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1.  Introduction
For several decades, it has been recognized that clouds affect the composition of the atmosphere. They are 
the primary means by which constituents from the planetary boundary layer (PBL) are lofted to the free 
troposphere (FT; Chatfield & Crutzen, 1984; Ching et al., 1988; Dickerson et al., 1987). In addition, clouds 
play an important role as atmospheric aqueous-phase reactors by scavenging soluble gas-phase precursors 
of ozone and aerosols and supporting oxidation reactions that yield lower volatility products, which con-
tribute to increased aerosol mass when the cloud droplets evaporate. In the 1980s, laboratory and chamber 
studies, mountain top and aircraft observations, and cloud chemistry modeling studies highlighted the role 
of aqueous-phase chemistry in cloud and rain drops on the production of sulfate (SO4

2−) from sulfur dioxide 
(SO2). While our knowledge of SO2 to SO4

2− conversion is very good and suitable parameterizations exist 
(Ervens, 2015), as shown by model-observation and model-model comparisons (e.g., Lamarque et al., 2013), 
its chemistry continues to be discussed in terms of transition metal ion catalyzed S(VI) production and 

Abstract  Chemical processes in clouds and fogs can substantially alter atmospheric oxidant budgets 
and lead to aerosol mass formation. However, many regional and global models do not include detailed 
aqueous-phase chemical mechanisms due to the (a) lack of complete understanding of the chemical 
processes and (b) computational burden of adding constituents. Current gas-aqueous chemistry 
0-dimensional models were evaluated in a cloud-chemistry box model intercomparison based on a mid-
September 2016 cloud chemistry event at Whiteface Mountain, New York. Multiphase mechanisms in the 
five participating models ranged from those appropriate for 3-d models to highly complex with thousands 
of reactions. This study focused on oxidant levels in both phases and aqueous-phase sulfate and organic 
acid formation. Comparison of gas-phase-only chemistry gives very similar oxidant predictions at night 
but shows significant differences during daytime with the hydroxyl radical (OH) variability of about an 
order of magnitude. The variability in the model results increases substantially with aqueous chemistry 
due to different Henry's Law constants, aqueous-phase reaction rate constants, and chemical mechanisms. 
Using a prescribed liquid water content and pH value of 4.5, modeled aqueous OH, aldehyde, and organic 
acid concentrations differ by over an order of magnitude in daytime. Simulations were also conducted 
at a pH = 5.1, predicted variable pH, and with added transition metal ion chemistry. While we compare 
predicted and measured inorganic anions and water-soluble organic carbon, we cannot do so for aqueous-
phase oxidant concentrations due to the lack of measurements. We highlight a need for recommended 
equilibrium and aqueous-phase rate constants.

Plain Language Summary  Accurate description of cloud chemistry is needed in models used 
to predict air quality and climate. A comprehensive international cloud box model intercomparison with 
physical and chemical observational constraints from mountain top sampling highlights the need for a 
concerted effort to develop robust aqueous-phase chemical mechanisms. Prediction of some key species 
differ among the models by orders of magnitude. We investigate the underlying, fundamental chemical 
explanations for the discrepancy as a diagnosis to understand the chemical parameters most in need of 
further investigation efforts.
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investigated for intensely polluted regions where nitrogen oxides (NOx), ammonia (NH3), and SO2 have very 
high abundances (e.g., Xue et al., 2016).

Aqueous-phase oxidation of aldehydes in clouds has been recognized to produce organic acids, initially 
with formaldehyde conversion to formic acid (Chameides, 1984), but also for difunctional aldehydes oxi-
dation to organic acids (Altieri et al., 2006; Blando & Turpin, 2000; Ervens et al., 2008; Y. Li et al., 2017; Lin 
et al., 2014; McNeill, 2015; Tilgner & Herrmann, 2010). Laboratory studies showed aldehydes, for example, 
glyoxal (CHOCHO), undergo hydroxyl radical (OH) oxidation in the aqueous phase to ultimately form 
dicarboxylic acids, which contribute to secondary organic aerosol (SOA) mass (Blando & Turpin, 2000; Er-
vens et al., 2011; Lim et al., 2010). These studies prompted exploratory global and regional-scale modeling 
investigations to determine the regional impact of organic aqueous-phase chemistry (e.g., Chen et al., 2007; 
Fahey et al., 2017; Gong et al., 2011; Leriche et al., 2013; Lin et al., 2014; Rosanka et al., 2020). Mountain 
tops are excellent locations to observe the outcomes of cloud chemistry because of the ability to sample 
inflow and in-cloud air parcels throughout the cloud lifetime and collect ample condensed water for analy-
sis. Measurements at Mount Schmücke in Germany during the field investigations of budgets and conver-
sions of particle phase organics in tropospheric cloud processes experiment (FEBUKO; Herrmann, Wolke, 
et al., 2005) and Hill Cap Cloud Thuringia 2010 (HCCT-2010) field experiments provided evidence of aque-
ous phase enrichment of carbonyl compounds (van Pinxteren et al., 2005) and increased sulfate and organic 
aerosol mass concentrations from cloud processing (Schneider et al., 2017; van Pinxteren et al., 2016). Long-
term measurements at Puy de Dôme in France (Baray et al., 2020) have also given insight on the oxidative 
capacity of the cloud water (Bianco et  al.,  2015) as well as the organic molecular composition (Bianco 
et  al.,  2018) and its environmental variability (Deguillaume et  al.,  2014; Renard et  al.,  2020). Studies at 
Whiteface Mountain in New York, USA have focused mostly on inorganic chemistry producing acidic ions 
(Schwab, Casson, et al., 2016), adding organic carbon composition measurements to the routine measure-
ment suite in 2009 (Lance et al., 2020). Investigations at Mt. Tai in China characterize the inorganic cloud 
water composition to have a high anthropogenic influence yet still influenced by soil-based ions during 
spring and winter (Guo et al., 2012). Using box modeling along trajectories to Mt. Tai, Zhu et al.  (2020) 
found that formation of secondary organic aerosol compounds (i.e., low volatility carboxylic acids) occurred 
via aqueous-phase oxidation in clouds. Examining outcomes of aqueous-phase chemistry in clouds by air-
craft allows for different types of clouds to be sampled. Yet aircraft sampling is challenging because of the 
small sample volumes collected due to the short sampling times spent in cloud. Examples of aircraft meas-
urements providing information on aqueous chemistry include those demonstrating SO2 oxidation to SO4

2− 
(e.g., Hegg & Hobbs, 1986), carbonyls in cloud water (S.-M. Li et al., 2008), in-cloud formation of oxalate 
(e.g., Sorooshian et al., 2006, 2013), and formation of organosulfates and nitrogen containing compounds 
(Boone et al., 2015).

These cloud chemistry studies have reached similar conclusions that clouds can produce SOA mass via 
aqueous-phase oxidation (aqSOA). This result has been shown by different models, yet these models have 
never been compared to assess whether they predict similar pathways for organic acid formation. In this 
paper, we conduct an intercomparison of five multiphase (i.e., gas and aqueous) chemistry box models to 
evaluate the current state of knowledge of cloud chemistry emphasizing the production of organic acids. 
To avoid additional variability among models, aerosol chemistry and physics are not part of the intercom-
parison. Each model is run for the same configuration so that predicted oxidants and organic acids can be 
evaluated.

The box model intercomparison has been conducted as an outcome of the Whiteface Mountain (WFM) 
Cloud Chemistry Workshop (Carlton et al., 2017; Lance et al., 2017) that planned a coordinated cloud chem-
istry initiative combining analyses of WFM cloud water samples by multi-institute laboratories, modeling, 
and planning for a field campaign. This study demonstrates such capabilities with the box modeling and 
cloud water sample analyses and can be used to inform field campaign planning at WFM. The cloud event 
of September 17–19, 2016, which occurred immediately after the workshop, is used to configure the model 
set up. The cloud event consisted of warm-frontal clouds as well as clouds and storms in the warm sector 
of an extratropical cyclone that was moving from the Midwest into New England and southeast Canada. 
The clouds were stratiform in nature. Back trajectories from Whiteface Mountain using HYSPLIT (Hybrid 
Single-Particle Lagrangian Integrated Trajectory) model indicated that the air mass was from the Ohio River 
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Valley. The cloud water collected from this event was divided into 14 samples and delivered to various labo-
ratories for analysis. When possible, the box model results are compared with the cloud water composition 
measurements.

The chemistry in the five box models ranged from highly detailed (with thousands of reactions) to moder-
ately detailed (with dozens to hundreds of reactions). After describing the box models and configuration 
of the simulations (Sections 2 and 3, respectively), we describe in Section 4 results from model simulations 
for constrained environmental conditions, such as prescribed liquid water content (LWC) and pH of the 
cloud drops, and less constrained conditions, for example, calculating pH or including transition metal ion 
chemistry. Reasons for differences among the five models are provided. We conclude the work with recom-
mendations for future field and modeling studies.

2.  Description of the Box Models
The five box models evaluated are CAPRAM (Chemical Aqueous Phase Radical Mechanism), CLEPS 
(Cloud Explicit Physico-chemical Scheme), GAMMA (Gas-Aerosol Model for Mechanism Analysis), Barth, 
and Ervens. Their gas and aqueous phase chemical mechanisms are described below. General characteris-
tics of each model are given in Table 1. The loss of OH (aq) by water-soluble organic compounds (WSOC), 
in addition to those that are explicitly included, has been shown to be important to include in cloud and 
fog drops to better represent OH (aq) concentrations (Arakaki et al., 2013; Tilgner & Herrmann, 2018). The 
control simulations performed here did not include an aqueous-phase conversion of OH to hydroperoxyl 
radical (HO2) by all dissolved WSOC, except for the CAPRAM model. Sensitivity simulations by three of the 
box models (Ervens, CLEPS, and GAMMA) show that inclusion of WSOC + OH in the aqueous phase has 
a negligible effect on predicted concentrations of OH (aq), other oxidants, and organic acids because of the 
low cloud water concentrations of WSOC estimated for the case study. Thus, differences of results between 
models are not influenced by whether WSOC + OH (aq) is included in the model chemistry mechanism or 

Modela Phase transfer pH calculation Aqueous-phase organic
Aqueous-phase transition 

metal ions (TMIs)

CAPRAM Kinetic Mass Transfer H+ predicted C1–C4 oxidation by OH, NO3, 
and partly by O3, H2O2, Cl2

−, 
Br2

−, CO3
−, SO4

−, SO5
−, FeO2+

Fe, Cu, Mn, Fe-oxalate 
and other MCA/DCA 

complexes
MCMv3.2 13,927 reactions 275 species

CAPRAM 4.0α 7129 reactions

CLEPS

MCMv3.3.1 (reduced version) 
2043 reactions

Kinetic Mass Transfer H+ predicted C1–C4 oxidation by OH, NO3, O3, 
H2O2, Cl2

−, CO3
−, SO4

−, FeO2+
Fe, Cu, Mn, oxalate and 

formic complexes

CLEPS 1.0 1315 reactions 591 species

GAMMA

Gas: 165 reactions Kinetic Mass Transfer H+ predicted C1–C3 oxidation by OH, NO3, O3, 
H2O2, SO4

−, HSO4
−, IEPOX, 

organosulfate chemistry

Fe, Cu, Mn, Fe—oxalate 
complexesAq: 185 reactions 30 species

Barth

Modified MOZART4 168 
reactions

Combination of Heff 
equilibrium and kinetic 

mass transfer

Electroneutrality equation C1−C3 oxidation by OH None

Aq: 33 reactions 45 species 11 anions

Ervens

Gas: Same as Barth Kinetic Mass Transfer Electroneutrality equation C1−C3 oxidation by OH Fe, Cu

Aq: 58 reactions 22 species 16 anions
aMain references are for CAPRAM Wolke et al. (2005) and Tilgner and Herrmann (2010), for CLEPS Mouchel-Vallon et al. (2017) and Rose et al. (2018), for 
GAMMA McNeill (2015), for the Barth model Barth et al. (2003) and Y. Li et al. (2017), and for the Ervens model Ervens et al. (2008) and Ervens et al. (2014).

