Downloaded from https://www.pnas.org by UC Irvine on July 22, 2026 from | P address 128.200.198.159.

PNAS

EARTH, ATMOSPHERIC, AND PLANETARY SCIENCES

L)

Check for
updates

Matrix effects reshape organic aerosol volatility and atmospheric

persistence

, Abigail M. Smith?
, Kevin Ridgway®, Christian L'Orange®

ah1

Qiaorong Xie®
Yuging Dai
and Alexander Laskin

, Sara C. Botero-Carrizosa® ", Steven A. L. Sharpe®
. Shantanu H. Jathar®

Affiliations are included on p. 6.

. Gali Dekel” @, Nicole A. June©

. Katherine S. Hopstock', Sergey A. Nizkorodov'

. Manish Shrivastava“,
. Yinon Rudich® 2,

Edited by Mark Howard Thiemens, University of California, San Diego, La Jolla, CA; received April 30, 2026; accepted June 19, 2026

The volatility of individual species is a fundamental property governing the gas-particle
partitioning of organic aerosols. However, in complex organic mixtures, a compound’s
apparent volatility may differ from its intrinsic volatility, depending on the matrix’s
chemical composition. Herein, we systematically investigate component-resolved,
mixture-specific volatility for more than 1,500 individual species across 33 proxies and
chemically complex mixtures representative of selected organic aerosol types. The results
show that species in simplified proxies and reference mixtures with limited components
follow a higher-volatility trend that approaches their intrinsic values, whereas species
present in ambient and biomass-burning organic aerosols exhibit the opposite behavior,
with systematically reduced apparent volatility attributable to matrix effects. Using
levoglucosan (LG), a representative biomass-burning tracer, as an illustrative example,
we find that its volatility in complex organic mixtures is reduced by 1 to 4 orders of
magnitude relative to its intrinsic volatility in pure LG. This pronounced reduction
underscores strong matrix effects that substantially suppress the apparent volatility of
individual species in mixed systems. Machine-learning analysis further indicates that
mixture-dependent molecular metrics are more predictive of apparent volatility than
compound-specific molecular properties that define intrinsic volatility. Collectively, these
findings highlight the critical role of intermolecular interactions in governing gas-particle
partitioning in multicomponent systems. This study provides strong evidence that matrix
effects significantly influence the apparent volatility of individual species in aerosols and
other environmental organic mixtures and should be explicitly considered in volatility
prediction frameworks and aerosol transport models.

intrinsic and apparent volatility | organic aerosol | matrix effects | complex mixtures |
atmospheric persistence; levoglucosan

Organic aerosols (OA) are widespread in the atmosphere. They are commonly distin-
guished as primary organic aerosol (POA) emitted directly mostly from wildfires and
anthropogenic sources (1-3), and secondary organic acrosol (SOA), formed when volatile
organic compounds (VOCs) oxidize and their products partition into the particle phase
(3-5). In reality, these categories rapidly blur as gases and particles age, creating complex
OA mixtures whose composition and properties (molecular weight, structure, oxidation
state, volatility, light absorption, and reactivity) evolve with time (6-9). Multiphase phys-
icochemical processes such as condensation, evaporation, coagulation, cloud processing,
heterogeneous surface reactions, water uptake, and aqueous-phase chemistry further mod-
ify OA during atmospheric transport (10-13). Environmental drivers such as solar radi-
ation, oxidant levels, humidity, temperature, and pressure strongly modulate these
pathways, altering particle properties and their roles in atmospheric processes and air
quality (14).

