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a b s t r a c t

Particulate matter less than 2.5 microns in diameter (PM2.5) has been linked with a wide range of adverse
health effects. Determination of the sources of PM2.5 most responsible for these health effects could lead
to improved understanding of the mechanisms of such effects and more targeted regulation. This has
provided the impetus for the Denver Aerosol Sources and Health (DASH) study, a multi-year source
apportionment and health effects study relying on detailed inorganic and organic PM2.5 speciation
measurements.

In this study, PM2.5 source apportionment is performed by coupling positive matrix factorization (PMF)
with daily speciated PM2.5 measurements including inorganic ions, elemental carbon (EC) and organic
carbon (OC), and organic molecular markers. A qualitative comparison is made between two models,
PMF2 and ME2, commonly used for solving the PMF problem. Many previous studies have incorporated
chemical mass balance (CMB) for organic molecular marker source apportionment on limited data sets,
but the DASH data set is large enough to use multivariate factor analysis techniques such as PMF.

Sensitivity of the PMF2 and ME2 models to the selection of speciated PM2.5 components and model
input parameters was investigated in depth. A combination of diagnostics was used to select an
optimum, 7-factor model using one complete year of daily data with pointwise measurement uncer-
tainties. The factors included 1) a wintertime/methoxyphenol factor, 2) an EC/sterane factor, 3) a nitrate/
polycyclic aromatic hydrocarbon (PAH) factor, 4) a summertime/selective aliphatic factor, 5) an n-alkane
factor, 6) a middle-oxygenated PAH/alkanoic acid factor and 7) an inorganic ion factor. These seven
factors were qualitatively linked with known PM2.5 emission sources with varying degrees of confidence.
Mass apportionment using the 7-factor model revealed the contribution of each factor to the mass of OC,
EC, nitrate and sulfate. On an annual basis, the majority of OC and EC mass was associated with the
summertime/selective aliphatic factor and the EC/sterane factor, respectively, while nitrate and sulfate
mass were both dominated by the inorganic ion factor. This apportionment was found to vary
substantially by season. Several of the factors identified in this study agree well with similar assessments
conducted in St. Louis, MO and Pittsburgh, PA using PMF and organic molecular markers.

� 2010 Elsevier Ltd. All rights reserved.
1. Introduction

Recent studies have linked particulate matter (PM) with a broad
array of adverse health effects (HEI, 2002; Lippmann et al., 2003).
The magnitude of these effects, however, can vary greatly by
geographic location (Dominici et al., 2005). One possible explana-
tion for the observed heterogeneity of effects is regional variation in
nigan).
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air pollution sources. Distinguishing the impact of individual PM
sources on health could lead to improved understanding of the
mechanisms of such effects as well as more targeted regulation.
Identification of sources contributing to fine particulate matter
(PM2.5) is a primary objective of the Denver Aerosol Sources and
Health (DASH) study, a multi-year source apportionment and
health effects study conducted in Denver, CO (Vedal et al., 2009).

Receptor models have been widely used for source apportion-
ment of speciated PM2.5 (Thurston et al., 2005;Watson et al., 2008).
The most common receptor models can be categorized into
univariate models such as chemical mass balance (CMB) and
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Table 1
PM2.5 species quantified during the first 1.5 years of the DASH study (July 1,
2002eDecember 31, 2003).

Chemical species Mean Mean
uncertainty

Percent
missing

Percent
BDLa

Bulk species (mg/m3)
PM2.5 massb 8.50 1.43 1% 5%
Nitrate 0.96 0.34 1% 58%
Sulfate 1.15 0.08 1% 3%
Ammonium (2003 only) 0.55 0.03 0% 0%
EC 0.65 0.10 4% 1%
OC 3.13 0.32 4% 0%

Alkanes and cycloalkanes (ng/m3)
Docosane 1.45 0.11 13% 0%
Tricosane 2.16 0.21 13% 0%
Tetracosane 1.13 0.16 13% 1%
Pentacosane 1.65 0.19 13% 1%
Hexacosane 0.92 0.13 13% 8%
Heptacosane 1.29 0.15 13% 5%
Octacosane 0.86 0.14 13% 17%
Nonacosane 1.91 0.20 13% 3%
Triacontane 0.70 0.12 13% 19%
Hentriacontane 1.75 0.25 13% 1%
Dotriacontane 0.47 0.17 13% 49%
Tritriacontane 0.79 0.09 13% 3%
Tetratriacontane 0.58 0.07 13% 9%
Pentatriacontane 0.45 0.06 13% 8%
Hexatriacontane 0.26 0.05 13% 22%
Heptatriacontane 0.19 0.04 13% 35%
Octatriacontane 0.15 0.04 13% 49%
Nonatriacontaneb 0.15 0.04 13% 51%
Tetracontaneb 0.10 0.04 20% 59%
Pentadecylcyclohexane 0.16 0.02 4% 8%
Nonadecylcyclohexane 0.15 0.02 3% 7%

