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1. Evaluation of polynomial vs. linear fit for parameterization

Our goal is to find a self-consistent parameteiazathat fits both ambient and laboratory
data. Since ambient aerosols represent an ensemblef individual precursors and
laboratory SOA data points contain variability thetdependent on the precursors, we
focus on finding the parameterization that besteaggnts the ambient data points and still
reproduce the overall precursor trends observdtianaboratory data within the stated

uncertainties of the parameterization.

Both linear fit and polynomial fit are shown in Figl. While both fits reproduce most of
the data to within 10%, the polynomial fit reprodadhe ambient data better (Fig. S2).
A comparison of the fit residuals for the ambiemtl zhamber data points shows that the
fit to the ambient data points is systematicallysecthan that of the chamber data points,
particularly at the lowfss values (Fig. S3). Since the polynomial fit reproesicthe
ambient data better and captures the curvatureeoinbient data at lowég values, we

chose to use the polynomial fit (not constrainimg intercept) in this work.
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Figure S1. Parameterization using both ambient @atléd circles) and binned laboratory
data (solid diamonds). The time dependent laboyatata points are shown for reference
only and are not used in the parameterization. Bogar and polynomial fits are shown
for comparison here. The polynomial fit is chosenthis work as it reproduces the

ambient data better and captures the curvatufgecdmbient data at lowég values.
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Figure S2. Scatter plots of calculated (polynonfilabnd linear fit) vs. measured H:C.
The ambient data are highlighted in light bluasitlear that the polynomial fit is better
at representing the ambient data.
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Figure S3. Relative residuals (calculated by (féasured)/measured) for both field data
and binned laboratory data from polynomial/lineas.fNote that the polynomial fit
(black data) represents the field data better,@slbheat lowf,s values.



2. Evaluation of parameterization for other OA components
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Figure S4. Parameterization of H:C in termsfgf (Fig. 2 in the manuscript) for
SOA/OOA, using OOA components obtained from PMFamis of HR-AMS ambient
datasets and SOA formed in laboratory studies.dited gray lines are + 10% from the
fitted line. The solid circles are OOA componentsl &he open circles are HOA, other
primary OA components (local OA, LOA, biomass baogiOA, BBOA, and cooking
OA, COA). It appears that these HOA and other pnin@A components wheres8;"
contributes > ~ 20% ofm/z 43 may require a separate parameterization and warrant
future investigation.



