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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. S9). 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 modeling the CERN CLOUD laboratory data, we fix the

concentrations of gaseous OOMs to the values reported in Stolzenburg et al. (2018). When modeling 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. S10, 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

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

Nanoparticle growth is affected by lowered diffusivities in two ways: development of differential 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).

The model describes the temperature-dependence of bulk diffusivity with a similar Arrhenius-type equation (Eq. S3) and an30

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 when

approaching the glass transition, a property well-known from studies of the viscosity of so-called fragile glass-formers (Angell,35

1991). Diffusion coefficients used in this study at different temperatures for simulating nanoparticle growth in field and CERN

CLOUD chamber studies are listed in Table S2. A more detailed description of the composition- and temperature-dependence

of the diffusion coefficient in organic nanoparticle growth can be found in Sects. S7 and S8 below.

Another process affecting nanoparticle growth is coagulation, which can increase measured growth rates (Cai et al., 2021, 2026).

Coagulation was not explicitly treated in this study, as Stolzenburg et al. (2025) reported little influence of coagulation for the40

investigated field data, while Stolzenburg et al. (2018) included it into their uncertainty estimates for the investigated chamber

data. Following Nguyen et al. (2026), we estimated the self-coagulation timescale (τscoa, Eq. S4) and show the results in Fig.

S11.

τscoa =
2

KNp
(S4)

where, Np is the particle number concentration and K is the coagulation coefficient. We derive K from the formulas given in45

Nguyen et al. (2026) as a function of particle diameter, Brownian diffusivity, mean thermal velocity, and coagulation efficiency

(α). For details on the calculation of K, please refer to Table S1 in Nguyen et al. (2026). At a particle number concentration of

103 cm−3 (Stolzenburg et al., 2025), characteristic self-coagulation timescales (star-shaped markers) are much longer than the

observation time of 6 hours (gray dashed line), irrespective of particle size (shadings) and coagulation efficiency (blue vs. black

lines). Previous studies also suggested viscous particles might adopt a lower coagulation efficiency (Hou et al., 2020), which50

would further prolong the coagulation timescale. Besides self-coagulation, scavenging of nanoparticles by larger particles may

occur, but these particles then simply do not contribute to nanoparticle growth rates measured by the appearance time method.

Therefore, we assume a negligible impact of coagulation in this study. Moreover, the analysis and description of nanoparticle

growth rates in atmospheric air masses can be influenced by differences between Lagrangian and Eulerian perspectives in

the analysis and modeling of condensable vapor concentrations and aerosol particle size distributions. Such effects were not55

taken into account here but will be investigated in follow-up studies combining KM3C with regional and global 3D models of

atmospheric transport and chemistry.
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S2 Mass transfer coefficients

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

between being surface-adsorbed and being absorbed into the particle bulk. The surface-to-bulk transfer rate is directly pro-60

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. S5:

ksb =
2Db

δs + δb1

kd

ka

∑
[Yi]b1RT

pvapNA
(S5)

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

[Y ]b1 is the sum of the molecular concentrations65

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. S6,

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
(S6)

We use a first-order adsorption rate coefficient (ka, Eq. S7), where α and ω are the mass accommodation coefficient and the70

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) (S7)

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

surface gas concentration [Zgs] and the collision cross section Ap of the particle (Pöschl et al., 2007). This effective collision75

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. S8) 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 literature

values, Knopf et al. (2024) found a relationship between the standard saturation vapor pressure pvap,298 and Edes, which is80

shown in Fig. S12 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
) (S8)
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The model corrects the vapor pressures for the Kelvin effect (Seinfeld and Pandis, 2016) by multiplying the vapor pressures85

with the Kelvin term (K(Dp), Eq. S9). Here, Dp is the diameter of the particle, and DK10 is the Kelvin diameter at which the

curvature effect becomes important (Eq. S10).

