing 1988—2003 data), or result from changes to measure-
centile=1.7 and 1.5, respectively) are higher than MHO7 (1.4ment protocols and hardware which occurred during these
and 1.3) despite similar medians. In addition, 95th percentildime periods. Taken together, the effects of download date
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Table 3. Differences between our regression methodology and that of Malm and Hand (2007).

Methodological Aspect Malm and Hand (2007) This work

IMPROVE dataset Download date: 3 Dec 2004 Download date: 6 Jan 2010
Years analyzed: 1988—-2003 Years analyzed: 2002—2008

Data segregated by Monitoring site Monitoring site Bgp;|

Monitoring site and quarter
for all other coefficients

Regression type Ordinary least squares Errors-in-variables
Response variable PM PM> 5 —(1.2KNON +1.8CI + EC)
Intercept Bo) Included Excluded
Explanatory variables (NIH2SO4 NH4NO3, OC, (NH)2SO4,NH4NO3,
EC, SOIL, sea sdlt OC, SOIL
. . NH =1.37 B NH =412
Calculation of explanatory varlables( 432804 37 SO‘Z‘ (NH)250q oS
(soﬁ measured by ion chromatography) (S measured by XRF)
SOIL from Eq. (2) SOIL from Eq. (7)

* Note: Malm and Hand (2007) did not use sea salt as an explanatory variable at sites with very few availablea€lrements: ADPI1, AGTI1, AREN1, BALD1, BOAP1,
BRLA1, CACR1, CADI1, CAPI1, CEBL1, CHER1, CHOI1, COHU1, CRES1, CRMO1, DEVA1, DOMEL, ELDO1, ELLI1, FOPE1, GAMO1, GRGU1, HALE1, HEGL1, HOOV1,
IKBA1, JARI1, JOSH1, LASU1, LIGO1, LIVO1, LOST1, MACAL, MELA1, MING1, MKGO1, MOM1, MONT1, NEBR1, NOCH1, PMRF1, QUCI1, QURE1, QUVAL, SAFO1,
SAGAL, SAGU1, SAMA1, SAPE1, SENE1, SHRO1, SIKE1, SIPS1, SPOK1, SWAN1, TALL1, THBA1, THRO1, ULBE1, WHRI1, WICA1, WIMO1, ZION1.

fixing the CI~ coefficient to 1.8 have almost no impact on

Al

N Boc. However, fixing the EC coefficient to 1 changésc

5 i s by more than 0.2 at 15% of the sites. We attribute this sen-

o 4 sitivity to the fact that EC and OC are highly collinear in

o H ] the IMPROVE data|(p| exceeds 0.85 and 0.65 at 20% and

T o | : e 94 ; ! " 88% of sites, respectively). These high correlations between
= - o . B o ° covariates imply that inclusion of EC as an explanatory vari-
-E ° c s I &8 ; i * . o able will likely attribute some EC mass fiyc or some OM
g~ . : . to Bec. In the Supplement (Sect. S3), we investigate our as-
£ A “ s 3 . sumption offgc=1 and find that it has little impact on our
g j _ « 2 - Boc estimates. However, we also find that MHO7 grossly un-
=t 3 ° . = derestimate@oc at aboutl/s of the IMPROVE sites due to

o ® e unrealistically large values ifec. This helps explain why

- e our 5th percentile8oc values are higher than MHO7.

