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Supplementary Text

S1 Kinetic multilayer model of multiphase chemistry

We use the kinetic multilayer model of multiphase chemistry (KM3C) to explicitly treat gas phase diffusion, particle-phase

bulk diffusion, and multiphase partitioning kinetics based on vapor pressures (Fig. S4). KM3C is built in the framework of

the kinetic multilayer meta model (KM-MEMO, Mishra et al., 2025), which is a Matlab toolkit that simplifies kinetic model5

construction by automatically generating and executing systems of differential equations from well-defined input files. KM3C

addresses possible limitations in surface-bulk mass transfer and bulk diffusion, and detailed descriptions of the model and its

predecessors are described elsewhere (Shiraiwa et al., 2012; Berkemeier et al., 2020; Kang et al., 2026). The model consists

of the following compartments: gas phase, near-surface gas phase, a sorption layer, a quasi-static surface layer (near-surface

bulk layer), and the particle bulk, subdivided into several bulk layers. The model is initiated with a freshly-nucleated particle10

(diameter of 0.9 nm) containing non-volatile organic species. When modelling the CERN CLOUD laboratory data, we fix the

concentrations of gaseous OOMs to the values reported in Stolzenburg et al. (2018). When modelling the field measurement

data, we interpolate the concentrations reported in Stolzenburg et al. (2025) of gaseous OOMs and H2SO4 across several time

intervals.

In this study, we use a volatility basis set (VBS) approach that categorizes molecules by their saturation mass concentrations15

at 298 K (C∗
298) into logarithmically spaced volatility bins (Donahue et al., 2006, 2014; Stolzenburg et al., 2022). KM3C treats

each volatility bin as a representative chemical species. For the field measurement data, we use average molecular weights

reported for each volatility bin. For the CERN CLOUD chamber data, we use a linear relationship of volatility and molecular

weight that we derive from the field measurements in a molecular corridor plot (Table S1 and Fig. S5, Shiraiwa et al., 2014).

The model corrects C∗
298 for temperature with the Clausius-Clapeyron equation (Eq. S1) and the enthalpy of vaporization20

(∆Hvap), where R is the gas constant. We calculate the ∆Hvap for each volatility bin using the empirical relationship between
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C∗
298 and ∆Hvap (Eq. S2) proposed by Epstein et al. (2010) and use the parameters from Stolzenburg et al. (2022). An upper

limit of 200 kJ mol−1 is applied to ∆Hvap (Cappa and Jimenez, 2010).

C∗(T ) = C∗
298 × exp

(
−
∆Hvap

R

(
1

T
− 1

298

))
(S1)

∆Hvap =−5.7× log10(C
∗
298)+ 129 (S2)25

The model describes the temperature-dependence of bulk diffusivity with a similar Arrhenius-type equation (Eq. S3) and an

activation energy of diffusion (Ea,dif). Here, we use a value of Ea,dif = 40 kJ mol−1, which is consistent with that of sucrose-

water solutions (Kiland et al., 2019).

Db(T ) =Db,298 × exp

(
−Ea,dif

R

(
1

T
− 1

298

))
(S3)

We note that Ea,dif will likely increase towards more viscous organic matrices, leading to super-Arrhenius behavior when30

approaching the glass transition, a property well-known from studies of the viscosity of so-called fragile glass-formers (Angell,

1991). A more detailed description of the composition- and temperature-dependence of the diffusion coefficient in organic

nanoparticle growth will be the subject of future studies.

S2 Mass transfer coefficients

In KM3C, diffusion limitations affect growth rates mostly by slowing surface-to-bulk transfer, i.e. the transition of a molecule35

between being surface-adsorbed and being absorbed into the particle bulk. The surface-to-bulk transfer rate is directly pro-

portional to the diffusivity in the topmost bulk layer and inversely proportional to the vapor pressure of the transported

molecule (Shiraiwa et al., 2012; Berkemeier et al., 2020). Based on absorptive partitioning theory (Pankow, 1994), the surface-

to-bulk transfer rate coefficient (ksb) is calculated with Eq. S4:

ksb = kbs
kd

ka
×

∑
[Yi]b1RT

pvapNA
(S4)40

in which, kd and ka are the desorption and adsorption rate coefficients.
∑

[Y ]b1 is the sum of the molecular concentrations

of all species Yi in the near-surface bulk layer. pvap is the vapor pressure of the partitioning species, R is the gas constant, T is

the temperature, and NA is Avogadro’s number. kbs is the bulk-to-surface transfer rate coefficient and is calculated with Eq. S5,

where Db is the bulk diffusivity, δs is the depth of sorption layer, and δb1 is the depth of the near-surface bulk layer.