PAHs (ng/m3)
Fluoranthene 0.19 0.03 2% 4%
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multivariate models such as principal components analysis (PCA),
positive matrix factorization (PMF) and UNMIX. Each model has its
advantages and disadvantages, but all rely on the basic principles of
mass balance. In comparison to the othermodels, PMF is well suited
for longer time series studies and incorporates non-negativity
constraints on the output, frequently resulting in a more physically
interpretable result. PMF also incorporates individual measure-
ment uncertainties into themodel framework. These features make
PMF a good choice for source apportionment of the multi-year
DASH data set containing inorganic and organic speciated PM2.5
concentrations with pointwise measurement uncertainty
described previously (Dutton et al., 2009a, 2009b).

Two programs were used to solve the PMF problem for this
study, PMF2 (Paatero and Tapper, 1994) and ME2 (Paatero, 1999). In
addition to requiring a long series of input data, PMF2 andME2 also
require a priori determination of the number of factors to be output
by the model. While this requirement reduces the objectivity of the
results, numerous diagnostic tools are available to help determine
the most appropriate number of factors (Lee et al., 1999). In addi-
tion, it is common practice to run the models over a range of factor
numbers to provide insight into the optimum solution (e.g.,
Jaeckels et al., 2007; Shrivastava et al., 2007).

Ultimately, there will be more than four years of daily data
available from the DASH study. This preliminary analysis used 1.5
years of data, and subsets of the 1.5-year data set were tested to
determine the sensitivity of the source apportionment results to
data selection. Likewise, PMF2 and ME2 operational parameters
were varied to explore the sensitivity of the results to their values.
An optimum data set with optimum model parameters was
selected and used for inter-model comparison and to perform
a bulk species mass apportionment.
Pyrene 0.16 0.02 2% 3%
Benzo[ghi]fluoranthene 0.10 0.01 2% 0%
Cyclopenta[cd]pyrene 0.04 0.00 2% 5%
Benz[a]anthracene 0.06 0.01 2% 3%
Chrysene/triphenylene 0.17 0.02 2% 0%
Benzo[b&k]fluoranthene 0.22 0.02 2% 0%
Benzo[j]fluorantheneb 0.01 0.00 2% 60%
Benz[a&e]pyrene 0.18 0.02 2% 4%
Peryleneb 0.01 0.00 2% 60%
Indeno[1,2,3-cd]pyrene 0.08 0.01 2% 6%
Benzo[ghi]perylene 0.21 0.02 2% 4%
Dibenz[ah]anthracene 0.02 0.00 2% 44%
Picene 0.01 0.00 2% 44%
Coronene 0.10 0.01 2% 8%
Methyl-202-PAH sum 0.62 0.08 2% 2%
Retene 0.42 0.06 2% 23%
Methyl-228-PAH sum 0.11 0.01 3% 1%

Oxy-PAHs (ng/m3)
Acenaphthenoneb 0.10 0.02 4% 50%
Fluorenone 0.36 0.06 4% 26%
1H-phenalen-1-one 0.25 0.03 4% 5%
Xanthone 0.15 0.02 16% 10%
1,8-Naphthalic anhydride 0.31 0.04 16% 0%
Anthracene-9,10-dione 0.32 0.04 16% 1%
Benz[de]anthracene-7-one 0.08 0.01 2% 2%

Steranes (ng/m3)
20R-abb & 20S-aaa-Cholestane 0.14 0.01 3% 2%
20R & S-abb-Methylcholestane 0.10 0.01 3% 4%
20R & S-abb-Ethylcholestane 0.11 0.01 3% 3%
a-22,29,30-Trisnorhopane 0.09 0.01 3% 3%
2. Methods

2.1. Ambient data collection and chemical characterization

Daily filter samples were collected from a receptor site in Den-
ver located on a two-story elementary school building. This site is in
a residential neighborhood, far from major emission point sources
and heavily traveled roadways (Vedal et al., 2009). Details of the
sampling equipment, protocols and analyses are discussed in
Dutton et al. (2009a,b). Teflon filters were used for mass determi-
nation and analysis of inorganic ions including nitrate and sulfate.
Quartz filters were used for organic analysis of bulk elemental
carbon (EC), bulk organic carbon (OC) and for individual quantifi-
cation of 72 non-polar and moderately polar trace organic
molecular marker compounds by gas chromatographyemass
spectrometry (GCeMS). Table 1 lists the species quantified during
the first 1.5 years of the DASH study along with their mean
concentration, mean uncertainty, and prevalence of missing and
below detection limit observations. Additional figures and statistics
pertaining to the bulk species and organic molecular marker
species are presented in Dutton et al. (2009a) and Dutton et al.
(2009b), respectively. Temporal patterns and correlations
between the individual species are presented in Dutton et al.
(2010).
ba-30-Norhopane 0.35 0.03 3% 0%
ab-Hopane 0.22 0.03 3% 2%
22S-ab-30-Homohopane 0.10 0.01 3% 3%
22R-ab-30-Homohopane 0.07 0.01 3% 4%
22S-ab-30-Bishomohopane 0.06 0.01 3% 5%
22R-ab-30-Bishomohopane 0.05 0.01 3% 7%