® Southeast
o ey

' ' ' ' ' ' ' 4 Summary and future work
1.0 1.2 1.4 16 18 20 22
This work has helped to develop a robust technique for es-
Boc from Malm and Hand timating OM/OC ratios that can be applied to an expansive
dataset, such as the IMPROVE monitoring network data. Our
Fig. 13. Comparisons ofioc values reported by Malm and Hand  ability to estimate physically reasonable spatial and seasonal
(2007) to multiyeapoc values from this work. trends inBsuif, Bnit, and Bsoil builds confidence in ouBoc
results. Furthermore, our major methodological improve-
ments include the use of an errors-in-variables regression
and years analyzed indicate a sensitivityBgfc to changes  and the elimination of EC as an explanatory variable. These
in the measurements and data processing methodology.  two changes provide more realistic results and eliminate sub-
Next, we analyze which specific changes between Egs. (4¥tantial biases from approximatdjy of the regressions per-
and (5) cause the largest differencefigc values. We find  formed by Malm and Hand (2007). The reader is cautioned
that accounting for KNON, removing the intercepp), and  that all of our conclusions about OM/OC ratios rely on quartz
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and Teflon filter measurements and, hence, depend on ac- of primary, secondary, and ambient organic aerosols with high-
curate and complete OC artifact corrections on both filter resolution time-of-flight aerosol mass spectrometry, Environ.
types. Techniques for quantifying these artifacts are still an Sci. Technol., 42, 4478-44880i:10.1021/es703009g008.

active area of research. Comparison of gt results with ~ Chan, T. W., Huang, L., Leaitch, W. R., Sharma, S., Brook, J. R.,

other OM/OC estimation methods will be the subject of fu-  Slowik, J. G., Abbatt, J. P. D., Brickell, P. C., Liggio, J., Li, S.-
ture work. M., and Moosniller, H.: Observations of OM/OC and specific

In additi thi K has identified fut f attenuation coefficients (SAC) in ambient fine PM at a rural site
na ) ition, this work has 1den |_|e uture area_s OT're " in central Ontario, Canada, Atmos. Chem. Phys., 10, 2393-2411,
search into the IMPROVE data. First, our analysis shows doi:10.5194/acp-10-2393-2012010.

that sulfate is often not fully neutralized so ammonium mea-chen, X. and Yu, J. Z.: Measurement of organic mass to organic
surements will greatly assist future mass closure efforts. Sec- carbon ratio in ambient aerosol samples using a gravimetric tech-
ond, nitrate volatilization appears to vary substantially by site  nique in combination with chemical analysis, Atmos. Environ.,
and season. A measurement study could be performed to 41, 8857-8864d0i:10.1016/j.atmosenv.2007.08.02807.
verify the nitrate volatilization estimates made here. In ad-Chhabra, P. S., Flagan, R. C., and Seinfeld, J. H.: Elemental analy-
dition, samples could be shipped in refrigerated conditions Sis of chamber organic aerosol using an aerodyne high-resolution
to prevent nitrate volatilization during transport. At a min- ~ @€rosol mass spectrometer, Atmos. Chem. Phys., 10, 4111-4131,
imum, these results demonstrate the importance of record- 90i:10.5194/acp-10-4111-2012010.
ing the temperature and RH to which filters are exposeaE"2anan’ H'_S" Lowenthal, D. H., Zielinska, B., Chow, J. C., and

. : ; Kumar, N.: Determination of the organic aerosol mass to organic
during S?mp"”g’ tran_spor_t,_ and measurement. Most 'mpf)r' carbon ratio in IMPROVE samples, Chemosphere, 60, 485-496,
tantly, t.hIS work has lldentlﬂed. general tempora}l and spatial doi:10.1016/j.chemosphere.2005.01.02H05.
trends in OM/OC ratios. We find that summertime OM/OC g|.zanan, H. S., Zielinska, B., Mazzoleni, L. R., and Hansen,
ratios are larger than wintertime values across the US and p. A.: Analytical determination of the aerosol organic mass-
that winter values are larger in the eastern US than in the to-organic carbon ratio, J. Air Waste Manage., 59, 5869,
West. Considering this work plus the results of Malm and  doi:10.3155/1047-3289.59.1.580009.
Hand (2007) and El-Zanan et al. (2005), users of the IM-EPA regional planning orgnizations, available #ttp://epa.gov/
PROVE data should revise the common assumption of a fixed Visibility/regional.html#thefive2010.

network-wide OM/OC ratio when calculating reconstructed Frank, N. H.: Retained nitrate, hydrated sulfates, and carbonaceous
fine mass mass in Federal Reference Method fine particulate matter for six

eastern US cities, J. Air Waste Manage., 56, 500-511, 2006.
Fuller, W. A.: Measurement error models, John Wiley & Sons, New

Supplementary material related to this York, USA, 1987.
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