K(Dp) = 10(DK10/Dp) (S9)

DK10(T ) = 4.8× (300×T−1) (S10)

In line with the results by Tröstl et al. (2016), we find the impact of the Kelvin term on the simulation results to be rather90

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 gradients

dynamically as particles grow (or shrink) and can prevent numerical stiffness that arises when layers deplete. As the particles95

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 layer

to the underlying bulk layer when the the near-surface bulk layer grows. The enhanced diffusion is calculated based on the100

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 station

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) of105

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 (Donahue

et al., 2011). We use the reported ion masses for the molecular weights of the volatility bin species in KM3C (black and blue110

markers in Fig. S10).
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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-

ments were performed at three different temperatures (25, 5, and -25 ◦C). Proton transfer reaction (PTR3) and nitrate chemical115

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

detailed organic vapor concentrations and volatility distributions for three experiments, which we digitized from the published

Fig. 1 using WebPlotDigitizer. We simulate the experiments with KM3C at the temperatures reported and assuming Db,298 =

10−18 cm2 s−1. The simulation results are 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 experiments using120

the ion masses in Stolzenburg et al. (2025) (Table S1). These values are shown as the red circles in Figure S10. 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.125

The growth rates observed at high temperature in the CERN CLOUD chamber experiments of α-pinene ozonolysis under

dark conditions (25°C, yellow bands and data points) are best reproduced assuming relatively low diffusivity for particles

smaller than 3 nm (Fig. 2a in the main text) and higher diffusivity for larger nanoparticles (Fig. 2b in the main text). In contrast,

reproducing the boreal summertime field observations requires low diffusivity for the entire size range up to 11 nm (Fig. 1a in

the main text). These differences in diffusivity can be plausibly attributed to differences in particle composition and chemical130

aging. As shown in Fig. S2, smaller particles contain higher proportions of organic compounds with low intrinsic volatility

(ELVOC/ULVOC), while the uptake and partitioning of relatively more volatile compounds (SVOC/LVOC) tend to reduce

the viscosity and increase the diffusivity of larger particles. Intrinsic volatility is often characterized by the saturation mass

concentration at a standard temperature of 298 K (C∗
298, Schervish and Donahue, 2020; Donahue et al., 2026).

The molecular composition of SOA particles formed by dark ozonolysis of α-pinene (CERN CLOUD) is likely not the135

same as for particles formed in summertime boreal forest air (Hyytiälä), which may be influenced by other volatile precursors

(monoterpenes, sesquiterpenes; Hellén et al., 2018) and photo-oxidants including OH radicals. Furthermore, sunlight and at-

mospheric photochemistry may promote condensed-phase reactions that can enhance the formation of more highly oxygenated

compounds, dimers, oligomers, and other accretion products. Such condensed-phase reaction products with high molecular

mass and low volatility can influence particle composition, viscosity, and diffusivity without being reflected in gas-phase mea-140

surements of condensable organic vapor concentrations and volatility distributions (Mehra et al., 2020; Maben and Ziemann,

2023; Kenseth et al., 2023; Kang et al., 2026). An accurate description of SOA nanoparticle growth may thus require resolu-

tion of molecular identities, their chemical evolution along molecular corridors, as well as matrix interactions influencing their

physicochemical properties (Sect. S10; Shiraiwa et al., 2014; Li et al., 2016; Knopf et al., 2024).
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To obtain shaded regions in main text Fig. 3, we scale the obtained growth rates by a factor of 3 to account for experimental145

uncertainties, possible differences in the ambient vapor composition compared to the CERN CLOUD measurements, and

possible differences in particle phase state.

