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 Personal PM2.5 elements often exceed indoor and outdoor measurements.
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The complex mixture of chemical and elemental constituents that comprise particulate matter (PM) is
hypothesized to be, in part, responsible for its toxicity. Epidemiologic studies have identiﬁed speciﬁc
components and sources of PM2.5 associated with adverse health outcomes, but the majority of these
studies use the mass concentration of elements in outdoor PM2.5 at central monitoring sites as a surrogate for personal exposure. Personal exposure to PM2.5 and its elemental composition, however, may
vary from stationary outdoor measurements. Here, we use concurrent indoor, outdoor, and personal
sampling of PM2.5 and its elemental constituents along with personal and home characteristics,
collected as a part of the Relationships of Indoor, Outdoor, and Personal Air (RIOPA) study to characterize
the differences in PM2.5 among indoor, outdoor, and personal air samples. We found that personal
exposure to PM2.5 and most elements were signiﬁcantly correlated with, though frequently exceeded,
both indoor and outdoor measurements. Principal component scores were used to determine that the
mixture of elemental components in PM2.5 varies signiﬁcantly across indoor, outdoor, and personal
sample types. Using model-based clustering, we identiﬁed 7 clusters of RIOPA participants whose personal PM2.5 samples had similar patterns of elemental composition. Using this approach, two subsets of
RIOPA participants were identiﬁed whose personal exposure to PM2.5 and elemental concentrations
were signiﬁcantly increased compared to both their indoor and outdoor levels. Collectively, our results
suggest that the elemental composition of PM2.5 obtained at central monitoring stations do not accurately represent the overall elemental composition of personal PM2.5 exposure.
© 2014 Elsevier Ltd. All rights reserved.
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1. Introduction
Epidemiologic studies have consistently demonstrated particulate matter (PM) air pollution to be associated with cardiovascular
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and respiratory morbidity and mortality (Zanobetti et al., 2009;
Simkhovich et al., 2008; Dockery, 2009). Frequently, these studies
utilize the mass concentration of ﬁne PM (particles having an
aerodynamic diameter < 2.5 um e PM2.5) collected at ambient
regulatory sampling locations as the primary exposure metric. PM
mass, however, does not reﬂect the heterogeneous mix of solid and
liquid particles of varying sources and composition which comprise
overall PM. Studies have also demonstrated that the composition of
PM2.5 varies by season and geographic location, which may in part
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explain the observed seasonal and geographic variability in PM2.5
associated health effects (Zanobetti et al., 2009; Simkhovich et al.,
2008; Dockery, 2009).
Characterizing the health effects of PM components has been
identiﬁed as a research priority by the National Research Council of
the National Academies (2004). Toxicological studies suggest that
organic compounds and transition metals found in PM2.5 may be
particularly important due to their ability to elicit inﬂammation
with subsequent respiratory and cardiovascular effects (Schlesinger
et al., 2006). Epidemiologic studies examining PM sources and
composition have identiﬁed several speciﬁc components, including
elemental carbon, organic carbon, and nitrates associated with
increased risk for cardiovascular and respiratory hospital admissions (Peng et al., 2009; Bell et al., 2009) and mortality (Ostro et al.,
2007). Elemental components of PM2.5, including Ni, Zn, Si, Al, V,
Cr, As, and Br, have also been associated with increased cardiovascular and respiratory hospital admissions (Zanobetti et al., 2009;
Bell et al., 2009), increased mortality (Franklin et al., 2008), and
lower birth weight (Bell et al., 2010).
An important caveat to these studies is the assumption that the
elemental composition of PM2.5 obtained at stationary outdoor
monitoring locations adequately represents personal exposure for a
population in a given geographic region. Previous studies have
found, however, that ambient PM concentrations may not represent personal PM exposure due to the time-activity patterns of
individuals including time spent indoors and other personal activities (Hsu et al., 2012; Ozkaynak et al., 1995; Nerriere et al., 2005).
The difference between outdoor and personal exposure to PM may
be more pronounced when examining speciﬁc elements within
PM2.5 due to varying sources of these elements indoors, in vehicles,
and in other locations. This can be further complicated by other
factors including time spent indoors, air-conditioning use, airexchange rates, sources of PM indoors, and other home
characteristics.
The Relationships of Indoor, Outdoor, and Personal Air (RIOPA)