Atmospheric organic species exist in a dynamic equilibrium between their gas and
condensed (particle) phases (14). The saturation vapor pressure (P Pa) of these spec1€s,
which is often expressed as saturation gas-phase mass concentration (Cps pgm” %) or

volatility, is a fundamental property governing temperature- and pressure-dependent
gas-particle partitioning. Volatility strongly influences the atmospheric fate of organic
species (15, 16), impacts OA formation and aging (17-19), and is therefore critical for
modeling OA transformations (20-23). The volatility of OA species depends on their
intrinsic chemical properties, such as elemental composition, polarity and molecular struc-
tures, as well as on intermolecular interactions within complex mixtures and external
environmental conditions, including temperature, pressure, relative humidity, and total
organic mass loading (24—31). Representing OA volatility in models remains challenging
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Matrix effects in chemically
complex organic aerosol (OA)
mixtures markedly suppress the
apparent volatility of individual
species, causing substantial
deviations from intrinsic,
pure-compound-based volatility
assumptions. When implemented
in chemical transport modeling,
these reduced volatilities lead to
large increases in predicted
biomass-burning OA mass
loadings, extended atmospheric
lifetimes, and enhanced regional
transport. The results
demonstrate that neglecting
matrix effects can systematically
underestimate OA burdens and
their climate and air-quality
impacts. Incorporating mixture-
dependent volatility
parameterizations is therefore
essential for improving
predictions by regional and
global atmospheric models.
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because apparent (effective) gas-particle partitioning in real-world
mixtures is governed not only by the compound-specific properties
but is further shaped by matrix interactions among coexisting
organics. The volatility basis set (VBS) provides a useful framework
for tackling this complexity (32). Various experimental and mod-
eling approaches, such as tandem differential mobility analyzers
(33), aerosol and chemical ionization mass spectrometers (34),
and molecular corridor estimations (35), have been employed to
infer VBS distributions. Nonetheless, these methods still face
challenges in directly measuring the volatility of OA components
in real atmospheric systems due to their chemical complexity,
nonideal behavior, and transport limitations.

Recent experimental advancements have significantly improved
the chemical characterization and measurement of apparent,
component-specific volatility of OA species using a method that
couples temperature-programmed desorption (TPD) with direct
analysis in real time (DART) ionization and high-resolution mass
spectrometry (HRMS) (36, 37). This approach provides
high-resolution molecular formulas for individual OA constituents
together with direct volatility measurements, enabling quantifi-
cation of gas-particle partitioning and constraining key bulk prop-
erties of OA mixtures, including glass transition temperature and
viscosity (37-40). The method and the associated data analysis
framework have been validated across diverse systems, including
biogenic SOA mixtures (37, 39), biomass burning organic aerosol
(BBOA) (38), and ambient urban OA (40), and demonstrate a
close agreement with earlier experimental findings (41-50). For
cach characterized OA component (3), the apparent volatility (C,

ug-m” %) is determined across a broad temperature (7) range,
reported as paired Values of condensed-to-gas phase transition
enthalpy (AH, kJ- mol " and reference saturation mass concen-
tration at 298 K (CJoc . pgrm” %). These two parameters define

effective ‘C* 7 values through the Clausius—Clapeyron and the ideal

gas law equations. The volatility characteristics of individual com-
ponents in different mixtures are then used to establish semiem-

pirical correlations between AH and log(‘Cz*%K) yielding

mixture-specific parameterizations practical for modeling (40).

Here, we compile component-resolved, mixture-dependent
volatility measurements for >1,500 individual species across
>30 distinct OA mixtures, enabling a comparison between
simplified proxies and chemically complex ambient samples
(ST Appendix, Supplemental Note 1). Simplified biogenic OA
proxies and reference mixtures of few components generally
align with a higher-volatility trend (37, 49), that has served as
the basis for models predicting volatility of individual organic
species (51, 52). In contrast, ambient OA and BBOA mixtures
deviate markedly from this behavior, exhibiting systematically
reduced volatility attributable to matrix effects, driven by non-
ideal, composition-dependent intermolecular interactions in
multicomponent mixtures, which can be described thermody-
namically in terms of composition-dependent activity coeffi-
cient (40, 48, 50).

