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Abstract

A framework is presented and evaluated for the parameterization of smog chamber
results for use in atmospheric Chemical Transport Models (CTMs). The parameterization
uses an absorptive partitioning model to describe formation of secondary organic aerosol
(SOA). The key points of the framework are (1) the ability to fit results from several
types of chamber experiments; (2) the use of a basis set of surrogate compounds
characterized by fixed effective saturation concentrations instead of the more commonly
used variable saturation concentrations; (3) calculation of uncertainties of the estimated
SOA aerosol mass fractions outside of the fitted experimental range; (4) determination of
the effective enthalpy. The features of this data analysis and fitting framework are
demonstrated using simulated data, and actual measurements from a-pinene ozonolysis
experiments. Representation of SOA formation using as many as eight surrogate
compounds with fixed effective saturation concentrations is shown to be feasible and has

advantages over simpler parameterizations.
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1 Introduction

Driven by the need to simulate secondary organic aerosol (SOA) formation for
Chemical Transport Models (CTMs), the results of “smog” chamber studies of SOA
formation have been extensively parameterized. Early smog chamber experiments were
translated into aerosol mass fractions (yields) for models by assuming a constant aerosol
mass fraction for each precursor (Hatakeyama et al., 1989) or assuming independent
condensation of each SOA component when its concentration exceeded its saturation
value (Pandis et al., 1992). With additional chamber experiments and theoretical
investigation, it was demonstrated that SOA aerosol mass fractions of the various organic
precursors are not constant, but depended on aerosol concentration in a manner consistent
with equilibrium gas-particle partitioning (Odum et al., 1996; Pankow, 1994a; Pankow,
1994b).

With the completion of more chamber studies and the wider acceptance of
absorptive partitioning theory for organic aerosol formation, a database of empirical
concentration-dependent aerosol mass fractions was developed, and implemented in
CTMs (Griffin et al., 1999; Lurmann et al., 1997; Odum et al., 1997; Strader et al., 1999).
SOA studies have been reviewed by (Kanakidou et al., 2005; Seinfeld and Pankow,
2003).

Prior to about 2004, the main type of chamber SOA formation experiment gave
one aerosol mass fraction (aerosol formed / hydrocarbon reacted) after several hours of
oxidation and aerosol formation. These “final aerosol mass fraction” experiments were
limited in time resolution, usually by the time required to measure the precursor

concentration by GC (aerosol concentration could be monitored at minute time scales
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using Scanning Mobility Particle Sizers). While real-time monitoring of VOC levels
during SOA formation was available using long path FTIR, this required high
concentrations of reactants. Now that Proton Transfer Reaction Mass Spectrometry
(PTRMS) is in use in several chambers, dynamic concentrations can be measured
generating dozens of data points for each chamber experiment (Lee et al., 2006; Ng et al.,
2006; Presto et al., 2005). The applicability of dynamic aerosol mass fractions (AMF) can
be evaluated by comparison with fixed AMF (Pathak et al., 2007). Other experiments or
series of experiments have been conducted to establish the relationship between
temperature and SOA formation. These include series of experiments with similar
hydrocarbon concentrations, but different temperatures (Pathak et al., 2007; Takekawa et
al., 2003) as well as formation at a fixed temperature followed by heating or cooling of
the chamber inside a temperature-controlled room or enclosure (Stanier et al., 2007).
This work attempts to synthesize all of these types of data to inform the SOA formation
parameterization.

Smog chamber experiments done at one temperature give no information about
the temperature dependence of SOA AMF. Product yields may vary as a function of
temperature and the vapor pressures of individual products will certainly vary with
temperature. In the latter case, lower temperatures should favor higher yields.
Temperature dependence is typically included in CTMs by calculating temperature-
dependent saturation concentrations (or partitioning coefficients) according to the
Clausius-Clapeyron equation (Pankow, 1994a; Pankow, 1994b), using enthalpy of
evaporation 4H for representative semivolatile species. This leads to a strong link

between temperature dependence of SOA concentrations and the AH values used.



78

79

80

81

82

83

84

85

86

87

88

&9

90

91

92

93

94

95

96

97

98

99

100

Measurements of the temperature dependence of SOA AMF are now becoming available.
One goal of this work is to present a method for including the temperature dependence
results into parameter fitting, and thus reduce CTM uncertainty due to lack of knowledge
of the appropriate 4H (Pun et al., 2003; Tsigaridis and Kanakidou, 2003).

Two other methods for the determination of partitioning coefficients and AMF
should be noted. The first is the direct measurement of gas and particle phase
concentrations through filter/denuder GC/MS techniques (Kamens and Jaoui, 2001; Yu et
al., 1999). The other is a combined kinetic and thermodynamic approach where the time
series of aerosol mass and individual products is used to constrain a combination of rate
constants, stoichiometric yields, and gas-particle partitioning parameters (Kamens and
Jaoui, 2001). To date, these methods have been useful at elucidating gas-phase kinetic
mechanisms and product distributions, but have not been used to inform CTM modeling
of gas-aerosol partitioning. As emphasized in recent overview articles on SOA
formation, representation of the full complexity of SOA formation and aging will require
a combination of thermodynamic approaches (as emphasized in this work) as well as
kinetic descriptions of SOA processes (Donahue et al., 2006; Kroll et al., 2007).

Figure 1 illustrates many of the concepts to be explored in this paper. The figure
was created by simulating the oxidation of a VOC producing two semivolatile
compounds, with temperature independent stoichiometric yields. The absorptive
partitioning equations were solved to determine the fraction of product in the gas and
aerosol phases. The aerosol phase portion contributes to the aerosol mass fraction shown
as the z axis. The goal of this work is to determine how to parameterize the AMF surface

from smog chamber experimental data, including traditional final AMF, fixed-
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temperature experiments, variable temperature experiments, and dynamic chamber
results. Also noted in Figure 1 is the possibility that experimental data is not available
across the concentration and temperature regime where the models operate. Uncertainty
bounds are critical for meaningful extension of the experimental results to CTM
applications. The uncertainty bounds need to be valid for interpolation within the
experimental data, and as much as possible, for extrapolation outside of the experimental
regime.

The goal of this work is to refine the estimation of parameters from chamber
experiments using absorption partitioning theory. In section 2.1, absorptive partitioning
is reviewed. In section 2.2, the parameterization algorithm is presented. Section 2.3
reviews the types of chamber data that are available for fitting. Section 2.4 defines
several terms needed for discussion of the fitting and describes four sets of pseudodata
used in testing the fitting algorithm. Sections 3.1-3.4 describe the application of the
fitting procedure to the pseudodata sets, while section 3.5 applies it to a combined a-
pinene ozonolysis dataset including multiple chambers and multiple authors.

This work does not consider the parameterization of aging, heterogeneous
reactions, or oligomerization. It is limited to “prompt” aerosol mass formation from
chamber experiments, which capture chemistry and partitioning occurring over
approximately a 10-300 minute timescale. The choice to leave these more recently
discovered processes out of this work is not due to a belief that they are negligible or that
they do not need to be eventually incorporated into CTMs. However, the choice is
justifiable on at least two grounds: (1) a sound procedure for parameterization of prompt

SOA formation and its uncertainty is a necessary building block for more advanced
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schemes; and (2) widely used CTMs (e.g. CMAQ, CAMx, and GEOS-CHEM) share the
absorptive partitioning framework, and thus can be modified without changing their basic
structure for increased accuracy and for prediction of uncertainties on SOA formation due

to limitations in the underlying chamber data.

2 Methods
2.1 Theoretical Basis for Semi-Empirical Fitting Equations

Absorptive SOA partitioning is used throughout this work, with the following
nomenclature. The effective saturation concentration c¢;* is defined through the
expression:

yic: = Ci gus 1

where c; s 1s the gas phase mass concentration of species i and y; is its mass fraction in
the absorbing aerosol phase (; = Ciqer/ co4). The variables c; 4 and co4 are the aerosol
mass concentration of species i, and the total absorbing organic aerosol concentration,
respectively. This is equivalent to relating effective saturation concentration to pure

component vapor pressure using:

¢ =y oo Mor _ ViPL
i i M RT 04

1

where M; is the molecular weight of species i, My, is the average molecular weight of the
absorbing aerosol phase, ¢;° is the saturation concentration and p;;° is the subcooled
liquid vapor pressure of i. We note two advantages for this treatment of partitioning for
CTM parameterizations: first, the activity coefficient is included in the effective

saturation concentration, and therefore the mixture is treated as pseudoideal; and second,
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the equations do not require explicit terms for molecular weight ratios of the precursor
and products, and of the various products and the average organic aerosol molecular
weight.