study presents a unique opportunity to explore concurrent indoor, outdoor, and personal exposure to elements in PM2.5 as it
was designed to collect data to evaluate the contribution of
outdoor sources of air toxics and PM to personal exposure
(Weisel, 2005). The objective of this paper was to examine the
assumption that outdoor PM2.5 measurements accurately
represent personal exposure to all elements within the PM2.5
mixture e and if they do not, to identify personal and home
characteristics associated with the differences in elemental
composition.
2. Methods
2.1. Data collection and study inclusion
This study included statistical analyses of data collected as part
of the Relationships of Indoor, Outdoor, and Personal Air (RIOPA)
study. A complete description of the RIOPA study including its
design, methods, and quality control procedures is available elsewhere (Weisel et al., 2005a,b; Turpin et al., 2007). In brief, the
overall design of the RIOPA study included homes from three study
sites (Los Angeles CA, Houston TX, and Elizabeth NJ). In each of two
measurement seasons continuous 48-h sampling was conducted
on a subset of the homes of participants to concurrently collect
indoor, outdoor, and personal measurements for PM2.5. In addition, home and personal characteristics were collected for all study
participants. All data collected as part of the RIOPA study was made
available online (https://riopa.aer.com).
The mass concentration of PM2.5 and its elemental constituents
measured during 48-h concurrent indoor, outdoor, and personal
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sampling were downloaded from the RIOPA study database. We
restricted our analyses both to a subset of 24 elements (Ag, Al, As,
Ba, Br, Ca, Cl, Cr, Cu, Fe, K, Mn, Ni, Pb, S, Sb, Se, Si, Sn, Sr, Ti, V, Zn, and
Zr) with greater than 80% of the samples having detectable concentrations and to households which contained measurements for
all three sample types (indoor, outdoor, and personal). Samples
detectable but below the analytical limit of detection (LOD) were
included as reported in the RIOPA database and non-detectable
elemental concentrations were replaced by zero. For the small
number (n ¼ 66) of households with two visits containing complete
data on indoor, outdoor, and personal PM2.5 mass measurements,
the earliest visit was used. This resulted in a total of 168 participants used in all analyses.
Personal and home characteristics of RIOPA participants were
collected by study personnel during home visits and these were
also downloaded and included in our analyses. These were available
via the RIOPA Baseline Questionnaire and Technician Walk-Through
databases and included the presence or absence of several known
PM sources. In addition, time-activity questionnaires were
completed by study participants, which included the presence or
absence of behaviors and exposures known to be associated with
PM as well as personal information including age, sex, race, income,
and education. Census tract level measurements were also included
for each participating household. A complete list of personal and
home characteristics considered is shown in Table A1.
All analyses besides the descriptive analyses were conducted
after applying a log(1 þ x) transformation to all elemental concentrations, as well as to AER, elevation, housing density, population density and percentage of high density developed housing
in order to make the data normal and variance relatively constant.
To aid in interpretation, when the means of these variables are
presented in tables, they have been back transformed to their
original scale.
2.2. Descriptive analyses
The correlation between each measured element in
indoorepersonal and outdoorepersonal samples was calculated
using the Spearman correlation coefﬁcient. In addition, the ratio of
elemental concentrations in outdoor to personal (OeP) and indoor
to personal (IeP) air was determined for each RIOPA participant
and the distribution of OeP and IeP ratios summarized by boxplots.
2.3. Principal component scores
Principal component analysis (PCA) was conducted to examine
the heterogeneity of elemental constituents in indoor, outdoor,
and personal PM2.5. In order to quantitatively compare the
elemental heterogeneity of PM2.5, PCA was conducted within each
study site (CA, TX, NJ) by pooling all sample types (i.e. indoor,
outdoor, personal). Principal component scores (PCS) for each
sample type within each study site were derived as
PCSp ¼ b1p ðX1 Þ þ b2p ðX2 Þ þ … þ bip Xi (Han et al., 2012) where
PCSp is the PCS on the pth principal component, bip is the loading
for the ith measured element on the pth principal component, and
Xi is the standardized elemental concentration of the ith element.
The PCS were calculated using only those principal components
with eigenvalues greater than 1. ANOVA was used to test if the PCS
for the ﬁrst three principal components differed by sample type
within each study site.
2.4. Clustering
Model-based clustering was implemented in the R package
mclust (Fraley et al., 2012; Fraley and Raftery, 2002) and used to

