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Abstract 17 

Atmospheric new particle formation (NPF) supplies up to half of global cloud condensation nuclei, yet the growth of sub-15 18 

nm nanoparticles—the stage most vulnerable to scavenging—remains poorly constrained, largely because the volatility of 19 

oxygenated organic molecules (OOMs) is highly uncertain. Using a purpose-built laminar flow reactor that isolates particle–20 

particle coagulation from OOM condensation, we show that six of seven widely used OOM volatility parameterizations 21 

substantially overestimate nanoparticle growth rates, with the largest bias under the high-NOx conditions. A recent 22 

parameterization constrained by ambient organic aerosol volatility reproduces our laboratory observations across diverse OOM 23 

precursors, seed sizes (3-5 nm), and NOx regimes. By applying this laboratory-validated framework to NPF events at Lake 24 

Tai, China, in summer 2023, OOM and H2SO4 condensation explain about 53% of the observed 3-15 nm growth rate, rising 25 

to roughly 86% at the upper bound of the estimated uncertainty in OOM concentrations. This residual is consistent with, but 26 

not uniquely attributable to, processes absent from the present framework: incomplete instrumental coverage of condensable 27 

vapours, uncertainties in the measured size distributions and growth rates, and simplifications within the growth model may 28 

each contribute, and a box-model estimate indicates that heterogeneous gas–particle reactions could account for a substantial 29 

part of it. Our results identify a volatility parameterization that performs reliably under NOx-rich conditions and delineate the 30 

sensitivities that must be constrained before residual nanoparticle growth can be attributed to specific mechanisms. 31 

 32 
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1 Introduction 33 

Formation of atmospheric new aerosol particles via gas-to-particle conversion is a key source of cloud condensation nuclei 34 

(CCN)(Dunne et al., 2016; Gordon et al., 2017), but only if nascent particles grow fast enough to escape the scavenging-prone 35 

sub-15 nm size range(Kuang et al., 2009). Condensation of sulfuric acid (H2SO4) and low-volatility oxygenated organic 36 

molecules (OOMs) are believed to driver this initial growth in the urban and forest atmosphere(Mohr et al., 2019; Qiao et al., 37 

2021; Stolzenburg et al., 2025). Closure between simulation and observed growth rates (GRs) has been reported in selected 38 

atmospheric environments, including the boreal forest in Hyytiälä, Finland(Mohr et al., 2019), and roadside locations in 39 

Leipzig, Germany(Brean et al., 2024). However, broader observations enabled by multi-instrument OOM detection show that 40 

closure often fails across regions and seasons, with models under- or over-predicting 3-15 nm particle growth, for example in 41 

urban Beijing(Qiao et al., 2021) and again in Hyytiälä under different seasonal conditions(Stolzenburg et al., 2025). Such 42 

discrepancies, reflecting both model uncertainties and unrepresented growth mechanisms, bias estimates of global CCN and 43 

aerosol–cloud radiative effects and degrade air-quality forecasts (Carslaw et al., 2013; Gordon et al., 2017; Kulmala, 2025). 44 

   The main challenge in accurately quantifying the contribution of OOMs to nanoparticle growth lies in the uncertainties 45 

associated with their concentration and volatility(Mohr et al., 2019; Tröstl et al., 2016). While uncertainties in concentration 46 

measurements of OOMs by Chemical Ionization Mass Spectrometer (CIMS) can be generally constrained to ~50%, yielding 47 

growth-rate uncertainties below ~60% in typical urban or boreal forest environments, direct volatility measurements for 48 

individual OOMs remain extremely challenging owing to their very low vapor pressures and the lack of synthetic 49 

standards(Lopez-Hilfiker et al., 2016; Qiao et al., 2021; Sekimoto et al., 2017; Stolzenburg et al., 2025). As an alternative, 50 

typical volatility parameterizations may carry uncertainties of up to several orders of magnitude, potentially leading to errors 51 

by a factor of ~3-4 in simulated nanoparticle GRs(Donahue et al., 2011; Li et al., 2016; Mohr et al., 2019; Ren et al., 2022; 52 