Table 1 
General Characteristics of Each Model
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not. However, it should be noted that inclusion of WSOC + OH in aqueous-phase mechanism is only negli-
gible under diluted cloud conditions due to the presence of other OH sinks, it is not true under deliquesced 
aerosol conditions (Tilgner & Herrmann, 2018).

2.1.  CAPRAM

The model results from CAPRAM are represented by the SPectral Aerosol Cloud Chemistry Interaction 
Model (SPACCIM, Wolke et al., 2005; Sehili et al., 2005; Tilgner & Herrmann, 2010 and references therein), 
which is an adiabatic air parcel model that combines gas, aerosol, and cloud chemistry and physics (Simmel 
& Wurzler, 2006; Simmel et al., 2005). To best match the instructions of the model intercomparison study, 
the moving bin version of SPACCIM was applied considering a monodisperse aerosol/cloud spectrum. Mi-
crophysical processes, such as impaction of aerosol particles and collision/coalescence of droplets and thus 
precipitation, were not included here. The interaction between the chemistry and microphysical models 
occurs via a coupling scheme, which enables both models to run almost separately using their own time 
step control. For this study, coupling is used but is not important because of the prescribed, constant micro-
physical conditions.

The chemistry part of the SPACCIM model (CAPRAM in Table 1) treats the gas-phase chemistry, phase 
transfers, and the aqueous-phase chemistry in both deliquesced particles and liquid cloud droplets, using 
a high-order implicit time integration scheme (Wolke & Knoth, 2002), which is a modified version of the 
Livermore ODE solver (LSODE, Hindmarsh,  1983). The chemistry mechanism uses the Master Chemi-
cal Mechanism (MCMv3.2; http://mcm.leeds.ac.uk/MCMv3.2/) for gas-phase chemistry and CAPRAM4.0 
for aqueous-phase chemistry (Bräuer, 2015; Bräuer et al., 2019), comprising 21,331 multiphase processes 
and a reaction module that treats non-radical reactions of organic compounds. Gas-aqueous phase transfer 
processes of 275 inorganic and organic compounds are calculated according to the resistance model of 
Schwartz (1986). The acidity of the aqueous phase is determined from explicit calculation of the hydrogen 
ion concentration. In addition to complex inorganic chemistry (Ervens, George, et al., 2003; Herrmann, 
Tilgner, et al., 2005), CAPRAM contains an explicit chemistry description of C1- C4 organic compounds 
including branched radical attack (mainly by OH and NO3), peroxy-radical cross reactions, and the for-
mation of organic nitrates. The non-radical organic chemistry reaction module, coupled to the MCMv3.2/
CAPRAM4.0, contains 103 additional reactions of carbonyl compounds and organic acids such as meth-
acrolein, methyl vinyl ketone, acrylic acid, methacrylic acid, pyruvic acid, glyoxylic acid. There are 22 up-
dated OH and NO3 reactions, SO4

− radical reactions, and non-radical oxidations by H2O2 and O3 as well 
as oligomerizations and NH4

+-catalyzed reactions considered. For the model intercomparison, inorgan-
ic and organic chemistry based on the initial chemical trace gases were used, including WSOC + OH → 
WSOC + HO2. Further details on the CAPRAM mechanism are given in Ervens, George, et al. (2003), Her-
rmann, Tilgner, et al. (2005), Weller et al. (2014), Bräuer (2015), and Bräuer et al. (2019).

CAPRAM considers an inorganic core mechanism which includes important TMI reactions of iron, cop-
per, and manganese (e.g., Ervens, George, et al., 2003; Weller et al., 2014). The redox chemistry scheme of 
iron, copper, and manganese includes a detailed description of (a) TMI reactions with key aqueous-phase 
oxidants, such as HO2/O2

− and H2O2, (b) TMI-TMI redox reactions, (c) TMI-catalyzed reactions with var-
ious sulfur species and (d) chemical processes with oxygenated organic compounds. The CAPRAM TMI 
chemistry includes 92 bimolecular reactions and 26 equilibrium reactions. CAPRAM also treats impor-
tant photolysis reactions of iron(III)hydroxides, iron(III)sulfate, as well as the formation and photolysis of 
iron-organic-complexes. Overall, 15 photolysis processes of metal complexes including both iron-organ-
ic-complexes and inorganic TMI complexes are considered. Due to the focus of the present study on the 
chemical mechanism aspects, the applied model framework is addressed hereafter as the CAPRAM model.

2.2.  CLEPS

The CLEPS model is a highly detailed multiphase chemistry model coupled with a two-moment, liquid-on-
ly microphysical module that includes the activation of aerosol particles into cloud droplets and drop con-
densation, collision/coalescence, and evaporation (Leriche et al., 2007; Rose et al., 2018). In this work, only 
the multiphase chemistry is simulated using prescribed conditions as outlined in Section 3.

http://mcm.leeds.ac.uk/MCMv3.2/
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The multiphase chemistry is solved using the Rosenbrock methods provided with the kinetic pre-processor 
v2.1 (Sandu & Sander, 2006). The gas-phase chemistry used by CLEPS is the MCM3.3.1 mechanism (Jen-
kin et al., 2015; Saunders et al., 2003), which is built on the MCM web site considering specific precursors 
(alkanes, alcohols, carbonyls, carboxylic acids, hydroperoxides, and inorganic species) and includes the 
treatment of isoprene oxidation products. This gas-phase mechanism has been used to simulate low-NOx 
chemical environments with CLEPS (Mouchel-Vallon et  al.,  2017; Rose et  al.,  2018). The CLEPS model 
simulations use in-model calculated photolysis rates instead of the prescribed photolysis rates used by the 
other models. In the CLEPS photolysis rate module, actinic flux is calculated by the Troposphere Ultraviolet 
and Visible radiation model (TUV v4.5), and quantum yields and cross-sections are from experimental data 
(Deguillaume et al., 2004; Long et al., 2013). A comparison of CLEPS photolysis rates and those prescribed 
for these simulations is shown in Supporting Information S2 for O3 forming O1D, NO2, and H2O2.

All gases (591 species) are dissolved in the droplets even if they are not further oxidized in the aqueous 
phase. Conversely, some aqueous species described in CLEPS can be outgassed even if there is no corre-
sponding gas species in MCM. All species have an equivalent in the respective other phase, even if the 
species in the other phase is not reactive. Phase transfer processes are calculated according to the resistance 
model of Schwartz (1986) considering the gas-phase diffusion coefficient, the mass accommodation coeffi-
cient, and the Henry's Law coefficient. Henry's law coefficients not available in the literature are provided 
by the GROMHE structure activity relationships (SARs) (Raventos-Duran et al., 2010). When unavailable, 
their temperature dependencies (enthalpy of dissolution) are set to 50 kJ mol−1.

Aqueous-phase chemistry in CLEPS includes detailed inorganic and organic chemistry. The inorgan-
ic mechanism simulates the redox processes involved in the evolution of HxOy, sulfur, nitrogen, halogen 
(Leriche et al., 2000, 2003, 2007) and TMI (Deguillaume et al., 2004; Long et al., 2013) compounds. The 
CLEPS mechanism is extended to the oxidation of C1-C4 precursors and follows the protocol described in 
Mouchel-Vallon et al. (2017). For each species and its oxidation products, the CLEPS mechanism describes 
the oxidation of OH and NO3 and the explicit evolution of the produced peroxyl radicals. When data are 
available, the reactivity of organic compounds with other oxidants (e.g., SO4

− and Cl2
−) is also addressed. 

Hydration and dissociation equilibria are, respectively, considered for carbonyl and carboxylic functions. 
Recent developments in empirical estimates of kinetic and thermodynamic parameters (e.g., rate constants, 
Henry's law constants) for aqueous phase chemistry (Doussin & Monod, 2013; Minakata et al., 2009; Monod 
& Doussin, 2008; Raventos-Duran et al., 2010) are included in the CLEPS mechanism using SARs, which 
provide estimations of reaction rate and equilibrium constants, as well as the branching ratios between the 
different oxidation pathways with OH radicals (Doussin & Monod, 2013; Minakata et al., 2009).

The TMI chemistry, included in a sensitivity simulation, represents iron (Fe(II), Fe(III), and Fe(IV)), copper 
(Cu(I) and Cu(II)), and manganese (Mn(II) and Mn(III)) reactions with HxOy, sulfur, NOy and VOCs, as 
well as photolysis of the TMIs (Deguillaume et al., 2004, 2005; Long et al., 2013). In the TMI module, iron 
reactions include photolysis of Fe(III), Fe(II) oxidation by H2O2 via Fenton reaction and by OH as well as 
O3. Fe(III) can form various complexes with oxalate, which can oxidize to form the C2O4

− radical. Copper 
reactions involve the oxidation and reduction of Cu(I) and Cu(II), respectively, with HO2 and O2

− radicals. 
Reactions between Fe(III) and Cu(I) that yield Fe(II) and Cu(II) are included as they modify iron reactivity. 
Manganese reactions also involve HO2, O2

−, H2O2, and O3. Conversion of sulfite into sulfate occurs via oxi-
dation by dissolved oxygen, catalyzed by transition metals, in particular by iron and manganese.

2.3.  GAMMA

The GAMMA model is a photochemical box model that predicts aerosol and cloud water composition under 
different atmospheric and laboratory conditions (McNeill,  2015). GAMMA uses a user-specified surface 
area-averaged ammonium sulfate aerosol radius to determine multiphase mass transfer parameters and a 
scaling factor defined from liquid water content for cloud droplet size (Tsui et al., 2019).

GAMMA solves the differential equations for multiphase chemistry using the ode15s MATLAB solver, 
which is an implicit, variable-step, variable-order solver for stiff sets of ODEs. The gas-phase mechanism in 
GAMMA 5.0 (Tsui et al., 2019) represents the oxidation of the C1-C3 volatile organic compounds (VOCs) 
as well as VOCs such as isoprene, acetylene, toluene, and xylenes that form highly soluble products such 
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as glyoxal and epoxides. Gas-aqueous phase transfer of 30 inorganic and organic compounds are computed 
following the resistance model of Schwartz (1986). In addition to the TMI inorganic chemistry described 
below, GAMMA includes the formation of sulfate and bisulfate radicals through oxidation of bisulfate and 
sulfuric acid by OH. These inorganic radicals can then oxidize organic species to form organosulfates. The 
aqueous phase mechanism includes OH, HO2, NO3, O3, H2O2, SO4

−, and HSO4
− radical oxidation of C1-C3 

carbonyls, organosulfate formation from photochemical radical and epoxide mechanisms, and IEPOX SOA 
formation (McNeill, 2015; McNeill et al., 2012).

The TMI chemistry, included in a sensitivity simulation, represents iron (Fe(II) and Fe(III)), copper (Cu(I) 
and Cu(II)), and manganese (Mn(II), Mn(III), and Mn(IV)) reactions with OH, HO2, O2

−, and H2O2, TMI-
TMI reactions, and TMI-catalyzed reactions. Iron reactions include oxidation by H2O2 as in the Fenton 
reaction as well as O2

− and HOx radicals and the formation of complexes with sulfate and oxalate. No sulfate 
or oxalate complexes are included with other transition metal ions, though the reduction of SO4

− by Cu+ is 
included to form sulfate. Copper and manganese reactions primarily include oxidation by HOx and H2O2 
and reactions with other TMIs.

2.4.  Barth

The Barth box model is designed to mimic how a three-dimensional chemistry transport model would rep-
resent multiphase chemistry. That is, the 3-d model predicts the thermodynamic variables and liquid water 
content that are provided to the chemistry module. In the Barth box model, thermodynamic variables and 
liquid water content are prescribed.