228

C. Brokamp et al. / Atmospheric Environment 101 (2015) 226e234

group RIOPA participants based on the elemental concentrations in
their personal PM2.5 samples. An underlying mixture of normal
models was assumed and an expectation maximization algorithm
was used to estimate the model parameters. Bayesian Information
Criterion (BIC) was used to identify both the optimal number of
clusters and the appropriate mixture of Gaussian models. According to the BIC, the best model was found to be an equal-variance
mixture model with 7 clusters for the personal PM2.5
concentrations.
Heatmaps were used to visualize the relative indoor, outdoor,
and personal elemental concentrations for each personal cluster
across every element by subtracting the mean and dividing by the
standard deviation to create z-scores for each element. The mean of
each element in indoor, outdoor, and personal PM2.5 (and also the
PM2.5 in total) were tested for differences across clusters by
ANOVA. Differences in participant personal and home characteristics between clusters were tested using either a Pearson's Chisquared test (with p-values obtained via Monte Carlo simulation)
or ANOVA.

3.2. Correlation between sample types of each element
The correlations between both indoorepersonal (IeP) and
outdoorepersonal concentrations (OeP) of PM2.5 are presented in
Fig. 1. The concentration of total PM2.5 in personal samples was
more correlated with indoor samples (r ¼ 0.46, p < 0.001) than
outdoor samples (r ¼ 0.18, p ¼ 0.02) and this also was the case for
all of the 24 elemental components, except Ag, which had similar
IeP (r ¼ 0.21) and OeP (r ¼ 0.23) correlations. The highest IeP
correlations were observed for Br (r ¼ 0.76), S (r ¼ 0.90), and V
(r ¼ 0.87). Only Ag, Sb, Si, and Ti had IeP correlation coefﬁcients less
than 0.3. Although the OeP correlations were lower, they were
generally similar to the IeP correlations. Notable exceptions that
showed a low and non-signiﬁcant OeP correlation were Ba, Cl, Sb,
Si, Ti, and Zr. The highest OeP correlations were found for S
(r ¼ 0.84) and V (r ¼ 0.82).

3.3. Ratio of indoorepersonal and outdoorepersonal of each
element

3. Results and discussion
3.1. Cohort description
A full description of the RIOPA cohort for all home and personal
characteristics included in the analyses is available in Table A1.
RIOPA participants were primarily female (73%) and 44% were
white. The average year of birth was 1954, the percentage of subjects that had attained a high school level or higher education was
82%, and 54% of the subjects had a household yearly income greater
than $25,000. Overall, personal PM2.5 exposure was higher than
the average indoor and outdoor PM2.5 exposure (38.4 versus 18.5
and 17.9 mg/m3, respectively).

The ratios of indoor to personal and outdoor to personal concentrations for each element in PM2.5 are shown as boxplots in
Fig. 2. Most of the elemental concentrations of PM2.5 in personal
samples were twice as high as both indoor and outdoor concentrations. For the indoor elemental components, the exceptions
included Br, S, Se, and V, which all had IeP ratios of about 1. Of the
outdoor elemental components, As, Br, Mn, and Pb all had ratios
closer to 1 and Se and V had ratios of roughly 1.5. Some element
ratios had a relatively large interquartile range and this may be due
to a lot of the observations being below the limit of detection of
the instrument (Ag, As); however, this was not the case for Sb, Se,
and V.

Fig. 1. Spearman correlation coefﬁcients for indoor-personal and outdoor-personal concentrations of each element and total PM2.5. A star represents a statistically signiﬁcant
correlation (p < 0.05).
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Fig. 2. Boxplots of indoor to personal and outdoor to personal ratios for each element and total PM2.5.

The higher correlation of personal concentrations to indoor,
rather than outdoor, concentrations suggest that only monitoring
outdoor PM2.5 elemental concentrations is not sufﬁcient to accurately capture personal exposure. Furthermore, the generally low
ratios below 1 suggest that outdoor monitoring may lead to an
underestimate of an individual's PM2.5 elemental exposure. Time
spent in other microenvironments, such as roadways, where higher
concentrations of elements are expected than in the home, may be,
in part, responsible for the PM2.5 exposure of an individual. This
could be explained by the observation that concentrations of elements dominated by ambient, outdoor sources (S, Se, V) have the
highest correlations in both IeP and OeP samples and also have
ratios near 1.