Fatty acids (ng/m3)
Dodecanoic acid 3.08 0.44 5% 5%
Tridecanoic acidb 0.22 0.15 5% 79%
2.2. Positive matrix factorization framework

The PMF multivariate factor analysis algorithm PMF2 (Paatero,
1998a,b) was used as the primary source apportionment tool for
this study. PMF2 attempts to apportion a series of observations, xij,
into p distinct factors according to the model:



Table 1 (continued)

Chemical species Mean Mean
uncertainty

Percent
missing

Percent
BDLa

Tetradecanoic acid 4.58 0.66 4% 4%
Pentadecanoic acid 0.99 0.18 4% 11%
Hexadecanoic acid 18.08 3.28 4% 6%
Heptadecanoic acid 0.62 0.27 4% 38%
Octadecanoic acid 11.28 3.37 4% 16%
Oleic acidb 2.04 0.40 4% 69%

Sterols and methoxyphenols (ng/m3)
Cholesterolb 0.24 0.21 3% 73%
Stigmasterol 0.35 0.07 3% 29%
Vanillin 2.44 0.38 3% 21%
Acetovanillone 0.58 0.08 3% 34%
Coniferaldehyde 1.21 0.17 2% 37%
Syringaldehyde 1.20 0.16 5% 47%
Acetosyringoneb 0.29 0.05 2% 56%

a Percent of observations below detection limit (BDL).
b Not used for source apportionment.
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xij ¼
Xp
k¼1

gikfkj þ 3ij; i ¼ 1;.;m j ¼ 1;.;n (1)

In Equation (1), gik represents the contribution (mass/volume) of
factor k to sample i, fkj represents the relative fraction (mass/mass)
of species j in factor k, and 3ij is the residual concentration (mass/
volume) not explained by the model. In our application, the
observations, xij (i ¼ 1,.,m, j ¼ 1,.,n), represent m daily concen-
tration measurements of n speciated components of PM2.5.

ME2 (Paatero, 1999) was used to further explore the data as it
allows greater freedom in specifying the model to be fit. ME2 uses
a conjugant gradient algorithm rather than PMF2’s GausseNewton/
NewtoneRaphson algorithm to iteratively perform the factoriza-
tions. Three ME2 models were explored in this analysis: 1) a two-
way model, also specified by Equation (1) above, 2) an enhanced
model incorporating two temporal indices, one for season and one
for weekday/weekend, and 3) an enhanced model incorporating
hourly wind speed and direction data in addition to the season and
weekday/weekend information. The enhanced models use the
bilinear Equation (1) augmented by a second multilinear equation
incorporating the extra explanatory variables (Kim et al., 2003).

In the case of the enhanced model with two temporal indices,
the augmented equation can be written as:

xij ¼
Xp
k¼1

Sðhi; kÞWðui; kÞfkj þ 30ij; i ¼ 1;.;m j ¼ 1;.;n

(2)

where S represents the seasonal dependence for the factor contri-
butions and hi identifies the seasonal classification for day i. Six 2-
month long seasonal classifications were used, starting with
January/February. Similarly, W represents the weekend/weekday
dependence for the factor contributions and ui classifies each day i
as a weekday or weekend. For this study, major holidays were
classified as weekends regardless of the day they fell on since
source emissions on these days were expected to more closely
resemble weekends. In Equation (2), the indices for the auxiliary
factors are shown in parentheses for clarity and 3ij

0
is the residual

concentration (mass/volume) not explained by the enhanced
model.

The enhanced model with meteorological data contains the
same seasonal and weekday/weekend parameters but is further
supplemented with a product of parameters representing the
influence of the hourly (h ¼ 1,.,24) meteorological data, including
wind direction (D), wind speed (V), and calm wind (R):
xij ¼
Xp

Sðhi; kÞWðui; kÞ
X24

Dðdih; kÞVðnih; kÞRðcih; kÞfkj þ 30ij i

k¼1 h¼1

¼ 1;.;m j ¼ 1;.;n

(3)

Eighteen wind directions (dih), five wind speed ranges (nih) and
a binary indicator for calm wind conditions (cih) were used. More
specifics on the enhancedmodels can be found in the Supplemental
information and further explanation of these models is given by
Kim et al. (2003).