Results and Discussion

Fig. 1 shows a plot of the thermodynamically coupled ‘AH* vs.

log(lCz”‘98 K) values, compiled from individual species (7) detected

and characterized across the full set of OA mixtures (S Appendix,
Table S1). Substantial overlap is observed among the datasets from
different mixture types. For improved visualization of mixture-
specific patterns, the same data are also presented in S7 Appendix,
Fig. S1 as 12 separate panels, each displaying a subdivision of the
dataset by mixture type. The plots show that individual compounds
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Fig. 1. Relationship between the apparent values of (4H*) and Iog"C;98K
for individual species measured across distinct OA mixtures representative
of various emission sources. The upper and lower lines correspond to the
trends reported for biogenic OA by Epstein et al. (49) and anthropogenic OA
reported by Ranjan et al. (50) respectively. Solid line segments indicate the
ranges over which original experimental values were reported, while dashed
lines show extrapolations beyond those ranges. Marker size is scaled to the
cube root of the corresponding mass spectral peak intensities to reflect
relative abundance. Each data point represents an elemental formula-
resolved feature and may include contributions from unresolved structural
isomers associated with the same elemental composition

generally fall within a broad corridor approximately limited by the
lower and upper volatility trend lines corresponding to biogenic OA

with ‘AH* = -11 x log 208K *+ 129 and anthropogenic OA with
AH*=-11 x log Jos K * 85, as reported in the literature (49, 50).

However, the position of each mixture between these two lines
depends strongly on its composition and source type. Within indi-

vidual mixtures, A H*and log( values follow an overall linear

298 K)
trend, but the mixture-specific slopes and intercepts differ, reflecting

the combined effects of composition-dependent entropy variations,
nonideal mixing, and matrix interactions (S/ Appendix, Supplemental
Note 2). Datasets corresponding to BrC references (G mixtures)
composed of a few selected reference compounds and laboratory-
generated biogenic OA proxies (S mixtures) cluster near the upper
trend line, indicating higher effective volatility. In contrast, mixtures
with greater compositional complexity and molecular diversity tend
to cluster closer to the lower trend line, reflecting systematically
lower apparent volatility. These include ambient OA (A mixtures),
biomass-burning OA (B mixtures), and OA mixtures collected from
pyrolysis tests with construction wood, fiberboard, and plastic mate-
rials (most W, F, and P mixtures). A subset of W, F, and P mixtures,
as well as e-cigarette OA (E mixtures), occupy an intermediate
region between the upper and lower limiting trends. This downward
shift observed in compositionally diverse OA mixtures reflects pro-
nounced matrix effects and nonuniform entropy contributions to
the volatilization of individual components (S/ Appendix, Figs. S2
and S3), whereby intermolecular interactions stabilize the condensed-
phase species and suppress their evaporation.

Fig. 2 further illustrates matrix-induced volatility suppression
based on the mixture specific measurements of levoglucosan (LG)
evaporation, a widely used tracer. of biomass burmng emissions

(53, 54). The apparent values of "““A H*and log( Sog i) derived

from Arrhenius plots of LG in a pure single-component reference
sample and complex mixtures vary substantially, as shown in

Fig. 24 and elaborated in SI Appendix, Fig. S4. These differences
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) for levoglucosan (LG) reported in this study across multiple OA mixtures, together with measurements for

pure levoglucosan (p-LG) samples and additional literature data. Solid symbols denote measurements from this work, while open symbols represent literature-

reported experimental values (56-58). The upper and lower solid lines correspond to the AH* vs. log(C:;

5es) relationships reported by Epstein et al. (49) and

Ranjan et al. (50), respectively. Dashed lines indicate trends reported by Zhang et al. (55) based on measurements of aerosolized particles. (B) Temperature-
dependent Iog(LGC;) values calculated using the parameters shown in (4). Dashed gray lines indicate unit intervals in log(C;) to facilitate visual comparison. In

both panels, bright green symbols and colored curves represent p-LG measurements and calculations. Together, these results demonstrate that matrix effects
substantially suppress LG volatility in complex organic mixtures relative to its behavior as a pure compound.