3.4. Comparing elemental heterogeneity across sample types
In order to assess the heterogeneity of the mixture of PM2.5 for
personal, indoor, and outdoor samples, we applied principal
component analysis. To account for the fact that heterogeneity
among samples could be due to differences in the sample location,
we carried out the analysis separately for each location. In CA, 5
principal components (PCs) were extracted from the elemental
data with an eigenvalue greater than 1 while 6 PCs were identiﬁed
in TX and NJ with eigenvalues greater than 1. The total variance of
the dataset explained by the PCs with eigenvalues greater than 1
was similar across all study sites (69.5% in CA, 69.7% in TX, and 71%
in NJ). The loading factors for all elements for PCs 1e3 by sample
location can be found in Table A2. Elements whose absolute loading
factors exceed 0.3 are considered highly loaded (and are bolded in
Table A2). Furthermore, principal component scores (PCSs) were
derived for each sample type (indoor, outdoor, and personal) within
each study site (CA, TX, NJ) by summing the rotated and scaled data
for each PC. The mean and 95% conﬁdence intervals for each are
plotted in Fig. 3.
The ﬁrst PC for all three locations was not highly loaded by any
elements, and this is usually the case as the ﬁrst principal
component typically represents a weighted average and the
remaining PCs represent contrasts. PCS-1 signiﬁcantly differed

across sample types for all three locations. In NJ, all three sample
types appear to be different, suggesting that the overall average
PM2.5 elemental composition is different for each sample type,
whereas in CA and TX, outdoor and personal sample types are more
closely related as compared to the indoor sample type.
PC2 was primarily explained by S, Se, and V for all three locations, and also by Br for CA and NJ, but not TX. S is thought to be due
to coal combustion (Hammond et al., 2008; Lall and Thurston,
2006), but could also be due to diesel combustion (Spencer et al.,
2006) related to trafﬁc given that these measurements were
taken before low-sulfur diesel fuel became prevalent. Se is also
attributed to coal combustion (Lee et al., 2008; Ogulei et al., 2006;
Hammond et al., 2008). V is mainly hypothesized to be due to local
or regional oil combustion and reﬁnery activities (Qin et al., 2006;
Li et al., 2004; Hammond et al., 2008; Lall and Thurston, 2006). S,
Se, and V are also the three elements pointed out in Section 3.2 as
having the highest IeP and OeP correlations and pointed out in
Section 3.3 as having the IeP and OeP ratios closest to unity. Thus,
PC2 can be thought of as representing mainly ambient PM2.5
components due to oil and coal combustion, which are due to
largely outdoor sources like reﬁnery activities and industrial processes. PCS-2 was found to signiﬁcantly differ among the indoor,
outdoor, and personal sample types for all three locations (Fig. 3). In
CA and NJ, the PCS for all three sample types are different, suggesting that oil and coal combustion contributes differently for all
three sample types. This could be because exposures to these
sources are common outside the home and these particles are
thought to be robust and able to be transported long-ranges, where
it could spread throughout the home into personal airspace.
However, in TX, indoor and personal PCS-2 are very similar,
whereas outdoor PCS-2 is different, suggesting that the contribution of oil and coal combustion is similar for indoor and personal
exposures. This could be due to the hotter climate in TX causing
more time spent indoors and less exchange of air from outdoors to
indoors.
PC-3 in CA was largely explained by Cl, Cr, and Ni. Cl and Cr are
usually attributed to brake and tire dust, as well as soil and road
dust (Schauer et al., 2006). Thus PC-3 in CA can be thought of as
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Fig. 3. Principal Component Scores 1 through 3 for locations CA, NJ, and TX. P-values on each plot are from an ANOVA test of equality of means for indoor, outdoor, and personal
sample types.

largely driven by non-combustion trafﬁc and roadway residues. In
CA, the PCS-3 differed for each of the indoor, outdoor, and personal
sample types, again suggesting that road dust contributes differently to the elemental composition of each sample type. PC-3 in NJ
was most heavily loaded by As, Cl, K, and Zn. The domination by As
and Cl again suggest roadway dust sources, but the more heavily
loaded K and Zn suggest that PC-3 in NJ is also heavily due to
biomass and garbage burning (Qin et al., 2006; Rizzo and Scheff,
2007; Lee et al., 2008) as well as steel making (Rizzo and Scheff,
2007; Hammond et al., 2008; Pekney et al., 2006), respectively.
Here, PCS-3 differed by sample type, but indoor and personal
sample types were more similar as compared to the outdoor
sample type. This likely means that biomass/garbage burning and
steel production contributes the most to outdoor PM2.5 concentrations and not as much to indoor and personal concentrations.
This is to be expected because most of the PM from biomass sources
and steel making is usually from a few dominant sources, which
might not penetrate the indoor airspace of a home. Finally, PC-3 in
TX was highly loaded by As, Br, Cl, and Sn. Other than road dust
marked by As and Cl, the sources of PC-3 that produce Br and Sn are
not completely clear. Without a dominant source for PC-3, this may
explain why the PCS-3 was not found to differ between indoor,
outdoor, and personal sample types.
This application was previously proposed by Han et al. (2012) to
identify signiﬁcant differences in the composition of metals in
PM2.5 between eight U.S. counties, but to our knowledge, this is the
ﬁrst application of PCS to examine the heterogeneity in elemental
composition between indoor, outdoor, and personal PM2.5 samples
within geographic regions. Overall, the elemental composition of
PM2.5 differs across indoor, outdoor, and personal sample types for

