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Abstract

Metals constitute a small fraction of PM2.s mass but can contribute disproportionately to its toxicity.
Assessing their health risks requires spatially resolved estimates of individual metal concentrations
and emission source contributions. However, sparse monitoring and uncertain source-specific
metal profiles remain major barriers to such assessments. We developed an observation-
constrained hybrid model integrating source-oriented chemical transport modeling and Bayesian
inversion to constrain source-specific profiles and estimate emissions and population exposure for
23 PM2s metals across 11 source sectors in California. The inversion improved modeling
agreement with observations, reducing mean fractional errors from 0.835 to 0.511. For the
noncarcinogenic effects, miscellaneous sources contributed 9.1% of emissions, 24.1% population-
weighted exposure, and 57.7% of the hazard index, with Cd driving the hazard contribution.
Industrial and miscellaneous sources each accounted for approximately 35% of excess lifetime
cancer risk across six carcinogenic metals. Census-tract clusters characterized by substantial joint
contributions from these sectors had the highest mean risks and were prominent in metropolitan
Los Angeles. The framework provides observation-constrained source profiles and spatial
exposure estimates for 23 metals, supporting epidemiological studies and community-level health
assessments.
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1. Introduction

Fine particulate matter (PM25) is a leading environmental risk factor for premature mortality and
morbidity worldwide, while long-term exposure has been consistently linked to cardiovascular,
respiratory, and neurological diseases in epidemiological cohort studies.! Although metals
typically constitute a minor fraction of total PM:.s mass, they contribute disproportionately to
particle toxicity through mechanistically distinct biochemical pathways.*® Airborne metals in
PM:5 comprise a broad range of species, including crustal elements commonly associated with
mineral dust (e.g., Fe, Al, Ti, Si) and trace elements often enriched by anthropogenic emissions at
low atmospheric concentrations (e.g., Mn, Cu, V, Co, Ni). Their noncarcinogenic and carcinogenic
effects vary with elemental identity, chemical form, and exposure level.”8 Consequently, assessing
metal-related health risks requires consideration of both metal concentrations and their specific
toxicities.

Metals such as Pb and Cd can disrupt essential ion transport, enzyme activity, and cellular
signaling, with prolonged retention contributing to chronic noncarcinogenic effects.”!?
Carcinogenic metals and metalloids act through overlapping genotoxic and epigenetic mechanisms,
including oxidative DNA damage, inhibition of DNA repair, chromosomal instability, and
epigenetic alterations.'>"!” International Agency for Research on Cancer (IARC) classifies As and
its inorganic compounds, Cd and its compounds, Cr(VI) compounds, and Ni compounds as
carcinogenic to humans (Group 1), whereas Co metal and soluble Co(Il) salts are classified as
probably carcinogenic to humans (Group 2A).!820

Despite these well-established toxicological mechanisms, translating such knowledge into
population-scale health risk estimates and advancing epidemiological research require spatially
resolved metal concentration fields, which current monitoring infrastructure cannot adequately
provide. In the United States, ambient PM2 s metal concentrations are primarily measured through
the Environmental Protection Agency’s (EPA) Chemical Speciation Network (CSN) and the
Interagency Monitoring of Protected Visual Environments (IMPROVE) network. While these
networks provide high-quality speciated observations, their sites remain spatially sparse,
particularly relative to California’s dense population and highly heterogeneous source landscape.?!
Consequently, relying solely on stationary monitors for exposure assessment is insufficient for
resolving spatial gradients near localized emission sources, such as ports, industrial facilities,
major transportation corridors, and dust-influenced regions. Moreover, even where measurements
are available, the observational record typically provides total elemental mass concentrations
without source attribution. This limitation leaves a critical gap in identifying which specific
emission sectors drive the most toxicologically potent exposures.

Receptor models, such as positive matrix factorization (PMF), can infer source contributions from
observed chemical compositions, but they are limited to specific monitoring locations and do not
directly generate statewide exposure fields.?>?* Chemical transport models (CTMs) provide
spatially continuous concentration fields and can preserve links to specific emission sectors
through source apportionment techniques. Yet, CTM-derived PM2.s metal predictions are highly
sensitive to uncertainties in primary PM; 5 emissions and source-specific metal speciation profiles.
For airborne metals, this creates a methodological gap between the comprehensive spatial coverage
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needed for population exposure assessments and the rigorous observational constraint necessary
for metal-specific source attribution. Ultimately, this gap has implications for both health-risk
interpretation and the design of targeted mitigation strategies, because source contributions to
metal-attributable health risk may differ substantially.*%>