kbs =
2Db

δs + δb1
(S5)45
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We use a first-order adsorption rate coefficient (ka, Eq. S6), where α and ω are the mass accommodation coefficient and the

mean thermal velocity of the adsorbing molecule respectively. Cg and θ are the gas phase diffusion correction factor and the

fractional surface coverage (Shiraiwa et al., 2012).

ka = Cgα
ω

4
(1− θ) (S6)

To obtain the total flow of adsorption Fads (unit s−1) of molecules to the particle surface, ka is multiplied with the near-50

surface gas concentration [Zgs] and the collision cross section Ap of the particle (Pöschl et al., 2007). This effective collision

surface area of the particle in KM3C is calculated using the particle radius plus the sorption layer, for which we assume a

thickness of 0.639 nm, corresponding to organic matter with an average molar mass of 220 g mol−1 and density of 1.4 g cm−3.

The first-order desorption rate coefficient (kd, Eq. S7) is the inverse of the surface desorption lifetime (τd), where Ades is

the pre-exponential factor (Ades = 1013) and Edes is the activation energy of desorption (Knopf et al., 2024). Using literature55

values, Knopf et al. (2024) found a relationship between the standard saturation vapor pressure pvap,298 and Edes, which is

shown in Fig. S6 and depends on the molecular oxygen-to-carbon ratio (O:C). As the organic compounds condensing on

nanoparticles are likely highly oxygenated, we use a parameterization that runs along the left boundary of the data in this

study. Note, however, that the choice of τd was not sensitive in the model simulations unless much larger values were chosen.

kd =
1

τd
=Adesexp(

−Edes

RT
) (S7)60

The model corrects the vapor pressures for the Kelvin effect (Seinfeld and Pandis, 2016) by multiplying the vapor pressures

with the Kelvin term (K(Dp), Eq. S8). Here, Dp is the diameter of the particle, and DK10 is the Kelvin diameter at which the

curvature effect becomes important (Eq. S9).

K(Dp) = 10(DK10/Dp) (S8)

DK10(T ) = 4.8× (300×T−1) (S9)65

In line with the results by Tröstl et al. (2016), we find the impact of the Kelvin term on the simulation results to be rather

small.

S3 Adaptive layer resizing algorithm

KM3C adopts an adaptive layer resizing algorithm that dynamically splits layers when a layer grows too large and merges

adjacent layers when they are too thin (Kang et al., 2026). This algorithm is able to account for concentration gradients70
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dynamically as particles grow (or shrink) and can prevent numerical stiffness that arises when layers deplete. As the particles

grow, solvating molecules enter the near-surface bulk layer, which can trigger a split of that layer via the adaptive layer resizing

algorithm. However, this split can lead to an artificial and sudden increase in particle growth as ksb and kbs increase when δb1

decreases. To solve this problem, we implement a moving-boundary algorithm (Couvidat and Sartelet, 2015; Kang et al., 2026),

which keeps the depth of the near-surface bulk layer constant by increasing mass transport from the near-surface bulk layer75

to the underlying bulk layer when the the near-surface bulk layer grows. The enhanced diffusion is calculated based on the

molecular volume flow into the near-surface bulk layer. The near-surface bulk layer in KM3C adopts the role and properties of

the quasi-static surface layer formalized and used in previous studies (Pöschl et al., 2007; Shiraiwa et al., 2012).