The mass fraction of species i partitioned to the aerosol phase, ¢, for a single
semivolatile compound in absorption partitioning is:

C .
gi = aeryi _ 1 _ 3

Ctut,i 1 + c

i

Cou
where ¢, ; is the total concentration (gas + aerosol) of species i. Therefore, for a mixture
of semivolatile compounds, the total organic aerosol concentration is (Donahue et al.,

2006):

ot i
Cou = thot,ié:i - Z * 4
ci

ct
1+

Coua

In equations 1-4, we have not made any distinction as to the source of organic material
(either c4; OF co4) — it can be either preexisting in the atmosphere, or it can be generated
from reactions or from combustion emissions. Smog chambers are a special case, where
typically all the organic mass (for all species) is generated from oxidation of the parent
reactive organic gas (ROG). Some chamber experiments are conducted with preexisting
semivolatiles in the gas or aerosol phase, but they are the minority and would require
minor changes to the fitting equations and parameterization algorithm. In cases where
Cror,1 18 solely the result of a reaction of a precursor gas:

Cooti = Uity AROG M, [M 1. = @1, AROG 5

tot i i,mass

In this work, all a; values are mass-based yields. Expressing equations 3-5 for a

smog chamber experiment with no preexisting organic aerosol (such that Aco4 = co4):



167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

ACOA .
& = E — 6
AROG 14
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where ¢ is the overall aerosol mass fraction. Equation 6 suggests that the aerosol mass
fraction can exceed unity, owing to increase in molecular weight upon reaction. The
partitioning equations (1-4) are applicable to all atmospheric absorptive partitioning
calculations, while the smog chamber equations (5-6) should be reserved for cases where
the assumption of zero preexisting adsorbing aerosol is met.

The term aerosol mass fraction (&) is used throughout instead of the term yield
(yield = Acoa/AROG) common in SOA literature. This is done to reserve the term yield
for product yields (¢;) and avoid confusion between product yields a; and aerosol mass
fraction (AMF or ¢). For comparison to previous works, the substitution yield =
Acoa/AROG = £ can usually be made. As pointed out by Presto and Donahue (2006)
there is uncertainty on the density of organic aerosols. Aerosol mass concentration is
often measured by combining the measured aerosol number distribution by a scanning
mobility particle sizer with the assumption of sphericity and an assumed density (often
unity). Thus, application of equation 6 to both atmospheric prediction and to
experimental data reduction requires careful treatment of density. The relevant density
correction equations are in the appendix. In this work, all yields are calculated using
assumption of aerosol density of 1 g cm™.

The partition coefficient Kym; (units pg'm’) can be used interchangeably with the

effective saturation concentration, with the equation for interconversion as:

K = Cuer,i — 1 7

om,i *
gas,i COA Ci
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A typical procedure (Cocker et al., 2001; Griffin et al., 1999; Odum et al., 1996) for data
reduction of chamber experiments is to use equation 6 to regress smog chamber data
(pairs of cpy4 and ¢) to fit either 2 parameters (e.g., a single o; and saturation concentration
¢ or 4 parameters (e.g., a pair of «; values with corresponding saturation
concentrations).

When aerosol mass fractions are needed at different temperatures, the Clausius-
Clapeyron equation is used to adjust the effective saturation concentrations.

\ . T AH. [ 1 1
c (T =c (T )L ex i - 8

where T,.r1s a reference temperature where a reference effective saturation is defined, and
AH; is the enthalpy of evaporation. There is considerable uncertainty regarding the value
of 4H to use in this equation (Bian and Bowman, 2002; Stanier et al., 2007; Strader et al.,
1999; Tsigaridis and Kanakidou, 2003). One approach (which usually gives to strong of
a temperature response) is to use the few known AH values of identified SOA

components.

2.2 Parameterization Algorithm

The parameterization strategy is to determine values of ¢;*, a;, and 4H; so that
aerosol mass fractions (AMF) predicted by equations 6 and 8 match experimental values
as closely as possible. This is done by nonlinear least squares regression. The actual
regression is straightforward, but there are several challenging issues related to the
parameterization: (1) selecting the number of basic set compounds (7) to use, (2) deciding

whether to use fixed or variable effective saturation values, (3) estimating the
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temperature sensitivity accurately (or at all), and (4) estimating confidence intervals
across the range of co4 and temperature values anticipated in the CTM application. An

overview of the procedure is shown in Figure 2.

2.2.1 Selection of extreme values of ¢ *

Equations for selecting extreme values of ¢* are derived in the appendix. They depend
on the accuracy goals, organic aerosol concentrations, and temperatures of the expected
CTM application. For c* values referenced to 298 K (25°C) the equations are:

. AH( 1 1
Crnin208K ~ 5eXp|: R [T - 298]} 9

max

# 5 AH | 1 1
cmax,298K ~ 7COA,1nax eXp R T - 298 10

min

where § is the allowable error (ug m™) in the semivolatile partitioning calculation under
clean conditions, 7}, and T, are the temperature limits of CTM modeling application,
and fis the maximum fractional error in the parameterization at high concentration (e.g.
0.1 for £10% allowable organic aerosol concentration). Some values from equations 9
and 10 are given in Table 1 for 4H / R of 12,000 K. For the a-pinene cases examined in
the results and discussion section, it turns out that this choice is overly conservative, and

a value of 4,000 K will suffice.

2.2.2 Selection of number of ¢* values

A priori specification of the number of ¢* values (including c*,;, and c*,..)
required for a suitable fit and for confidence interval characterization is difficult. A

practical approach is to space the ¢* values on a lognormal basis (e.g. 0.01, 0.1, 1, ... 10°,

10
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10%, 10° pg m™) and thus the number of elements in the basis vector is determined by the
spacing between c¢*,;, and c*,,. The regression calculation is quick and can be repeated
easily with a different basis, so trial and error selection of the c* basis set is feasible.

From doing the fits for this work, we recommend:

n= alogm(c;ax/c:nin)ﬂ 11
where a is from 0.5 to 1.0. There exist cases where the experimental data can be fit with
a small basis set (e.g. n =1 or 2). This will be true especially when the data have a small
dynamic range in terms of co4 values. When equation 11 gives a large recommended
basis set but one or two well selected ¢* values are sufficient to fit the experimental data,
the additional parameters are still necessary for calculating uncertainty when the
parameterization is extrapolated outside the range of the underlying experimental data.

Although the current work is limited to fitting AMF (and not a full mass balance
for the SOA formation chemical reaction) the use of a suitably large basis set may have
further utility in tracking the mass balance, secondary reactions, aging, and atmospheric
fate of biogenic and anthropogenic ROG emissions (Donahue et al., 2006; Robinson et

al., 2007).

2.2.3 Regression

The objective function minimized during regression is

OF = Z[g_é(ai’AH’c:(T;ﬂef)’T;ﬂefﬂcOA’T)]z 12

i=l.m
where ¢ are the measured AMF (m data points) and é are the modeled AMF calculated

using equations 6 and 8. The modeled AMF are calculated using fixed parameters (7.,

11
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and experimental variables cos and 7. The adjustable parameters are o;, a single 4H
(instead of n 4H; values). Fixed saturation concentrations ¢;* are used in this work, but
they can also be adjustable parameters if 7 is small.

The fact that the AMF is linear in the adjustable parameters «; (Equation 6)
greatly speeds up the calculations. At any step in the regression (and for any value of
AH), the best set of a; can be computed by solving the following equation subject to yield

non-negativity constraints:

c c c - A
04,1 04,1 04,1
* * e —* al él
Coan T € Couy 1€ Couy TC, a é
. : 2 2 13
Coam Coam Coum :
Coam TC Coum TC Coam TC, a &
L n_| L2m _]
a, =20

Because of this feature, nonlinear minimization is performed for only 4H. In this
work, the Levenberg-Marquardt method implemented in MATLAB’s Isgnonlin function
(MathWorks, 2002) is used for the nonlinear minimization and the MATLAB function
Isgnonneg is used for the nonnegative least squares problem. The regression calculation
is not sensitive to initial guesses and takes a few seconds for fixed ¢;* values, with n=8
and hundreds of datapoints. The goodness of fit will be characterized using the metrics
shown in Table 2.

Initial confidence intervals are calculated using the asymptotic confidence interval
method (Seber and Wild, 2003) as implemented in MATLAB’s nilpredci function. The

uncertainty bounds are calculated without using the constraints that there are physical

12
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upper and lower limits to AMF. Therefore, far enough from the data, the inherent
multicollinearity in the basis set manifests itself as unreasonably high and low values of
the confidence intervals. These are truncated using the logic that AMF cannot decrease
with increasing coa (at constant temperature), that AMF cannot increase with decreasing
coa (at constant temperature), and that AMFs have both lower (zero) and upper (~1.5)
limits.