The multiphase chemistry is solved using the Euler backward iterative (EBI) method, which is a stable, 
implicit method that was shown to perform similarly to high-order, ODE solvers (Barth et al., 2003). The 
Barth box model employs the gas-phase chemistry mechanism used in the NCAR large-eddy simulation 
(LES) coupled with chemistry (LES-chem) (Kim et al., 2012). It includes 64 reactants and 168 reactions that 
are based on MOZART2.2 (Horowitz et al., 2003) and MOZART4 (Emmons et al., 2010). Gas-aqueous par-
titioning is either described according to Henry's Law coefficients for low solubility or slowly reacting com-
pounds or, it is calculated according to the resistance model of Schwartz (1986) for high solubility (HNO3) 
or fast reacting (OH, HO2, and NO3) compounds. More details on this methodology can be found in Barth 
et al.  (2001, 2003). The aqueous-phase chemical mechanism is a modification of that described by Y. Li 
et al. (2017) who examined the effect of aqueous-phase chemistry on biogenic volatile organic compounds 
using the NCAR LES-chem model. The aqueous chemistry species include simple sulfur, ozone (O3), and 
organic aldehydes, peroxides, and acids. Oxidation of C1-C3 carbonyls and organic acids is by OH only. 
Modifications from Y. Li et al. (2017) include removing H2O2 reactions with glyoxal, glyoxylic acid, formic 
acid, oxalic acid, and pyruvic acid, removing OH reactions with methanol, acetone, isoprene, methacrolein, 
and methyl vinyl ketone, and removing O3 reactions with methacrolein and methyl vinyl ketone. Oxidation 
of acetic acid by OH was modified to produce glyoxal instead of glycolaldehyde, and methyl hydrogen per-
oxide (CH3OOH) oxidation by OH was modified to produce formic acid instead of formaldehyde following 
Ervens et al. (2008). Transition metal ion chemistry is not included in the aqueous-phase mechanism, nor 
is WSOC + OH.

2.5.  Ervens

The Ervens model (Ervens et al., 2008, 2014) is based on an adiabatic air parcel model (Feingold et al., 1998). 
However, for this model intercomparison, no microphysical processes are calculated, but instead the model 
uses prescribed LWC. The LWC is distributed to a number of droplets that is determined by the LWC to drop 
volume ratio where the radius r = 10 μm.

The Ervens box model uses a VODE solver with a model time step of 2 s. For this model intercomparison, 
the gas-phase mechanism used by the Barth box model (Kim et al., 2012) is adopted. Gas-aqueous phase 
transfer processes of 22 inorganic and organic compounds are described according to the resistance model 
of Schwartz (1986). The aqueous phase mechanism is based on Ervens et al. (2008, 2014). It includes the 
major sulfur (IV) oxidation pathways and HOx chemistry, largely based on the first versions of CAPRAM 
(Ervens, George, et al., 2003). In addition, aqueous-phase glyoxal chemistry based on Lim et al. (2010) was 
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implemented. The OH radical is assumed to be the only oxidant of organic compounds (C1–C3), leading 
to the oxidation of aqueous glyoxal and other carbonyls and the formation of di- and keto acids. Aque-
ous-phase transition metal ion chemistry is included in a sensitivity simulation. The Ervens box model 
results presented here are based on simulations without the WSOC + OH → WSOC + HO2 reaction.

The TMI chemistry, included in a sensitivity simulation, represents iron (Fe(II) and Fe(III)) and copper 
(Cu(I) and Cu(II)) reactions with OH, HO2, and H2O2, and TMI-TMI reactions. Besides Fe(II) oxidation by 
H2O2 via Fenton reaction and by OH, HO2 and O3, Fe(III) hydroxy complexes undergo photolysis process-
es. Cu(I) is oxidized and Cu(II) is reduced via reactions with HO2 and its anion O2

−. The TMI module also 
represents Fe(III) reaction with Cu(I) to form Fe(II) and Cu(II). Note, that manganese is not included in the 
TMI chemistry module.

3.  Conditions of the Simulations and Measurements Used
The box for the model intercomparison was placed at the location of the Whiteface Mountain (WFM) Sum-
mit Observatory in New York, USA. This location is defined as 44.4°N, 73.9°W at an altitude of 1,500 m. 
At WFM Summit Observatory, several parameters are measured routinely including wind direction, wind 
speed, temperature, relative humidity, cloud liquid water, and trace gas mixing ratios of NO, NO2, NOy, O3, 
CO (carbon monoxide), and SO2. Details on the measurement techniques for these parameters are given in 
Schwab, Casson, et al. (2016) and Schwab, Wolfe, et al. (2016). These quantities were used to initialize the 
box model simulations.

Cloud water was collected with a Mohnen omni-directional passive cloud water sampler (Falconer & Fal-
coner, 1980; Möhnen & Kadlecek, 1989) with 0.4 mm Teflon strings corresponding to <5 μm droplet cutoff 
diameter at >5 m s−1 wind speeds at WFM Summit Observatory from 18:00 17 September 2016 to 05:00 
local time (LT) 19 September 2016. These times match with 2200 UTC and 0900 UTC. On 17 September 
2016 at 1200 UTC (0800 LT), a low center of pressure was located over Lake Superior. From this low center 
a cold front reached southward to Kansas and an occluded front reached eastward. The occluded front had 
attached both a cold front extending from southern Ontario, Canada southward to Tennessee and a warm 
front extending to North Carolina. This warm front approached New York bringing stratiform cloud ahead 
of the front. WFM remained in the warm sector of the extratropical system until about 1400 UTC 19 Sep-
tember 2016. The winds continued to be from the southwest with ample cloud cover.

More than 1.8 L of water was collected for the September 17–18, 2016 cloud event at WFM over a 36-h pe-
riod. The cloud water was divided into 140 mL vials and sent to various laboratories for chemical analysis. 
We make use of the following measurements to evaluate the box model results. Cloud water pH is measured 
by the Adirondack Lakes Survey Corporation (ALSC). ALSC also analyzes the cloud water using ion chro-
matography for inorganic anions: nitrate, sulfate, chloride, calcium, magnesium, potassium, sodium, and 
ammonium. Total organic carbon (TOC) in the cloud water was measured by ALSC with atomic absorption, 
colorimetric, carbon analyzer persulfate oxidation. Dissolved organic carbon (DOC) was measured by the 
Herckes lab using the technique described by Boris et al.  (2016). The Herckes lab used ICP-MS (Straub 
et al.,  2012) to obtain cloud water concentrations of metals. Water soluble organic carbon (WSOC) was 
measured by the Weber laboratory using Seivers TOC technique (Sullivan et al., 2004). The DOC and WSOC 
measurements are expected to represent the same property, while TOC can include a contribution from 
insoluble organic matter. Herckes et al. (2013) showed the DOC is typically within 25% of TOC.

Evaluation of the box model results with measurements of the cloud water composition is challenging for 
several reasons. First, the cloud water sample represents several hours of collection. The measurements 
from ALSC are for samples every 12 hr, but those from Herckes and Weber are from the entire cloud event 
(up to 35 hr of collection). Thus, the measurements reflect an accumulated composition that ideally is rep-
resented by the time integration of the box models. Second, the box model is run at a single location with 
set meteorology throughout the model simulation, while the air sampled at WFM is actually moving with 
the winds and may have a different history of meteorological conditions than what is modeled. Indeed, it is 
likely much better to follow a trajectory of air as it enters a cloud from an upwind location and moves to the 
observation location, as that air parcel along a trajectory will experience mixing and other physical and ra-
diative processes, as well as different aerosol composition over time. Thus, the comparison of model results 
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with observations will be done to learn whether our current understand-
ing of the cloud water chemistry is similar or very different than what 
is seen in observations and will not be used to determine if a particular 
model is better than the others or not.

All simulations begin at 17:30 local time (LT) on September 17, 2016 and 
end at 15:00 LT September 18, 2016. For this configuration, the simula-
tion begins in daylight 1(1/2) hr before sunset (∼19:00 LT), which is fol-
lowed by ∼11(1/2) hr of nighttime and then 8(1/2) hr of daylight. Photol-
ysis rates in all the models except CLEPS were prescribed using values for 
the location and date of the cloud event from the Troposphere Ultraviolet 
Visible radiation model (TUV v5.3) for clear sky conditions. The meteor-
ological conditions, obtained from the WFM Summit Observatory data, 

were prescribed, holding values constant during the simulation. These conditions are temperature = 286 K 
and pressure = 847 hPa resulting in a dry air density of 1.032 kg m−3, and water vapor = 10.068 g kg−1. Us-
ing constant values for the meteorology is justified in that the WFM observations showed that temperature, 
pressure, and water vapor remained fairly constant during the cloud event. The initial chemical concentra-
tions were obtained from the WFM Summit Observatory for NO, NO2, NOy, O3, CO, or taken from a WRF-
Chem simulation, and SO2 was set to 150 pptv. The WRF-Chem domain was configured for the contermi-
nous U.S. at 12-km horizontal grid spacing and 40 vertical levels from the surface to 50 hPa. The simulation 
was initialized at 0000 UTC 16 September 2016 and integrated until 0000 UTC 19 September 2016 using 
GFS meteorological conditions and the global chemistry transport model MOZART chemical conditions. 
More details on the WRF-Chem simulation are given in Supporting Information S1. WRF-Chem results 
were extracted from the surface output at the grid point nearest WFM at 2100 UTC 17 September (1700 LT) 
to initialize the box models. The initial chemical box model conditions can be characterized as continental 
background with O3 = 39 ppbv, NOx = 180 pptv, isoprene = 1 ppbv, monoterpenes = 40 pptv, carbon mon-
oxide = 140 ppbv, ethane = 850 pptv, and SO2 = 150 pptv. The model conditions are given in Tables S1–S6 
in Supporting Information S3.

Five simulations are conducted (Table  2). Simulations included gas-phase only or gas-cloud chemistry. 
None of the simulations included aerosol chemistry. Simulation 1 represents clear sky conditions; no cloud 
chemistry occurred. Simulation 2 prescribes a cloud from 18:00 LT 17 September to 14:00 LT 18 September 
with a liquid water content of 0.78 g kg−1, which is the average LWC of the observations during this time 
period. In Simulation 2, the pH is set to 4.5. Simulation three is the same as Simulation 2 but the pH is pre-
scribed to 5.1, which is the average measured pH by ALSC (note, that the measurements from ALSC were 
not available before the box model intercomparison began). Simulation 4 is the same as Simulation 2 but 
aqueous-phase TMI chemistry is included. Simulation 5 is the same as Simulation 2 but the pH is calculated 
by the individual models.

Sources of differences among the model results can be attributed to the chemical mechanism, reaction 
rate constants and equilibrium coefficients. Note that the environmental conditions (temperature, pres-
sure, liquid water content) are constrained in all five simulations and should not contribute to differences 
among model results. The chemical mechanisms, and reaction rate and equilibrium coefficients are not 
constrained for any of the simulations. The equilibrium coefficients may play a significant role in causing 
differences among model results. Table 3 lists the effective Henry's law constant (Heff) from each model for 
Simulation 2 conditions (T = 286 K, pH = 4.5). The five models use different equilibrium coefficients for 
most trace gases. Many Heff values are similar from model to model, but some trace gases have a variety of 
Heff values. For example, higher Heff values for CH2O and methylglyoxal (MGLY) are used in the Ervens 
model compared to CAPRAM, CLEPS, and Barth models, and lower Heff for glycolic acid is used in the 
Ervens model. To address whether these differences in equilibrium coefficients explain differences in the 
model results, we perform simulations with the Barth model using the equilibrium coefficients from each 
model. These results are in the Supporting Information S2 and discussed in Section 4.

The oxidation of aldehydes and organic acids by OH is an important part of the aqueous-phase organic 
chemistry. The reaction rate constants for these reactions can also contribute to differences between the five 
models. Table 4 lists the reaction rate constants used by each model for Simulation 2 conditions (T = 286 K). 

Simulation
Gas-phase 
chemistry

Aqueous-phase 
chemistry pH

Aqueous-phase 
TMI chemistry

1 Yes No N/A No

2 Yes Yes 4.5 No

3 Yes Yes 5.1 No

4 Yes Yes 4.5 Yes

5 Yes Yes Calculated No

Table 2 
List of Simulations Performed



Journal of Geophysical Research: Atmospheres

BARTH ET AL.

10.1029/2021JD035486

9 of 34

There are some notable differences among models that can be seen. Aqueous CH2O oxidation is not includ-
ed in the GAMMA model. Glycolaldehyde oxidation rate constant is 2.5–5 times smaller in the GAMMA 
model than the other four models. The MGLY oxidation rate constant is up to two times greater in the 
CAPRAM and CLEPS models compared to the other three models. In addition, the CAPRAM and CLEPS 
models treat both the hydrated and unhydrated form of the aldehydes separately, including their different 
reactivity. These differences must be kept in mind when evaluating the box model results.