each location, although the speciﬁc sources driving the PM2.5 exposures affect which sample type is affected the most. Local trafﬁc
and road dust particles seem to affect indoor, outdoor, and personal
PM2.5 concentrations all differently, whereas more long-range
sources like biomass and garbage burning seem to affect outdoor
more than indoor and personal PM2.5 concentrations. Furthermore, location-speciﬁc behaviors and factors due to climate, geography, and socioeconomic status likely play a large role in how
the elemental composition of PM2.5 differs for each sample type.
This evidence further supports our hypothesis that the elemental
composition of outdoor and indoor PM2.5 does not accurately
represent that of personal PM2.5 exposures.

3.5. Clustering subjects based on the elemental composition of
personal PM2.5
A total of 7 clusters of study subjects with similar personal
PM2.5 elemental composition were identiﬁed. Table 1 presents the

Table 1
The number and percentage of subjects that comprise each cluster.
Cluster

Total (n)

CA (n)

CA (%)

NJ (n)

NJ (%)

TX (n)

TX (%)

1
2
3
4
5
6
7

38
41
12
20
14
33
10

24
13
7
4
9
6
5

63.2
31.7
58.3
20.0
64.3
18.2
50.0

11
4
4
10
3
13
3

28.9
9.8
33.3
50.0
21.4
39.4
30.0

3
24
1
6
2
14
2

7.9
58.5
8.3
30.0
14.3
42.4
20.0
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makeup of each cluster according to study location. The fact that
clusters are not well separated with respect to location suggests
that the personal PM2.5 elemental exposure patterns are robust
across the geographic locations. To visualize and describe the
clusters based on their personal exposure patterns, the mean
concentrations for each element are plotted for each cluster as a zscore calculated on each element across all clusters and presented
as a heatmap (Fig. 4). In general, cluster 4 had the highest personal
concentrations of elements relative to other clusters and cluster 2
also had higher than average personal concentrations for most elements, although not as extreme as cluster 4. Cluster 5 had the
lowest personal concentrations of elements and, although not as
pronounced, cluster 6 also had lower personal concentrations.
Clusters 1 and 7 had, overall, average personal elemental concentrations, with a mixture of slightly above or below average
elemental concentrations. Cluster 3 was unique, with high concentrations of S, Sb, Se, and V and low concentrations of Al, Ba, Cl.
Because Al and Ba are associated with soil and road dust (Zhao
et al., 2006; Qin et al., 2006; Rizzo and Scheff, 2007; Li et al.,
2004; Lee et al., 2008) while S, Se, and V are associated with oil
and fuel combustion (Hammond et al., 2008; Lall and Thurston,
2006), this suggests that subjects in this cluster were exposed to
fuel or oil combustion without the usually associated exposure to
trafﬁc and road dust. These subjects, who are otherwise experiencing low concentrations of all elements in PM2.5, may exposed to
high levels of S, Se, and V due to fuel combustion from non-trafﬁc
sources. Table A3 presents the mean elemental concentration of
each element for each cluster. The average concentrations of all
elements differed signiﬁcantly across clusters with the exception of
Sb (p < 0.1).
Figs. 5 and 6 present heatmaps illustrating the respective indoor
and outdoor mean concentrations of all PM2.5 elements. Both
clusters 5 and 6 mirror their personal exposure patterns, with
overall low concentrations of all elements. However, the clusters
with high personal exposures (4 and 2) have approximately average
exposures for all elements for both indoor and outdoor sample
types. Cluster 1, which had about average personal exposures for all
elements, demonstrates high exposures across most elements for
both indoor and outdoor sample types. In contrast, cluster 7, which
also had average personal exposure for all elements, also shows
average outdoor concentrations, but exhibits a mixture of high and
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Fig. 5. A heatmap of the means of indoor PM2.5 elemental concentrations for each
cluster. Each concentration is plotted as a Z-score calculated for each element.