PMF2 and theME2 two-waymodels are solved byminimizing Q,
the sum of the squared, scaled residuals, defined by:

Q ¼
Xm
i¼1

Xn
j¼1

 
3ij
sij

!2

i ¼ 1;.;m j ¼ 1;.;n (4)

where the scaling value sij is the pointwise observation uncertainty.
Dutton et al. (2009a) provide details of the pointwise uncertainty
specification, and average uncertainty values are given in Table 1.
The enhanced ME2 models are solved by minimizing a modified Q,
with the second term coming from the augmented equation, and
using increased uncertainty scaling values (sij

0
) to place primary

emphasis on the basic model.

Q ¼
Xm
i¼1

Xn
j¼1

 
3ij
sij

!2

þ
Xm
i¼1

Xn
j¼1

 
30ij
s0ij

!2

i ¼ 1;.;m j ¼ 1;.;n

(5)

In this study the pointwise uncertainty for each observation was
increased by a factor of eight (Paatero et al., 2002) for the
augmented equation. More discussions about the model solutions
have been presented previously (Paatero et al., 2005; Paatero,1997)
and details of specifics for the work presented here are given in the
Supplemental information.
2.3. Handling of missing values and values below detection limit

Factor analysis does not require a continuous data set in time
and therefore days with many missing species observations or days
with suspect speciation data were omitted from the source
apportionment analysis. These included three missing days in
2002, four missing days in 2003, one week in 2002 (August
26eSeptember 1) without organics measurements and eight weeks
in 2002/2003 (December 2eJanuary 26) with high alkane
contamination on the filters. These eight weeks were part of an
early pilot analysis before refinements in filter handling and
extraction techniques were employed.

In contrast, the data on days with a small number of missing
species observations were handled in a manner similar to that
proposed by Polissar et al. (1998). Missing species concentrations
were replaced by the geometric mean of the remaining concen-
trations of the same species and assigned an uncertainty equal to
four times the geometric mean. In addition, individual species
measured below detection limits (bdl) were replaced by 1/2 the
detection limit (dl) and assigned an uncertainty equal to 5/6 the dl
as proposed by Polissar et al. (1998). The dl for each observation
was calculated as discussed in Dutton et al. (2009a,b). While
replacing bdl and negative-valued measurements comports with
physical interpretation of the data set as representing positive
pollutant concentrations and with the inability to statistically
distinguish these low values from one another, it should be noted
that PMF itself does not require replacement of bdl values. The
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model can factor data sets that include negative-valued
measurements.

2.4. Selection of input data and model operating parameters

The robustness of the source apportionment techniques was
tested by varying the input data and model operating parameters
and observing the effect on the model output. Input data were
varied by altering the number of included days and by adjusting the
list of included species. PMF2 operating conditions were varied by
modifying the treatment of outliers, exploring the rotational
freedom of the results, and varying the number of factors included
in the model. The results from this sensitivity analysis are
summarized belowand additional details were presented in Dutton
(2008). Once the final data set and number of factors were set for
PMF2, the same configuration was used with the ME2 models.

3. Results

3.1. Data set sensitivity analysis

A higher frequency of missing data and elevated uncertainties
during the first six months of the study in 2002 prompted us to
limit the source apportionment to the 2003 data where filter
collection and analytical procedures were more refined. Subse-
quent inclusion of the 2002 data in the source apportionment
produced similar results, but they were more sensitive to the
specified outlier distance. This is likely a result of the higher
frequency of imputed values present in the 2002 data. In contrast,
running PMF2 on the 2003 data alone produced results that were
virtually unaffected by outlier distance and were stable even
without using robust mode.

With the exception of nitrate, species containing more than 50%
of their observations bdl had little effect on the apportionment. Ten
organic molecular marker compounds had more than half their
observations bdl (see Table 1) and were thus excluded from the
data set. Nitrate was bdl 58% of the time, but it was retained in the
data set since it is an important marker for secondary inorganic
aerosol during winter months. A 1-year data set created from all
available 2003 data including sulfate, nitrate, ammonium, EC, OC
and 62 non-polar organic compounds (those shown in Table 1 with
fewer than 50% of observations bdl) was used for the source
apportionment work reported here. Further details of the data set
sensitivity analysis are presented by Dutton (2008).

3.2. PMF2 results

The behavior of Q and the maximum value in T (max(T)) as
a function of 4 and p have been used to make inferences about the
rotational stability of the PMF2 results and the optimum number of
factors supported by the model (Lee et al., 1999; Reff et al., 2007).
For this study, we varied 4 and p to determine their influence on the
apportionment results. The findings from this sensitivity analysis
are summarized below with additional details presented in the
Supplemental information.

Since a lower value for Q implies a better fitting model, the
behavior of Q as a function of 4 can provide insight into the rota-
tional stability of the model (Paatero et al., 2002). Our analyses of
a 7-factor PMF2 model showed a minimum in Q at 4 ¼ 0.1 with
indistinguishable effects on the resulting factor profiles and
contributions with 4 varying from �0.2 to 0.3. Results were similar
for solutions to the model with differing number of factors.
Therefore, we selected 4 ¼ 0, the most central solution.