To address the gap, we developed an observation-constrained hybrid modeling framework to
estimate source-resolved airborne metal exposure and their associated health risks across
California. Building upon previous source-oriented hybrid air quality modeling efforts,?%?’ this
study enhances that approach by applying a Bayesian inversion technique to constrain CTM
predictions using surface measurements. The Bayesian framework preserves the spatial continuity
and sectoral attribution of the CTM while utilizing surface observations to probabilistically update
prior source-resolved metal fields. Unlike deterministic bias correction or empirical scaling, this
approach explicitly accounts prior and observational uncertainties, constrains uncertain metal
emissions and speciation profiles, and provides posterior concentration estimates for health-risk
assessment.”® The framework integrates source-resolved CTM simulations with monitoring data
to generate high-resolution, spatially continuous concentration fields for 23 metals across 11
source sectors: Power, Industrial, Light-Duty Vehicle Exhaust (LDV_EXH), Heavy-Duty Vehicle
Exhaust (HDV_EXH), Brake and Tire Wear, Off-road, Dust, Residential Wood Combustion
(RWC), Miscellaneous, Fires, and Sea salt. We then quantified population-weighted exposures,
noncarcinogenic hazard index, and excess lifetime cancer risks by metal and source sector.
Clustering analysis identified census tracts typologies characterized by distinct patterns of joint
contributions from multiple sources to health risks. This study tests whether sectors that dominate
metal mass also dominate health risks, thereby identifying source categories and neighborhood
types whose toxicological impacts are disproportionate to their emission contributions.

2. Methods

In this study, the framework combines sector-specific primary PM2 s (PPM2:s) concentration fields
from the Community Multiscale Air Quality (CMAQ) model simulations and prior source-specific
metal speciation profiles. The resulting metal concentrations are constrained by surface
measurements through Bayesian inference, as shown in Figure 1. The optimized posterior fields
provide high-resolution regional PM2 5 metal concentrations and source-apportioned contributions
for subsequent analysis.
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Figure 1. Schematic of the observation-constrained modeling framework for estimating source-resolved
PM: s metal concentrations.

2.1. PM2 s metal measurements and uncertainties

Daily PM2.s metal observations were obtained from US EPA Air Quality System (AQS) database,
comprising measurements from 34 California monitoring sites in the IMPROVE and CSN
networks (Figure S1). The dataset includes 23 PMb»s metal species analyzed via X-ray
fluorescence-based methods: Method 800 for IMPROVE samples and Method 811 for CSN
samples. These two methods share the same analytical basis but differ primarily in the sampler
and filter size, which exert minor impacts on the measured concentrations. Therefore, no inter-
method adjustment was applied to the dataset. In rare cases when both methods are collocated, the
priority was given to IMPROVE-protocol. Metal- and method-specific observations were retained
with their corresponding method detection limits (MDLs) and fractional uncertainties, as
summarized in Table S1.2%30

Measurement-based uncertainties were estimated following the approach utilized in the EPA’s
Positive Matrix Factorization (PMF) model.>! For a given metal m at a specific site i, method-
specific MDLs and fractional uncertainties were assigned according to the corresponding AQS

method code (Table S1). If the site-mean concentration (m) was below or equal to the

corresponding MDL, the site-specific observational uncertainty (Jl-"’,l,’f ) was set to:
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If the site-mean concentration exceeded the MDL, the uncertainty was calculated as:

2
oobs = \/ (umm)2 + (0.5MDLm,r)2 @

where u,, is the metal- and method-specific fractional uncertainty, and MDL,,, is the
corresponding detection limit, and r denotes the AQS analytical method. This measurement
uncertainty was then converted to log-space variance as:

O._obs 2
var;, =In (1 + <Cfm ) ) 3)
Lm

and used as the lower boundary for the site-specific variance of the model-observation error.

2.2. Sector-resolved PM> 5 emission

Anthropogenic emissions were generated from California Air Resource Board’s (CARB) emission
inventories for the 2019 modeling year. For other than on-road emission sources, CARB’s 2020
emission inventories were processed using the Sparse Matrix Operator Kernel Emissions (SMOKE)
system to generate hourly, gridded, chemically speciated emissions. These emissions were then
adjusted to 2019 levels using sector- and county-specific scaling factors derived from annual
emission data reported by the California Emission Projection Analysis Model (CEPAM). On-road
mobile emissions were generated directly from CARB’s 2019 on-road inventory using the
Emissions Spatial and Temporal Allocator (ESTA), providing detailed spatial and temporal
representation of vehicle activity and emission patterns. In addition to these anthropogenic
emissions, wind-blown dust and sea salt aerosols were generated dynamically using CMAQ inline
modules.?**

Total PPM2 s emissions were aggregated into 11 source sectors:

1) Power: area and point sources associated with fuel combustion for electricity generation.

2) Industrial: area and point source associated with petroleum production and industrial
manufacturing.

3) LDV_EXH: tailpipe exhaust from on-road light-duty vehicles.

4) HDV_EXH: tailpipe exhaust from on-road heavy-duty vehicles.

5) Brake & Tire Wear: non-exhaust particles generated by brake and tire wear from all on-
road vehicles.

6) Off-road: non-road mobile sources, including agricultural and construction equipment,
aircraft, locomotives, and marine vessels.