Fig. 6. A heatmap of the means of outdoor PM2.5 elemental concentrations for each
cluster. Each concentration is plotted as a Z-score calculated for each element.

Fig. 4. A heatmap of the means of personal PM2.5 elemental concentrations for each
cluster. Each concentration is plotted as a Z-score calculated for each element.

low indoor elemental concentrations. High Cl and Zn concentrations and low As, Cu, and Zr concentrations deﬁne the indoor
pattern of cluster 7. Clusters 1 and 7 are similar with respect to
personal PM2.5 concentrations, but differ with respect to indoor
and outdoor PM2.5 concentrations suggesting other factors, such as
personal activities related to PM2.5 sources, may differentiate
them. Finally, the indoor and outdoor concentrations of cluster 3
are similar to those personal patterns in cluster 3, showing high S,
Se, and V along with low concentrations of Al. However, rather than
the other elements being slightly below average (as they were for
the personal exposure), they are all above average for indoor and
outdoor exposures. This suggests that subjects in cluster 3 would be
classiﬁed as being highly exposed for almost every element in
PM2.5 when measured using either indoor or outdoor sampling,
but actually have high personal exposures to only S, Se, and V. This
coincides with the conclusion drawn from the personal exposures
that subjects in cluster 3 have high exposure to these elements due
to sources other than trafﬁc. It is possible that subjects in this
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cluster reside in areas with high PM2.5 concentrations due to both
combustion and non-combustion trafﬁc activities, but either
through a higher amount of time spent indoors or a lower exchange
of air from outside to inside, manage to maintain a lower personal
exposure to combustion-related PM2.5 than their indoor and outdoor concentrations would suggest. Of the 24 elements, 20 of the
indoor elemental concentrations and 15 of the outdoor elemental
concentrations signiﬁcantly differed by cluster. Table A3 presents a
full description of the elemental means by cluster membership.
In terms of overall PM2.5 mass, the same general patterns held
true for the clusters as it did with the elemental concentrations
(Table 2). Clusters 2 and 4 had the highest personal PM2.5 mass,
whereas clusters 3, 5, and 6 had the lowest personal PM2.5 mass
and clusters 1 and 7 had an about average amount of personal
PM2.5 mass. With respect to indoor and outdoor PM2.5 mass,
clusters 5 and 6 also had the lowest amounts, but cluster 3 showed
the highest amount of indoor and outdoor PM2.5 mass of any
clusters. This again suggests that subjects in this cluster reside in
indoor and outdoor areas that are highly exposed to PM2.5, but
their personal exposure somehow remains very low. The highest
exposed personal clusters (2 and 4), showed a relatively high
amount of both indoor and outdoor PM2.5 mass, although not as
high as cluster 3.
Overall, the patterns of indoor and outdoor elemental composition of PM2.5 based on the clusters formed on personal PM2.5
elemental composition exposure suggest that there are nuanced
patterns of PM2.5 exposure and using only outdoor (or indoor)
measurements may fail to accurately capture these speciﬁc differences in elemental composition. Subjects with lower concentrations of PM2.5 elements overall are likely to have very similar
indoor, outdoor, and personal concentrations, whereas subjects
with high indoor and outdoor PM2.5 concentrations do not
necessarily have high personal PM2.5 concentrations and viceversa.
To our knowledge, this is the ﬁrst application of model-based
clustering to identify groups of individuals based on their personal exposure to the mixture of elements in PM2.5. Clusters were
generated based on personal PM2.5 exposures and as such, each

cluster may be considered a signature or pattern of personal
exposure to the mixture of elements in personal PM2.5.