Stolzenburg et al., 2018, 2025; Wang et al., 2020; Yang et al., 2023). 53 

   Given these large uncertainties in OOM volatility, it remains unclear whether coagulation and condensation alone can 54 

account for the observed growth of freshly formed nanoparticles, and how well current volatility parameterizations perform 55 

under different atmospheric regimes. Here, we present laminar flow reactor experiments that quantitatively resolve the 56 

respective contributions of particle-particle coagulation and OOM condensation to nanoparticle growth, thereby enabling a 57 

direct, controlled evaluation of widely used OOM volatility parameterizations against observed growth. We examine OOMs 58 

generated from α-pinene and toluene oxidation across a range of seed particle sizes (3-5 nm) and NOx conditions, and then 59 

apply the best-performing, laboratory-validated parameterization to NPF events observed at Lake Tai, China, in summer 2023 60 

to assess the extent to which coagulation and vapour condensation can explain the growth of ambient 3–15 nm nanoparticles. 61 

Methods 62 

2.1 Laminar flow reactor and experimental setup.  63 
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A custom-designed laminar flow reactor was constructed to investigate the condensational growth of seed particles in the 64 

presence of OOMs, with three functional modules: seed-particle generation, OOM generation, and the main growth region 65 

(Fig. S1; full geometric and operational details in Supplementary Information, Text S1). 66 

    Self-charged polydisperse Ni-Cr seed nanoparticles were produced by resistive heating of a nichrome wire and classified to 67 

a monodisperse size distribution using a high-resolution half-mini differential mobility analyzer (half-mini-DMA) (Liu et al., 68 

2020), yielding a dimensionless resolving power (R = Z/ΔZ) of ~30 at a mobility diameter of 3.3 nm. The monodisperse 69 

outflow was split between a fast condensation particle counter (Fast CPC; Model 3650, Kanomax Inc., Japan) for online seed-70 

number monitoring and the inlet of the laminar flow reactor. 71 

    OOMs were generated by hydroxyl radical (OH)-initiated oxidation of toluene or ozonolysis of α-pinene in a Potential 72 

Aerosol Mass (PAM) oxidation flow reactor (Aerodyne Research Inc.) operated at a residence time of ~52 s. For OH + toluene 73 

experiments, the PAM was run in the OFR254 mode, with OH generated in situ by 254 nm photolysis of O3 in the presence of 74 

water vapor; for α-pinene experiments, the PAM operated as a dark ozonolysis reactor without UV. NO was added in selected 75 

experiments to produce controlled NOx levels, and 2.5 sccm of 10% CO was injected at the PAM outlet as an OH scavenger 76 

to terminate downstream oxidation. Relative humidity was maintained at 44–53%; experimental conditions are summarized in 77 

Table S1. 78 

    The ozonolysis of α-pinene experiments were performed under dark condition without UV irradiation, so elevated OH only 79 

concerns the toluene + OH experiments. In these experiments, the average OH concentration in the PAM reactor was about 2-80 

6×109 molecules cm⁻3 resulting in OH exposure of 1.2-3.2 × 1011 molecules cm⁻3 s, and much higher than typical ambient 81 

values in the Yangtze River Delta (0.8-2.4 × 107 molecules cm⁻3; Wang et al., 2024). Such conditions favour RO2 + OH over 82 

autoxidation, which may shift the products from highly oxygenated molecules towards less oxygenated and multi-generation 83 

species (Peng et al., 2019; Wang et al., 2024). However, under the high-NOx conditions of our experiments, RO2 + NO remains 84 

the dominant RO2 pathway, as that in urban Beijing (Wang et al., 2024). Previous comparisons between flow-reactor, chamber 85 

and ambient products also show the same product families, with differences mainly in their relative abundances (Garmash et 86 

al., 2020; Cheng et al., 2021). The distribution of OOMs in our experiments may therefore differ from that in the ambient 87 

atmosphere, but the types of OOMs formed remain representative of ambient OOMs, which is the basis for our evaluation of 88 

the volatility parameterizations. 89 

    Seed nanoparticles and OOMs entered the growth region (200 cm long, 20 cm i.d.) through a coaxial inlet design (axial 90 

conical inlet for particles, annular inlet for OOMs) that promotes rapid radial mixing while preserving laminar flow (Re < 91 

200). At a total flow of 21 L min-1, the residence time was ~3 min. Nine axial sampling ports, distributed at 20 cm intervals 92 

starting 35 cm downstream of the OOM injection plane, enabled time-resolved measurements of particle size and number with 93 

a TSI® 1-nm SMPS (Model 3938E57), and of OOM concentrations with three online mass spectrometers (Vocus-PTR, iodide-94 