S6 Determination of nanoparticle growth rates

In both, KM3C used in this study and the two-film model used in Stolzenburg et al. (2025), the diameter growth rate of the

particle (GR = ddp/dt) was calculated from the dp(t) trajectory of a monodisperse particle population. The growth rate within150

a size interval is determined from the time required for a monodisperse particle to grow from one end of the size interval to the

other:

GR1.5–3nm =
∆dp

∆t1.5–3nm
=

1.5nm

∆t1.5–3nm
(S11)

GR3–7nm =
∆dp

∆t3–7nm
=

4nm

∆t3–7nm
(S12)

For the CLOUD experiment, growth rate was estimated by the appearance-time method in the original study (Stolzen-155

burg et al., 2018). In the Hyytiälä field measurements, growth rates were estimated with the appearance-time and maximum-

concentration methods (Stolzenburg et al., 2023). Specifically, the maximum concentration method defines the representative

time (t) as when the particle number concentration within a specific size bin peaks (Kulmala et al., 2013), typically determined

by fitting a Gaussian function to each size channel’s signal. The resulting time shift as a function of particle size reflects parti-

cle growth. The appearance time method uses the time (tm) when the concentration reaches a specific percentage (m%) of its160

maximum during an new particle formation event (Lehtipalo et al., 2014).

S7 Temperature-dependent diffusivity coefficients

The diffusivity in organic matter condensing at high temperature may be lower than in organic matter condensing at low temper-

ature. For a certain gas-phase composition, this depends on the magnitudes of the enthalpies of vaporization and the activation

energies of diffusion (Epstein et al., 2010; Kiland et al., 2019). The volatilities of organic compounds show Arrhenius-behavior165

following the Clausius-Clapeyron equation, but the viscosity of organic liquids approaching the glass transition generally ex-

hibits super-Arrhenius behavior following the Vogel–Fulcher–Tammann equation (Bilde et al., 2015; Shiraiwa et al., 2017),

which means that activation energies of diffusion are not constant over large temperature ranges. This interplay is important

for determining whether a multiphase system of condensing vapors exhibits hardening or softening of the particle phase upon

increase in temperature. In semi-solids, activation energies of diffusion may be smaller than enthalpies of vaporization, which170

would entail a hardening of organic aerosols towards higher temperatures. For glassy organics, however, activation energies
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of diffusion may be larger than enthalpies of vaporization and the dependence may reverse: a liquefaction of organic aerosols

towards higher temperatures.

S8 Composition-dependent diffusivity coefficients

The diffusivity of a mixture of organic molecules depends on its chemical composition. We explore the implementation of175

parameterizations of bulk diffusivity (Db) as function of saturation mass concentration (C∗) of different volatility bins. In

the following, we present parameterizations developed by Li et al. (2020) (Sect. S8.1) and Kang et al. (2026) (Sect. S8.4).

Afterwards, we explore the effects of plasticization by water (Sect. S8.2) and the size-dependence of aerosol phase state as

suggested by Cheng et al. (2015) and investigated by Mahant et al. (2024) (Sect. S8.3).

S8.1 Tg-C∗ parameterization by Li et al. (2020)180

We calculate the glass transition temperature (Tg) of individual species i based on the parameterization proposed by Li et al.

(2020):

Tg,i = 288.70− 15.33× log10(C
∗
298 )− 0.33× log10(C

∗
298) (S13)

The glass transition temperature of the mixture within layer l is calculated from the Tg,i of the individual species, weighted

with their mass fraction (wi,l) in that layer.185

Tg,l =
∑
i

wi,lTg,i (S14)

As the Tg of sulfate, we assume the value measured by ammonium bisulfate of 220 K (Dette and Koop, 2015). The viscosity

(ηl) of mixture in layer l can be calculated from the average Tg,l with the Vogel–Fulcher–Tammann (VFT) equation.

T0,l =
39.17×Tg,l

D+39.17
(S15)

ηl = η∞e
T0,lD

T−T0,l (S16)190

where η∞ is the viscosity at infinite temperature (10−5 Pa s; Angell (1991)). T0,l is the Vogel temperature, which was derived

assuming ηl = 1012 Pa s when T = Tg,l. For T < Tg,l, ηl is capped at 1012 Pa s. D is the fragility parameter, which is assumed

to be 10 here. T is the temperature.