3.6. Personal and home characteristics associated with cluster
membership
We also examined whether personal and home characteristics
differ by cluster because these characteristics might be responsible
for the differences in PM2.5 exposure patterns e especially those
where high indoor and outdoor concentrations were accompanied
by low personal exposures (and vice-versa). A total of 53 total home
and personal characteristics were examined to determine if they
signiﬁcantly differed across the clusters (Table A1). Of the 53 personal and home characteristics examined, 12 home characteristics
and 5 geographic characteristics signiﬁcantly differed by cluster
(Table 2).
The air exchange rate and other census-level variables, like
elevation and population and housing density signiﬁcantly varied
across cluster. Most outstanding was cluster 7, which had a very low
census-tract elevation and with low population and housing density and mostly non-developed land. Recall from Section 3.5that
clusters 1 and 7 had similar, about average personal PM2.5
elemental concentrations. However, while cluster 7 also had
average indoor and outdoor personal PM2.5 elemental concentrations, cluster 1 had the highest indoor and outdoor PM2.5
elemental concentration means of any cluster. Cluster 1 had the
highest census tract housing density and also had a high percentage
of land that was highly developed, although it did also have the
highest air exchange rate of any cluster. This could explain why the
subjects in cluster 1 experienced high indoor and outdoor PM2.5
concentrations, but had about average personal PM2.5 concentrations. Cluster 3, which was the unique cluster with high indoor and
outdoor exposures, but only high S, Se, and V personal exposures,
had the highest census tract housing density and population density, but an approximately average percentage of its land classiﬁed
as developed at a high density. Individuals in this cluster may have
industrial sources of PM2.5 nearby that are not related to trafﬁc and

Table 2
Total PM2.5 sample types, census level measurements and home and personal characteristics per cluster that signiﬁcantly differed by cluster (p < 0.1). See Table A1 for the full
list of home and personal characteristics that were not included here because they did not signiﬁcantly vary by cluster.

Indoor PM2.5 (mg/m3)
Outdoor PM2.5(mg/m3)
Personal PM2.5(mg/m3)
Air exchange rate (mean)
Census tract elevation (meters)
Census tract population density (per sq. km land)
Census tract housing density (per sq. km land)
Census tract % high density developed (mean)
Female (%)
Self-identiﬁed as caucasian (%)
Wall-to-wall carpet (%)
Presence of basement (%)
Nearby emissions (%)
Open windows (%)
Fireplace (%)
Use of deodorant, perfume or hair spray (%)
Used cleaning supplies (%)
Open doors or windows at home (%)
Use of central air conditioning (%)
Use of window unit air conditioner (%)
Use of dishwasher (%)
Nearby or operated a diesel vehicle (%)

Overall

Cluster

P-value

1

2

3

4

5

6

7

18.5
17.9
38.4
1.4
73.1
3972.5
1517.2
17.9
73.0%
43.9%
68.1%
26.8%
40.6%
74.8%
27.1%
75.4%
34.7%
63.5%
20.4%
14.4%
25.1%
30.2%

21.9
25.7
31.8
1.36
34.52
2979.96
1052.63
10.13
19 (54.29%)
8 (22.86%)
18 (60%)
9 (30%)
10 (33.33%)
32 (91.43%)
13 (37.14%)
19 (51.35%)
10 (27.03%)
30 (81.08%)
4 (10.81%)
7 (18.92%)
5 (13.51%)
19 (51.35%)

19.7
15.8
42.9
0.93
17.17
1311.91
467.72
9.70
33 (86.84%)
22 (56.41%)
29 (80.56%)
4 (11.11%)
21 (58.33%)
24 (61.54%)
11 (28.21%)
35 (85.37%)
18 (43.9%)
21 (51.22%)
16 (39.02%)
4 (9.76%)
13 (31.71%)
9 (22.5%)

23.2
26.9
27.7
1.14
45.53
4063.31
1479.30
14.18
7 (70%)
4 (40%)
9 (90%)
1 (10%)
1 (10%)
8 (80%)
5 (50%)
12 (100%)
1 (8.33%)
9 (75%)
2 (16.67%)
2 (16.67%)
3 (25%)
5 (41.67%)

21.9
19.1
79.7
1.20
11.81
1684.81
594.86
19.91
15 (83.33%)
5 (27.78%)
11 (64.71%)
8 (47.06%)
9 (52.94%)
11 (61.11%)
3 (16.67%)
16 (80%)
10 (50%)
16 (80%)
2 (10%)
7 (35%)
1 (5%)
5 (25%)

7.4
9.3
17.9
0.99
89.92
2439.60
879.07
4.10
9 (69.23%)
10 (76.92%)
7 (77.78%)
2 (22.22%)
1 (11.11%)
12 (92.31%)
6 (46.15%)
11 (78.57%)
4 (28.57%)
5 (35.71%)
2 (14.29%)
1 (7.14%)
6 (42.86%)
3 (23.08%)

14.3
12.9
27.0
0.70
13.73
2415.32
924.19
12.20
24 (80%)
15 (48.39%)
14 (48.28%)
11 (37.93%)
12 (41.38%)
22 (70.97%)
4 (12.9%)
28 (84.85%)
15 (45.45%)
18 (54.55%)
6 (18.18%)
3 (9.09%)
10 (30.3%)
6 (20%)