A stepwise approach was used to select the number of factors
for PMF2, beginning with a 2-factor model and successively adding
factors up to a maximum of twelve. As each factor was added,
changes in Q andmax(T) and the scaled residuals were examined to
attempt to identify the optimum number of factors. Additionally,
the factor profiles and contributions were examined to see if
physical interpretability was enhanced. Our analysis revealed large
values in T for an eleven-factor solution, suggesting a non-unique
solution which may be improved by selecting fewer factors
(Paatero, 1998a). However, below eleven, the values of Q and max
(T) alone revealed no clear distinction in the appropriate number of
factors. Other investigators using PMF2 have similarly not found
a definitive choice in p based on these overly-simplified diagnostic
parameters (Brinkman et al., 2006; Ulbrich et al., 2008). The scaled
residuals gradually improved as the number of factors increased,
but there was no one point where they got significantly smaller
(with the exception of the residuals for nitrate, sulfate, and
ammonium, which were large up until the point when more than
three factors were used and a secondary inorganic ion factor was
produced by the model).

Interpretability of the resulting factor profiles and contributions
was ultimately used as the primary tool for selecting the optimum
number of factors. Beyond a 7-factor model, the factors produced
by PMF2 began splitting into similar, highly correlated factors that
did not match any known source profiles. Therefore, a 7-factor
solution was chosen as most interpretable. A similar approach to
finding the optimum number of factors was used by Jaeckels et al.
(2007) and Shrivastava et al. (2007).

The PMF2 factor profiles and contributions for the 7-factor
model are presented in Figs.1 and 2, respectively. The factor profiles
have been normalized so each species sums vertically to 100%.
PM2.5 mass apportionment was not attempted in this work since
our PM2.5 mass measurements exhibited a large degree of uncer-
tainty (Dutton et al., 2009a). Furthermore, we could not rely on
mass closure in the model since metals were not included in the
analysis and since conversion from OC to organic carbon mass
(OCM) is not well constrained (Pang et al., 2006). As a result, the
factor contributions are not scaled to PM2.5 mass and are displayed
in arbitrary units in the figures. Contributions from each factor can
be compared from day to day, but the magnitude of the contribu-
tions should not be compared across factors. The factors have been
labeled based on the prominent compound class or classes present
in the factor profiles and/or the seasonal characteristics of the
factor contributions. Fig. 3 contains box plots for each of the factors
stratified by both day of the week and season to illustrate the
temporal patterns present in the factor contributions. For example,
the EC/sterane factor in Fig. 3b shows a decrease in contribution on
theweekends with higher values in the wintertime. Interpretations
of these factors are provided in the Discussion section.

Although PM2.5 mass apportionment was not performed in this
study, bulk species mass apportionment was performed and Fig. 4
illustrates the influence of each factor on total nitrate, sulfate, EC
and OCmass. For each species, the apportionment is provided a) on
an annual basis, b) limited to days having the highest 10% of bulk
species mass concentration, and c) for each individual season. The
average observed ambient data stratified in the same manner are
represented by triangles in Fig. 4 for comparison with the model
output.

3.3. ME2 results

ME2 results are presented in detail in the Supplemental Infor-
mation. The factor profiles and contributions from all ME2 models
were very similar to those of PMF2 for model runs with up to nine
factors. For the nine-factor run, the enhanced ME2 models showed
a different ninth factor than the PMF2 and ME2 two-way models.
For the 7-factor solution in particular, the ME2 results closely
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compared between factors.
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Fig. 4. PMF2 bulk species apportionment showing the distribution of the factors contributing to the total mass of a) nitrate, b) sulfate, c) EC and d) OC. Apportionment results are
shown on an annual basis; limited to the top 10% highest bulk species concentration days (Max 10%); and for the four individual seasons (winter ¼ December 22eMarch 21,
spring ¼March 22eJune 20, summer ¼ June 21eSeptember 20, fall ¼ September 21eDecember 21). The overall height of each bar represents the average concentration of each bulk
species apportioned in the model, which can be compared to the average of the measured concentrations represented by the triangles.
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matched those from PMF2 with correlations between the factor
contributions output by each model greater than 0.98. Table 2
includes Pearson correlation coefficients (r) and normalized gross
errors (NGE) of the factor contributions output by the different
models for a 7-factor solution. The NGE was calculated using the
average factor contribution from PMF2 for normalization to avoid
having zeros in the denominator:

NGEp;ave ¼ 1
m

Xm
i¼1

�����
gPMF2
p;i � gME2

p;i

gPMF2
p;ave

����� (6)

The weekend and seasonal factors from the ME2 enhanced models
mirrored the temporal analysis shown in Fig. 3 performed on the
PMF2 source contributions. The extra factors from the enhanced
model with meteorological data were able to explain some trends,
but overall it was difficult to confidently distinguish transport
effects from seasonality.