S4 Hyytiälä SMEAR II station field measurement data

Stolzenburg et al. (2025) reported field measurements of H2SO4, OOMs and nanoparticle growth at the SMEAR II station80

in the boreal forests of Hyytiälä, Finland from April 11th (3.8 °C, 50.7 % RH) and August 17th (17.5 °C, 49.9 % RH) of

2020 (Gonzalez Carracedo et al., 2022). The brown line and shadings in Fig. 1 in the main text shows the best estimate and

uncertainty range of traditional model calculations. Shadings are obtained by shifting the volatility basis set by ±1 bin. We use

the same methodology for the uncertainty range of the KM3C model calculations. The authors also reported OOMs volatility

distributions estimated using the identified molecular ion signals and a parameterization based on elemental ratios (Donahue85

et al., 2011). We use the reported ion masses for the molecular weights of the volatility bin species in KM3C (black and blue

markers in Fig. S5).

S5 CERN CLOUD laboratory data

We use laboratory experimental data of dark α-pinene ozonolysis conducted at the Cosmics Leaving Outdoor Droplets (CLOUD)

chamber at the European Organization for Nuclear Research (CERN) (Kirkby et al., 2011; Stolzenburg et al., 2018). Experi-90

ments were performed at three different temperatures (25, 5, and -25 ◦C). Proton transfer reaction (PTR3) and nitrate chemical

ionization mass spectrometers (NO3-CIMS) were used to measure the gas-phase species. Stolzenburg et al. (2018) reported

detailed chemical composition for three experiments, which we simulate with KM3C at the temperatures, median organic vapor

concentrations and volatility distributions reported, displayed as square markers in Fig. 3 in the main text. Stolzenburg et al.

(2018) did not report the specific ion masses, and we estimate the molecular weights for the products in the CLOUD exper-95

iments using the ion masses in Stolzenburg et al. (2025) (Table S1). These values are shown as the red circles in Figure S5.

Colored bands in Fig. 2 in the main text are obtained by linearly scaling the condensable organic vapor concentrations in the

model at the three respective temperatures (-25, 5, and 25◦C) to obtain a series of model simulations at the same temperatures.

In main text Fig. 2, we vary the bulk diffusion coefficient within the semi-solid phase state range (10−20 – 10−15 cm2 s−1) and

scale with temperature to obtain the upper and lower boundaries of the colored bands. To obtain shaded regions in main text100
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Fig. 3, we scale the obtained growth rates by a factor of 3 to account for experimental uncertainties, possible differences in the

ambient vapor composition compared to the CERN CLOUD measurements, and possible differences in particle phase state.

S6 Diffusion limitations affecting nanoparticle growth

KM3C is sensitive to the bulk diffusion coefficient, which we vary across the range characteristic for liquid to solid phases

(10−22 – 10−10 cm2 s−1). Nanoparticle growth is affected by lowered diffusivities in two ways: development of differen-105

tial concentration gradients (i.e. different compounds exhibit concentration gradients of different strength and direction) and

reduced surface-to-bulk transfer. Both lead to reduced condensation of relatively higher volatile compounds (SVOC, LVOC).
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Supplementary Figures
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Figure S1. Observed and modelled atmospheric nanoparticle growth rates in a field experiment (Hyytiälä, 17th August, 2020). Same as

Figs. 1a,c, but a higher diffusivity (Db,298 = 1× 10−15 cm2 s−1) is utilized in KM3C modelling. (a) Observed growth rates (blue diamond

markers and error bars representing arithmetic mean values and standard deviations) and vapor concentration-based predictions obtained

with a two-film model (Stolzenburg et al., 2025, brown line and shading for best estimate and uncertainty range by shifting full VBS by ±

1 bin). The new multiphase kinetic model (KM3C; blue line and shading for best estimate and uncertainty range by shifting full VBS by

± 1 bin) predicts similar growth rates to Stolzenburg et al. (2025) but also overestimates the observed growth rates. (b) Higher diffusivity