This approach often leads to wide nonphysical confidence intervals when
extrapolating outside the experimental range. Therefore, a second method of calculating
confidence intervals is employed: repeated random (Monte Carlo) sampling of selected a;
values. The basic idea is that the experimental data may poorly constrain certain yields
associated with low volatility (low c*) and high volatility (high c*) elements in the basis
set. Therefore, the yields for these compounds are selected randomly while the
remaining o;’s are fit to the experimental data. The algorithm for the Monte-Carlo
confidence intervals is included in an appendix. Random sampling is done in large
(~1000) simultaneous trials with either 1, 2 or 3 random o;’s. Random sampling is
stopped when change in the confidence intervals is smaller than a preset tolerance. This is
the slowest part of the overall parameterization code. 1000 trials require ~1 second using
MATLAB?’s Isqnonneg routine on 2.1 MHz PC with 2 GB RAM (this is while estimating
confidence intervals with 300 points in the coa vs. T space). The trials need to be
repeated from 2-20 times for each value of AH explored, so exploration of the confidence
intervals using 10 values of AH can take 1-2 CPU minutes. The combination of these

techniques for different cases will be discussed in subsequent sections.
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2.3 Description of Data Used in Fitting

Data used in this work to parameterize SOA AMF fall into three categories. The
first category is the traditional fixed-temperature smog chamber AMF experiment. In
these experiments, the AMF of secondary organic aerosol (defined as the mass of created
aerosol divided by the mass of reactant consumed) is measured after the reactive organic
gas is oxidized in a large chamber. The relative humidity and concentration of
preexisting aerosol is controlled. Temperature may be controlled or uncontrolled,
although a single temperature is usually recorded corresponding to the temperature at the
time when the AMF estimate is made. A series of experiments is usually completed
according to a design to provide variation in reactant concentration, cp4, and or
temperature. Oxidation is by OH, O3, or NOs. Oj can be injected directly from a corona
discharge source, or photochemical oxidation can be initiated from NO, photolysis. If
ozonolysis is the targeted process, an OH scavenger such as 2-butanol can be included in
the chamber in excess. As discussed in the review by Kanakidou et al. (2005) (Kanakidou
et al., 2005), there is a large body of literature data based on experiments of this type for
various precursor-oxidant combinations. These types of experiments are referred to as
static, final AMF, or traditional smog chamber experiments.

A second category of data available for fitting is from chamber experiments
where VOC concentration can be monitored rapidly using PTRMS and aerosol
concentrations are measured at minute time scale by SMPS (Presto and Donahue, 2006;
Presto et al., 2005). Therefore, a time series of coa, AROG, AMF, and temperature is

generated.
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A third category of data available for fitting is from chamber experiments that
include a change in temperature following aerosol formation. This is done solely for the
purpose of assessing the temperature sensitivity of aerosol partitioning. Rather than
compare two experiments at different temperatures (each with independent uncertainties
that complicate attributing changes in AMF to AT), the ramp or step change in
temperature allows direct observation of the change in partitioning. The technique is
called TREVA (Temperature-Ramped Equilibrium Volatility Analysis). Results are
available only for the a-pinene-ozone and B-pinene-ozone systems (Pathak et al., in press,
2007; Pathak et al., 2007; Stanier et al., 2007).

Data from all three of these experiment types is used in the final section of the
results and discussion to parameterize AMF and uncertainty for a-pinene ozonolysis.
The specific datasets are listed and referenced in Table 3. Individual datapoints used in

fitting are listed in a supplemental data section.

2.4 Nomenclature and Description of Synthetic Data Used in Fitting
Synthetic data, also called pseudodata, is useful for demonstrating that the fitting

procedures work and assessing specific strengths and weaknesses of the parameterization
strategy. Values of a;, c*;, and AH; are used to simulate AMF experiments, generating
synthetic (pseudo) data as datapoints with values of coa, & and T. These can be
simulated with random error and bias if desired. We will use the following terminology:

e Underlying model: the i, c*;, and AH; used to generate synthetic data

o Ideal AMF: ¢ calculated from the underlying model

o Synthetic data or pseudodata: data (, temperature, and co,) used in regression

15



341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

e Predictions or regression predictions: AMF (&) calculated according to the
regression output. For pseudodata cases, regression predictions are compared to
synthetic data, where agreement is expected, and to ideal data, where agreement is
not necessarily expected and will depend on many factors.

e Regression model: the structure (equation 6) and parameters for

f(a,.,AH .C; (T, )T,z 5¢0 A,T). The adjustable parameters are «; (n values) and AH.

T,eris a fixed parameter (set to 298 K for this work). co4 and T are the
independent experimental variables.

e Basis set or basis vector: the fixed values of ¢;* used in a regression model.

e Parameterization applicability domain (also model domain): the expected range
of coa and temperatures where the parameterization will be employed.

o FExperimental domain: range of cp4 and temperatures in the experimental or
synthetic data.

o Temperature sensitivity: the change in aerosol concentration with temperature due

to semivolatile partitioning, expressed as dlIn(c,, )/oT with units of K™'. For SOA

from a-pinene ozonolysis, this is expected to be ~ -0.004 to -0.036 K™ (Stanier et
al., 2007). For consistency, all temperature sensitivity values in this work are
calculated at 40 ug m™ and 20°C.
The ideal models and synthetic data experiments used in this work are described in Table
4. Two underlying models are used to generate four sets of pseudodata.
A 2-product underlying model is used to generate sets A, Bl, and B2. In
pseudodata set A, the sequence of hypothetical experiments includes 19 chamber final

AMF experiments, with experimental coa values from 7-525 g m” and temperatures
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from 26 to 37°C. Experiments are assumed to have very low independent random error
in determination of AROG such that the coefficient of variation (CV=c/mean) on AROG
from repeated smog chamber experiments would be 0.007.

In pseudodata set B1, 21 final AMF experiments are simulated and they are
assumed to come from 3 separate series of chamber experiments. The first series of
experiments is 10 experiments, all at 26°C. They are assumed to have random error such
that CV=0.02, but they are also assumed to have a series-specific bias of +10% in
measured AMF (e.g. true AMF of 0.2 would be sampled as 0.22). The second series of
experiments is 6 experiments, all at 37°C. They are assumed to have random error such
that CV=0.02, but they are also assumed to have a series-specific bias of -10% in
measured AMF. A third series of experiments is 5 experiments at the same fixed AROG,
but each at a different temperature, from 17-37°C. They are assumed to be free of
systematic error but have random error such that CV=0.02.

In pseudodata set B2, the pseudodata experiments from B1 are supplemented with
5 temperature ramp experiments, where the AMF is measured at 5 different temperatures
as the chamber is heated or cooled. The data is assumed to be noisy, and to have
correlated errors. Specifically, each of the 5 experiments is assumed to have a bias
shared by all 5 datapoints, associated with the determination of the AROG for that
experiment. This is generated randomly such that the CV=0.06. The details of the
hypothetical experiments are that each experiment gives 5 AMF datapoints at
temperatures ranging from 22 to 39°C. Each datapoint was generated with an additional

independent error, corresponding to a CV=0.03.
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In pseudodata set C, a much more complex physical mixture is assumed, with 14
products with ¢* values ranging from ~102 pug m™ to ~10* ug m>. No single SV
component was dominant, but the most prominent three had yields (a;) of 0.09, 0.042,
and 0.03 at c¢* values of 102 10°7 and 10> pg m>, respectively. Two of the fourteen
had yields of less than 0.005. A full list is given in table 4. The pseudodata comprising
dataset C are sampled in a very similar sequence of experiments as in set A. 19 simulated
experiments, with low random error (CV=0.007), no systematic error, spanning min/max

coa values of 7 and 525 pg m™, and including temperatures from 26 to 37°C.

3 Results and Discussion

3.1 Ability to Fit Synthetic Data

Following the flowchart in figure 2, there are 3 separate steps before any
calculations begin. The first requirement is experimental data. For this demonstration,
pseudodata set A is used, where 19 pseudo-experimental data points have been sampled
from an underlying 2 product model (see also section 2.4).

The second requirement is a basis vector of ¢* values to be used in the fit; the
basis vector needs to be consistent with the CTM model domain, as described in section
2.2. For this demonstration, we assume the model domain is: 0-40°C; co4,max 0f 25 pg m’
3, acceptable error (8) of 0.07 pg m™ in SOA partitioning under very clean conditions,
and an acceptable error of 1.25 pg m™ (fcosme With £=0.05) in SOA partitioning under
very polluted conditions. This set of values (listed in Table 1) is requires (equation 9 and
10) ¢*min 0f 0.01 pg m™ and c* ey of 10° pg m™. Equation 11 puts 7 at 4-8. The choice of

8 corresponds to a decadal spacing (0.01, 0.1, 1, 10, 100, 103, 104, 10° ug m'3).
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The third requirement is to form vectors to represent the model domain as a p x j
grid of cps and temperature values. The grid needs to have enough points so that
curvature in the AMF surface can be suitably represented. In this work, we use 20 values
of cos (p=20) and repeated all calculations at 5 different temperatures (0, 10, 20, 30 and
40°C). Therefore, an output of the algorithm will be AMF estimates and confidence
intervals at the p x j points. Finally, a vector of AH values is required for probing the
uncertainty limits. In this work, we test values ranging from 10 to 120 kJ mol™ in 5-15 kJ
mol™ increments. For most datasets, several of the extreme values cannot fit the data
under any choice of o;. Therefore, for a final fit, a narrower range of more tightly spaced
AH vector may give the widest uncertainty bounds.

With those three items set, the optimization and the determination of the
confidence intervals can proceed. The result for the basis c¢* vector (0.01, 0.1, 1, 10, 100,
10°, 10*, and 10° png m’) is shown in Figure 3. The regression lines (thick solid lines) go
through the data very well (the mean absolute fractional error is less than 1%). The
uncertainty bounds (grey) are narrowest where there is the most data (30°C) and become
wider away from the data. The underlying model included two SOA species with AH
values of 80 and 60 kJ/mol. The regression estimated a AH value of 77 kJ mol™. The
fitted a values were (0; 0; 0.027; 0.097; 0; 0.069; 0.25; 0.25). The ideal AMF (narrow
dotted lines) are encompassed within the confidence intervals for nearly the entire
parameterization applicability domain (88 percent of the ideal AMF fall within the
confidence intervals). The uncertainty bounds are output not as a parameterized function,
but rather as an array with a value for the upper and lower CI at each of the p x j aerosol-

temperature combinations. The confidence intervals are small in parts of the model
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domain, reflecting the high precision in the pseudodata. In Figure 3, and in all
subsequent figures of the same style, the experimental data is shifted to the nearest
temperature line using a preset temperature sensitivity of -0.015 K™'. For fitting, the data
is fit at its actual temperature — the shift is only so that the data can be summarized in one

AMF vs. cos plOt.