7) Dust: fugitive dust from paved and unpaved roads, agricultural operations, and construction
activities, together with natural windblown dust.

8) RWC: residential wood combustion.
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9) Miscellaneous: other anthropogenic activities that not assigned to the other sectors, such
as cooking, solvent use, surface coating, and waste disposal.

10) Fires: prescribed burning, agricultural burning, and accidental fires. Wildfires were
excluded from this analysis, as there were few significant wildfire events in California
during 2019 according the fire database.®

11) Sea salt: marine aerosol generated from sea spray.

These sector-resolved emissions were used to drive the source-tagged PPM; 5 tracers in CMAQ.
The resulting source-resolved PPM2s concentration fields were then combined with source-
specific metal speciation profiles to construct prior source-resolved metal concentration fields
required by the Bayesian inversion framework. LDV_EXH, HDV_EXH, and Brake & Tire Wear
were retained as separate source sectors in the emission processing and CTM simulations, however,
their 4-km spatial concentration fields were highly correlated. Therefore, the three on-road sectors
were combined during the Bayesian inversion to reduce collinearity, and their source-specific
metal speciation profiles were scaled jointly by a common posterior factor.

2.3. Source-oriented PM2 s chemical transport model

Since PM2 5 metals are emitted primarily as components of PPM; s, their spatial patterns depend
heavily on the source locations of particle emissions, atmospheric transport, and removal processes.
The regional source-oriented PPM> 5 concentrations were simulated using the source-tagged tracer
technique implemented in CMAQVS5.5,%® following our previous source-resolved modeling
framework.?®?® Briefly, sector-specific non-reactive PPM,s tracers were added to the model
aerosol species list and subjected to the same transport and removal processes as other chemical-
inert particulate components. Tracer emissions were scaled by 107 to avoid perturbing particle
size distributions or removal kinetics, and absolute sector-specific PPM» s concentrations were
recovered during postprocessing by applying a scaling factor of 10°. This approach provides
spatially continuous PPM3 5 contributions from each source sector while maintaining consistency
with modeled aerosol dynamics.

The CMAQ configuration followed our previous high-resolution California modeling work, where
detailed descriptions of chemical mechanisms, meteorological inputs, boundary conditions, and
model evaluation were reported.?®

2.4. Prior PM2 5 metal speciation profiles

Prior source-specific PM2s metal speciation profiles were developed using two complementary
approaches. For elements explicitly represented in CARB’s speciation profiles, including Al, Ca,
Fe, K, Mg, Mn, Na, Si, and Ti, sector-specific prior metal fractions were calculated directly from
the emission inventory as the ratio of metal emissions to total PPM2 s emissions for each source
sector:

prior _ Zk Em,S
m,s

“4)

Zk EPPM2_5,S
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where E, i is the total prior emission of metal m from sector s, and Eppyy, . s is the corresponding
total PPM> 5 emission from that sector.

For metals not included in CARB’s original PM> 5 speciation profiles, prior fractions were derived
from EPA SPECIATE source-profile data originally compiled by Reff et al.*” and mapped to the
11 source sectors used in this study. Source-profile metal mass fractions were determined using
the 75th percentile of nonzero profile values. Median and geometric-mean aggregation were also
evaluated, but the 75th-percentile statistic provided prior concentration estimates closer to
observations. This selection is important because strongly biased priors could limit posterior
adjustment in the Bayesian inversion, particularly for metal-sector combinations with limited
observational constraints. The resulting prior metal speciation profiles are summarized in Table
S2.

In addition to the 11 California source sectors, background metal concentrations were included to
represent contributions transported into California from outside the modeling region or otherwise
not attributable to in-state primary emissions. Background concentrations were derived from trace-
metal measurements at the Point Reyes background monitoring site in California reported by
Mastin et al.*8

2.5. Log-space Bayesian Inversion Framework

We employed the log-space Bayesian inversion framework established by Zhang et al.® and
adapted it here to estimate source-specific PM2 s metal speciation profiles. The inversion was
applied independently for each metal species. For a given metal m, let n, denote the number of
observations and p denote the number of sectors, corresponding to 11 California source sectors
plus the background term. Sector-resolved PPM2 5 concentrations from CMAQ were assembled
into the source-receptor matrix K,, € R"m*P  where each row corresponds to a specific
observation and each column corresponds to a sector contribution. The observed concentration
vector is y9PS € R™m*1 and the unknown parameter vector is 4,, € RP*?, representing the sector-

‘e . . . rior . .
specific metal mass fractions for metal m. Prior estimates of A5 "°" were provided as described

above. In the forward model, y™°¢ = K, A,,, is the modeled concentration vector paired with all

observations. The inversion was performed in log space by defining L,, = In (4,,), ensuring
positive posterior metal fractions and appropriately representing multiplicative uncertainties.*