(Db,298 = 1× 10−15 cm2 s−1) leads to well-mixed particles.
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Figure S2. Nanoparticle growth rates in laboratory chamber experiments in the CERN CLOUD chamber and simulated with the KM3C

kinetic model. Same as Fig. 2, but KM3C (colored bands) simulates nanoparticle growth rates for (a) 1.5-3 nm and (b) 3-7 nm using only

the concentration of OOMs measured by NO3-CIMS data provided in Stolzenburg et al. (2018). Colored bands are obtained by linearly

scaling the condensable organic material concentrations in the model at the three respective temperatures (-25, 5 and 25◦C). Upper and lower

boundaries of the shaded areas are obtained by varying the bulk diffusion coefficient Db,298 within 10−20 – 10−15 cm2 s−1 and detailed in

Sect. S5.
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Figure S3. Volatility distributions of three experiments in the CERN CLOUD chamber. Experiments were conducted at (a) 25 ◦C, (b) 5
◦C and (c) -25 ◦C reported by Stolzenburg et al. (2018). Shaded areas and numbers above the bars indicate fractions that partition into the

particle phase (Fp) at an aerosol mass loading of 2× 10−5 µg m−3 assuming equilibrium partitioning in a closed system (Pankow, 1994),

corresponding to 103 particles cm−3 with 3 nm diameter, and the grey vertical lines indicate the volatility where Fp = 0.5.
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Figure S4. Overview of the kinetic multilayer model of multiphase chemistry (KM3C) used in this study. The particle bulk is subdivided

into model layers to form concentration gradients and address slow diffusion.
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Figure S5. Molecular corridors of SOA evolution. KM3C incorporates volatility (298 K) and molar mass data from the field measurements in

Hyytiälä, Finland, 11th April, 2020 (black triangles) and 17th August, 2020 (blue squares) in Stolzenburg et al. (2025). A linear relationship

derived from these field measurements is applied to the CERN CLOUD chamber simulations (red circles).
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Figure S6. Relationship between saturation vapor pressure (pvap at 298 K), desorption energies (Edes) implemented in KM3C. Desorption

lifetime (τd) of species with a molar mass of 220 g mol−1 at 298 K is shown on the top axis. Markers indicate literature data (Knopf et al.,

2024), where the colors show the O:C of the molecules. The black line is drawn using the shown equation, which is the parameterization

used to retrieve Edes in KM3C.
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Supplementary Tables

Table S1. Species measured in field measurements at a boreal forest site (Hyytiälä, Finland, 11 April and 17 August 2020) and in laboratory

experiments (CERN CLOUD chamber), along with the volatility at 298 K and molar mass for each species used in KM3C in this study.

Species Molar mass (Summer, g mol-1) Molar mass (Spring, g mol-1) Molar mass (CLOUD exp., g mol-1)

SOA (C∗ = 107 µg m-3) - - 129

SOA (C∗ = 106 µg m-3) - - 143

SOA (C∗ = 105 µg m-3) - - 158

SOA (C∗ = 104 µg m-3) - 170 172

SOA (C∗ = 103 µg m-3) 193 205 186

SOA (C∗ = 102 µg m-3) 210 212 201

SOA (C∗ = 101 µg m-3) 232 250 215

SOA (C∗ = 100 µg m-3) 256 248 229

SOA (C∗ = 10-1 µg m-3) 240 250 244

SOA (C∗ = 10-2 µg m-3) 273 260 258

SOA (C∗ = 10-3 µg m-3) 253 271 272

SOA (C∗ = 10-4 µg m-3) 275 270 287

SOA (C∗ = 10-5 µg m-3) 285 299 301

SOA (C∗ = 10-6 µg m-3) 276 333 315

SOA (C∗ = 10-7 µg m-3) 280 361 330

SOA (C∗ = 10-8 µg m-3) 288 385 344

SOA (C∗ = 10-9 µg m-3) 308 - 358

SOA (non-volatile) a 308 385 358

H2SO4
b 98 98 -

a Species in pre-existing nanoparticles are assumed to be non-volatile and are grouped into ULVOC in this study, and the molar mass of

them are assumed to be the same as species in the lowest volatility bin.
b H2SO4 is assumed to have negligible vapor pressure following the assumption in the previous literature (Nieminen et al., 2010; Häkkinen

et al., 2013).
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