4. Discussion

4.1. Dependence on input data and model operating parameters

PMF2 model robustness was adversely affected by the first six-
month period containing a substantial proportion of missing and
high uncertainty observations. It is common practice in source
apportionment to replace missing values with some statistic
derived from the remaining observations (Polissar et al., 1998).
However, if there is a high degree of seasonal or weekly temporal
structure present in the data, this practice may produce erroneous
results. In our case, when we included the first six months of data,
Table 2
Statistics comparing the factor contributions from the PMF2 model with the three ME2

Factor Pearson correlation coefficient (r)

Two-way
model

Enhanced
model

Enhanc
with w

Wintertime/methoxyphenol 1.000 0.995 0.997
EC/sterane 1.000 0.993 0.996
Nitrate/PAH 1.000 0.998 0.998
Summertime/selective aliphatic 1.000 0.996 0.996
n-Alkane 1.000 0.999 0.996
Middle-oxy-PAH/alkanoic acid 1.000 0.988 0.988
Inorganic ion 1.000 0.994 0.994

a As defined in Equation (6).
PMF2 produced artifact factors easily identified by having contri-
butions only present during periods with imputed or high uncer-
tainty values. This demonstrates the importance of consistent
measurement procedures.

Factors used in determining the optimum model specification
included consistency in model output, detailed inspection of the
residuals, behavior of the diagnostic parameters (Q and max(T)),
correlation between the factor contributions, and comparison with
eigenvectors obtained using principal components analysis (see
Dutton, 2008). The final selection of a 7-factor PMF2 model was
ultimately made based on a combination of model diagnostics and
factor interpretability. Robust solutions using the two-way and
enhanced ME2 models were also achieved for the 7-factor solution
with further details provided in the Supplemental Information.
4.2. Interpretation of factor profiles

4.2.1. Wintertime/methoxyphenol factor
This factor containedmore than 80% of the retene, light oxy-PAH

and methoxyphenol concentrations. It also contained a high
percentage of the n-alkanes, PAHs and heavier oxy-PAHs. Retene
and the methoxyphenols are markers for wood combustion (Hays
et al., 2002; Schauer et al., 2001). The factor contribution shows
strong seasonality with a wintertime maximum, consistent with
residential wood combustion for home heating in the winter.
Investigation of the median contribution by day of the week
revealed an increase on Friday, Saturday and Sunday relative to the
rest of the week, also consistent with residential fireplace use
patterns (Chinkin et al., 2003).
models (two-way, enhanced, and enhanced with wind).

Normalized gross error (NGE)a

ed model
ind

Two-way model Enhanced
model

Enhanced model
with wind

0.051 0.059 0.083
0.012 0.069 0.072
0.002 0.222 0.224
0.009 0.076 0.077
0.010 0.063 0.076
0.022 0.063 0.067
0.005 0.067 0.067



S.J. Dutton et al. / Atmospheric Environment 44 (2010) 2731e2741 2739
The high abundance of other organic molecular marker species
present in this factorwas likely a result of temporal correlationwith
meteorology-driven effects. Increased concentrations during the
winter across all measured compounds are expected as a direct
result of diminished mixing conditions driven by frequent winter-
time atmospheric inversions in the region (Neff, 1997). A 9-factor
PMF2 solution included further separation of this factor into two
wintertime-dominated factors: one which contained all the
methoxyphenol wood smoke markers, retene, and 60 percent of
the vanillin, while the other contained several of the lighter-weight
PAHs and oxy-PAHs and the remainder of the vanillin. This second
wintertime factor could not be linked with any known source
profiles and was correlated in time with the wood smoke marker
dominated factor (r ¼ 0.51), so the 7-factor solution containing
a combined wintertime and wood smoke source was deemed the
most justifiable model. Inspection of Fig. 4 shows that the winter-
time/methoxyphenol factor did not contribute substantially to
nitrate, sulfate or EC mass. It did, however, have an appreciable
contribution to OC mass during the fall and winter (7% and 11%,
respectively).