indicate that the evaporation behavior of LG depends strongly on
the surrounding mixture, reflecting pronounced matrix effects
that modify the evaporation process w1th1n multlcomponent sys-
tems. Fig. 24 compares the apparent ““AH* and log(*°C S8 K)
values measured for pure levoglucosan (p-LG) with those obtained
for LG present in B, W, and F mixtures generated from pyrolysis
emissions (87 Appendix, Table S1). Notably, the p-LG measure-
ments are highly reproducible (57 Appendix, Table S2) and align
well with the upper volatility trend line, indicating the higher
effective volatility of the pure compound. In contrast, when LG
is embedded within complex multicomponent mixtures, its appar-
ent volatility shifts markedly toward the lower trend line, demon-
strating suppression driven by interactions with coexisting organic
species. In addition, recent measurements of LG evaporation from
particles of acrosolized mixtures, reporting the LGAHWP enthalpy
under the assumption that levoglucosan is in the liquid state,
suggest that particle size effects and potential phase separation can
further influence volatility behavior. These factors lead to lower

log(LGCz*98 i) values of levoglucosan in aging aerosols, as reflected

by the data points and the dashed trend lines reported by Zhang
et al. (55). Fig. 2B presents the temperature-dependent log(LGC %)

values calculated using the Clausms—Clapeyron equation and the
coupled ““AH* and log(*“C Sog ) values shown in Fig. 24. The

intrinsic volatility of p-LG (bright green) remains the highest
across the full temperature range. In contrast, the apparent vola-
tility of LG in mixtures is substantially reduced, by up to four
orders of magnitude, consistent with strong matrix effects in
which intermolecular interactions stabilize LG in the condensed
phase and suppress evaporation. The extent of this suppression
varies among mixture types, resulting in mixture-specific volatility
behavior for LG. This dependence on mixture composition
explains the broad clustering of data observed in Fig. 1 and
demonstrates that intermolecular interactions within the mixture
are key determinants of apparent volatility. Consistent behavior
is observed when comparing species with identical elemental

PNAS 2026 Vol.123 No.30 2614944123

composition in laboratory-prepared reference blends (G1 to G4)
and in complex wood pyrolysis oil (B1), where species in the
complex mixture systematically shift toward the lower-volatility
trend (SI Appendix, Fig. S5). Collectively, these results confirm
that individual species exhibit pronounced, matrix-dependent
volatility suppression when present in realistic OA mixtures.
Fig. 3 illustrates the relative importance of compound-specific
(mm; x x;) and mlxture—averaged (<mmm; x x>) molecular metrics

in explaining variations in ‘AH* and log( 508 K) values, as deter-

mined using the gradient boosted machine (GBM) model
(81 Appendix, Fig. S6) and SHapley Additive exPlanations (SHAP)
analysis, where mm; is one of the molecular metrics and x; is the
relatlve molar fractlon of a component (). For the SHAP analy51s,

log('P}oq ) values were used instead of log(‘Cl ¢ ), as vapor pres-

sure is independent of molecular weight and is expressed in units
more commonly used in physical chemistry. For both ‘AH* and
log(‘P;; 308 K) mixture-averaged metrics consistently exhibit higher

importance than their compound-specific counterparts, indicating
that while explicit molecular structure contributes, intermolecular
interactions and overall mixture composition play the dominant
role in determining apparent volatility. Notably, mixture-averaged
molecular metrics show higher relatlve importance for adequate
prediction of both “A H*and log('P% «)> with stronger sensitivity
observed for ‘A H* Because ‘A H* reiz'fects the energetic barrier asso-
ciated with molecular evaporation, it is inherently influenced by
the matrix effects arising from the overall mixture composition.
These parameters reflect the bulk physicochemical state of the
mixture, including average polarity, hydrogen bonding capacity,
and condensed-phase viscosity. In contrast, the corresponding
compound-specific descriptors exhibit substantially lower impor-
tance, reinforcing that volatility is an emergent property governed
more by the mixture matrix than by the intrinsic properties of indi-
vidual molecules. One apparent exception arises in the SHAP anal-

ysis for predicting log(‘CZ . ), where compound-specific MW, x x;