In Simulation 5, each model predicted the pH of the cloud water instead of prescribing the pH as was done 
in Simulations 2–4. The way pH is predicted can also cause differences among the models. The CAPRAM, 
CLEPS, and GAMMA models explicitly predict the hydrogen ion in the aqueous phase while the Barth and 
Ervens models use an electroneutrality equation (Table S7 in Supporting Information S3). The electroneu-
trality equation includes major inorganic cations and anions as well as anions from the organic acids.

4.  Results
4.1.  Clear-Sky Only Chemistry (Simulation 1)

To gain an understanding of how well the five models agree for just gas-phase conditions, a clear-sky only 
simulation was conducted for the 21(1/2) hr simulation time period, allowing us to contrast the different 
model results for nighttime and daytime conditions.

Oxidant (OH, HO2, H2O2, and O3) concentrations, in general, agree more among the models and with meas-
urements for O3 during the nighttime hours than during daytime (Figure 1). During nighttime, OH ranges 
from 1 × 10−3 to 1.5 × 10−3 pptv, while the midday (hour 36) concentrations range from 0.1 to 0.26 pptv. 
Results for nighttime HO2 (0.64–1.5 pptv) vary more than midday HO2 mixing ratios (20–30 pptv). While 
all models predict 1.24 ppbv of H2O2 at night due to its lack of sources and sinks at night, the H2O2 mixing 

Species CAPRAM CLEPS GAMMA Barth Ervens

OH 52.6 90.9 59.1 71.4 52.6

HO2 13,550 2650 1615 3336 13,550

H2O2 249,000 215,500 248,000 243,900 249,000

O3 0.01576 0.01534 0.01570 0.01534 0.01576

CH3OO 683 a a 5.00 310

CH3OOH 683 650 647 631 310

CH2O 8290 8770 8920 8780 13,810

CH3CHO 27.5 29.5 30.5 29.6 11.4

Glycolaldehyde 79,450 71,120 80,000 76,770 41,400

Glyoxal 1.20 × 106 1.20 × 106 1.20 × 106 1.20 × 106 1.20 × 106

Methylglyoxal 10,730 10,710 10,030 10,130 92,530

HYDRALD a a a 256,000 41,400

Formic Acid 80,720 140,600 142,300 140,300 80,600

Acetic Acid 19,630 15,250 15,230 15,400 19,660

Glycolic Acid 283,500 237,400 285,100 166,100 52,830

Glyoxylic Acid 235,500 34,080 350,400 218,700 196,800

Pyruvic Acid 7.20 × 107 3.54 × 107 6.57 × 107 8.23 × 107 8.27 × 107

Oxalic Acid 3.74 × 1012 5.59 × 1012 1.70 × 1013 2.69 × 1012 4.85 × 107

SO2 1080 845 1042 1145 1043

HNO3 6.41 × 1011 4.97 × 1011 3.53 × 1011 4.97 × 1011 4.97 × 1011

aMethyl peroxy radical (CH3OO) and/or hydroxy aldehyde (HYDRALD) do not transfer into the aqueous phase.

Table 3 
Effective Henry's Law Constant, Heff (M atm−1), Used in Each Model for T = 286 K and pH = 4.5
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Reaction CAPRAM CLEPS GAMMA Barth Ervens

Formaldehyde

CH2O (CH2(OH)2) + OH 8.66 × 108 6.78 × 108 Neglected 8.79 × 108 8.65 × 108

Acetaldehyde

CH3CHO + OH 3.10 × 109 3.60 × 109

CH2CH(OH)2 + OH 1.30 × 109 1.20 × 109

Effective rate constant Neglected 3.29 × 109 3.60 × 109

Glycolaldehyde

CH2OHCHO + OH 1.37 × 109 1.40 × 109

CH2OHCH(OH)2 + OH 1.12 × 109 1.10 × 109

Effective rate constant 5.00 × 108 1.20 × 109 1.20 × 109

Glyoxal

CHOCHO + OH 6.60 × 107

CHOCH(OH)2 + OH 8.89 × 108

CH(OH)2CH(OH)2 + OH 8.68 × 108 8.89 × 108

Effective rate constant 1.10 × 109 7.83 × 108 8.06 × 108

Methylglyoxal

CH3C(O)CHO + OH 7.11 × 108

CH3C(O)C(OH)2 + OH 6.32 × 108 7.73 × 108

CH3C(OH)2CHO + OH 8.27 × 108

CH3C(OH)2CH(OH)2+ OH 9.81 × 108 7.73 × 108

Effective rate constant 7.00 × 108 5.76 × 108 8.76 × 108

Formic Acid

HCOOH + OH 1.13 × 108 8.69 × 107 1.00 × 108 1.13 × 108 1.13 × 108

HCOO− + OH 2.78 × 109 2.87 × 109 3.10 × 109 2.78 × 109 2.78 × 109

Acetic Acid

CH3COOH + OH 1.41 × 107 1.24 × 107 1.60 × 107 1.24 × 107 1.24 × 107

CH3COO− + OH 5.69 × 107 7.76 × 107 8.50 × 107 7.76 × 107 7.74 × 107

Glycolic Acid

(OH)CH2COOH + OH 6.00 × 108 6.00 × 108 6.00 × 108 5.40 × 108 5.40 × 108

(OH)CH2COO− + OH 1.20 × 109 8.60 × 108 8.60 × 108 1.20 × 109 1.20 × 109

Glyoxylic Acid

(OHC)COOH + OH 1.30 × 108

CH(OH)2COOH + OH 3.13 × 108 2.87 × 108

Effective acid rate constant 3.62 × 108 3.13 × 108 3.12 × 108

(CHO)COO− + OH 4.46 × 108

CH(OH)2COO− + OH 1.41 × 109 1.36 × 109

Effective anion rate constant 2.90 × 109 1.58 × 109 1.57 × 109

Pyruvic Acid

CH3C(O)COOH + OH 8.09 × 107

CH3C(OH)2COOH + OH 3.15 × 108 2.48 × 108

Effective acid rate constant 6.00 × 107 2.48 × 108 1.20 × 108

CH3C(O)COO− + OH 5.06 × 108

CH3C(OH)2COO− + OH 5.54 × 108 4.65 × 108

Table 4 
Aqueous-Phase Reaction Rate Constants (M−1 s−1) at T = 286 K for Each of the Models
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ratios during daytime vary from 1.5 to 3.8 ppbv. Like H2O2, O3 at nighttime is predicted to be approximately 
the same at night (39 ppbv). After sunrise, the models predict O3 production in varying amounts while the 
observations show O3 loss. The difference between model results and observations is likely due to lower 
O3 mixing ratios transported to WFM or missing chemistry. These model results show that the Barth and 
Ervens models, using the same gas-phase mechanism, have the same results. Although the CAPRAM and 
CLEPS models utilize the MCM (albeit different versions with the CLEPS model using a reduced mecha-
nism noted in Table 1), the oxidant results from these two models are somewhat different. The differences 
between CAPRAM and CLEPS highlight the importance of clearly defining the version and configuration 
of the chemistry mechanism.

The different models have much more variable results for gas-phase aldehyde concentrations (Figure 2) 
compared to the oxidants. Nighttime CH2O and CH3CHO mixing ratios are fairly similar among most mod-
els (CH2O: 2.7–2.9 ppbv, CH3CHO: 400 pptv for four models and 500 pptv for GAMMA), but daytime con-
centrations vary much more, ranging for CH2O from 1.4 to 2.4 ppbv at noon (t = 36 h), and for CH3CHO 
150–550 pptv at noon. Similarly, glycolaldehyde and glyoxal vary among the different models less at night 
than during day. At night, glycolaldehyde is ∼420 pptv and at midday it ranges from 320 to 420 pptv, while 
the glyoxal range is 200–225 pptv at night and 70–140 pptv at midday. Methylglyoxal shows considera-
ble variation, with different trends in different models. The CLEPS model has methylglyoxal increasing 
throughout the simulation until late morning (time ∼35 h), while the other four models show increasing 
methylglyoxal at night and decreasing mixing ratios during day.

Only two organic acids, HCOOH and CH3COOH, are potentially produced in the clear-sky only simula-
tion. HCOOH, initialized at 0 pptv, is not produced in the Barth or Ervens gas-phase chemistry, while it is 
produced in the other models, generating ∼50 pptv by midday (Figure 3). CH3COOH generally increases 
throughout the simulation with nighttime mixing ratios increasing from 200 to 210–270 pptv (Figure 3), and 
daytime CH3COOH production being anywhere from 20 pptv to 230 pptv.

The variability among models for the gas-phase only simulation will be reflected in differences found in 
the gas-aqueous chemistry simulations. Being a major aqueous-phase oxidant, the OH variation among 
models is important. The factor of 1.5 variation at night and 2.6 variation during day for OH among the 
five models could affect agreement for the cloud simulations. However, it is known that aqueous-phase 
OH concentrations are controlled by both the gas-to-drop phase transfer and the aqueous-phase chemistry, 
which could reduce (or enhance) the impact of the gas-phase only variation (e.g., Ervens et al., 2014; Paul-
son et al., 2019).

4.2.  Reference Simulation in Cloud Water (Simulation 2)

By prescribing the liquid water content and the pH, differences among the five models become constrained 
to differences in the chemical mechanism, reaction rate and equilibrium coefficients. With the onset of 
cloud, gas-phase OH concentrations (Figure 4) decrease and are more variable among the models compared 
to the clear-sky simulation, with an order of magnitude variation among models (compared to a factor of 
2.6 or less for the clear-sky simulation). These variations are caused by different chemistry represented in 
each model as the Barth chemistry simulations employing the different equilibrium coefficients used by 
the other models (Figure S1 in Supporting Information S2) do not show appreciable OH differences among 
models. This is consistent with mass transport limitations of OH transfer into cloud drops and fast OH 

Table 4 
Continued

Reaction CAPRAM CLEPS GAMMA Barth Ervens

Effective anion rate constant 6.00 × 107 4.65 × 108 7.00 × 108

Oxalic Acid

HOOCCOOH + OH 1.40 × 106 Neglected 1.40 × 106 1.40 × 106 1.40 × 106

HOOCCOO− + OH 1.28 × 108 1.28 × 108 2.00 × 107 1.28 × 108 1.27 × 108

−OOCCOO− + OH 8.73 × 107 8.73 × 107 4.00 × 107 8.73 × 107 8.67 × 107
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chemistry. Gas-phase HO2 mixing ratios (0.5–1.0 pptv at night; 2–10 pptv at midday) are also more variable 
for the cloud simulation than the clear-sky simulation. Some of the variability may be due to using different 
equilibrium coefficients (Figure S1 in Supporting Information S2), but the variability is caused more by dif-
ferent chemistry. Gas-phase H2O2 mixing ratios at night during the cloud event are quite small (∼200 pptv), 
but increase after sunrise to midday with mixing ratios of 370–540 pptv. After the cloud event, gas-phase 
H2O2 mixing ratios predicted by the different models are substantially different with mixing ratios ranging 
from 1.6 to 3.8 ppbv. These differences among models are primarily due to different irreversible chemical 
reactions rather than equilibrium coefficients. Introducing cloud chemistry reduces the production of O3 
(Figure 4g) compared to the clear-sky simulation (Figure 1d) to <1 ppbv for four models and introduces 
O3 loss in the CAPRAM of 3–4 ppbv. The model predicted O3, especially by the CAPRAM model, matches 
observations well.

The ratios of the gas-phase mixing ratio to the total (gas + aqueous) mixing ratio can be compared among 
models. First, the aqueous phase concentration is converted to a mixing ratio (Ca = Xa·qc·MWair·1 × 10−6 
where Ca is aqueous-phase mixing ratio [mol oxidant mol−1 air], Xa is aqueous phase concentration [mol X 
L−1 H2O], qc is cloud water mass mixing ratio [g H2O kg−1 air], MWair is molecular weight of air [28.966 g 
mol−1], and 1 × 10−6 converts units). The total mixing ratio is the sum of the gas-phase and aqueous-phase 
mixing ratios. Comparing the gas-phase mixing ratios of the oxidants to their total mixing ratios at hour 19 
(nighttime), the five models tend to agree with respect to partitioning between gas and aqueous phases in 
that OH and O3 are approximately completely in the gas phase (>99.9%), HO2 is nearly all in the gas phase 
(>80%), and only ∼20% of the H2O2 is in the gas-phase. Partitioning of trace gases is discussed in more detail 
below.