3.2 Exploring Goodness of Fit vs. Basis Set Selection

To explore the relationship between the choice of the basis set and the quality of
the parameterization, we now repeat the fit of pseudodata set A with different basis
vectors, varying the number of elements in the basis vector, their spacing, and the
extreme values of the basis set (¢ *,;, and c*,,,). The pseudodata are unchanged; only the
basis vectors are changed. The choices are then compared on the basis of goodness-of-
fit, fraction of data within confidence intervals, and confidence interval width.

The results are shown in Figures 4 and 5. Five different fits with basis vector
length 2 (n=2 fits) were done. These are denoted in Figure 4 as entries 2a-2e. Four
different n=3 fits were included in the comparison (3a-3d), as well as 2 n=4 fits (4a, 4b).
Single fits were done at n=5, 6, 7, 8, and 9, respectively. The n=5-7 cases had lognormal
spacing between 0.01 and 1,000 pg m™. The n=8 fit is repeated from section 3.1. The
n=9 fit has lognormal spacing from 0.01 to c*ay to 10° pg m™. Figure 4 has performance
statistics for all 16 of these cases. Figure 5 shows AMF vs. coa plots for 4 of the 16
cases.

On the y axis of figure 4a is a goodness-of-fit of the regression prediction relative

to the synthetic data (black bars) and to the ideal AMF (white bars). The plotted error is
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the mean error fraction, errs,. (see table 3). For example, a prediction of 0.18 AMF
versus a data point of 0.20 is expressed as a 10% error in Figure 4a. Figure 4b graphs the
percentage of the true AMF across the entire domain that fall within the confidence
intervals. Figure 4c shows the width of the confidence intervals at 4 specific points in
the system. One point (30°C, 26 pg m>, triangle symbols) is right in the heart of the
pseudodata. One would expect the narrowest CI for that portion of the regression.
Another, (30°C, 7 ug m™, circle symbols) is within the data, but just barely. Two points
represent the extrapolation in temperature (10°C, 26 g m™) and in temperature and
concentration (10°C, 7 pg m>).

Several conclusions can be drawn from Figures 4 and 5. First, low n (2-3
components in the basis vector) fits are variable in goodness-of-fit relative to the data.
As shown in Figure 4a (fits 2a-3d), some basis sets lead to good fits, while other fail
badly. On the other hand, using an n=2 basis vector for estimating confidence intervals
on the regression gives poor results regardless of the c¢* values. The fraction of ideal
model points falling in the confidence intervals (Figure 4b, fits 2a-2e) is fairly low, while
the size of the confidence intervals is highly dependent on the goodness of fit, varying
from unreasonably narrow (2a) to very wide (2c¢). The variability in the regression results
is reinforced by the n=2 and n=3 panels of Figure 5; the goodness-of-fit and the width of
the confidence intervals show extreme variability, depending on the exact choice.

In case 2a, the c* values selected correspond exactly to the values in the
underlying model. Therefore, the data are fit very well, giving the lowest value of the

objective function of all the cases in figures 4 and 5. However, the excellent fit coupled
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with the fact that there are no poorly constrained regression parameters gives very narrow
confidence intervals.

The second point to draw from figures 4 and 5 is that the regression results
improve in quality and consistency when a basis vector with n >6 and appropriate c*min
and c*,.x are used. The exact choice of individual c¢* values becomes much less
important as n increases to values of 6 and higher. In all the n >6 cases, the errors
relative to the data and pseudodata are small. The fraction of ideal points within the
confidence intervals are reasonable, and the uncertainty in the prediction is smallest in the
heart of the data, and grows larger as the degree of extrapolation increases. AMF vs. coa
plots can be seen with uncertainty bounds for the n=6 case (Figure 5) and the n=8 case

(Figure 3).

3.3 Temperature Sensitivity and AH

In some fitting applications the data will constrain the temperature sensitivity of
aerosol concentrations. In other words, in a plot such as Figure 3, the AMF will be
equally well predicted at a range of different temperatures. Pseudodata set A is, for the
most part, able to constrain the change in AMF with temperature. For example, the n=7
regression recovers a temperature sensitivity of -0.022 K'. The temperature sensitivity
of the underlying model at the same point is -0.021 K. The reason for this good
agreement is that the pseudodata includes data from a range of temperatures, there is no
correlation between error and temperature, and random errors are small. The fitted AH
value (77 kJ mol™) is in agreement with the underlying model (60 and 80 kJ mol™), as

explained in section 3.1. Furthermore, in pseudodata set A, the AH value is tightly
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constrained, with a standard error of ~3 kJ mol" and visible deterioration of the goodness
of fit when AH is reduced from 77 to 60.

In still other scenarios the data will not constrain temperature sensitivity. This
can occur when all data were sampled within a narrow temperature range. In that case,
the confidence intervals will be narrow at temperatures with data, and increasingly wide
at other temperatures. Or the cause can be excessive random error in the data masking
any temperature signal. This should lead to wide confidence intervals at all temperatures.
Another possibility is that correlations between error and temperature lead to an incorrect
apparent temperature sensitivity in the data.

To illustrate the case of incorrect apparent temperature sensitivity, a pseudodata
set B1 was generated. In pseudodata B1, a hypothetical series of experiments at 29 °C
has AMF 10% higher than their true values (e.g. 0.11 instead of 0.10). Another
hypothetical series of experiments at 37 °C reports AMF 10% lower than their true
values. The underlying model has SOA AH values at 80 and 60 kJ/mol, and the true
underlying model temperature sensitivity is -0.021 K™'. The regression result is shown in
Figure 6a. As expected, the regression predictions are incorrect in terms of temperature
sensitivity; the recovered AH value is too low (40 kJ mol™") and the temperature

sensitivity of the regression prediction is -0.019 K.

3.3.1 Using “Temperature Ramp” Chamber Experiments

One method of overcoming poorly constrained temperature sensitivity is through
repeated smog chamber experiments at different temperatures (Pathak et al., 2007).

However, the number of experiments may need to be fairly large (>15) to overcome
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random error between chamber experiments. Another type of experiment design is a
temperature ramp design, where a temperature controlled smog chamber is heated or
cooled quickly (minutes) after initial SOA formation (Stanier et al., 2007). This has the
advantage of minimizing the effect of experiment-to-experiment noise in measuring the
temperature sensitivity. This type of experiment was included in pseudodata set B2. Set
B2 is identical to B1 except that 5 temperature ramp experiments, each generating 5
datapoints, are added to the 19 experiments already in set B1. Figure 6b shows how the
regression result when set B2 is fit. The temperature ramp experiments, although noisy
compared to the original data, meet the objective of improving the estimation of the
temperature sensitivity. The regression shown in figure 6b has a temperature sensitivity
of -0.022 K™ and a regressed AH value of 67 kJ/mol.

Similar results to figure 6 were obtained by reversing the biases in the 29 and
37°C data series. In the above paragraphs and in Figure 6, the lower temperature data
was biased high while the higher temperature data was biased low, leading to an apparent
low temperature sensitivity. If the biases are reversed, the apparent temperature
sensitivity becomes large compared to the ideal temperature sensitivity of the underlying
model. For example, with the true temperature dependence the same as above (-0.021 K
", the initial regression’s value is -0.034 K™'. Once the temperature ramp data is added,
the sensitivity goes to -0.024 K.

Volatility TDMA experiments (An et al., 2007; Offenberg et al., 2006; Philippin
et al., 2004) may also be suitable for this type of analysis, as long as equilibrium is

achieved in the flow setup.
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3.3.2 User Specified Limits on Temperature Sensitivity

If the CTM modeling results are sensitive to temperature effects on partitioning,
then realistic temperature sensitivity and confidence intervals are highly desirable. If no
experimental data is available as a constraint, then suggested limits are (based on o-
pinene SOA) 6ln(co4)/dT of 0 to -0.04 K™ (Stanier et al., 2007). Bracketing temperature
sensitivity is preferred over the simpler approach of just limiting the AH value used
equation 6 to a preset range. The reason for this is that the value of AH required for a
certain temperature sensitivity depends on the basis vector selection and aerosol
concentrations. At least two methods exist for using artificial limits on temperature
sensitivity. One is to simply check confidence intervals for adherence to the user selected
temperature sensitivity, and to narrow confidence intervals appropriately. The other is to

include artificial data in the fitting itself.