CIMS, and nitrate-CIMS; Aerodyne Research Inc., USA and Tofwerk AG, Switzerland). A particle size magnifier (PSM; 95 
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Model A10, Airmodus Inc., Finland) and a nano-SMPS (Model 3936, TSI Inc., USA) at the 180 s port verified the absence of 96 

new particle formation under condensation conditions. 97 

2.2. Generation and quantification of citric acid and PEG-7 vapors.  98 

Citric acid (saturation vapor pressure estimated by group contribution methods (Moller et al., 2008; Nannoolal et al., 2004) 99 

and validated against FIGAERO-iodide-CIMS measurements (Ren et al., 2022; Ye et al., 2019)) and PEG-7 (with a directly 100 

measured vapor pressure (Krieger et al., 2017)) were generated by passing zero-air over heated reservoirs (45–80 °C for citric 101 

acid; 52–85 °C for PEG-7). Citric acid was quantified with the nitrate-CIMS and PEG-7 with the iodide-CIMS, using liquid-102 

injection calibrations (calibration factors: 1.35 × 1012 cm-3 for citric acid and 9.44 × 1011 cm-3 for PEG-7; Fig. S2). 103 

2.3 Measurement and quantification of OOMs.  104 

Gas-phase OOMs (defined as molecules containing at least one C, H, and O atom) were measured by three complementary 105 

mass spectrometers, all equipped with long time-of-flight analyzers (mass resolution 8,000–9,000 Th/Th). Each of the three 106 

ionization schemes carries a characteristic detection bias, and their combination does not amount to a complete coverage of 107 

the condensable vapour population. Efficient clustering with NO3⁻ requires several hydrogen-bond-donating groups, so that 108 

the nitrate-CIMS underdetects less-oxygenated species and multifunctional carbonyls or esters that lack –OH and –OOH 109 

functionality. The iodide-CIMS detects polar and acidic species efficiently but discriminates against weakly binding, low-110 

polarity compounds, a bias we quantify through the declustering-voltage scans described above (Fig. S4). The Vocus-PTR 111 

fragments multifunctional species, in particular peroxides and organic nitrates, biasing their quantification to the low end. The 112 

classes most likely to be underdetected are therefore ROOR’-type peroxides, weakly polar multifunctional carbonyls, and 113 

sulfur-containing organics. These biases do not act uniformly across the volatility range. Growth of sub-15 nm particles is 114 

controlled by species of sufficiently low volatility to overcome the Kelvin barrier, which are the highly oxygenated compounds 115 

to which the nitrate-CIMS is most sensitive, whereas undetected compounds are expected to be volatile ones. 116 

   The Vocus-PTR was calibrated using a multi-component gas-phase standard (Table S3), and sensitivities for non-calibrated 117 

OOMs were estimated from their proton-transfer reaction rate constants (Sekimoto et al., 2017) (Fig. S3). The iodide-CIMS 118 

followed the Lopez-Hilfiker et al. (Lopez-Hilfiker et al., 2016) calibration scheme, with declustering-voltage scans converting 119 

iodide–OOM adduct stabilities (dV50) into compound-specific sensitivities (Table S4 and Fig. S4). The nitrate-CIMS was 120 

calibrated assuming OOMs ionize at the H2SO4 collision limit (Tröstl et al., 2016; Yao et al., 2018), with mass-dependent 121 

transmission corrections (Heinritzi et al., 2016). Estimated systematic uncertainties are ±20% (Vocus-PTR, calibrated species), 122 

~60% (iodide-CIMS, OOM mixtures), and ±50% (nitrate-CIMS).  123 

   For OOMs detected by multiple instruments, concentrations were assigned according to the oxygen number (nₒ): nitrate-124 

CIMS for nO ≥ 6; iodide-CIMS for nO ≤ 3 (vs. nitrate-CIMS) or nO ≥ 4 (vs. Vocus-PTR); Vocus-PTR for nO ≤ 1. For overlapping 125 

intermediate ranges (nO = 4–5 between iodide and nitrate; nO = 2–3 between iodide and Vocus-PTR), the higher of the two 126 

estimates was used (Figs. S5 and S6). Real-time axial concentration profiles of each OOM along the flow reactor were derived 127 
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from regression of measured concentrations against residence time at the nine sampling ports (Fig. S7) and used as input to 128 

the growth model. See details in Supplementary Information, Text S2. Sulfur-containing OOMs were also detected in the 129 

ambient measurements, but because of their low abundance, they were not included in the growth simulations 130 