18.8
13.3
37.0
0.89
3.48
8.07
7.02
2.17
4 (50%)
4 (44.44%)
6 (85.71%)
2 (28.57%)
2 (28.57%)
7 (77.78%)
0 (0%)
5 (50%)
0 (0%)
7 (70%)
2 (20%)
0 (0%)
4 (40%)
2 (20%)

<0.001
<0.001
<0.001
0.087
<0.001
0.048
0.063
0.027
0.03
0.01
0.053
0.071
0.03
0.041
0.026
0.001
0.017
0.011
0.048
0.079
0.065
0.056
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vehicle combustion. Interestingly, the fraction of time spent at
home did not vary by cluster.
Of the personal characteristics (age, sex, race, education, and
income), only sex and being Caucasian signiﬁcantly differed by
cluster (Table 2). The cohort was overall mostly female (73%), but
clusters 1 and 7 were approximately an even mix between male
and female. The percentage of subjects who self-identiﬁed as
Caucasian overall was 44%, but this also signiﬁcantly differed by
cluster. Clusters 1 and 4 were largely less Caucasian than the overall
average (23% and 28%, respectively), whereas Cluster 5 was highly
Caucasian (77%). These trends agree with previous reports that PM
exposure is more common among non-whites and people with
lower socioeconomic status, although it is interesting to note that
neither education nor family income differed with respect to
cluster membership.
Twelve home and personal characteristics differed by cluster
(Table 2). The use central air conditioning was elevated in cluster 2,
whereas the use of window unit air conditioning was elevated in
cluster 4, and these two clusters had the highest personal PM2.5
concentrations, but had only average indoor and outdoor PM2.5
concentrations. Additionally, the presence of open windows during
a home visit was low for both clusters 2 and 4 (62% and 61%,
respectively). However, the same measure, but self-reported by the
study participant did not show the same patterns. Clusters 4 and 2
also had a relatively high number of nearby emission sources and
also a high use of cleaning supplies. The increased exposure to
possible PM2.5 sources coupled with a high use of air conditioning
and a low use of open windows could explain why these clusters
had very high personal elemental PM2.5 concentrations but only
average indoor and outdoor concentrations. Clusters 1 and 3 both
had a high number of study participants that had been nearby or
operated a diesel vehicle. This could explain the disagreement of
personal with indoor and outdoor PM2.5 concentrations for these
clusters.
4. Conclusion
The results of our analyses showed that personal concentrations
of PM2.5 and most elements were signiﬁcantly correlated with,
though frequently exceeded, both indoor and outdoor measurements. These results suggest that there are other sources of personal exposure besides those in the home and in the neighborhood
air. Exposures occurring in these other microenvironments, which
include transit locations, are likely to have resulted in higher concentrations of elemental PM2.5 than in subjects' homes, but these
were not measured. To our knowledge, this is the ﬁrst study to
determine whether the mixture of elements in indoor, outdoor, and
personal PM2.5 varies within a single study location. By using
principal component analysis, we found that within a single study
site, the elemental composition of PM2.5 across indoor, outdoor,
and personal samples of the same individual was signiﬁcantly
different, suggesting different composition of PM2.5 and sources of
elements in each microenvironment. We were able to identify,
using model-based clustering techniques, groups of individuals
whose personal PM2.5 composition were similar to one another
and showed that these elemental signatures did not correspond
well with the composition of indoor and outdoor PM2.5. Although
closed windows, use of air conditioning, proximity to industrial
emissions, and use of cleaning supplies were associated with the
clusters that exhibited high personal PM2.5 elemental concentrations, we were unable to identify any home and personal characteristics that fully explained the pattern of elemental
concentrations in indoor and outdoor samples.
Based on our results, we conclude that the elemental composition of PM2.5 obtained at central monitoring stations may not
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accurately represent the overall elemental composition of personal
PM2.5 exposure. Future studies examining co-exposure to elements
in PM2.5 should be cautious in the use of central monitoring sites
due to the likelihood of exposure misclassiﬁcation with respect to
the composition of elements in personal PM2.5 for individual study
subjects. Individual time-activity patterns and housing characteristics, particularly those inﬂuencing the penetration of outdoor air
to the indoor environment should be considered when possible.
Personal exposure monitoring remains the optimum method of
accurately assessing an individual's exposure to the elemental
composition of PM2.5.
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