Aqueous-phase oxidant concentrations (right column of Figure 4) vary among the models. At night, OH 
concentrations range from 5  ×  10−15 to 12  ×  10−15  M, while at midday aqueous-phase OH ranges from 
1 × 10−13 to 50 × 10−13 M, with the GAMMA and CLEPS models predicting higher OH than the CAPRAM 
and Barth models and the Ervens model predicting less daytime OH. At night, the OH (aq) variability is 

Figure 1.  Time series plots for (a) OH, (b), HO2, (c) H2O2, and (d) O3 gas-phase concentrations from the clear-sky only 
simulation. Results are colored by different models, where green lines are the CAPRAM, gold lines are CLEPS, red lines 
are GAMMA, blue lines are Barth, and magenta lines are Ervens models. The gray line in panel (c) is the photolysis rate 
for NO2 (0.01 s−1) indicating daylight and nighttime periods. The gray shaded region denotes nighttime. The black dots 
in the O3 panel are hourly average observations from the WFM Summit Observatory measured by ASRC.
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Figure 2.  Time series of (a) Formaldehyde, (b) Acetaldehyde, (c) Glycolaldehyde, (d) Glyoxal, and (e) Methylglyoxal 
(MGLY) from the clear-sky only simulation. Results are colored by different models, where green lines are CAPRAM, 
gold lines are CLEPS, red lines are GAMMA, blue lines are Barth, and magenta lines are Ervens models. The gray 
shaded region denotes nighttime.

Figure 3.  Time series of (a) Formic acid and (b) Acetic acid from the clear-sky simulation. Results are colored by 
different models, where green lines are CAPRAM, gold lines are CLEPS, red lines are GAMMA, blue lines are Barth, 
and magenta lines are Ervens models. The gray shaded region denotes nighttime.
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due to the different OH Heff values (Table 3), such as the higher OH Heff used by CLEPS which increases 
the gas to aqueous phase transfer of OH, as well as differences in aqueous-phase reaction rates (Table 4) 
affecting OH (aq) concentrations. During daytime, the CLEPS OH (aq) is also affected by using different 
photolysis rate constants than the other models (Figure S2 in Supporting Information S2). Aqueous-phase 
HO2 concentrations are similar among four of the five models with CAPRAM predicting much higher HO2 
at night. All models predict nighttime aqueous-phase H2O2 concentrations to be mostly constant (although 
H2O2 shows a ∼1 × 10−5 M increase in CAPRAM). During daytime, all models predict an increase in H2O2 
aqueous-phase concentrations, although the CLEPS model displays a decrease in aqueous H2O2 after hour 
33 hr due to the H2O2 (aq) + OH (aq) reaction, which becomes dominant for the elevated OH concentration. 

Figure 4.  Time series plots from the cloud simulation with prescribed LWC and pH. Left column: Gas-phase and total 
(gas + aqueous phase) mixing ratios (dashed and solid lines, respectively); right column: corresponding aqueous-phase 
concentrations of the same species. (a, b) OH, (c, d), HO2, (e, f) H2O2, and (g, h) O3. Results are colored by different 
models, where green lines are CAPRAM, gold lines are CLEPS, red lines are GAMMA, blue lines are Barth, and 
magenta lines are Ervens models. The gray shaded region denotes nighttime. The black dots in the O3 panel are hourly 
average observations from the WFM Summit Observatory measured by ASRC.
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The temporal trend in H2O2 is due to the availability of aqueous-phase OH and HO2. Aqueous-phase O3 
concentrations predicted by the different models are quite similar.

The oxidation of S(IV) in the aqueous phase to form sulfate goes to completion within the first hour or so of 
the onset of cloud (Figure 5). The Barth, GAMMA, and Ervens models represent the SO2 depletion on the 
same timescale (overlapping lines in Figures 5a and 5b), while the CAPRAM model depletes SO2 somewhat 
more rapidly and the CLEPS model depletes SO2 immediately, because the high OH (aq) concentrations 
predicted by CLEPS oxidize S(IV) rapidly during the first hour of cloud, which is still in daylight. Three 
models conserve SO2 + SO4

2−, which is initially 626 pptv. Observed gas-phase SO2 maintains near-constant 
values during the time period, indicating a source (likely from transport) to the WFM Observatory that is 
not included in the configuration of the box model simulations. While adding a source of SO2 (or other trace 
gases) from transport or mixing may create a more realistic simulation, the lack of such a source does not 
distract from the goal of the paper which is to evaluate the similarities and differences of five gas-aqueous 
chemistry models including their reaction mechanisms.

Major inorganic ion concentrations predicted by the models can be compared to the measurements taken 
by the ALSC for the cloud event (Table 5). Note that these measurements were not available at the time the 
box model simulations were configured. The box model initialization was based on output from a WRF-
Chem simulation (Section 3), which predicted low ammonium (NH4

+) concentrations likely because of low 
NH3 emissions. Thus, box model predictions of NH4

+ concentrations are much lower than those measured. 
However, if the box model initial NH3 mixing ratios were increased to 1 ppbv, the predicted NH4

+ concen-
tration would be in line with observations (as found by the Barth model for the 06:00 LT September 18, 2016 
comparison). Sulfate concentrations are overpredicted by the box models, which is caused by SO2 initial 
mixing ratios being 2–3 times greater than observations (Figure 5). Modeled nitrate concentrations are low 
at the beginning of the cloud event because nitrate aerosol was not included in the model initialization, but 
nitrate concentrations agree within ±2 μM for the 06:00 LT September 18, 2016 comparison time for five 
of the six models. This good agreement in NO3

− is likely due to initializing the box models with measured 

Figure 5.  Same as Figure 4 but for (a, b) SO2 and (c, d) SO4
2− and for the first ∼3 h of the simulation. Total S(IV) 

is dominated by its gas-phase mixing ratio, while total S(VI) is entirely in the cloud water. Thus, only total SO2 and 
SO4

2− are visible in panels (a) and (c). The gray shaded region denotes nighttime. The black dots in panel (a) are hourly 
observations and in panel (d) are from the first 12-hourly cloud water sample from WFM Summit Observatory provided 
by ALSC.
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NO and NO2 (Section 3) and nighttime conditions when the loss of NOx 
is negligible due to low OH concentrations.

The onset of cloud introduces substantial differences in aldehyde mix-
ing ratios among the box models (Figure 6). All models have CH2O total 
mixing ratios showing a 0–500 pptv increase during nighttime followed 
by a 1000–1700 pptv decrease in CH2O total mixing ratios during day-
light when CH2O oxidation by OH in both gas and aqueous phases and 
gas-phase photolysis of CH2O are prevalent. Noting the logarithmic scale, 
aqueous-phase CH2O concentrations range from 1 to 35  μM at night 
and 0.02–15 μM at midday. The GAMMA model does not include aque-
ous-phase oxidation of CH2O, thus the minor depletion seen in aqueous 
CH2O during day is due to equilibrating with lower gas-phase CH2O con-
centrations. The lower aqueous-phase CH2O concentrations from the 
CLEPS model are due to the elevated OH (aq) concentration causing a 
substantial depletion of aqueous CH2O. There are also differences in par-
titioning between gas and aqueous phases among the models, with the 
CLEPS model showing CH2O nearly 100% in the gas phase and the other 
three models showing 70%–85% of total CH2O in the gas phase.

Modeled acetaldehyde (Figures  6c and  6d) varies among models, with 
the GAMMA model predicting ∼100 pptv more acetaldehyde than the 
other models due to gas-phase chemistry (Figure 2), and photochemistry 
affecting predictions during daytime. Because of its low Heff value (30 M 
atm−1), acetaldehyde is nearly completely in the gas phase, thus only the 
total mixing ratios are seen in Figure 6c. The total acetaldehyde mixing 
ratios are quite similar to the clear-sky-only simulation 1 (Figure 2b) ex-
cept for the CAPRAM model results, which, instead of decreasing acet-
aldehyde during daytime, shows a small increase in total acetaldehyde 
mixing ratio (Figure 6c) because of gas-phase oxidation of propene and 
photolysis of 3-hydroxy-2-methylpropanal which compensate for the loss 
rates in the aqueous phase. In the aqueous phase, the CLEPS, Barth, and 

Ervens models show a depletion during daytime in acetaldehyde due to reduced gas-to-drop transfer with 
the lower gas-phase mixing ratios. The Ervens model predicts a lower aqueous acetaldehyde concentration 
because of the lower Heff value (11.4 M atm−1) employed in that model compared to the other models. A 
decrease in aqueous acetaldehyde is not seen in the CAPRAM model results or GAMMA model results 
because their gas-phase mixing ratios did not decrease substantially.

Glycolaldehyde gas-phase mixing ratios and aqueous concentrations differ among models (Figures  6e 
and 6f), in contrast to Simulation 1 which show strong agreement among models during night and simi-
lar behavior for three of the models during daylight. With its high Heff value (70,000–80,000 M atm−1) and 
high aqueous-phase oxidation rate constant with OH (>109 M−1 s−1), glycolaldehyde is controlled mostly 
by the aqueous-phase chemistry. In the aqueous phase during daylight, there is substantial depletion of 
aqueous glycolaldehyde in the CLEPS and GAMMA models, moderate depletion in the CAPRAM and 
Barth models, and a small increase in aqueous glycolaldehyde in the Ervens model. These differences 
are not simply explained by differences in the Heff value or reaction rate constant of aqueous glycolalde-
hyde with OH, but are likely because the OH (aq) concentration differs among models (Figure 4b). For 
example, OH (aq) is highest in the CLEPS and GAMMA models allowing more aqueous glycolaldehyde 
depletion.

Glyoxal total mixing ratios also vary among models, with mixing ratios ranging from 140 to 200 pptv at night 
and 0 to 50 pptv at midday, but show the same general trend of small depletion during nighttime and a 
large depletion during daylight. Because a large depletion of glyoxal is found with gas-phase only chemistry 
during daylight (Figure 2d), the aqueous-phase glyoxal oxidation mostly enhances the total depletion. All 
of the models use the same Heff values (1.2 × 106 M atm−1) and aqueous-phase reaction rate constants are 

NH4
+ 

(μmol/L)
SO4

2− 
(μmol/L)

NO3
− 

(μmol/L)

Initial conditions from 
WRF-Chem

7.16 21.066 0

September 17, 2016 at 18:00 LT

ALSC measurements 47.64 18.22 24.70

CAPRAM 7.16 27.20 18.40

CLEPS 7.16 27.91 18.19

GAMMA 7.16 26.18 18.27

Barth (18:30 LT) 7.16 26.83 17.71

pH = 5.1 results 7.16 27.12 17.71

Ervens 7.16 26.71 17.78

September 18, 2016 at 06:00 LT

ALSC measurements 33.27 13.24 21.44

CAPRAM 7.16 27.70 28.80

CLEPS 7.16 27.91 23.03

GAMMA 7.16 27.04 23.59

Barth (06:00 LT) 7.16 27.70 21.04

pH = 5.1 results 7.16 27.70 20.90

Vary pH, add 1000

pptv NH3 (pH = 4.45) 44.00 27.73 21.04

Ervens 7.16 27.63 22.46

Table 5 
Initial Conditions and Concentrations of Cloud Water Inorganic Ions 
From ALSC Measurements and Model Predictions
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within a factor of two. Thus, differences found among models are because of the differences in the predicted 
OH (aq) concentration.