4.2.2. EC/sterane factor
This factor was identified by the presence of EC, all three

cholestanes and all seven hopanes. Cholestanes and hopanes are
markers for motor vehicle emissions (Schauer et al., 2002b) and
are present specifically in heavy petroleum distillates such as
motor oil (Simoneit, 1999). Furthermore, Schauer et al. (2002b)
show that they are emitted preferentially by older, non-catalyst
controlled motor vehicles. Therefore, this factor likely represents
motor oil combustion in the crankcases of motor vehicles with
possibly larger contributions coming from older vehicles. Fig. 3b
shows a dramatic drop in the contribution from this factor on
Saturday and Sunday, consistent with expected reductions in
vehicle miles traveled on weekends (Chinkin et al., 2003; Dutton
et al., 2010; Harley et al., 2005). The seasonality present in this
factor is less than that observed for the wintertime/methox-
yphenol factor and may reflect general concentration increases
resulting from reduced wintertime atmospheric mixing. Steranes
have been shown to decay in the presence of OH radical
concentrations typical of summer with lifetimes as short as 1e4
days, depending on the reaction pathway with gas-phase OH
oxidation of the lighter steranes resulting in the shorter lifetimes
(Weitkamp et al., 2008; Lambe et al., 2009). This is not likely
causing seasonality of this factor as there is no decrease in this
factor contribution associated with elevated ozone concentration,
from winter to summer there is no preferential lose of a lighter
sterane, norhopane, relative to a heavier sterane, hopane, and
finally the seasonality of this factor is similar to the seasonality of
EC which is a key component of this factor and unlikely to
photochemically decay. This EC/sterane factor was a major
contributor year-round to EC and OC mass and was the largest
contributor (47%) to EC mass when the data was limited to the
highest EC concentration days.

4.2.3. Nitrate/PAH factor
This factor contained 60% of the nitrate and many of the PAHs

and was most prominent in the wintertime. Like the EC/sterane
factor, it exhibited a dramatic decrease on weekends. Schauer et al.
(1996) show that the majority of PAHs in the urban atmosphere are
attributed to motor vehicle emissions. Recent work on the depen-
dence of motor vehicle emissions on engine-temperature revealed
that three of the heavier PAHs we quantified increase significantly
during cold operation of test vehicles (Schauer et al., 2008). Given
the strong seasonality and clear weekday preference, this factor
was likely dominated by motor vehicle exhaust with a possible link
to cold-start and cold-operation emissions. A similar light-duty
gasoline vehicle cold-start source was identified for Denver using
CMB analysis during the Northern Front Range Air Quality Study
(Watson et al., 1998). That study found this source to be responsible
for 21% of the OC during winter in Denver, second only to light-duty
gasoline high-emitter influences (40% of OC). The presence of
nitrate in this factor likely results from the temporal correlation
between ammonium nitrate aerosol formation and motor vehicle
PAH emission rates during colder temperatures. This nitrate/PAH
factor contributed appreciable amounts to nitrate and EC mass,
specifically during the fall and winter, and was responsible for 39%
of EC mass when the apportionment was restricted to the highest
EC concentration days.

4.2.4. Summertime/selective aliphatic factor
This factor was identified by the pattern of n-alkanes and n-

alkanoic acids shown in Fig. 1d. The C22eC32 n-alkanes show
a clear odd carbon number preference which has been observed
in ambient measurements (Brown et al., 2002; Gogou et al., 1996)
and emission source profiles for leaf abrasion (Rogge et al.,
1993b) and plant wax (Simoneit and Mazurek, 1982). The n-
alkanoic acids also revealed a characteristic pattern with peaks at
C13 and C17. This factor is most prominent in summer, peaking in
July (the warmest month of the study). These observations
suggest a summertime biogenic emission source, with photo-
chemistry potentially playing a role in addition. It is difficult to
untangle photochemically produced PM mass from increases in
a direct emission of PM mass for which the emission rate is
a function of ambient temperature as these two sources are likely
temporally correlated. In an attempt to explore this factor, the
factor contributions were sorted by both ambient temperature
and peak 8 h ozone concentration for the day. There was
a stronger increase in the factor contributions associated with the
highest 10% of ambient temperatures than the increase associated
with the highest 10% of ozone concentrations. This simplistic
analysis does not mean that photochemistry is unimportant but
demonstrates that it is likely more than just photochemistry. The
addition of polar species would aid in the separation of secondary
organic PM and primary high temperature emissions PM, and is
recommended for future studies exploring apportionment of
secondary organic PM. The summertime/selective aliphatic factor
was dominant in OC mass apportionment, specifically during the
summertime when it was responsible for 74% of OC mass. It was
responsible for 59% of OC mass when the apportionment was
restricted to the highest OC concentration days.