The posterior estimates were obtained by minimizing the log-space Bayesian cost function:
J(Lm) = [In@57*) — In(Knet™)]" Sz 5 [In(yar) — In(Kme™)]
+ (L = Lo ") Spriorm(Lm — L")

where S, € R"m*™m is the observational error covariance matrix and Sp,ior,m € RP*? is the

®)

prior covariance matrix for the log-transformed metal fractions. The observation covariance matrix
accounts for both measurement uncertainty and site-level model-observation mismatch.
Measurement uncertainty was calculated from MDLs and fractional uncertainties using the PMF
formulation (Eq. 1-3). The site-level residual variance was estimated from the log-space
differences between prior model predictions and observations. For each site, the larger of these
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two variance estimates was used for the diagonal elements in S ,,,. For the off-diagonal elements,
temporal covariance between observations at the same site was represented using an exponential
decay function, whereas observations from different sites were assumed independent, as described
in Zhang et al.”8

The prior covariance matrix, $yrjor,m Was specified as a diagonal matrix representing uncertainty
in the prior source-specific metal fractions. For each metal, the prior uncertainty for adjustable
source sectors was assigned as a unit standard deviation in log space, corresponding to an e-fold
multiplicative uncertainty in the prior speciation profile. This uncertainty accounts for variability
among detailed source subcategories, uncertainty in source-profile data, sector-level aggregation,
and potential mismatch between national source profiles and California-specific source
composition. Fire and background terms were held constant at their prior values in the current
implementation. The Maximum a Posteriori (MAP) and posterior uncertainties were derived from
the posterior covariance matrix following Zhang et al.”8

Following the metal-specific inversion, the optimized posterior source-resolved concentration
fields (Cﬁ&s ") were calculated as:

ost ost
Cﬁl,s = Hg 'Afn,s (6)
where H; is the CMAQ sector-resolved PPM> 5 concentration for source sector s, and Af,gzt is the
optimized posterior mass fraction for metal m in sector s.

2.6. Health risk assessment

Health risks associated with optimized PM2 s metal concentrations were evaluated using standard
noncarcinogenic and carcinogenic inhalation risk metrics following the methodology of EPA’s
Risk-Screening Environmental Indicators (RSEI) model.*® For each metal m, the exposure
concentration (E C,,,) was calculated from the posterior annual mean concentration as:

ET X EF X ED
EC,, = CP*" x Vi (7)

where CP°°® is the posterior annual mean PM» s metal concentration, ET is exposure time, EF is
exposure frequency, ED is exposure duration, and AT is averaging time. For noncarcinogenic
hazard, AT represents the averaging time over the exposure duration; for carcinogenic risk, AT
represents lifetime averaging time. The reference value of parameters is listed in Table S3. Source-

resolved EC,,, were calculated analogously using Cf,’f: L

Noncarcinogenic effects were evaluated using hazard quotient (HQ) and hazard index (HI) metrics,
which compare estimated exposure with chemical-specific reference concentrations, which are
interpreted as screening-level indicators. For inhalation exposure, the HQ is the ratio of exposure
concentration to the inhalation reference concentration (RfCi,p). The RfC;,p represents an
estimate of continuous inhalation exposure expected to be without appreciable risk of adverse
noncancer effects over a lifetime. For each metal m, the H(Q,,, was calculated as:
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EC,
Rf Cinh
where C,I:lOSt is the posterior metal concentration in unit of ng m>, 10" converts ng m™ to mg m™,

and Rf C;,p, is reported in mg m™ (Table S4). The cumulative hazard index for multiple metal
pollutants was calculated as:

HQ,, x 1076 (8)

HI = Z HQ,, )

Source-resolved HQ and HI were calculated analogously using Eq. (8) and (9). An HQ or HI less
than or equal to 1 indicates that adverse noncancer effects are not expected, whereas value greater
than 1 indicate potential concern. Because HI assumes additivity across metals, it should be
interpreted as a screening-level indicator of cumulative noncarcinogenic concern rather than a
direct probability of adverse health effects.

Cancer risk was expressed as excess lifetime cancer risk (ELCR), which represents the incremental
probability of developing cancer over a lifetime due to exposure to the carcinogenic pollutants.
For metals with available inhalation unit risk (IUR) values (Table S4), ELCR,,, was calculated as:

ELCR,, = EC,, X IUR,, (10)

where EC,, is the exposure concentration of metal m, and IUR,, is the inhalation unit risk. Total
cancer risk was calculated by summing across carcinogenic metals:

ELCR :ZELCRm (11)
m

2.7. Census-tract clustering analysis

To identify recurring spatial patterns in source-resolved metal exposure and risk, posterior gridded
results were aggregated to California census tracts*' using area-weighted polygon overlaps
between 4-km CMAQ grid cells and tract boundaries. For each tract, source-specific risk
contributions were normalized to fractional contributions so that clustering reflected relative
source mixture rather than absolute risk magnitude. Census tracts were grouped using k-means
clustering applied to the standardized source-risk fraction matrix. The number of clusters was
selected manually using diagnostic metrics as references, including silhouette score and Davies-
Bouldin index (DB index), together with interpretability of the resulting source profiles and spatial
patterns. Mean source-risk fractions characterized the joint contributions of multiple sources
within each cluster, and census tract cluster assignments were mapped to assess geographic
coherence across California.