Methylglyoxal total mixing ratios are fairly similar among the models and show similar temporal trends 
during nighttime, but are quite different during daytime, when the CLEPS model predicts increasing MGLY 
while the other models predict decreasing mixing ratios. The gas-phase only simulation (Figure 2e) shows 
increases in MGLY during night for all models, and most substantially in the GAMMA and CLEPS models. 
MGLY in the gas-phase only CLEPS model simulation continues to increase during daylight until 11 a.m. 
(35 hr). Thus, the increase in total MGLY during daylight in the CLEPS gas-aqueous chemistry simulation 
could also be due to the gas-phase chemistry scheme used by that model. Aqueous-phase MGLY concentra-
tions have similar trends among the other five models with fairly constant values at night and a decrease in 

Figure 6.  Same as in Figure 4 but for (a, b) CH2O, (c, d) CH3CHO, (e, f) glycolaldehyde, (g, h) glyoxal, and (i, j) 
methylglyoxal.
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concentration during the day, but its concentration varies by an order of magnitude among the five models 
and reflects the different Heff constants used by the models (Table 3) and the elevated OH (aq) concentration 
increasing MGLY (aq) destruction in the CLEPS model.

Due to the variability among models for both the aldehydes and OH radical, the variability among models 
for the organic acids (Figure 7) is also quite substantial. Formic acid production in the aqueous phase occurs 
during nighttime in all the models until 1–4 hr after sunrise depending on the model. However, the formic 
acid production magnitude varies greatly among the models. The CAPRAM model produces >400 pptv total 
formic acid while the GAMMA model produces 50 pptv total formic acid because the GAMMA model does 
not include aqueous CH2O oxidation by OH. The high HCOOH production in CAPRAM is due to the high 
CH2O (aq) and OH (aq) concentrations in CAPRAM at night. In addition, CAPRAM and CLEPS models in-
clude HCOOH (g) production at night from ozone reaction of ethene or other unsaturated compounds. The 
effect of excluding aqueous-phase CH2O oxidation in the GAMMA model increases the OH (aq) concentra-
tion and therefore reduces organic acid concentrations during daytime more quickly than if aqueous CH2O 
oxidation were included (Figure S3 in Supporting Information S2). However, by the end of the simulation, 

Figure 7.  Same as Figure 4 but for (a, b) formic acid, (c, d) acetic acid, (e, f) glycolic acid, and (g, h) glyoxylic acid.
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the organic acid concentrations are nearly the same for a GAMMA sensitivity simulation where aqueous 
CH2O oxidation was included (Figures S4 and S5 in Supporting Information S2). Due to its oxidation by 
OH in the aqueous phase, HCOOH decreases during most of the day depending on the OH concentration.

Predictions of total acetic acid mixing ratios (Figures 7c and 7d) are similar among three models (GAMMA, 
Barth, and CLEPS) showing rather constant mixing ratios at night and changes of ±100 pptv during the 
day. The CAPRAM and Ervens models predict large increases (800–1000 pptv) in total acetic acid, because 
these two models include aqueous-phase acetyl peroxy radical (CH3CO3) reacting with O2

−, which produces 
peracetic acid and acetate in the CAPRAM and Ervens models, respectively. In the CAPRAM model, per-
acetic acid reacts with bisulfite ion to form acetic acid. In CAPRAM, acetyl peroxy radical can also undergo 
hydrolysis, which leads to acetic acid formation (Tilgner et al., 2013), and pyruvic acid aqueous-phase reac-
tion with H2O2 produces acetic acid. The acetyl peroxy radical hydrolysis pathway is the dominant source 
of acetic acid for the simulated conditions. While the CLEPS model includes aqueous-phase CH3CO3 + O2

− 
to form peracetic acid, the peracetic acid reacts only with sulfite ion, which has a small concentration at 
pH = 4.5. The CLEPS model also includes reaction between pyruvic acid and H2O2, but it is a small source 
of acetic acid for the simulated conditions.

Total mixing ratios of glycolic and glyoxylic acids vary by two orders of magnitude among the models (Fig-
ures 7e–7h), but the five models predict a similar trend with a small increase during the cloud event. The 
CLEPS and GAMMA models show an order of magnitude decrease in daytime when the aqueous-phase OH 
in these two models increases substantially (Figure 4b). The exclusion of the aqueous CH2O oxidation in the 
GAMMA model causes this decrease to occur earlier in the day, but organic acid concentrations at the end 
of the simulation are the same (Figures S4 and S5 in Supporting Information S2).

Pyruvic acid total mixing ratios (Figures 8a and 8b) vary by 1–2 orders of magnitude among models, but 
show the same general trend of increasing mixing ratios during the night and early morning. The higher 
pyruvic acid mixing ratios from the Ervens model occurs because of the high MGLY Heff value used by that 
model (9.3 × 104 M atm−1 compared to 1.1 × 104 M atm−1 by the other models, Table 3). The lower pyruvic 
acid mixing ratios predicted by the CLEPS model is due to the combination of aqueous-phase photolysis of 
pyruvic acid and the lower pyruvic acid Heff value used by that model (3.5 × 107 M atm−1 compared to 7.2–
8.3 × 107 M atm−1 by the other models) together with lower concentration of pyruvic acid in the gas phase. 
The oxidation of pyruvic acid in the aqueous phase is more efficient due to the high OH (aq) concentration 

Figure 8.  Same as Figure 4 but for (a, b) pyruvic acid and (c, d) oxalic acid.
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and pyruvic acid loss by photolysis and its reaction with H2O2, which may not be considered in all of the 
other models.

Oxalic acid production at night ranges from 1 to 20 pptv for the total mixing ratio predicted by all of the 
models. Total oxalic acid production continues during daytime with midday mixing ratios of 10–500 pptv, 
potentially contributing 0.03–1.6 μg m−3 to aerosol formation. Since oxalic acid formation relies on both its 
own and its precursor Heff values and reaction rate constants, the variation in oxalic acid concentrations is 
not surprising. Finding a large range of oxalic acid production among the models has implications on how 
well the community can predict aqueous SOA formation from cloud chemistry (Ervens et al., 2011). The 
results shown here point to the need for reliable Heff and reaction rate constants, as some of the variation 
among model results is due to different values used for these coefficients. It should also be noted that oxa-
late forms salts and complexes in the aqueous phase which is not accounted for by Henry's law. Thus, the 
assumption of complete partitioning of oxalic acid to the aqueous phase appears to be justified.

While the Barth and Ervens models predict only the production of the 6 acids already discussed, the CLEPS, 
CAPRAM, and GAMMA model also include C3 and C4 organic acids, such as malonic and succinic acids. 
In the CLEPS model, the sum of HCOOH, CH3COOH, glycolic, glyoxylic, pyruvic, and oxalic acids is 90% 
or less of the total aqueous organic acids, where 2-hydroxyperacetic acid, 2-hydroxyperoxy acetic acid, per-
formic acid, and peracetic acid are the main contributors to the remaining total acid. The CLEPS model 
predicts 5.6–13.8 μM of total aqueous organic acid, while the sum of aqueous HCOOH, CH3COOH, glycolic, 
glyoxylic, pyruvic, and oxalic acids ranges from 1.8 to 10.6 μM (Figure 9a). These concentrations are similar 
to the GAMMA, Barth and Ervens models especially at night, but are smaller than that predicted by the 
CAPRAM model.

TOC concentrations measured by ALSC ranged from 112 to 404 μM for three samples obtained September 
17–18 (and 247 μM for a composite sample with all three samples combined), while DOC measured by 
Herckes was 222 μM and WSOC measured by Weber was 298–309 μM from aliquots of the composite sam-
ple. The model organic carbon can be estimated from the organic carbon in the nucleating aerosol and the 
sum of the organic acids. Initial OC in PM2.5 was 0.52 μg kg−1 (see Supporting Information S1), which is 
equal to 55 μM. At t = 30 h, the sum of the aqueous-phase organic acids ranges from 2 to 26 μM (Figure 9a). 
Thus, the modeled OC ranges from 57 to 81 μM, which is 2–6 times less than observed. Carbonyls could 
also contribute to OC (Herckes et al., 2013). When including carbonyls (Figure 6), the modeled OC ranges 
from 80 to 110 µM, which is still much smaller than observed. Discrepancies between observations and 
model are likely due to the low initial OC aerosol concentrations taken from the WRF-Chem simulation, 
in which chemical transformations in aerosols were inadvertently omitted. It should also be noted that a 
large fraction (35%–85%) of the organic content in cloud and fog water is usually not characterized on a 
molecular level (Dominutti et al., 2021; Herckes et al., 2013). Therefore, its formation processes cannot be 
included in models.

Much of the sum of organic acids (Figure 9a) increase predicted by CAPRAM is from the increase in aque-
ous-phase formic and acetic acids (Figure 7), while the organic acid production predicted by the Ervens 
model is primarily from acetic acid production, and from formic, acetic, and glycolic acids in the Barth 
model. In contrast, much of the increase of total organic acids predicted by the GAMMA model is from the 
increase in oxalic acid (Figure 8). In a sensitivity simulation conducted by the GAMMA model, the contri-
bution from the individual organic acids to the total organic acid concentration is consistent with the results 
shown in Figure 8.

Partitioning among the six main organic acids (HCOOH, CH3COOH, glycolic, glyoxylic, pyruvic, and oxalic 
acids) in the aqueous phase varies between the models (Figures 9b–9f). Both the Barth and Ervens models 
predict similar trends for the partitioning among species, for example, CH3COOH is the primary organic 
acid early on but quickly decreases as the fraction contribution and oxalic acid fraction contribution increas-
es substantially during daytime. However, the magnitude of the individual organic acid contributions to to-
tal organic acids varies because of differences of Henry's law constants (Table 3, e.g., MGLY, HCOOH, and 
glycolic acid) and small differences in aqueous oxidation reaction rate constants (Table 4). The CAPRAM, 
CLEPS, and GAMMA models also predict high acetic acid fraction early with a rapid decrease. CAPRAM 
and CLEPS models show significant fraction of HCOOH at night that is not seen in the GAMMA model 
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results because of the lower OH (aq) concentrations in GAMMA at night (Figure 4b) compared to CAPRAM 
and CLEPS and lack of aqueous-phase oxidation of CH2O in the GAMMA model. The fraction of oxalic acid 
varies among all the models with GAMMA and Barth models showing oxalic acid as the main organic acid 
at midday (t = 36 hr) for these six organic acids, while the other models have oxalic acid fraction near 0.2.

The partitioning factor, qpart, signifies whether a trace gas is in thermodynamic equilibrium as described by 
the Henry's Law constant. The partitioning factor is defined as (e.g., Audiffren et al., 1998; Rose et al., 2018)

part
eff cw g

aCq
H R T q C�

Figure 9.  Time series from the cloud simulation with prescribed LWC and pH of (a) Sum of aqueous-phase HCOOH, 
CH3COOH, glycolic, glyoxylic, pyruvic, and oxalic acids, and (b–f) Fraction of individual aqueous-phase organic acids 
of the sum shown in (a). Results in panel (a) is colored by different models, where green is CAPRAM, gold is CLEPS, 
red is GAMMA, blue is Barth, and magenta is Ervens model. Results in panels (b–f) are colored by different organic 
acids, where blue is HCOOH, gold is CH3COOH, red is glycolic acid, black is glyoxylic acid, magenta is pyruvic acid, 
and green is oxalic acid. The gray shaded region denotes nighttime.
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where Ca and Cg are the aqueous-phase and gas-phase volume mixing ratios, Heff the effective Henry's Law 
constant (M atm−1), R the ideal gas constant (0.08206 atm L mol−1 K−1), T temperature (K), and qcw the liq-
uid water content (L H2O (L air) −1). When qpart = 1, the trace gas is in Henry's Law equilibrium. For qpart > 
1 and qpart < 1, the trace gas is supersaturated and subsaturated, respectively.