3.4 Pseudodata Set C — Complex Mixture

The underlying model for sets A and B was relatively simple, with only 2 SOA
products. Actual organic aerosols, even for single precursors, are much more complex.
In case C, the SOA mixture is assumed to have 14 components with c* values ranging
from ~10% pg m™ to ~10* pg m™. No changes to the algorithm or procedures are
required. The result of the fitting algorithm is shown in Figure 7. A basis vector of 8
lognormally space c* values (from 0.01 to 10° pg m™) was used to perform the
regression. The fit results (error relative to data, relative to underlying model,

temperature sensitivity, and confidence intervals) are quite good. The mean absolute

fractional error for prediction of the datapoints is less than 0.02. All of the ideal model
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values are within the confidence intervals. The underlying model temperature sensitivity
is -0.026 K'' and the regression temperature sensitivity is -0.022 K™ (with a fitted AH of
56 kJ mol™).

One-to-one mapping of the ideal to the fitted yields (a values) is not expected at
the individual basis vector level. Nevertheless, broad agreement is seen when ideal and
fitted yields are compared. When mapped to the mapped to the nearest ¢c* value, the true
yields would be: [ 0.002 0 0.04 0.07 0.04 0.11 0.02 0 ]. The corresponding fitted values
are: [ 0 0 0.09 0.03 0.09 0.14 0 0 ]. Grouping into four bins instead of eight, the
comparison is closer: true yields at [ 0.002 0.11 0.15 0.02 ] and fitted yields at [ 0 0.12

0.1401.

3.5 Fitting a-pinene ozonolysis data

We now demonstrate the fitting algorithm on real data. The fitting is very similar
to the pseudodata cases presented above. The main differences are that the dataset is
larger, that the data somewhat noisier, and that new types of possible input data are
included (final AMF experiments, dynamic AMF experiments using PTRMS, and

temperature ramp experiments).

3.5.1 Demonstration algorithm on large a-pinene ozonolysis dataset

The data used for fitting is summarized in Table 3, and individual datapoints are
listed in the appendix. For the model applicability domain the “general” model case from
Table 1 was selected (0.1-60 pg m™ with a temperature range from 0-40°C). While table

1 (based on equations 9-11) recommends a c*y;, and c*pax of 1x10” and 2.4X105,
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respectively, these are calculated based on a single component with AH of 100 kJ mol™
(see appendix for derivation), and the real aerosol does not have nearly that temperature
sensitivity. Therefore, a narrower range might be employed. This necessary range was
tested by fitting with basis vectors of length 9 (107 to 10°), length 7 (10'2 to 104), and
length 5 (10" to 10%). The fits and confidence intervals were nearly identical for the n=7
and n=9 cases. However, the confidence intervals change somewhat in the n=5 case.
Specifically, the confidence intervals narrowed at low and high concentrations from the
removal of the 0.01 and 10,000 pg m™ entries in the basis set. Therefore, all of the fits in
section 3.5 utilize an n=7 basis set with decadal c¢* values from 107 to 10* pg m™.
Because many of the experimental coy4 values are greater than the upper limit of the
model applicability domain, the plots for this section will be extended to 200 pug m™.

The fitting result for the n=7 case is shown in Figure 7. The mean absolute
fractional error is 0.08. In other words, the average error on an AMF of 0.2 is =0.016.
From the plot, it can be seen that the source of this fitting error is the variability in the
data itself. There is obvious variability in the experiments, and some bias between the
different series of experiments. The yield values (for ¢* = 107 to 10* pg m™) are [0 0
0.073 0.072 0.087 0.29 0.29] where the 0.29 values at as and o are user-selected upper
limits (the data is not sufficient to constrain the most volatile component yields). Fitted
AH is 33 kJ mol™ and temperature sensitivity was -0.02 K. The largest confidence
intervals occur under two conditions: at less than 1 pg m™, and also at temperatures
below 20°C. The cause of both of these areas of large uncertainty is a relative scarcity of
data.

3.5.2 Removing correlated data in highly time-resolved data
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The use of PTRMS to track the reacting VOC concentration, and the use of SMPS
or aerosol mass spectrometers can generate multiple data points per experiment. The two
PTRMS experiments fit in this section have 38, and 89 datapoints, respectively. The
Durbin-Watson test, a test for serial correlation in the residuals, is performed by first
fitting a basis vector of length 7 to the data for the PTRMS experiment in question only.
The residuals from this fit are used in the Durbin-Watson test (Hamilton, 1992). In one
of the 2 cases, the 38 residuals were determined to not be correlated. In the other, the
Durbin-Watson test did indicate excessive correlation. This was removed by averaging
successive data points (starting with those contributing most to the Durbin-Watson score)
until either the test was passed, or the number of data points was reduced to 15.

3.5.3 Response of confidence intervals to key data

Figure 9 shows the result when only a subset of data is fit. The data that is used is
that of Cocker, 2001. This data was selected because all of the samples are at 29+1°C.
Therefore, not surprisingly, extrapolation to different temperatures gives significant error.
The best fit AH and temperature sensitivity for this dataset are 10 kJ mol™ and -0.010 K.
The uncertainty bounds are determined by the range of allowed AH values in the Monte
Carlo sensitivity study. Those shown are for limits of 5 and 120 kJ mol™’. A wider
allowed range would give even wider confidence intervals for the temperatures other than
29+1°C. For example, setting AH to 120 kJ mol™ gives a temperature sensitivity of in
this case at 20°C and 40 pug m™ of -0.046 K.

Two conclusions can be drawn from figure 9. First, the confidence interval
algorithms used here respond in the correct qualitative fashion as key data are

added/subtracted to the dataset. Second, extending the temperature range and/or
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temperature sensitivity of AMF measurements is just as necessary for reduction in overall
uncertainty as is extending the concentration range. Figures 8 and 9 are directly
comparable and show the effect of the increase in the range of data on the uncertainty

bounds.

3.6 Discussion of application to Chemical Transport Modeling
The paper and algorithm have focused on leaving the basis set selection flexible, to be
varied as needed according to the demands of the expected model application (e.g. Tmin,
Timax> CoA.min, COA max, and allowable errors in partitioning). If followed literally, that idea
could lead to a proliferation of data reductions, each tailored to a specific model domain;
that is not a direction advocated by the authors. Rather, the key concepts from this work
that should translate to improved modeling are (1) mismatches in the fitting basis vector
and model organic aerosol concentrations and temperatures can have undesirable
consequences; (2) realistic confidence intervals on aerosol mass fraction are possible; (3)
multiple experiment types can be integrated to give improved parameterization; (4)
comparisons of aerosol mass fractions (measurements, predictions, and confidence
intervals) and temperature sensitivity are much more informative that comparisons of
regression parameters (a;, ¢*, and 4H); and (5) high n fixed c* basis vector fits are
feasible and useful.

A practical method of achieving the improved modeling results may be for wider
adoption of a decadal basis set including "nonvolatile" (¢* < 0.1 ug m™), "semivolatile"
(SVOC; 0.1 pg m > < ¢* < 1000 ug m ), and "intermediate-volatility" (IVOC; 1000 pg

m > <c* < 100,000 pg m ) organic compounds. In other words, the n=8 basis set with
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c* from 107 to 10° pg m™. In this work, the n=8 set proves more than suitable for fitting
the existing a-pinene ozonolysis data, and for spanning simulated SOA partitioning data
across realistic ranges of temperature and organic aerosol concentration.

For modeling applications where a reduced # is desirable, (e.g. a global model)
the n=8 regression results can be translated to a reduced basis set, to polynomial fits, or to
lookup tables. For example, n=4 may be an attractive treatment for online partitioning
calculations in a large-scale CTM. With n=4, the choice of c*,;, and c*,,,x values will be
important in determining the performance of the partitioning fit, and use of equations 9
and 10 is recommended for basis vector selection. Figure 4 showed that n=4 basis
vectors were not acceptable, but the specific n=4 basis sets were not optimized for best
performance in section 3.2. The basis vectors of [0.1 1 10 100], [1 10 100 10°], and [0.1
2.2 46 1000] should be considered if an n=4 representation is desired. It should be
emphasized that an n=4 basis set may be rich enough for fitting the experimental data and
for the online partitioning calculations, but a basis vector with n>4 may be needed for

quantifying uncertainty limits during the data reduction step.

Summary and Conclusion

A method for fitting of smog chamber data for CTM applications was presented.
The method uses a volatility basis set of compounds with fitted AMF and user-specified
temperature-dependent saturation concentrations. A single effective enthalpy is fitted to
match experimental and modeled temperature sensitivity of AMF. Important aspects of

the method include: selection of minimum and maximum c* values, selection of the
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number of basis set compounds, and estimation of uncertainty bounds for the regression

prediction. Main conclusions include:

When fitting parameters to experimental smog chamber data, the range of
effective saturation concentration (c¢*) values used must be consistent with the
expected temperature and organic aerosol concentration range in the final model
application. Equations for ¢*,;, and ¢*,,, are presented in section 2.2.

The length of the basis vector (number of c* values used, 7) can influence both
the quality of the data fitting, and the ability to compute confidence intervals.
Careful selection of c* values is required with n<5 to insure a good fit and
suitable confidence intervals. With 6 or more lognormally spaced c* values, the
best fit line and confidence intervals become insensitive to the exact c¢* basis
vector used.

A method for determination of confidence intervals is demonstrated. It is useful
to divide the confidence interval problem for AMF prediction from SOA chamber
experiments into two different regimes: (1) confidence intervals for interpolation
within experimental data; and (2) extrapolation outside the data. Interpolation Cls
depend on the scatter in the experimental data itself.