3. Results and Discussion
3.1. Observation-constrained model performance
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The Bayesian inversion substantially improved agreement between modeled and observed site-
specific annual-average PM> s metal concentrations, as Figure 2. Across 23 metals at 34 California
monitoring sites, the pooled mean fraction bias (MFB) improved from -0.689 to -0.223, while the
mean fractional error (MFE) decreased from 0.835 to 0.511 (Table S5). The Pearson correlation
(R) increased from 0.777 to 0.821. These improvements demonstrate that the observational
constraints effectively corrected the systematic underprediction and overall prediction error in the
prior estimates.
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Figure 2. Performance of prior and posterior PM2 s metal concentration estimates. (a) MFB and MFE of
site-specific annual-average concentrations for 23 metals. Blue squares and red crosses represent prior and
posterior estimates, respectively. The shaded region denotes the criteria of -0.5< MFB =<0.5 and MFE <
0.75. (b) Posterior vs. observed site-specific annual-average concentrations on logarithmic axes. Blue points
represent individual metal-site pairs, and red circles represent the across-site mean concentrations for each
metal. The dashed line indicates 1:1 agreement. Reported MFB, MFE, and R? are pooled across all metal-
site pairs.

MEFE decreased for 20 of the 23 metals (Table S5), indicating improvements across a broad range
of species. Substantial reductions occurred for initially underpredicted metals such as Cd (1.370
to 0.451) and Cu (0.928 to 0.361). In contrast, MFE remained nearly unchanged for Ba (-0.190 to
0.144) and increased slightly for Ca (0.045 to -0.280) and Si (-0.232 to -0.421), whose prior
estimates were close enough and the inversion did not further improve their agreement with
observations. Daily log residuals, defined as ln(Cpost / Cpn-or), describe overprediction when
positive and underprediction when negative. Log residuals are generally centered near zero across
all 23 metals (Figure S2). This daily-scale assessment complements the improved annual-average
agreement and provides further support for the posterior concentration estimates.

3.2. Posterior metal speciation profiles

Posterior metal speciation profiles exhibited distinct source signatures and are reported as
estimates with uncertainty bounds in Table S6. The bounds were calculated as one standard
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deviation (1c) below and above the posterior estimate on the natural-log scale. The posterior dust
profile was dominated by Si (18.2 [17.5-18.9]%) and Al (12.1 [11.6-12.5]%). This yields Si/Al
mass ratio of 1.50, which is comparable with those measurements in urban fugitive dust from
China (1.66-2.94). The posterior Ti/Al and Mn/Al mass ratios are 0.071 and 0.019, respectively,
consistent with ranges of 0.06-0.12 and 0.02-0.03 measured in urban fugitive dust PMas,
supporting the crustal signature of the inferred profile.** The posterior sea salt fractions of Na (35.5
[33.9-37.1]%) and Mg (4.7 [44.3-49.7]1%) slightly exceed the artificial inorganic sea-salt mixture
values of 31% and 4%, respectively.*® These fractions may overestimate those in natural sea-spray
aerosols, where organic matter contributes additional particle mass.**

California’s fossil-fuel power generation relies primarily on natural gas. The posterior power-
sector mass fractions of Ca (0.34 [0.15-0.81]%), Al (0.59 [0.24-1.48]%), Ni (0.03 [0.01-0.07]%),
and Zn (0.08 [0.03-0.19]%) are comparable to the values reported for gas-fired combined-cycle
and cogeneration plants by England et al. (0.4%, 0.4%, 0.03%, and 0.1%, respectively).*> Although
posterior Pb and Co fractions are slightly higher than the reported values, but their 1c uncertainty
intervals encompassed the literature estimates. The posterior industrial profile contained
substantial Fe (3.00 [2.54-5.33]%) and Al (2.20 [1.61-3.01]%), together with toxic trace metals
including Cr, Ni, Cu, Zn, Cd, and Sb (Table S6). The mixed composition broadly resembles
published industrial profiles, which commonly show abundant Fe and enrichment of multiple toxic
metals.* However, reported metal fractions span wide ranges across industrial activities because
of differences in raw materials, fuels, production processes, and emission controls.?®*"#748 This
diversity introduces substantial uncertainty when representing industrial emissions with a single
statewide profile. The posterior fractions therefore describe an effective aggregate composition,
and may not capture the full variability among individual industrial sources.