A comparison of the partitioning factor among the five models and from derivations of observed partition-
ing is presented in Figure 10 using model results at t = 19 h and t = 36 h. Most model-derived partitioning 
factors are constant with time, especially at night. During daytime, more variation is found particularly for 
highly reactive OH and highly soluble HNO3 as discussed below. The derived observations, which are sum-
marized in Ervens (2015), are from various field studies in the northern midlatitudes. Those listed studies 
together with other recent ones exhibit some deviations from the thermodynamic equilibrium, especially 
supersaturations for less soluble organics (van Pinxteren et al., 2005; Wang et al., 2020). For all models, most 
trace gases are predicted to be in Henry's law equilibrium. These agree with derived partitioning factors 

Figure 10.  Partitioning factor qpart (dimensionless) for key aqueous-phase oxidants and acids at (top) t = 19 hr, 1 hr 
after cloud onset and (bottom) t = 36 hr, 18 hr after cloud onset from the cloud simulation with prescribed LWC 
and pH. The species is in Henry's Law equilibrium when qpart = 1. Modeled SO2 qpart = 0 at t = 36 hr because SO2 is 
depleted. Results are colored by different models, where green circles are from CAPRAM, gold circles are CLEPS, red 
circles are GAMMA, blue circles are Barth, and magenta circles are Ervens models. The gray boxes and black lines 
are derived partitioning factors from observations in previous field studies. References are van Pinxteren et al. (2005) 
for CH3CHO, glyoxal, methylglyoxal, and glycolaldehyde; S.-M. Li et al. (2008) for CH2O; Winiwarter et al. (1994) and 
Munger et al. (1989) for formic and acetic acids; Sellegri et al. (2003) for oxalic and nitric acids; and Voisin et al. (2000) 
for SO2, and are taken from Ervens (2015).
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from observations except for CH3CHO and acetic acid. Observations from two different field campaigns 
suggest CH3CHO is supersaturated while acetic acid is subsaturated. Trace gases that are not predicted to be 
in Henry's Law equilibrium include OH, CH2O, glyoxal, methylglyoxal, pyruvic acid, glyoxylic acid, HNO3, 
and SO2. The high chemical reactivity of OH often prevents OH from reaching equilibrium, with four mod-
els showing OH (aq) to be subsaturated. However, the CLEPS model shows OH is supersaturated in the 
cloud water, possibly from aqueous-phase chemical production.

The high solubility of HNO3 often prevents it from reaching equilibrium. At t = 19 h, three models show 
HNO3 to be subsaturated in the aqueous phase, but the CLEPS model has HNO3 in equilibrium and the 
CAPRAM model has HNO3 slightly supersaturated. At t = 36 h, HNO3 is subsaturated in all models; the 
GAMMA and Barth models HNO3 partitioning factors are 0.002 and 0.003, respectively. In some cases, 
rapid aqueous chemistry can result in the aqueous-phase trace gas to be supersaturated. For example, in the 
Ervens model, the high Heff for methylglyoxal coupled with fast oxidation by OH (aq) causes pyruvic acid to 
be supersaturated (Figure 10) for both night and daytime conditions.

An analysis of the OH (aq) sources and sinks provides insight on some of the reasons why organic acid 
production differs among models. The reaction of O3 and O2

− in the aqueous phase is a primary source 
of OH (aq), especially at night (note that there is no Fenton chemistry included in this simulation). The 
O3 + O2

− reaction is sensitive to the Henry's law constant of HO2 and its dissociation constant. Thus, the 
CAPRAM and Ervens models with their higher Heff for HO2 (Table 3) produce more OH (aq) than the other 
three models via this reaction. Other significant sources of OH (aq) during the middle of the day include 
aqueous-phase photolysis of H2O2 and the mass transfer of OH from the gas-phase, which depends on the 
OH Heff (i.e., there is greater mass transfer into cloud water in the CLEPS model because of its higher Heff 
than the CAPRAM, GAMMA, and Ervens models). The high OH (aq) concentrations in the CLEPS model 
during the daytime are a result of high production of OH in the gas phase from O3 photolysis followed by 
mass transfer of OH. The OH (aq) sinks are more numerous and the dominant loss reactions vary depend-
ing on night or day chemistry. In general, reactions with CH2O, glycolaldehyde, glyoxal, and HCOOH are 
the main sinks during nighttime, while reactions with these species, other organic acids, and H2O2 contrib-
ute to daytime OH (aq) losses. For these reactions, differences among models occur because of differences 
in Heff for the organic species and their reaction rate constants.

The results of the clear-sky simulation (Section 4.1) showed that the Barth and Ervens models give very 
similar results. Therefore, differences in the results between these two models of the gas-aqueous chemistry 
simulation are due to phase transfer fluxes and associated constants used, that is the aqueous-phase reac-
tion rate constants, and aqueous-phase chemistry mechanisms. Analysis of the OH (aq) sources and sinks at 
the initial time step of cloud encounter show where the most important differences occur. The higher HO2 
Heff in the Ervens model produces more OH (aq) than in the Barth model via the O3 + O2

− reaction, while 
the higher CH2O and MGLY Heff values in the Ervens model cause more OH (aq) destruction. In sum, the 
Ervens model has more OH (aq) production at its initial time step than destruction compared to the Barth 
model. These factors, coupled with other differences such as OH oxidation reaction rate constant of pyruvic 
acid and formation of acetic acid from the acetylperoxyl radical (ACO3), which is not included in the Barth 
model, contribute to the divergence of predicted aqueous-phase reaction rates by these two models. This 
analysis suggests that Heff and aqueous reaction rate constants be reviewed by the community who can 
provide recommended values.

4.3.  Sensitivity to Increased pH (Simulation 3)

As pH increases, the effective Henry's law constants increase, leading to more dissociation and a higher 
aqueous phase fraction (e.g., Andreae et al., 1988; Ervens, Herckes, et al., 2003; Winiwarter et al., 1994). In 
addition, the dissolved acid is present more as the anion than its protonated form (Seinfeld & Pandis, 2016). 
Further, aqueous-phase OH oxidation of the anion is much faster than that of the protonated form for most 
organic acids with less than five carbons. As an example, aqueous-phase OH oxidation of HCOO− is 25 
times faster than that of HCOOH (Ervens, George, et al., 2003; Jacob, 1986; Tilgner et al., 2021). To learn 
how each model responds to a different pH, each group re-ran Simulation 2 using a pH value of 5.1. The 
pH = 5.1 value was chosen based on the measured pH by the Adirondack Lake Survey. Increasing pH from 
4.5 to 5.1 decreased total HO2 (Figure 11) in all five model results due to the higher effective Henry's Law 
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constants allowing more efficient dissociation of HO2 in the aqueous phase. Superoxide (O2
−) has a higher 

reactivity than HO2, causing more total HO2 depletion at pH = 5.1 compared to pH = 4.5. Total O3 mixing 
ratios also decrease with the higher pH compared to the pH = 4.5 simulation, with more depletion occur-
ring during daytime. The lower O3 mixing ratios are again due to the faster rate of O3 + O2

−.

While all five models predict similar responses to total HO2 and O3, the response in aqueous OH and sum 
of formic, acetic, glycolic, glyoxylic, pyruvic, and oxalic acids differs among models. Aqueous-phase OH 
concentrations increase in the CAPRAM, Barth, and Ervens model simulations when pH is increased (Fig-
ure 11c). The CLEPS model shows an increase in aqueous-phase OH during nighttime, but predicts the same 
aqueous-phase OH concentration during daytime for both pH conditions. The GAMMA model predicts less 
aqueous-phase OH with pH = 5.1 than with pH = 4.5. With higher pH and increased aqueous-phase OH 
oxidation of acids, one would expect less aqueous-phase OH. However, aqueous-phase OH oxidation of 
aldehydes and organic acids produces HO2, which allows for the O3 + O2

− reaction to increase and produce 
OH. The increased rate of reaction of O3 + O2

− is primarily responsible for aqueous OH production at night-
time, while aqueous-phase photolysis of H2O2 also contributes to OH production during daytime.

The higher aqueous-phase OH concentrations predicted in the pH = 5.1 simulation results in more oxida-
tion in the cloud water, causing decreases in aqueous-phase aldehydes. Organic acids are both formed and 
destroyed by aqueous OH oxidation reactions. At higher pH, the increased oxidation of organic acids and 
carboxylates by both higher aqueous-phase OH concentrations and higher reaction rate constants for the 
anion, can result in lower organic acid concentrations at pH = 5.1 than at pH = 4.5. This response occurs 
throughout the simulation for the CAPRAM, CLEPS and GAMMA models (Figure 11d). However, the Er-
vens model predicts higher organic acid concentrations at pH = 5.1 than at pH = 4.5 during the entire simu-
lation, and the Barth model predicts higher organic acid concentrations at nighttime and early morning but 
lower organic acid concentrations at midday. The higher organic acids at pH = 5.1 in the Barth and Ervens 
models are a result of the aldehydes concentrations (specifically CH2O) remaining greater than the organic 

Figure 11.  Time series with pH = 4.5 (solid lines) and pH = 5.1 (dashed lines) from Simulations 2 and 3 with 
prescribed LWC and pH of (a) total (gas + aqueous phases) HO2 (pptv), (b) total O3 (ppbv), (c) aqueous OH (M), and 
(d) total of all organic acids (pptv). Results are colored by different models, where green lines are CAPRAM, gold lines 
are CLEPS, red lines are GAMMA, blue lines are Barth, and magenta lines are Ervens models. The gray shaded region 
denotes nighttime. The black dots in the O3 panel are hourly average observations from the WFM Summit Observatory 
measured by ASRC.
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acid concentrations, until oxalic acid formation produces concentrations that match or exceed CH2O, at 
least in the Barth model.

4.4.  Sensitivity to Presence of TMI (Simulation 4)

The control simulations were conducted without transition metal ion (TMI) chemistry, which can affect 
both the sulfate production directly (e.g., Deguillaume et al., 2004) and organic aqueous chemistry by form-
ing complexes (Faust & Zepp, 1993; Long et al., 2013; Weller et al., 2014) and indirectly by forming OH 
radicals via Fenton and photo-Fenton chemistry. The aqueous chemistry mechanisms in all models except 
the Barth model include some TMI chemistry. Thus, just the model results from four models are examined 
to compare results with TMI chemistry.

Here, we show the impact of TMI chemistry on key oxidants and the formation of organic acids. With-
out data for the trace metal ions, their initial concentrations were set to averages of previous measure-
ments at Whiteface Mountain (Siefert et al., 1998) using theoretical soluble fractions based on Deguillaume 
et al. (2005). This review emphasizes the fact that the soluble fraction is highly variable depending on the 
aerosol particle and often the water-soluble iron fraction is less important than those for manganese and 
copper. Although Siefert et al. (1996) determined soluble fractions for iron to be 22%–77%, in this study we 
follow Deguillaume et al. (2005), assuming the soluble fractions equal 5% for iron and 30% for manganese 
and copper. The initial TMI concentrations are listed in Table S5 in Supporting Information S3 with values 
∼0.02 μM for copper and ∼0.05 μM for iron and manganese.

Simulation 4 with TMI chemistry is compared to Simulation 2 without TMI chemistry where both simula-
tions have the same prescribed LWC and pH (Table 2). Three of the four models find that total (gas + aque-
ous phase) HO2 mixing ratios decrease when TMI chemistry is included compared to aqueous chemistry 
without TMI chemistry (Figure 12). The CAPRAM and CLEPS total HO2 decreases by an order of magni-
tude, while the GAMMA model decreases by ∼2 orders of magnitude and the Ervens model shows a slight 

Figure 12.  Time series with TMI chemistry (dashed lines) and without TMI chemistry (solid lines) from the cloud 
simulation with prescribed LWC and pH of (a) total (gas + aqueous phases) HO2 (pptv), (b) total O3 (ppbv), (c) 
aqueous OH (M), and (d) total of all organic acids (pptv). Results are colored by different models, where green lines are 
CAPRAM, gold lines are CLEPS, red lines are GAMMA, blue lines are Barth, and magenta lines are Ervens models. The 
gray shaded region denotes nighttime. The black dots in the O3 panel are hourly average observations from the WFM 
Summit Observatory measured by ASRC.
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increase in total HO2 at night and no change during the day. Effects of TMI chemistry are small (<1 ppbv) 
for total O3 mixing ratios (Figure 12b), with CAPRAM and GAMMA models predicting more O3 and CLEPS 
and Ervens models predicting slightly less O3. The aqueous OH concentrations are decreased by a factor of 
two in the CAPRAM and CLEPS model results compared to their no TMI chemistry results (CLEPS TMI 
results lie on top of the GAMMA no TMI results). The GAMMA model predicts more aqueous OH, and 
the Ervens model predicts little change in aqueous OH. The mixing ratios of the sum of formic, acetic, 
glycolic, glyoxylic, pyruvic, and oxalic acids change with the inclusion of TMI chemistry (Figure 12d). The 
CAPRAM model predicts less total organic acids with TMI chemistry than without, which is a result of 
less HCOOH production especially during night. With TMI chemistry, the HCOOH (total) mixing ratio in 
the CAPRAM model peaks an hour later than the simulation without TMI chemistry thereby reducing the 
HCOOH loss from OH oxidation. The GAMMA model predicts slightly more total organic acid production 
with TMI chemistry than without TMI chemistry during nighttime, but much less organic acid production 
during daytime with TMI chemistry compared to without TMI chemistry. In contrast, the CLEPS and Er-
vens models show 10%–20% higher organic acid mixing ratios with TMI chemistry compared to without 
TMI chemistry. These varying responses, especially in the amount of organic acid formation, to the addition 
of TMI chemistry suggest the representation of the TMI chemistry is important and points to the need for 
future evaluation.