Although parts of the absorption SOA parameterization are nonlinear and/or
implicit, the calculation of AMF is linear in the stoichiometric coefficients .
Therefore, fitted a; values can be calculated using nonnegative linear least squares
if the coatwt and AH are fixed. This makes the regression computationally

efficient.
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In addition to traditional final AMF smog chamber experiments, newer dynamic
aerosol formation experiments (e.g. PTRMS) and experiments with varied
temperatures can be useful in constraining AMF parameterizations. Highly time-
resolved data, such as a 1-min time series of AMF vs. AROG from a PTRMS and
SMPS, may require averaging to reduce serial correlation between datapoints
(discussed in section 3.5).

Errors in apparent temperature dependence can be generated by correlated errors
in measurements and temperature. This can be partially corrected with
temperature ramp experiments that isolate the temperature sensitivity.
Temperature-dependence of semivolatile aerosols is best dealt with by matching
experimental and modeled temperature sensitivity (0lnc/0T). For the a-pinene
ozonolysis, the fitted temperature sensitivity at 40 ug m™ and 20°C is -0.02 K™!
and the associated AH is 33 kJ mol™. Fitted AH values depend on the basis vector
(but temperature sensitivities do not); therefore, comparisons should be made of
temperature sensitivity and not of AH.

In order to reduce uncertainty in CTM modeling, additional experimental data is
needed at both lower concentrations and at a range of temperatures.

Although a large number value of n (~6 or more) may be required for an initial
characterization of confidence intervals, this large number of parameters does not
necessarily have to be used in the CTM. In other words, the items of value to the
CTM modeler are the aerosol mass fraction and uncertainty bounds themselves,

not the parameters, data, and error-correlation matrices used to generate them.
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e While each CTM modeling application may have a different optimal basis set, a
practical method of achieving improved CTM modeling results may for wider
reduction of experimental data to a basis set including "nonvolatile" (¢* < 0.1 pg
m ), "semivolatile" (SVOC; 0.1 pg m™ < ¢* < 1000 ug m ), and "intermediate-
volatility" (IVOC; 1000 pg m~> < C* < 100,000 pg m™) organic compounds. In
other words, the n=8 basis set with ¢* from 107 to 10° ug m. The parameters
can be reduced to a smaller set as needed for specific CTM applications as

needed.
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Table 1 Minimum and maximum c* values for some scenarios

Scenario COA.max ) f Thin-Tmax ~ Fmin(25°C)  ¢*ax(25°C)  recommended
(ugm®)  (ugm’) 0 gm?)  (ugm?) n
General 60 0.1 0.05 0-40 1x107 240,000 5-10
Remote with high 5 0.05 0.05  -30-40 7x10* 4.5x10° 6-11
altitude
Polluted urban 120 0.5 0.05 0-40 0.07 480,000 4-8
Proposed decadal 25 0.07 0.05 0-40 0.01 100,000 4-8
range

Table 2. Error Formulas Used for Goodness of Fit

Name & Symbol

Formula

Mean Squared Error (err,,.) vs. Data

Average Bias vs. Data (erryeqn)

Mean Absolute Fractional Error vs. Data (errg,c)

iZ(gf _ééf)z
%Z(& _5)

1| 6-¢
we| g
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849  Table3 List of data sources for a-pinene SOA AMF
850

Study Experiments Used for Fitting in o-pinene Temperature No.
This Work Concentration Range Experiments
Range (for this
analysis)

Griffin et al., 1999 Outdoor (dark) chamber reaction  15-65 ppb 32-37°C 6
with O; in excess, OH
scavenger, inorganic seed, and
dry conditions

Hoffmann et al., 1997  Outdoor (dark) chamber reaction  88-154 ppb 46-50 °C 5
with O3 in excess and OH (no
OH scavenger), inorganic seed,
and dry conditions

Cocker et al., 2001 Indoor chamber reaction with 23-163 ppb 28-30°C 15
03 in excess or limiting, OH
scavenger, RH < 20%; some
seeded experiments and some
unseeded

Pathak et al., 2007 Indoor chamber reaction with O;  4-50 ppb 0-40 °C 31
in excess, OH scavenger.
Seeded and unseeded
experiments at a many
temperature / concentration
combinations

Presto and Donahue, Indoor chamber reaction with O;  1.5-138 ppb 22°C 2
2006 in excess, low NOx.

Experiments 6/14/05 and

6/28/05.

851
852

853
854

38



855

856
857

858
859
860
861
862
863
864
865
866

Table 4. Description of synthetic data experiments

Chemical and Physical Characteristics of Underlying SOA Model

Pseudodata Sets

Components Generated from Each
Description 1-5 6-10 11-14 Underlying Model
logjoc* 0.699; 2.90 Pseudodata A, B1, B2
2 SOA .
Products o x100 ; 10; 15 (see descriptions
AH (kJ mol™) 80; 60 below)
14 SOA log;oc* -1.75; -1.54; -0.436; -0.218; +0.60  0.702; 1.04; 1.56; 1.84; 2.05 2.58;3.02; 3.24; 3.83
ducts ax100 0.12; 0.06; 0.6; 3; 1.8 42; 1.2; 0.9; 24; 0.6 9.0, 1.2; 0.6; 2.4 Pseudodata C
pro AH(KJ mol")  120; 110; 90;  80; 60 45 72; 45; 83; 100 40; 35; 40, 50
Pseudodata:

A. Hypothetical sampling by 19 chamber experiments. Very low sampling error and no bias. Experimental co, values from 7-525 pg m™ and temperatures from 26 to 37°C.
B1. Hypothetical sampling by 3 series of chamber experiments. Series one: 10 experiments at 26°C with low error but 10% AMF bias high. Series 2: 6 experiments at 37°C with

low error but 10% AMF bias low. Series 3: 5 experiments with constant reactant concentration, but with different temperature in each case (17-37°C ); low error; no bias.
B2. Same as B1 but adding a 4th series: 5 temperature ramp experiments so that 5 AMF measurements are taken during each experiment, with temperatures ranging from 22-

39°C.

C. Hypothetical sampling by 19 chamber experiments. Very low sampling error and no bias. Experimental ¢, values from 7-525 ug m™ and temperatures from 26 to 37°C.

(Identical to Pseudodata A).
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Appendix A —AMF (yield) equations with density and preexisting organic aerosol

considerations

Equation 6 is the commonly encountered fitting equation. Here we show that equation 6 is a
special case of a more general set of mass balances for the semivolatile aerosol system. The
equations in this appendix are necessary when accounting for experimental and simulation cases
where the organic aerosol density is not assumed to be unity, and for cases with preexisting
organic mass.

Starting from the following definition:

Cigas = Vi€i = C; (A1)

the following expression can be derived by mass balance:

4 i i 1 A
él_ = _dermt = " ( 2)
ctut i ¢
o1+

i

Cou

This can be used with the following definitions of AMF and reaction mass yield a;.

Ac,,; = ¢, AROG (A3)
Ac a, (A4)
AMF =& =—94 ’
d AROG Z c
1+
Cou

Using the above equations, we can write expressions for prediction of organic aerosol mass
(co4), species-specific partitioning values ¢;, and smog chamber AMF as function of parameters
such as o;, AROG, and ¢;*. To keep the expressions general, we assume the density of the

organic aerosol is unknown, and with preexisting organic aerosol.
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We denote the values of variables corresponding to the real organic aerosol density as in the
above equations (no subscript). We denote values of variables under the case of assumed unit
organic aerosol density with a subscript p=1 for physical variables such as £ and coa. Preexisting
aerosol is denoted by the superscript P.

Expression for cou, cosp=1, ¢ and &,—; are then:

ctat,i ctat,i ctut,i ctut,i
Coa = Coup-i % = 2 ,‘fici,tot = 2 , . 2 , * = 2 l, = 2 , 7 (AS)
1 ¢ Ci P * *
1+ I+ — 1+ S 1+ P
Cou Coa,p=1P c c
’ 04, p=1 04 P

where the definitions c; =G % and o, = ai% are used. The 4 alternate versions of the

denominator in equation A5 can be made in all the cases below, and the different expressions are
not repeated. Separating the organic aerosol (coa) and the total concentration of species 1 into
preexisting and reaction-generated parts, gives the equations for coa and AMF in the case of
preexisting aerosol and assumed unit density. An equation for AMF in the case of preexisting
aerosol is not written, since the organic aerosol concentration can change from partitioning of

preexisting and reaction-generated species.