The RWC posterior profile was dominated by K, accounting for 1.27 [1.13-1.43]% of emitted
PM:z s (Table S6). This falls within the 0.46-2.74% range measured for wood-stove combustion of
common US tree species.48 The dominance of K and Zn (0.26 [0.24-0.29]%) is consistent with the
experiments burning spruce and pine in a log-wood stove, where these are the two most abundant
metallic elements in the emitted particles.*” The miscellaneous sector combined diverse activities,
including solvent and coating use, consumer products, asphalt paving and proofing, cooking, and
waste disposal. Its posterior proof was characterized by Cd (0.5 [0.44-0.58]%) and Sb (0.44 [0.34-
0.57]%) as the most abundant metals (Table S6). These fractions represent the aggregate
composition of this heterogeneous sector.

The posterior off-road profile was dominated by Fe (5.58 [4.69-6.63]%), consistent with abundant
Fe signature in construction-equipment exhaust (1.98-3.37%) and Fe-rich particles identified in
agricultural-machine emissions (0.01-7.13%).7%>! Ca, Mg, and Cu mass fractions fell within the
measurement ranges in excavator exhaust.’? The off-road category also includes marine vessels
and aircraft, providing a plausible context for its higher Ni and Pb fractions relative to diesel-
equipment measurements.>>>* Ni occurs in marine-engine particles from heavy-oil combustion,
whereas leaded aviation gasoline Pb-containing nanoparticles. These fuel-specific signatures may
contribute to the posterior Ni (0.15 [0.12-0.19]%) and Pb (0.48 [0.38-0.60]%) fractions in the
aggregated off-road profile (Table S6).
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Posterior on-road exhaust profiles showed agreement with measured vehicle emissions for several
metals (Table S7). The Ca fraction (0.30 [0.12-0.80]%) for LDV_EXH agreed with 0.37-0.40%
reported for gasoline vehicles, while for HDV_EXH, Fe (0.074%) and Zn (0.038%) fell within
reported diesel ranges of 0.03-0.58% and 0.03-0.77%, respectively.” Zn from HDV_EXH closely
matched the fraction of 0.049% reported by Yang et al.”®, although in LDV_EXH, Zn was lower
than gasoline measurements in both studies. Comparison with China heavy-duty diesel trucks
further showed overlapping uncertainty intervals for Ca, Zn, Cu, and Pb, but lower posterior Fe
and Al fractions, indicating variation among the diesel profiles compared.*®

Table 1. Comparison of posterior brake & tire wear metal fractions with published PM> s source profiles

(%).
Metal Posterior Sch?;(;:;é;t al. M(ezl:) ;; )al. Sch‘zl;oe&(;t al.

eta .

Brake & Tire Wear Brake Wear Brake wear Tire Wear
Fe 4.26 [3.03-5.99]* 2.69-49.88 16.6 0-0.134
Ba 2.94 [1.85-4.66] 0.479-2.137 - 0-0.013
Sb 0.154 [0.058-0.414] 0-0.471 - 0-0.001
Cu 0.099 [0.039-0.250] 0.020-1.628 - 0.003-0.017
Mn 0.098 [0.049-0.198] 0.012-0.375 0.126 0-0.002
Zn 0.097 [0.041-0.231] 0.030-1.075 - 0.021-0.335
Ti 0.075 [0.030-0.189] 0.008-0.623 - 0-0.004
Cr 0.022 [0.008-0.058] 0.006-0.052 0.059 0-0.007
Ni 0.020 [0.008-0.052] - 0.008 -
Co 0.007 [0.003-0.020] - 0.001 -

 Posterior estimates are followed by uncertainty bounds corresponding to £1c in log space, transformed
back to the original scale.

Brake and tire wear metals have particular attention because elemental composition induces
oxidative stress and inflammatory responses in human lung cells.”’ % Their relative importance
will increase as electrification reduces exhaust emissions, while greater vehicle mass may increase
tire wear, although regenerative braking reduces brake wear.®! The posterior brake & tire wear
profile showed consistent with the reported source measurements>, as Table 1, with Fe and Ba
dominant and followed by Cu, Mn, Ti, Cr, and Zn. Posterior Mn (0.098[0.049-0.198]%) was
comparable to the 0.126% measured in brake-dynamometer experiments.®> Overall, our posterior
profiles captured characteristic source-specific metal signatures. Overall, these observation-
constrained profiles provide the basis for quantifying how individual emission sectors contribute
to metal exposure and health risks.

3.3. Metal emissions, exposure, and health risks

Annual emissions of each metal were calculated by multiplying the sector-resolved primary PM> s
emissions by its corresponding posterior metal mass fraction and summing across sectors. Profile
uncertainties were propagated through 100,000 Monte Carlo simulations, independently sampling
metal-source fractions from log-normal distributions defined by their posterior estimates and log-
scale standard deviations (o). Emissions are reported as medians and 95% uncertainty intervals in
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Figure S3. The emissions included anthropogenic fugitive dust but excluded natural sea salt and
windblown dust. Si has the highest annual emissions at 8.93 [8.27-9.71] kt yr'!, followed by Al at
6.01 [5.58-6.51] kt yr‘1 and Fe at 4.60 [4.25-5.00] kt yr'l. Together with K, Na, Ca, and Mg, these
crustal elements accounted for approximately 90% of the estimated metal emission mass, which
are mainly emitted from anthropogenic fugitive dust due to human activities.>” The 11 metals
evaluated for health risks collectively contribute 2.05 [1.90-2.22] kt yr'!, approximately 5.8% of
total metal emissions. Individual metal emission maps showed broadly similar spatial patterns,
with elevated emission from Los Angeles, San Francisco Bay Area, Imperial Valley, and Central
Valley (Figure S4).