298K’
metric appears as a highly influential feature (S/ Appendix, Fig. S7).
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Fig. 3. Global feature importance of compound-specific (light-colored bars) and mixture-averaged (dark-colored bars) molecular metrics for predicting

apparent 'AH* (A) and Iog(’P*ggK)

(B) values of individual species, as evaluated using GBM models and SHAP analysis. Light-colored bars represent compound-

specific features, expressed as mm; x x;, where mm; is a molecular metric of species (i) and x; is its relative abundance in the mixture. Dark-colored bars
represent mixture-level descriptors, calculated as abundance-weighted averages across all species in a mixture, < mm; x x; > .Bar lengths correspond to mean
absolute SHAP values averaged over all compound-mixture observations, thereby quantifying the overall contribution of each descriptor to model predictions
across the entire dataset. The consistently greater importance of mixture-averaged descriptors indicates that matrix composition exerts a dominant influence

on apparent volatility.

This result is expected because compound-speciﬁc molecular weight

explicitly enters the definition of ‘C < whereas mixture-averaged

298
<MW, x x; > does not. Consequently, the elevated importance of

MW, x x; reflects its numeric role in the C298 K

rather than a dominant physical control, and it should not be inter-
preted as evidence that this molecular metric outweighs the matrix
effects. Overall, the results in Fig. 3 demonstrate that matrix com-
position and physical state exert dominant control over apparent
volatility, consistent with the volatility suppression and clustering
trends observed in Figs. 1 and 2. Accordingly, accurate representa-
tion of OA volatility in models requires parameterizations that are
mixture-dependent rather than fixed volatility assignments based
solely on molecular structures.

Opverall, the results presented here demonstrate that the effective
volatility of OA components strongly depends on the mixture’s
properties. Matrix effects related to intermolecular interactions
and the elevated viscosity of OA mixtures can suppress apparent
volatility by 1 to 4 orders of magnitude, especially in chemically
complex and heterogeneous mixtures such as biomass-burning
and ambient urban OA. Consequently, volatility parameteriza-
tions derived from pure compounds or simplified proxy systems
systematically overestimate OA volatility and thus underpredict
particle-phase retention and atmospheric lifetimes. Because the
aerosol matrix evolves during the TPD ramp as more volatile con-
stituents are progressively removed, the fitted ‘A H*and log(‘C};

volatility expression

)
298K
values should be interpreted as experimentally derived apparent

volatilities that incorporate the effects of changing mixture com-
position, activity coefficients, viscosity, and mass-transfer limita-
tions. This evolving-matrix behavior is qualitatively consistent
with atmospheric OA, whose particle-phase composition contin-
uously adjusts through gas-particle partitioning. Notably, the
present measurements were performed under dry-particle condi-
tions; the presence of water may further influence activity coefhi-
cients, hydrogen-bonding interactions, viscosity, and mass-transfer
processes, making the investigation of humidity-dependent vola-
tility an important direction for future studies.

https://doi.org/10.1073/pnas.2614944123

Inadequate treatment of mixture-dependent volatility suppres-
sion can significantly affect WRF-Chem simulations, which are
widely used to model pollutant transport, aerosol evolution, and
aerosol-cloud—climate interactions. The modeling results presented
below illustrate the sensitivity of the WRF-Chem predicted spatial
distributions of OA and corresponding cloud condensation nuclei
(CCN) across the southeastern United States performed under the
default VBS parameterization (59). These default results are com-
pared with scenarios in which the VBS log(C* bins are systemat-
ically shifted to lower values by 1, 2, and 3 orders of magnitude,
consistent with experimentally observed matrix-induced volatility
suppression (Fig. 2B). These simulations are not intended to rep-
resent the full range of emission sources in the selected region, but
rather to demonstrate the sensitivity of WRE-Chem predictions
to mixture-dependent volatility suppression. In this sensitivity
study, only biomass-burning emissions are considered. The results
demonstrate that reduced volatility enhances gas-to-particle par-
titioning and condensed-phase retention, leading to substantial
increases in predicted OA (Fig. 4) and CCN (81 Appendix, Fig. S9)
under atmospherically relevant conditions.