P "p
ct};t i + Actut i tut i + a AROG ctot,i * ai % AROG

= Z%Zici,mt = Z ; C* == Z C* *, ! (A6)

, ) P

1+— I+ Ci /3
€oa Cou,p-1 7 It
SP= pl COA
In the case of no preexisting aerosol:
Coapal _ _A 0(_; (A7)
AROG Z c ,o1 3 o
+ c p 1+ i
0d.p=1 Cou,p=1
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a! al
and ét:ﬁéfp:l :ﬁz—t,:ﬁz—t, (AR)
pl pl * pl c*p

1+-S 1+
Cou,p=1 CouPi
and Cop = AROGﬁsz, (A9)
P *
1+ 4P
CoaP

In this work, all aerosol concentrations and AMFs are calculated using unit density

conversions from SMPS aerosol volume, so the fitting really recovers the normalized values

¢ =€ % and o, = ai% according to equation A7. To make concentration predictions for

organic aerosols with densities other than 1.0 requires the use of equation A9. At low aerosol
mass fractions, the terms cancel and correct AMF and coa predictions will be made by regressed
values of a, regardless of the density assumption made. At high aerosol loadings, AMF and coa

concentration predictions will be low for actual aerosol specific gravities > 1.
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Appendix B — Derivation of formulae for ¢*;, and c* .y

For any expected parameterization applicability domain (defined by coa min, COA.max> Lmin,
and Thax) the extreme values required of the effective saturation concentration (¢*pin and c*ax)
are calculated as follows. For a single condensing component in the presence of cnv min
(nonvolatile, organic, and solution forming) preexisting aerosol, the mass balance for the
semivolatile species 1s:

Coer,sv = Crot,sv ~ Cous,sv = Cror.sv — ysvc;/ (B1)
where Cgas sv and cqer sy refer to the gas- and particle-phase concentrations of the semivolatile in
ug m”. Adding in the preexisting nonvolatile organic, the total organic aerosol concentration is:
Coa = Coer,sv T Crnymin = Crorsv — ySVC;V + Cpy min (B2)
To determine c¢* i, the lowest c* necessary to achieve the required modeling accuracy goal 6,
we construct a scenario where a truly non-volatile species is represented in the model as having a
finite saturation concentration c*y,, therefore creating an error. The true aerosol concentration
in this case will be:
Cottrue = Cror,sv T CNV min (B3)
while the modeled aerosol concentration will be:
Comor = Yy Coin SO (B4)

to keep this error less than a user-selected goal 6 :

c .. <— (BS)

If the organic aerosol consists only of the nonvolatile and semivolatile fractions, then we can

eliminate ygy to give:
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o< 5(1 + S min J (B6)

ctot,S V
For a conservative estimate of ¢*in, We assume Cior sv >> Cnv.min, t0 keep the right hand side as
small as possible. Furthermore, the calculation is assumed to apply at the highest temperature

applied in the model (Tpax).

*

T AH | 1 1
AT = § —max _ B7
Chin ( ref) T exp|: R {T T j:l ( )

ref max ref

Putting in 100 kJ/mol, neglecting Tyax/Trer, and with temperature in Kelvin:

12000 } (EB8)

C;in,298K ~0 exp{T— —-40.27

With 6 of 1 pg m™ and Tmax at 40°C, c*in 15 0.14 ng m>.

To derive c*,,x we consider a case with non-volatile solution-forming aerosol (secondary or
primary) cnv.max and one condensing species with saturation concentration c*p.x. The goal is
then to select c*,ax sufficiently high so that material in this bin is not in the aerosol phase.
Donahue, Robinson et. al (2006) suggest 1000 cyy mqr Which ensures that less than about 0.1% of
material in the ¢*,,,x bin partitions to the aerosol phase. A slightly more flexible approach is to
include the CTM modeler’s tolerance for error in semivolatile partitioning under high
concentrations and low temperature. The mass balance for the semivolatile species is given by
B1. A relative accuracy goal, denoted by £, is defined. At the high end of the expected
concentration range in the model, the accuracy goal (ug m™) is £/ Coqmax (€.8., /=0.1 for +£10%

accuracy).
Caer,SV S f(CNV,max + Caer,SV) (B9)

If we assume that c,er sy 1s a small fraction of cnv max then:
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Ctot,SV

Coersv = * < fe CNV max (B10)
1+ Cm%
cNV,max
which can be solved for ¢*,,,x yielding:
. Cy
c ZL,SV_CNV,maX (Bll)

max f

The ciorsv term is difficult to estimate. It represents the total pool of semivolatile compounds
that need to be modeled as in the gas phase. One reasonable assumption is to assume for any
given location, that gas phase semivolatile concentrations are proportional to organic aerosol (or

vis versa), such that cirsv = kv max.  This simplifies B11 to:

. k
cmax 2 cNV,high (7 - IJ (B 12)

If we further assume that k is at least unity (the mass of semivolatiles is at least the organic

aerosol concentration) and the desired fractional error is small, then:

*

c Zﬁc (B12)

max f NV ,high

where k is an unknown ratio of the semivolatiles gases to the organic aerosol. Taking values
from Mexico City, we find a total VOC concentration of ~2000 ug m™ (Edgerton et al., 1999)
and an organic aerosol concentration of ~20 pg m™ (Salcedo et al., 2006). If 5% of the VOC is
SV, then k =5 for Mexico City. Applying a temperature correction similar to the one for c* i,

(but in the other direction)

. k , AH| 1 1
c...(T,,)=—c T ex -
max ( ref ) f NV ,max T;, y p R T;nin T;,ef (B 1 3)

Using Ter of 25 °C, AH of 100 kJ mol'l, k=5, and ignoring Tpin/Tres, €quation B13 reduces to:

45



973

974

975

976

Cmax,298K R CNV,max eXp

. > {12000 — 40.27} (B14)

If the fractional accuracy goal is 10%, cnv.max 1S 100 pg m'3, and Tp, 18 0°C then c*,x(298 K) =
200,000 pg m> , or 200 mg m™. Thus the total multiplier to cnv max 1n this case is 2000,

comparable to the multiplier of 1000 in Donahue et al. (2006).
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Appendix C. Algorithm for the Monte-Carlo confidence intervals

1.

Create a vector €oa,model (length p~20) of aerosol concentrations, logarithmically spaced
from cogmin 10 Cosmar (the maximum and minimum expected aerosol concentrations in
the modeling application).

Create a vector (length j) of temperatures from Tpin to Tmax. In this work, j is selected for
spacing between elements of 10°C.

Let the experimental yields be a vector &, and the fitted predictions at the experimental

values of cos and T are the vector §+0 where the values & are from the confidence

intervals of the asymptotic method (e.g., MATLAB nlpredci function). All these vectors

(&, €, and ) will have length of m corresponding to number of experiments.

The experimental data are shifted by 6 such that: Euigh = & + 6 and & 0w = & — 6.

A reference error value, corresponding to how well the fit goes through the data, is noted:

Mt =316 & fm

Initialize j upper confidence intervals (CI) vectors (each of length p), one for each
temperature. Set each element to zero.

Initialize j lower confidence interval vectors (each of length p), one for each temperature.
Set each element to a large value (e.g. 999).

Create a vector (length k) of AH values. In this work, & was usually selected for a
separation of 5 kJ mol™ and a range from 10 to 120 kJ mol™.

The outer loop (steps 9-16) is repeated 4k times. For each value of AH, the four runs are
for upper CI (allowing random selection of low volatility yields); lower CI (allowing
random selection of low volatility yields); upper CI (allowing random selection of high

volatility yields); and lower CI (allowing random selection of high volatility yields).
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10.

OUTER LOOP

Since for any iteration AH is fixed, the left hand matrix of equation 13 (C) is calculated
and stored. This speeds up the subsequent calculation of yields given any vector a.

The n yields a are divided into two groups, those that will be selected randomly, and
those that will be fit. If the iteration involves randomized low volatility yields, then some
number of the lowest volatility species (e.g. a; and ay) are selected randomly. If the
iteration involves randomized high volatility yields, then some of the highest volatility
species (e.g., a,.; and o) are chosen randomly.

In this work, the number of low and high volatility yields to be randomized were selected
by the user on a case by case basis, with the goal of only selecting yields that are poorly
constrained by the experimental data. The typical n=7 case required randomization of a;,
o and as, a;. Inspection of the error covariance matrix and the standard errors on the
original fitted yields will help in selecting which yields to randomize. In the
demonstration case of Figure 3 (section 3.1), the a’s with the 5 largest standard errors
were selected, or elements 1, 2 (uncertain low volatility compounds) and 6, 7 and 8
(uncertain high volatility compounds). The range of experimental data can serve as a
guide for which terms are poorly constrained. If a given c* value is outside the range of
experimental data (in this case from 7-525 pg m™), then the corresponding o value should
probably be randomized. Erring on the conservative side, and trying to select a values
randomly that are in fact well constrained by the data does not effect the quality of the
result. Rather it adds run time as calculations are performed that are of no subsequent use

in determining the Cls.
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11. Let the number of random a values be ¢ and the number to be fit equals n-g. Let the

fixed yields be denoted as a4 and the variable yields as a,.q. Also let the C matrix (from
equation 13) be split into an m x g matrix Cq corresponding to the columns of the fixed
yields, and a matrix Cy.q [size m X (n-q)] corresponding to the columns of the adjustable
yields.

INNER LOOP

12. 1000 random combinations of the random a values are chosen.

13. For each of the 1000 cases, the remaining n-q yields are calculated by solving a

modified version of equation 13. The adjustable yields anq are determined by

solving C =g —-C,0, with @, , >0 where &* is & nign when calculating an

n—qan—q
upper CI and & * is & ow When calculating a lower CI.

14. For each of the 1000 cases, the mean squared error is calculated

A 2
MSE:Z(@ —g(aq,anﬂ) /m
If MSE < MSE,rthen it is a suitably good fit. Fitted values % are calculated at all j x

p combinations of temperature and organic aerosol concentration. For upper CI,

Clhigh = max(Clhyigh, %), and for the lower CI, Cliow = min(Cljyy, %) where the

comparison is on an element by element basis.