Annual-average metal concentrations were calculated by multiplying the modeled sector-resolved
primary PM2 s concentrations by the corresponding posterior metal mass fractions and summing
across sectors. For urban-rural comparisons, the metal concentrations were first aggregated to
census tracts using grid-tract overlap areas as weights, as described in Section 2.7. Census tracts
were classified using the 2010 Rural-Urban Commuting Area (RUCA) codes, which characterize
population density, urbanization, and commuting patterns.®® For this study, primary codes 1-3
(metropolitan areas) were grouped as urban, and codes 4-10 (micropolitan, small-town, and rural
areas) as rural (Figure S5). Na has the highest concentrations in both urban and rural areas,
followed by Si, Al, and Fe. Urban metal concentrations exceeded rural values for all 23 metals by
factors of 1.87-4.27 (Figure S6). The contrasts were particularly pronounced for toxic metals such
as Cd (4.27), Pb (3.15), and Cu (2.99), indicating stronger urban enrichment than for abundant
elements such as Na and Si. Individual metal concentration maps showed elevated concentrations
across the Central Valley, the Los Angeles metropolitan area, and the Imperial Valley, while Na
also exhibited pronounced coastal enhancements consistent with sea-salt contributions (Figure S7).

(b)

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0 20 40 60 80 100 0.0 0.1 0.2 0.3 0.4
Emissions (ton/year/km?) Concentration (ng/m?) Noncarcinogen Hazard Index

Figure 3. Spatial distribution of (a) annual anthropogenic emission (ton yr!' km?), (b) annual-average
ambient concentration (ng m™), and (c) noncarcinogenic HI for 11 PM, s metals, including As, Cd, Co, Cr,
Cu, Mn, Ni, Pb, Sb, Se, and Zn.
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Emissions of the 11 metals assessed for noncarcinogenic impacts showed localized hotspots in the
Los Angeles metropolitan area, San Francisco Bay Area, Central Valley, and the dessert area in
Imperial Valley (Figure 3a), while their combined concentrations exhibited broader regional
enhancements, particularly across the Central Valley and southern California (Figure 3b).
Accounting for metal-specific inhalation toxicity (Section 2.6) highlighted the Los Angeles
metropolitan area as a major hotspot of the noncarcinogenic HI as Figure 3c. Cd and As contribute
strongly to HI because their low RfC;,, values (Table S4) result in greater HQ per unit
concentration than those of Zn and Cu. The HI across California has a median of 0.034 and 95"-
percentile HI of 0.208, which is comparable with the reported values in previous studies for other
cities.®*% Therefore, the spatial distribution of noncarcinogenic hazard reflects the combined
effects of emission patterns, atmospheric transport, and the composition and toxicity of airborne
metals.

The six metals evaluated for cancer risks exhibited similar emission and concentration patterns,
with regional enhancements across the Central Valley and southern California (Figure S8). Among
these carcinogenic metals, airborne Cr exists primarily as Cr(Ill) and Cr(VI), with Cr(VI) serving
as the basis for Cr inhalation cancer-risk assessment.®® Because our inversion estimated total Cr
without distinguishing oxidation state, Cr(VI) concentrations were calculated by multiplying
source-specific ratio of Cr(VI)/total-Cr. The ratios were selected from published modeling
defaults®”-%%, California risk assessments®, and ambient Cr measurements’®, with surrogate values
explicitly identified where direct source measurements were unavailable (Table S8). The resulting
Cr(VI) concentrations were used to assess Cr-related cancer risk. Under the specific 70-year
lifetime exposure scenario, the median and 95™-percential ELCR across California are 1.72x10°
and 1.03x107, respectively. Localized ELCRs exceeded 107, corresponding to an estimated
excess lifetime cancer cases greater than 10 in one million, which is a typical cancer risk
management benchmark.”!

3.4. Source contributions to metal emission, exposure, and health risks

Source contributions to population-weighted exposure substantially differs from their emissions
as Figure 4. Miscellaneous sector accounted for 9.1% of noncarcinogenic toxic metal emissions
but 24.1% of exposure, with a similar increase from 16.1% to 37.4% for carcinogenic metals.
Conversely, dust exposure shares were approximately half its emission shares. The increased
importance of miscellaneous sources is because this sector contains residential and urban activities
whose emissions occur close to populated areas. Industrial sector accounted for 29.5% and 28.7%
of emissions of noncarcinogenic and carcinogenic metals, respectively, and remained a major
contributor to exposure at 27.1% and 23.1%.
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Figure 4. Source contributions to annual metal emissions, population-weighted exposure, and associated
health risks in California: (a) noncarcinogenic metals and (b) carcinogenic metals. On-road sector combines
LDV_EXH, HDV_EXH, and Brake & Tire Wear.