In the base-case simulation (Fig. 44), OA is w1dely distributed
with the highest mass loadings (~10 to 100 pg m” %) occurring at
locations directly influenced by active fire emissions and along
their downwind transport pathways. The corresponding CCN
number concentrations derived from these OA loadmgs are on
the order of ~10° cm™ (ST Appendix, Fig. S9A), assuming a super-
saturation of SS = 0.5% and hygroscopicity parameters of k = 0.17
and x = 0.07 for biomass burning SOA and POA, respectively
(61). Fig. 4 B-D show the percent differences in OA mass loadings
relative to the base case when the VBS log(C*) bins are progres-
sively shifted lower by one, two, and three units, respectively (i.e.,
reductions in C*by 1, 2, and 3 orders of magnitude). The corre-
sponding changes in CCN concentrations are presented in
SI Appendix, Figs. S9 B-D. A one-order-of-magnitude reduction
in C*results in modest but widespread increases in OA mass load-
ings (typically <~60 to 80%), reflecting enhanced particle-phase
partitioning of semivolatile species. Reducing volatility by two

pnas.org
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Fig. 4. WRF-Chem-simulated mass loadings of submicron biomass-burning (BB) SOA across the southeastern United States modeling domain on March 18,
2025, at 20 UTC, using the QFED fire emissions dataset, the hotspots represent locations of local fires (60). (A) Base-case simulation employing the default VBS
distribution. (B-D) Percent differences in OA mass loadings relative to the base case for simulations in which the VBS logC* bins are shifted lower by one-, two-,
and three-unit values, respectively. The percent difference is calculated above a BB SOA concentration threshold of 1072 ug m™.

orders of magnitude produces substantially larger increases,
exceeding 100% across broad portions of the domain. The strong-
est response occurs when C*values are reduced by three orders of
magnitude, producing widespread enhancements exceeding 100%
and localized increases exceeding 200%, particularly in regions
directly influenced by wildfire emissions and along major transport
pathways. The corresponding increases in CCN concentrations
are ~15%, ~30%, and ~60%, respectively. Consistent sensitivity
of WRF-Chem modeling predictions is observed in simulations
for March 19, 2025 (8] Appendix, Figs. S$8-S10), which likewise
show strong responses of OA and CCN to volatility suppression.
The magnitude and spatial extent of OA and CCN enhancements
increase as volatility decreases, with particularly pronounced
responses in regions influenced by aged and transported plumes.
The stronger response observed on March 19 reflects the cumu-
lative effects of atmospheric transport and aging, which allow
semivolatile species more time to repartition into the condensed
phase when volatility is reduced. The projected ~15 to 60%
increases in CCN concentrations are large enough to significantly
alter cloud microphysics, leading to higher droplet number con-
centrations, smaller droplet sizes, longer cloud lifetimes, and
enhanced cloud reflectivity.

Atmospheric Impacts. These results demonstrate that matrix-induced
volatility suppression, as observed experimentally, can substantially
increase predicted OA mass loadings and CCN concentrations across
both near-source and downwind regions, particularly with biomass-
burning plumes. They further indicate that VBS parameterizations
derived from pure compounds or simplified proxy mixtures likely
overestimate volatility and underestimate particle-phase retention and
atmospheric persistence. Incorporating mixture-dependent volatility
parameterizations into chemical transport models is therefore essential
for improving predictions of OA mass loadings, phase state, spatial
distributions, aging transformations, and atmospheric impacts.