15. If the confidence intervals moved more than a present tolerance, repeat the inner loop by

going to step 12.

16. Loop back to step 9 until all 4k cases are completed.
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17. For each temperature of interest, upper and lower confidence interval vectors are now

calculated using the Monte-Carlo method. They should be inspected graphically and

compared to the limits from the asymptotic method.
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Supplemental Data Table (online only)

Author’s | AROG | AROG | O; | Temperature | RH OH- Seed Result
Identifier | (ppb) (ug | initial °O) Scavenger AM AMF
m>) | (ppb) (ug | AM/AROG
m) (%)
Single-temperature final AMF chamber experiments
Griffin et al., 1999
6/5/98a 16.7 89 36.8 2-butanol | (NH,4),SO, 7.4 8.3
6/5/98b 18.2 97 36.8 2-butanol | (NH,4),SO, 8.5 8.7
6/7/98a 31.0 169 30.2 2-butanol | (NH4),SO, | 30.3 17.9
6/7/98b 45.5 249 30.2 2-butanol | (NH4),SO, | 46.0 18.4
6/9/98a 57.0 307 34.8 2-butanol | (NH4),SO, | 52.3 17.0
6/9/98b 65.0 350 34.8 2-butanol | (NH,),SO, | 65.1 18.6
Hoffmann et al., 1997
9/27A 88.0 454 210 48.1 none | (NH,),SO, | 82.0 18.0
9/27B 38.0 196 220 48.9 none | (NH,4),SO, | 29.9 15.2
9/29A 101.9 795 320 47.2 none | (NH,),SO, | 80.4 23.0
9/29B 154.1 527 327 48.1 none | (NH,),SO, | 183.5 15.2
10/02A 132.9 690 210 46.1 none | (NH;),SO, | 94.9 13.7
Cocker et al., 2001
11/29a 74.7 411 280 28.0 | <2 | 2-butanol | (NH,),SO, | 82.0 20.0
11/29b 144.1 792 360 28.0 | <2 | 2-butanol | (NH4),SO, | 190.0 24.0
12/03a 40.6 223 370 28.0 | <2 | 2-butanol | (NH4),SO, | 34.0 15.2
12/03b 72.3 398 315 28.0 | <2 | 2-butanol | (NH4),SO, | 79.0 19.8
12/06b 22.9 126 280 28.0 | <2 | 2-butanol | (NH4),SO, | 10.0 7.9
01/08a 72.4 399 270 27.8 | <2 | 2-butanol none | 80.0 20.1
01/10a 41.0 225 278 28.9 | <2 | 2-butanol none | 35.0 15.5
01/10a 93.4 512 499 28.9 | <2 | 2-butanol none | 110.0 21.5
01/13a 72.3 396 244 29.5 | 14.1 | 2-butanol | (NH4),SO, | 79.0 19.9
01/13b 118.4 648 352 29.5 | 14.4 | 2-butanol | (NH,),SO, | 145.0 22.4
01/14a 48.4 265 402 29.6 | 14.6 | 2-butanol | (NH4),SO4 | 48.0 18.1
01/14b 98.8 541 313 29.6 | 16.6 | 2-butanol | (NH4),SO, | 115.0 21.3
01/18a 116.1 637 130 29.1 <2 | 2-butanol | (NH4),SO, | 140.0 22.0
01/22a 162.3 888 175 29.6 | <2 | 2-butanol none | 220.0 24.8
01/22b 139.3 763 380 29.6 | <2 | 2-butanol none | 185.0 24.3
Pathak et al., 2007
1 14.3 76 250 40.0 | <10 | 2-butanol none 7.0 9.2
2 42.0 242 250 15.0 | <10 | 2-butanol none | 50.7 21.0
3 38.3 217 250 20.0 | <10 | 2-butanol none | 33.7 15.6
4 50.0 273 250 30.0 | <10 | 2-butanol none | 48.7 17.8
5 50.0 265 250 40.0 | <10 | 2-butanol none | 34.7 13.1
7 7.3 41 | 1500 20.0 | <10 | 2-butanol none 2.8 6.8
9 3.7 21| 3100 20.0 | <10 | 2-butanol none 0.7 33
10 7.3 39 | 1500 40.0 | <10 | 2-butanol none 2.1 5.4
11 7.3 42 | 1500 15.0 | <10 | 2-butanol none 2.6 6.2
12 7.3 40 | 1500 30.0 | <10 | 2-butanol none 2.5 6.3
13 38.3 217 250 20.0 | <10 | 2-butanol | (NH4),SO, | 37.6 17.4
14 7.3 41 | 1500 20.0 | <10 | 2-butanol | (NH,),SO, 2.9 7.0
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Author’s | AROG | AROG | O; | Temperature | RH OH- Seed Result
Identifier | (ppb) (ug | initial °O) Scavenger AM AMF
m>) | (ppb) (ug | AM/AROG
m”) (%)
15 8.0 45 250 20.0 | <10 | 2-butanol | (NH4),SO, 2.6 5.7
19 8.0 46 | 1500 15.0 | <10 | 2-butanol | (NH4),SO4 3.7 8.0
20 7.3 39 | 1500 40.0 | <10 | 2-butanol | (NH4),SO4 1.4 3.6
21 8.5 46 | 1500 30.0 | <10 | 2-butanol | (NH4),SO4 34 7.3
22 14.3 82| 250 15.0 | <10 | 2-butanol | (NH4),SO4 7.2 8.8
23 14.3 82 300 15.0 | <10 | 2-butanol | (NH4),SO4 9.3 11.3
24 14.3 81 250 20.0 | <10 | 2-butanol none 9.8 12.1
25 14.3 78 250 30.0 | <10 | 2-butanol none | 10.0 12.8
26 38.3 220 | 250 15.0 | <10 | 2-butanol | (NH4),SO,4 | 33.3 15.1
27 383 203 250 40.0 | <10 | 2-butanol | (NH4),SO4 | 37.0 18.3
28 29.0 167 | 250 15.0 | <10 | 2-butanol | (NH4),SO, | 18.2 10.9
29 7.3 41 750 20.0 | <10 | 2-butanol | (NH4),SO4 3.1 7.5
30 33.0 180 | 250 30.0 | <10 | 2-butanol | (NH4),SO4 | 26.5 14.7
31 14.3 78 250 30.0 | <10 | 2-butanol | (NH4),SO4 7.6 9.7
32 15.0 91 250 0.0 | <10 | 2-butanol | (NH4),SO4 | 16.1 17.7
33 17.0 98 250 15.0 | <10 | 2-butanol | (NH4),SO, | 10.5 10.7
34 14.3 78 250 30.0 | <10 | 2-butanol | (NH4),SO4 | 10.8 13.8
35 24.0 127 | 250 40.0 | <10 | 2-butanol | (NH4),SO4 | 16.0 12.6
36 42.0 255 250 0.0 | <10 | 2-butanol | (NH4),SO4 | 96.2 37.7
PTRMS Experiments
Presto and Donahue, 2006
6/14/2005 280 22.0 none none
1.50 8.4 0.001 0.017
247 13.9 0.057 0.41
2.87 16.1 0.313 1.94
4.01 22.5 0.717 3.18
3.95 22.2 1.12 5.06
4.45 25.0 1.43 5.71
4.78 26.9 1.71 6.37
4.87 27.4 1.91 6.99
5.52 31.0 2.07 6.69
5.17 29.0 2.21 7.63
5.49 30.8 2.32 7.53
5.85 32.8 2.40 7.30
5.69 31.9 2.49 7.78
6.04 33.9 2.56 7.56
6.00 33.7 2.62 7.77
6.06 34.0 2.63 7.72
6.18 34.7 2.68 7.73
6.22 35.0 2.70 7.74
6.06 34.0 2.74 8.05
6.23 35.0 2.72 7.79
6.21 34.9 2.74 7.85
6.06 34.0 2.76 8.10
6.33 35.5 2.75 7.74

52




1048

Author’s | AROG | AROG | O; | Temperature | RH OH- Seed Result
Identifier | (ppb) (ug | initial °O) Scavenger AM AMF
m>) | (ppb) (ug | AM/AROG
m”) (%)
6.28 353 2.73 7.75
6.07 34.1 2.75 8.07
6.25 35.1 2.73 7.79
6.21 34.9 2.76 791
6.46 36.3 2.74 7.56
6.16 34.6 2.74 7.92
6.25 35.1 2.74 7.82
6.29 353 2.73 7.75
6.31 354 2.73 7.72
6.38 35.8 2.74 7.66
6.30 354 2.71 7.66
6.28 353 2.72 7.70
6.20 34.8 2.71 7.80
6.29 353 2.71 7.67
6.29 353 2.71 7.66
6/28/2005 390 22.0 none none
24.1 135 15.3 11.3
50.2 282 46.3 16.4
71.1 399 73.7 18.4
84.7 476 95.1 20.0
96.8 543 112.9 20.8
113.1 635 143.7 22.6
129.5 727 164.9 22.7
128.8 723 167.6 23.2
129.2 726 170.3 23.5
129.6 728 174.0 23.9
134.1 753 185.0 24.6
138.1 775 191.1 24.7
138.8 779 190.7 24.5
138.9 780 192.7 24.7
139.8 785 191.7 24.4
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