Toxicity weighting further increased the importance of miscellaneous sources, which contributed
57.7% of HI, followed by industrial at 22.5% (Figure 4a). This pattern largely reflected Cd, which
accounted for 74.0% of HI despite representing only 12.1% of population-weighted exposure
(Figure S9). The large contribution of miscellaneous sources to Cd exposure, combined with Cd’s
high inhalation toxicity, drove this sector’s substantial contribution to HI. Industrial sector
contributed 22.5% of HI, driven primarily by Cd and As. Dust accounted for 25.9% of metal
exposure but only 8.5% of HI, reflecting a greater proportion of metals with lower inhalation
toxicity (e.g., Zn and Cu), compared with industrial and miscellaneous sources.

Cancer risk was shared more evenly between industrial and miscellaneous sources, which
contributed 35.1% and 35.0% of ELCR, respectively (Figure 4b). Their contributions reflected
different metal compositions: Cr(VI) dominated industrial ELCR, whereas Cd dominated
miscellaneous ELCR. Compared with the strong Cd dominance in noncarcinogenic hazard, cancer
risk was distributed more broadly among Cd (34.8%), Co (24.3%), Cr(V]) (24.2%), and As (15.2%)
(Figure S10). These source contributions describe the metals and health endpoints represented by
the reference concentrations and inhalation unit risks. They do not quantify the full toxicity of
traffic-related particles, including the oxidative effects of Fe-rich wear particles discussed above.

To identify how the sources jointly driving health risks varied among communities, census tracts
were clustered according to their relative source contributions to HI and ELCR. After evaluating
cluster numbers, 5 HI clusters and 6 ELCR clusters were selected manually, guided by silhouette
scores, the DB index, and source-profile interpretability, while avoiding redundant or scientifically
uninformative subdivisions (Figure S11). For noncarcinogenic HI, calculated as sum of HQs for
all 11 assessed metals, the largest cluster comprised 4,040 tracts (50.3%) and was dominated in
the Los Angeles metropolitan area. This cluster combined dominant miscellaneous contributions
with substantial industrial contributions and had a mean HI of 0.39, compared with 0.16-0.17 in
the other clusters (Figure S12).
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Figure 5. Spatial distribution and source-risk profiles of six census-tract clusters characterized by joint
source contributions to ELCR in California. Map colors indicate cluster membership, and radar charts show
mean source-specific fractions of ELCR within each cluster. n denotes the number of census tracts. Mean
and SD summarize tract-level ELCR within each cluster and are expressed in units of 107,

Cancer-risk clustering revealed distinct regional source mixtures underlying the statewide
industrial and miscellaneous contributions (Figure 5). Cluster 2 comprised 3,627 tracts (45.1%)
and was prominent in the Los Angeles metropolitan area, with substantial contributions from both
miscellaneous and industrial sources. This cluster had the highest mean ELCR of 5.1x10%,
consistent with the combined influence of Cd-rich miscellaneous sources and industrial sector
containing Cr(VI) and As, which contribute strongly to cancer risk because of their high IUR.
Industrial-dominated Cluster 1 and 5 had lower mean ELCRs of 3.7x10° and 3.0x107°,
respectively, despite the stronger industrial dominance in Cluster 5. Clusters with greater RWC
influence (Cluster 3), dust contributions (Cluster 4), or a more balanced source mixture (Cluster 6)
had lower mean ELCRs of 2.5-2.8x10°°. Within-cluster distributions further revealed differences
obscured by these averages: Cluster 1 exhibited a broad, bimodal distribution, indicating that
communities with similar relative source contributions could experience substantially different
risk levels (Figure S13).

This study integrated surface observations with source-oriented modeling to link PM2 s-metal
emissions, population exposure, and health risks across California. The results identified
substantial contributions from miscellaneous and industrial sources to health risks, while census-
tract clustering revealed distinct community-level source joint contributions underlying the
statewide averages. Because this framework relies on observations to constrain source-specific
metal profiles, sparse monitoring coverage and uneven data availability across metals limit these
constraints, while the limited range of routinely monitored trace metals restricts the scope of the
assessment. Additional monitoring coverage and measurements of trace metals could strengthen
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the observation constraints on source-specific profiles. The posterior PM>s metal speciation
profiles developed here provide inputs for constructing sector-resolved metal emission inventories,
supporting atmospheric transport, deposition, and chemical-process studies. The concentration
fields can be linked to residential health records to investigate associations between health
outcomes and exposure to individual metals or joint contributions for further epidemiological
investigations.
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