4.2.5. n-Alkane factor
This factor was dominated by n-alkanes and also contained the

largest percentage of C16 and C18 alkanoic acids. The weekly
pattern in Fig. 3e reveals an increase on the weekends relative to
the weekdays. Both C16 and C18 acids are elevated in source
profiles for meat cooking (Schauer et al., 1999) and seed oil cooking
(Schauer et al., 2002a). This is consistent with a weekend increase
in outdoor barbequing (Chinkin et al., 2003) and restaurant
patronage (Liu et al., 2001). The preferential presence of even n-
alkanoic acids is also consistent with primary biogenic emissions
(Hays et al., 2002; Rogge et al., 1993b; Simoneit andMazurek,1982).
However, the predominance of n-alkanes in this factor suggests it
was coming from more than just cooking or primary biogenic
emissions. Similar n-alkane patterns enriched in C16 and C18
alkanoic acids are present in road dust originating from tire wear
(Rogge et al., 1993a). In contrast to the weekly patterns in Fig. 3e,
however, road dust is expected to decrease on the weekends as
a result of fewer cars emitting and re-suspending particles on
roadways. Therefore, this n-alkane factor was likely originating
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from a combination of multiple primary sources. In the bulk species
mass apportionment, it only contributed to OC where it was
responsible for 11% of the annual OC mass.

4.2.6. Middle-oxy-PAH/alkanoic acid factor
This factor was characterized by xanthone, two other middle-

weight oxy-PAHs, and the light n-alkanoic acids. It exhibited
contributions year-round with a slight increase in the fall and
winter. It also had a slight decrease on the weekends. The oxy-PAHs
are not quantified in most source emission studies so identification
of the sources responsible for this middle-oxy-PAH/alkanoic acid
factorwas not possible. However, it was a relatively important year-
round contributor to both EC mass (16%) and OC mass (13%). To
explore the importance of xanthone in the apportionment, we
repeated the analysis with xanthone removed. This exercise
resulted in similar factor profiles and contributions. The one large
difference was a redistribution in the wintertime of this factor’s
contribution to the EC/sterane and nitrate/PAH factors.

4.2.7. Inorganic ion factor
This factor was present in the source apportionment results for

all data sets containing the inorganic ions. It contains nitrate,
sulfate, ammonium and trace amounts of EC, OC and some organic
compounds. This factor clearly represents secondary ammonium
nitrate and ammonium sulfate, and dominates both nitrate (73%)
and sulfate (97%) mass apportionment. The ambient data overlaid
in Fig. 4, however, reveal that nitrate is not being fit well by the PMF
model, particularly in summer and for the highest nitrate concen-
tration days. This poor fit was also manifest in the nitrate residuals
for all model configurations investigated. The extreme seasonality
and daily variability in nitrate (driven by meteorology) is not well
captured by PMF for the current data set. The result was an under-
apportionment of nitrate in the winter and on the highest
concentration days and an over-apportionment in the spring and
summer.

4.3. Comparison with other studies

Few studies have performed multivariate factor analysis incor-
porating organic molecular marker data due to the time and effort
required to collect a long enough time series of detailed measure-
ments. Jaeckels et al. (2007) and Shrivastava et al. (2007) recently
published source apportionment results using PMF and organic
molecular marker data collected in St. Louis, MO and Pittsburgh, PA,
respectively. The St. Louis study incorporated 105 organic molec-
ular markers, EC, OC, silicone, and aluminum for 120 samples
collected every 6th day over a two year period (Bae et al., 2004) and
the Pittsburgh study incorporated 54 organic molecular marker
species in addition to EC, OC, potassium, calcium, titanium, iron and
zinc for 99 samples collected primarily every 6th day over a one
year period, with two shorter periods of intensive daily sampling in
January and July (Subramanian et al., 2004).

Jaeckels et al. (2007) identified eight factors contributing to the
organic aerosol in St. Louis and attributed them to secondary
organic aerosol (SOA), wood combustion, a mobile source factor,
two point source factors, two winter combustion factors, and
resuspended soil. Shrivastava et al. (2007) identified seven primary
factors contributing to the organic aerosol in Pittsburgh, linking
them with SOA, wood combustion, a mobile source factor, a point
source factor, meat cooking, open burning/primary biogenic
emissions, and an unknown factor coming from a mixture of
primary sources. In St. Louis, Pittsburgh and Denver, three common
factors were identified: a SOA/summertime factor, a mobile source
factor, and awintertime/wood smoke factor. Qualitative differences
in the sources identified are likely due in part to differences in local
emissions and in part to differences in the species quantified in
each study.
5. Conclusions

This study demonstrates the ability of factor analysis coupled
with organic molecular marker speciation to robustly apportion
PM2.5. Consistent source apportionment results were obtained for
the 1-year data set using PMF2 and three alternative ME2 models.
Five of the factors obtained from the optimum 7-factor PMF2model
could be associated primarily with wood combustion, motor oil
combustion, motor vehicle emissions, biogenic emissions and
secondary inorganic compounds. The remaining two factors were
less easily linked with sources: one potentially incorporated
contributions frommultiple primary emission sources such as food
cooking and road dust while the other was associated with an
unknown source of oxy-PAHs. The full DASH data set will contain
more than four years of daily nitrate, sulfate, EC, OC and organic
molecular marker data that will allow for source apportionment
stratified by season or temperature. This will allow us to address
some of the issues relating to meteorological confounding
encountered using the 1-year data set presented here.
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