From the glass transition temperature and viscosity of the mixture, we calculate molecular diffusivities in layer l based on

the Stokes-Einstein relation (Koop et al., 2011).195
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Db,l =
kT

6πrlηl
(S17)

Here, k is the Boltzmann constant. rl is the radius of the diffusing species in layer l, which is the average effective molecular

length of all species.

S8.2 Plasticization of water as a function of relative humidity

Tg of organics (H2SO4)-water mixtures at given RH can be estimated using the Gordon-Taylor equation (Gordon and Taylor,200

1952).

Tg,l(worg,l) =
(1−worg,l)Tg,w + 1

kGT
worg,lTg,l

(1−worg,l)+
1

kGT
worg,l

(S18)

where worg,l is the mass fraction of organics and H2SO4 in layer l. Tg,w is the glass transition temperature of water (136

K). kGT is the Gordon-Taylor constant (2.5). We calculate the mass fraction of water with Raoult’s law and the effective

hygroscopicity parameter (κ; Petters and Kreidenweis (2007)), and then Tg,l(worg,l) of organics (H2SO4)-water mixtures in205

layer l is used in Eq. S15 and the following calculations.

In the effective hygroscopicity parameter method, the mass concentrations of water absorbed by nanoparticles can be esti-

mated as:

mH2O,l =
κρwmSOA,l

ρSOA

(
1
aw

− 1
) (S19)

where ρw and ρSOA are the densities of water (1 g cm−3) and organics (1.4 g cm−3), respectively. mSOA,l is the mass210

concentration of organics in layer l. aw is the water activity calculated as aw = RH/100.

worg,l can then be calculated and used in Eq. S18 as:

worg,l =
mSOA,l

mSOA,l +mH2O,l
(S20)

In the Raoult’s law method, the mole fraction of water in layer l at the particle size of Dp can calculated as:

xw,l =
RH

100×K(Dp)
(S21)215

where K(Dp) is the Kelvin term at particle size of Dp, and can be calculated in Eq. S9. worg,l can then be calculated and

used in Eq. S18 as:
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worg,l =
(1−xw,l)×MSOA

xw,l ×Mw +(1−xw,l)×MSOA
(S22)

where MSOA is the molar mass of organics (250 g mol−1) for simplification. Mw is the molar mass of water (18 g mol−1).

S8.3 Particle size effects on phase state220

Influence of particle size (dp) on phase transition (Tg) is accounted for followed by Mahant et al. (2024) as detailed in Figure S6.

∆Tg is the depression of glass transition temperature relative to average Tg of the mixture in each layer, which is then accounted

for in T0,l and the following calculations.

log10(∆Tg) = 1.83− 10(0.43×(log10(dp)−2.37)) (S23)

T0,l =
39.17× (Tg,l −∆Tg)

D+39.17
(S24)225

S8.4 Db-C∗ parameterization by Kang et al. (2026)

Following Kang et al. (2026), we express the dependence of self-diffusivity of each species (Db,298) on the effective saturation

mass concentration at 298 K (C∗
298) in a log-log relationship.

log10(Db,298) = 0.761× log10(C
∗
298)− 14.9 (S25)

The diffusivity in each layer (Db,298,l) is calculated with the Vignes equation (Vignes, 1966), which is a logarithmic mixing230

rule and weights Db,298 of each species i by its mass fraction w in layer l (wi,l). Non-volatile species are assumed to adopt the

same Db,298 as the species in the lowest volatility bin. To have H2SO4 act as plasticizer, we use a high Db,298 of 10−12 cm2

s−1.

Db,298,l =
∏
i

(Db,298,i)
wi,l (S26)

In line with the upper limit of viscosity in Li et al. (2016), Kang et al. (2026) use a lower limit of Db,298,l of 10−20 cm2 s−1.235

An implementation of the particle size effect is not available for the Db −C∗ parameterization at this moment and will be the

topic of future studies.