PNAS 2026 Vol.123 No.30 2614944123

The strong increases in OA mass loadings projected under
suppressed-volatility scenarios also highlight broader atmospheric
implications. Enhanced particle-phase retention increases OA
lifetime and facilitates the long-range transport of biomass-burning
signatures, potentially elevating regional background organic aer-
osol concentrations far from source regions. Because particle-phase
enrichment increases aerosol absorption and stabilizes light-
absorbing chromophores (62), mixture-suppressed volatility may
amplify the radiative influence of brown carbon compared to
model predictions based solely on intrinsic volatilities. The
spatially extensive OA and CCN enhancements further imply
stronger aerosol—cloud interactions through increased particle sizes
and altered hygroscopic growth, with potential consequences for
cloud activation and lifetimes, boundary-layer dynamics, and
regional radiative forcing.

From an air-quality perspective, these results suggest that chem-
ical transport models relying on volatility parameters derived from
pure compounds likely underestimate PM, 5 burdens during wild-
fire events, especially in aging-dominated regions downwind. Such
biases can propagate into public-health assessments and visibility
predictions. Accounting for mixture-dependent volatility is there-
fore essential not only for closing long standing model-measurement
gaps but also for improving regional exposure assessment under
various atmospheric pollution scenarios.

Materials and Methods

Sample Details. This work combines temperature-dependent volatility datasets
summarizing measurements for 33 mixtures collected in laboratory experiments,
test-facility studies, field campaigns, as well as selected mixtures of reference
organic compounds. A summary list of mixtures, sample identifiers, and their
sources is provided in S/ Appendix, Table S1. The datasets include: laboratory-
generated SOA proxy mixtures (S samples) (36, 37, 39); reference mixtures
of selected organic compounds commonly associated with biomass-burning
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emissions (G samples) (63); commercial e-cigarette liquids (E samples);
laboratory-generated biomass-burning OA proxies (B samples) (38); ambient
OAsamples collected in afield study (A samples) (40); and OA mixtures produced
in pyrolysis experiments with commercial construction materials, including struc-
tural wood (W samples), fiberboard (F samples), and plastics (P samples) (64, 65).

HRMS Measurements and Data analysis. The 'AH* and |Og(/C2*98K) values for
individual species in each mixture were obtained from TPD-DART-HRMS measure-
ments, with the instrumental setup, operating procedures, and data-analysis work-
flow described in detail elsewhere (36, 37) and also summarized in SI Appendix,
Supplementary Note 1. Briefly, filter-collected samples (S, A, W, F, P) were sectioned
and mounted onto a copper stub nested within the TPD heating block, whereas con-
densate samples (G, E, B) were pipetted (~6 uL) directly into the well at the center of
the copper stub.The TPD ramping profile started at 298 K, held for 0.4 min, followed
byalinearrampatarate of 70 Kmin ™" to 623K, and then maintained atthe final tem-
perature for 2 min.The DARTionization source, interfaced with the Q-Exactive HF-X
Orbitrap mass analyzer (operated at mass resolution of m/Am ~240,000 at 200 m/z),
dynamically ionized the gas-phase species degassing from the analyzed samples
during the TPD experimental runs. Progression of the high-resolution mass spectra
was recorded to identify individual components and construct their corresponding
extracted ion thermograms. Molecular formulas were assigned based on the ions
detected in negative mode, (-)DART-HRMS in the m/z range of 100 to 1,000 Da,
with constraints of Cy_4oH;.10901.25No.; and mass tolerance of 2.0 ppm (66).The (-)
DARTionization mechanism yields mostly ions of deprotonated molecules [M—H]™
and occasional radical anions M™*. Extracted ion thermograms for each species were
used to obtain the apparent ‘AH* and log(C;,, ) values, capturing the effective
volatility (reported as either C;, ug-m™> or py, Pa) of each compound as expressed
within the specific mixture analyzed (36, 37).