4.5.  Sensitivity to Variable pH (Simulation 5)

The simulations in Section 4.2 were repeated, prescribing the LWC to a set value (0.78 g kg−1), but allowing 
the pH to be calculated by each model's method. Three of the models predict H+ explicitly as part of the 
solution of the set of chemistry ODEs (Table 4). The Barth and Ervens models diagnose the H+ concentra-
tion based on the electroneutrality equation for cations and anions. This set of simulations exposes differ-
ences among models in how they predict pH and its effect on organic acid production.

There are substantial differences in predicted pH among the models (Figure 13e), with values ranging from 
4.0 to 4.8. The CAPRAM and Barth models predict similar pH values that initially are 4.3 and decrease to 
about 4.0. Differences between these models are a result of the Barth model having a reduced number of 
cations and anions in its electroneutrality equation. The CLEPS and GAMMA models predict similar pH 
during nighttime with a value of ∼4.4, but during daytime the pH in the GAMMA model decreases as more 
organic acids are produced while the pH in the CLEPS model increases slightly as organic acid production 
decreases. The Ervens model predict higher values of pH during most of the simulation compared to the 
other models, which is likely due to different equilibrium coefficients. Sulfate and nitrate are the dominant 
anions throughout the simulation, although sulfate's contribution becomes smaller after sunrise because 
of the formation of HNO3 and organic acids. The predicted mixing ratios and concentrations of total HO2, 
total O3, aqueous OH, and sum of total organic acids (Figure 13) change only a small amount between Sim-
ulation 2 (where pH = 4.5) and Simulation 5 (predicted pH), as the predicted pH is within a couple tenths 
of the prescribed pH.

The predicted pH of 4–4.5 is lower than what was measured (pH = 5.27 at 1800 LT, pH = 5.0 at 0600 LT) by 
ALSC. The higher measured pH is likely a result of the higher NH4

+ measured in the drops than modeled, 
but could also partly be due to other cations, for example, calcium, magnesium, and potassium, contributing 
to the cloud pH (Christopher Lawrence, personal communication). Calcium and other trace metals were 
not included in the pH calculation for this sensitivity simulation, but likely exist as an external mixture to 
most cloud droplets prior to bulk cloud water collection (Pye et al., 2020). Assuming that all of the Ca2+ and 
Mg2+ measured by ALSC (8.1 and 3.9 μM, respectively) was externally mixed in a minor subset of the drop-
let population, the pH of the majority of cloud droplets prior to bulk collection is estimated to have been 4.5. 
Further, the models did not include dissolution of ammonia (NH3) as part of the cloud drop composition. 
To test how much NH3 is needed to reach higher pH values, the Barth model was used for several sensitivity 
studies with different gas-phase NH3 mixing ratios. Increasing NH3 to over 1 ppbv is needed (Figure 14) to 
balance the anions dissolved and formed in the cloud drops. Zhou et al. (2019) find NH3 mixing ratios of ∼1 
ppbv at WFM, confirming the need for including NH3 (g) in the pH calculation. Additional cations may also 
be needed to further increase pH. Further, the initial aerosol concentrations of sulfate, nitrate, and ammo-
nium taken from the WRF-Chem simulation were somewhat different than what was measured by ALSC 
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(and reported after the simulations were performed). The ALSC measure-
ments show higher NH4

+ and slightly lower SO4
2− concentrations. Using 

ALSC measured NH4
+ and SO4

2−, tests with the Barth model show that 
gas-phase NH3 of ∼1 ppbv is needed to obtain pH values of 5.0–5.3. These 
results emphasize the need to have gas-phase NH3 measurements to char-
acterize the composition and acidity of cloud water.

5.  Conclusions
Five multiphase chemistry box models, with varying complexity of gas 
and aqueous chemistry, participated in a model intercomparison of 
cloud chemistry. The intercomparison focused on chemistry and mass 
transfer between the gas phase and cloud drops; thus, did not consider 
aerosol chemistry or physics. The chemical mechanisms were used in 
their standard configuration with only minor modifications of the code. 
Therefore, despite using the same model configuration for environmental 

Figure 13.  Time series from the cloud simulation with prescribed LWC and predicted pH (solid lines) and prescribed 
pH = 4.5 (dashed lines) of (a) total (gas + aqueous phases) HO2 (pptv), (b) total O3 (ppbv), (c) aqueous OH (M), (d) total 
of all organic acids (pptv), and (e) pH of the cloud water. Results are colored by different models, where green lines are 
CAPRAM, gold lines are CLEPS, red lines are GAMMA, blue lines are Barth, and magenta lines are Ervens models. The 
gray shaded region denotes nighttime. The black dots in the O3 panel are hourly average observations from the WFM 
Summit Observatory measured by ASRC.

Figure 14.  Time series of pH from the cloud simulation with prescribed 
LWC and predicted pH for different NH3 mixing ratios. Results are from 
the Barth model.
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conditions and initial gas-phase and aerosol mixing ratios, differences in the gas and aqueous-phase chem-
ical reactions and equilibria and in the description of phase transfer processes exist among the models. 
These differences in representation are seen in the results of the intercomparison.

Differences in gas-phase representation affect the gas-phase mixing ratios of important oxidants. Impor-
tantly, the OH mixing ratio differed by up to a factor of 10 during daytime among models for a simulation 
in which only gas-phase chemistry was represented. The predicted aldehyde and organic acid mixing ratios, 
because of different OH mixing ratios, displayed a 50%–500% spread among the models.

Differences in gas-aqueous chemistry simulations could often be attributed to different Henry's law and, to 
a smaller degree, different aqueous dissociation constants used by the five models. Uncertainties in Hen-
ry's law constants (e.g., acetyl peroxy radical Heff is an estimated value that can affect acetic acid formation 
rates) and uncertainties in reaction rate constants can explain much of the differences between the five 
models. These equilibrium and rate constant differences suggest that these chemical data be reviewed by 
the community to provide recommended values. There are also differences in the mechanisms themselves 
that cause differences between model predictions. For example, the CAPRAM and Ervens models include 
different reaction pathways of acetyl peroxy radical which will produce acetic acid while the other three 
models do not include these reactions. Determining which of the different reaction pathways is the better 
representation of aqueous chemistry should be addressed with laboratory studies that provide a controlled 
environment. Cloud chambers could also provide controlled environmental and input chemical concentra-
tions for investigating aspects of the integrated reaction system (e.g., aqueous SOA formation from IEPOX in 
the cloud drops). The discrepancies in the aqueous-phase chemistry mechanisms leading to differences in 
predicted oxidant and organic concentrations should motivate systematic evaluation of aqueous chemical 
reactions, such as the International Union on Pure and Applied Chemistry (IUPAC) task group on atmos-
pheric chemical kinetic data evaluation. Efforts should also be made for creating reduced aqueous-phase 
chemical mechanisms that can be used by three-dimensional chemistry transport models.

Sensitivity simulations were conducted for (a) a different prescribed pH, and (b) inclusion of transition 
metal ion chemistry. Using a higher prescribed pH compared to the control simulation, produced different 
responses from the five models, especially for organic acid production. While the CAPRAM model has sub-
stantially less (35%) organic acid production because of less HCOOH production or more destruction, the 
other four models showed ±5% changes in total organic acid mixing ratios. The inclusion of TMI chemistry 
did impact model predictions of organic acid formation because HO2 mixing ratios were reduced with TMI 
chemistry. This effect could be even more important than reported here because the TMI concentrations 
used in this study are rather low (<0.1 μM). Thus, TMI chemistry can potentially affect in-cloud production 
of secondary organic aerosol mass, suggesting this chemistry be included in chemistry transport models and 
recognizing there are still large uncertainties and gaps in the mechanisms related to TMI chemistry.

A simulation where the pH of the cloud water was predicted along with the gas and aqueous chemistry was 
also performed. As expected, when aqueous oxidation proceeds to form sulfuric and organic acids, the pH 
predicted by each of the models decreased during the cloud event by about 0.2 pH units. However, predicted 
pH among the models varied by up to 0.4 pH units. This result is not surprising as each model uses different 
equilibrium constants. It is important to remember that the pH value measured in bulk cloud water sam-
ples and simulated by bulk models with monodisperse droplet populations (as prescribed here) does not 
represent the pH in individual cloud droplets of different sizes originating from different CCN composition.

The intercomparison case study was based on a cloud event that occurred at the summit of Whiteface 
Mountain, New York, where some gas-phase trace gases, liquid water content, and some aqueous-phase 
species were measured. Model results were compared to observations for a few key species, for example, 
ozone and SO2 in the gas phase, and sulfate, nitrate, ammonium, and total organic carbon in the aqueous 
phase. Good agreement was found between model predictions and ozone, but model predicted SO2 (g) was 
quickly depleted while observations showed a sustained level of SO2 (g), indicating that the air at Whiteface 
Mountain was replenished with new air parcels during the cloud event. Future model-observation compar-
isons need to account for air parcel trajectories and their history. Comparisons of model predicted sulfate 
and nitrate with observations were fairly good (within 20%), but the ammonium concentration used in the 
box models (taken from a WRF-Chem simulation) was 5–6 times less than that measured, suggesting that 
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NH3 emissions used by the WRF-Chem model were low. Predicted organic carbon in the aqueous phase was 
also much lower than measured by 4 times, likely due to the low concentration initialized by WRF-Chem, 
which did not represent aerosol chemical reactions in its simulation, or to incomplete chemical mech-
anisms or less understood partitioning (e.g., van Pinxteren et al., 2005). Thus, future model-observation 
comparisons also need to either provide a wide suite of trace gas and aerosol composition measurements 
for box model intercomparisons, or, when using 3-d models to aid the initialization, need to have a robust 
representation of gas, aerosol, and cloud chemistry.

To understand the impact of cloud chemistry on organic aerosol mixing ratios, it is important to have de-
tailed chemical mechanisms that are continuously developed to include recent kinetic and mechanistic 
advances. However, 3-d models need to employ simplified mechanisms to reduce computational costs (e.g., 
Deguillaume et al., 2009). The comparison among models shows that the simpler Barth and Ervens mecha-
nisms reasonably represent aqueous OH concentrations compared to the highly complex CAPRAM model, 
however the simple mechanisms tended to produce lower organic acid concentrations in the aqueous phase 
compared to CAPRAM, mainly due to less acetic acid production. The spread in these model results sug-
gests that further work is needed to create simplified representations of organic aqueous-phase chemistry, 
much like there is available for the gas-phase organic chemistry mechanisms.

The results presented here also suggest further model-observation comparisons must be done to evaluate 
our ability to represent and test our understanding of aqueous-phase processing of organic and inorganic 
cloud water constituents. Intensive observing periods during a variety of environmental conditions and 
with frequent (hourly or less) measurements in both the cloud inflow region and within cloud (preferably 
with both cloud water and interstitial air sampled) can provide such data. Other environments that are es-
pecially important to investigate include polluted regions with different mixes of VOCs and NOx (e.g., East 
Asia with high VOCs and NOx, South Asia, and North America with moderate VOCs and NOx), and regions 
influenced by biomass burning, as well as clean marine and tropical conditions.

Data Availability Statement
Model output and observations presented in the study can be found at the Coordinated Cloud Chemistry 
web site, specifically https://www2.acom.ucar.edu/cloud-chemistry/box-model-intercomparison.
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