S9 Model simulations with composition-dependent diffusion coefficients

Inserting the diffusivity parameterizations described in Sect. S8 above into KM3C, we can calculate diffusivities for each

particle layer as a function of chemical composition and time (Kang et al., 2026).240
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As detailed in Fig. S4, the model simulations following Li et al. (2020) predict glassy solid nanoparticle phase states with

glass transition temperatures (Tg) well above 300 K and diffusivities smaller than 10−20 cm2 s−1 throughout the investigated

growth events in summer and spring. Plasticizer effects of water and sulfate were taken into account (Sect. S8; Koop et al.,

2011; Dette and Koop, 2015), but did not alter the modeling results substantially.

The model simulations following Kang et al. (2026) in Fig. S5 predict time-dependent and radially inhomogenous semi-solid245

phase states with diffusivities that are initially lower in summer than in spring, and of comparable magnitude overall (10−20 to

10−18 cm2 s−1). In both scenarios, the diffusivity increases over time as the particles grow by condensation of relatively more

volatile compounds (Figs. S4, S5).

To explore the potential influence of nanosize effects following Cheng et al. (2015), we combined the parameterization of

Li et al. (2020) with data measured by Mahant et al. (2024) and find that glass transition temperatures decrease substantially250

(∆Tg ∼ 40− 50 K), but not below 300 K. As the nanoparticle size effect declines towards larger particle sizes (Fig. S6),

condensation of higher volatile vapors offsets this change, leading to a near-constant Tg around 320 K. In contrast, Virtanen

et al. (2010) and Virtanen et al. (2011) found an amorphous solid phase state for Finnish boreal forest aerosol particles. They

reported that particle bounce decreased at the smallest diameters they investigated (17-30 nm), suggesting that these particles

may not have been glassy. Thus, the relations between nanoparticle growth, phase state, and bounce as well as additional effects255

such as enhanced mobility in the surface layers of solid particles (quasi-liquid layers) warrant further investigation in follow-up

studies (McNeill et al., 2006; Stevenson and Wolynes, 2008; Tian et al., 2022).

S10 Volatility basis sets vs. molecular resolution

Our model currently assigns identical self-diffusion coefficients to the many different organic compounds lumped into each bin

of the applied decadic volatility basis sets (VBS). We note, however, that molecules in the same VBS bin may exhibit different260

properties such as diffusivity and desorption lifetime based on their molecular structure and functionalities, even if they exhibit

similar intrinsic volatilities. Furthermore, the properties of organic aerosol mixtures may deviate from linear combinations

of individual species properties. Fully resolving SOA nanoparticle growth may thus require a detailed accounting of matrix

interactions, molecular identities and molecular corridors along which the gas-phase and condensed-phase composition of

organic aerosols evolve (Shiraiwa et al., 2014; Li et al., 2016; Knopf et al., 2024).265
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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 = 10−15 cm2 s−1) is utilized in KM3C modeling. (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 = 10−15

cm2 s−1) leads to well-mixed particles.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure S2. Radial concentration profiles for nanoparticles at diameters of 1.5 nm, 3 nm, and 7 nm for (a-c) the summer case with lower

diffusivity (Db,298 = 10−20 cm2 s−1), (d-f) the summer case with higher diffusivity (Db,298 = 10−15 cm2 s−1) and (g-i) the spring case with

higher diffusivity (Db,298 = 10−15 cm2 s−1), respectively. The analysis shows that the particle core largely retains the initial composition

dominated by relatively less volatile vapors (ELVOC, ULVOC) when diffusivity is low (panels a-c). In a sensitivity test with high diffusivity

and otherwise unchanged conditions, relatively more volatile vapors (SVOC, LVOC) are readily taken up and well-mixed throughout the

particle (panels d-f).
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Figure S3. Observed (blue diamond markers and error bars) and KM3C-modelled (solid lines) atmospheric nanoparticle growth rates at a

boreal forest site (Hyytiälä, Finland) in (a) summer and (b) spring, respectively. A range of diffusivities (Db,298 = 10−21 – 10−14 cm2 s−1)

shown with different colors is utilized in KM3C simulations.
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Figure S4. Observed (blue diamond markers and error bars) and modelled atmospheric nanoparticle growth rates in field experiments