Molecular Metrics Calculations. Characteristic molecular metrics (mm) were
calculated for each neutral molecular species (i), including molecular weight (MW),
carbon oxidation state (0S.), elemental ratios (H/C, 0/C, N/C), modified aromaticity
index (4/), double bond equivalent (DBE), and component-specific glass transition
temperature (T,). Equations (67-70) used for the calculations of mm; values are
summarized in S/ Appendix, Supplementary Note 1. Mole fractions (x;) of the indi-
vidual species were approximated as x; = h/h,,,,, where h; is the integrated area of
the single ion thermogram for species i and h,,,,, is the integrated area of the total
negative ion thermogram of all successfully identified species, under the opera-
tional assumption that ion signal scales with concentration with more than 70%
total organic aerosol mass. Although this assumption implies uniform ionization
efficiency across all detected species, which is an oversimplification, it provides
practical numerical values of x; that serve as proxies for true mole fractions and can
be consistently used in the machine learning modeling framework described below.

SHAP Model Analysis. To assess the relative influence of compound-specific versus
mixture-dependent properties, we use the products of mm; x x; to describe indi-
vidual species and their mixture-averaged values <mm; x x;> to represent each
analyzed mixture as awhole, where mm corresponds to any of the molecular metrics
listed above. Complete list of the individual species, their’AH*, log(C;g ), mm; x
X, and <mm; x x> values reported in this study are provided in Dataset S1. The
best-performing GBM model was retained and used for the subsequent machine
learning feature-attribution analysis (71). Mean absolute SHAP was used to rank
feature importance for predicting ‘AH* and Iog("p;‘98 o) respectively. SHAP values,
rooted in cooperative game theory (72), provide a unified framework to quantify
how each feature contributes to the deviation of a model's prediction, calculated
with all features included, from the mean prediction averaged across all possible
feature subsets (73, 74). SHAP analysis was performed in R software (version
4.3.3). Performance summaries of the models for the two volatility targets are
shown in S/ Appendix, Table S3 and Fig. S6. For each fitted model, SHAP values
were computed for all compounds, and the mean absolute SHAP values were used
torank the relative importance of the molecular metrics. This approach provides an
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interpretable and quantitative framework for assessing nonlinear relationships and
interactions among molecular compositional features. A detailed description of the
SHAP analysis is presented in S/ Appendix, Supplementary Note 3.

WRF-Chem Atmospheric Simulations. WRF-Chem (version 4.2) simula-
tions were conducted at 12 km horizontal resolution for a domain over the
southeastern United States for March 16-19, 2025 with March 15 being used
to spin-up the meteorological and chemical conditions. The gas-phase and
aerosol phase chemistry used in these simulations has been described in detail
in Shrivastava et al. (60). In all WRF-Chem simulations, the BB emissions of
trace gases and primary particles were inferred from the Quick Fire Emissions
Database (QFED), while emissions of BB SOA precursors were determined based
on their emissions ratio with CO as documented in footnote of S/ Appendix,
Table S4 (75, 76). For computational efficiency, BB POA is represented by a
single semivolatile species with a C* of 1 ug m~>. Volatile BB SOA precursors
are represented in two classes: oxygenated aromatics and other (e.g., furans,
aromatic hydrocarbons, acyclic VOCs, and monoterpenes). In the base case,
the BB SOA precursors react with OH to form SOA in a 4 bin VBS with C* of
0.01,1,100, and 10,000 ug m~> with the relative mass fractions in each bin
depending on SOA class (SI Appendix, Table S4) (59), followed by further mul-
tigenerational aging of these precursors. To assess the sensitivity of WRF-Chem
predictions to lower volatility, three simulations were conducted which shift the
original BB SOAVBS 1,2, and 3 orders of magnitude lower. All other aspects
of the WRF-Chem simulations are consistent between the base case and the
sensitivity simulations. Underlying hygroscopicity assumptions for estimating
CCN concentrations, along with additional details of WRF-Chem simulations,
are provided in S/ Appendix, Supplementary Note 4.

Data, Materials, and Software Availability. All study data are included in the
article and/or supporting information.
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