(Hyytiälä, Finland) in summer (a, d) and spring (b, e), respectively. Brown line and shading represent a two-film model (Stolzenburg et al.,

2025). Blue line and shading represent the KM3C model in which diffusivity is estimated following Li et al. (2020). Panels (c) and (f) show

the predicted average glass transition temperature (Tg) as a function of particle size. In all the simulations shown here, Tg depression as

a function of nanoparticle size following Mahant et al. (2024) is considered. In panels (a-c), the water content of the SOA-H2SO4-water

mixture is calculated using Raoult’s law. In panels (d-f), the water content of the mixture is calculated using an effective hygroscopicity

parameter κ of approximately 0.01 as reported by Mikhailov et al. (2013) for the hygroscopic growth of ambient SOA under subsaturated

conditions (RH ∼ 50%).

S14



1 3 5 7 9 11 13
Diameter [nm]

0

10

20

30

G
ro

w
th

 ra
te

 [n
m

 h
-1

]

Summer Measurement (Stolzenburg et al., 2025)
KM3C model (Db-C*, this study)

Two-film model (>10-15 cm2 s-1, Stolzenburg et al., 2025)
Two-film model (10-18 cm2 s-1, Stolzenburg et al., 2025)

1 3 5 7 9 11 13
Diameter [nm]

0

1

2

3

4

5

6

7

8
Spring

G
ro

w
th

 ra
te

 [n
m

 h
-1

] Measurement (Stolzenburg et al., 2025)
KM3C model (Db-C*, this study)
Two-film model (Stolzenburg et al., 2025)

0 5 10 15
Diameter (nm)

10-20

10-19

10-18

D
b,
T 

(c
m

2  s
-1

)

Summer
Spring

(a)

(b) (d)

(c)

(e)

Figure S5. Observed (blue diamond markers and error bars) and modelled atmospheric nanoparticle growth rates in field experiments

(Hyytiälä, Finland) in (a) summer and (b) spring, respectively. Brown line and shading represent a two-film model (Stolzenburg et al., 2025).

Blue line and shading represent the KM3C model in which diffusivity is estimated following Kang et al. (2026). Panels (c) and (d) show the

radial profiles of diffusivity as a function of time in summer and spring, respectively. Panel (e) shows the predicted diffusivity as a function

of particle size using the average particle composition.
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tial function to experimental data (blue circular markers) digitized from Mahant et al. (2024).
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Figure S7. 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 S8. 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). Data were digitized from the published Fig. 1 in Stolzenburg et al. (2018) using

WebPlotDigitizer. 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 S9. 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 S10. 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 S11. Characteristic self-coagulation timescale for monodisperse particles as a function of different particle number concentrations

(Np = 102 - 106 cm−3) at 5 nm (solid lines) and for the range of 1-10 nm (shadings), where the upper bound corresponds to 1 nm and the

lower bound to 10 nm. Calculations were performed for coagulation efficiencies (α) of 0.1 (blue) and 1 (black). The star-shaped markers

indicate a nanoparticle concentration level of 103 cm−3 as indicated by Stolzenburg et al. (2025) (DOI: 10.48436/9633r-zf904).
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Figure S12. 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.,
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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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Table S2. Diffusion coefficients used in this study at different temperatures for simulating nanoparticle growth in field and CERN CLOUD

chamber studies.

T (◦C) Db,T (cm2 s−1)

Db,298 = 1× 10−15

(cm2 s−1)

Db,298 = 1× 10−18

(cm2 s−1)

Db,298 = 1× 10−20

(cm2 s−1)

Field
17.5 (summer) - 6.59× 10−19 6.59× 10−21

3.8 (spring) 2.91× 10−16 2.91× 10−19 -

CERN

CLOUD

chamber

−25 3.87× 10−17 3.87× 10−20 3.87× 10−22

5 3.13× 10−16 3.13× 10−19 3.13× 10−21

25 1× 10−15 1× 10−18 1× 10−20
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