2.4 Volatility parameterization and growth simulation.  131 

Saturation concentrations C* of individual OOMs were estimated from their molecular formulas using published 132 

parameterizations; the Zhang et al. (2026) scheme is given by 133 

𝑙𝑜𝑔10𝐶∗(300𝐾) = (25 − 𝑛𝐶)𝑏𝐶 − (𝑛𝑂 − 3𝑛𝑁)𝑏𝑂 − 2
(𝑛𝑂 − 3𝑛𝑁)𝑛𝐶

(𝑛𝐶 + 𝑛𝑂 − 3𝑛𝑁)
𝑏𝐶𝑂 − 𝑛𝑁𝑏𝑁      (𝐸𝑞. 1) 134 

𝑏𝐶=0.493, 𝑏𝑂=1.392, 𝑏𝐶𝑂=-0.532, and 𝑏𝑁=2.402 from Zhang et al. (2026). C* was corrected to ambient temperature using a 135 

vaporization enthalpy ΔHvap = −5.7 log10C*(300 K) + 129 kJ mol-1 (Supplementary Information, Text S3). 136 

   The volatility parameterizations carry uncertainties that should be considered when interpreting the C* values used here. 137 

They arise from (i) the assignment of a single C* to each molecular formula, whereas isomers can differ substantially in vapour 138 

pressure; (ii) the limited range of compounds and conditions used to calibrate each scheme; (iii) the uncertainty of the reference 139 

data, since direct volatility measurements of gas-phase OOMs are scarce. When compared with the NCI open database, the 140 

Zhang et al. (2026) scheme performs comparably to the other schemes for CHO compounds and agrees more closely for CHON 141 

compounds. Nanoparticle growth was simulated following the Stolzenburg et al. (2022) monodisperse VBS framework, which 142 

solves the coupled mass-transfer equations for OOM condensation across volatility bins together with kinetically limited 143 

H2SO4 condensation. Particle-phase activity, Kelvin correction, and hard-sphere collision kernels are described in 144 

Supplementary Information, Text S4. H2SO4 was measured by the nitrate-CIMS (calibration factor 8.03 × 109 cm-3). 145 

2.5 Field measurements.  146 

A field campaign was conducted from 4 July to 20 September 2023 at the National Field Observation and Research Station 147 

for the Lake Ecosystem of Lake Tai (31°42′N, 120°22′E; ~5 m above sea level), a suburban site in Jiangsu Province, China, 148 

influenced by both anthropogenic and biogenic emissions. PNSDs from 1.2 to 700 nm were measured in parallel by a TSI® 1-149 

nm SMPS, a TSI® Long-SMPS, and an Airmodus® PSM at 1–4 min resolution. Twelve NPF events were observed, four of 150 

which were selected for detailed analysis based on moderate background condensation sinks and smooth growth behavior. 151 

Gas-phase OOMs at the site were measured using the same nitrate-CIMS, iodide-CIMS, and Vocus-PTR as in the laboratory, 152 

with sampling configurations detailed in Supplementary Information, Text S5. 153 

3 Results and discussion 154 

3.1 Condensation-driven growth of nanoparticles 155 

A laminar flow reactor (Fig. S1a) was developed to investigate the growth of nanoparticles through particle-particle 156 
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coagulation and condensation of organics. This laminar flow reactor sets the beginning of exposure upon the particle-vapor 157 

mixing and a residence time of 180 s at the 9th axial sampling point with a total flow rate of 21 L min-1. Self-charged Ni-Cr 158 

oxide nanoparticles were generated by resistive heating of a nichrome wire, classified to a monodisperse diameter using a 159 

custom-made half-mini-DMA with peak number concentrations of (1.5-2.0) × 105 cm-3 (dN/dlogDp, cm-3), and then introduced 160 

into the laminar flow reactor(Liu et al., 2021)(Supplementary Information, Text S1 and Fig. S8). The evolution of number 161 

concentrations and mode diameters of charged Ni-Cr oxide nanoparticles was measured by a TSI® 1-nm SMPS at nine axial 162 

sampling points along the growth region. Owing to the limited resolving power of the 1-nm SMPS (R = Z/ΔZ ≈ 7 at 3.3 nm), 163 

the geometric standard deviations (GSDs) of measured particle number size distributions (PNSDs) (GSD1-nm SMPS < 1.08) were 164 

slightly larger than the true values obtained from the half-mini-DMA (GSDhalf-mini-DMA = 1.01); the mode diameters, however, 165 

were unaffected (Fig. S8). No measurable increase in mode diameter was observed over the 180 s residence time (Fig. 1a), 166 

consistent with the < 0.1 nm increase predicted by inter-particle coagulation simulations (Cai et al., 2020). The simulation also 167 

predicts a coagulation-driven number loss rate of 0.01% s⁻¹; subtracted from the observed number loss rate of 0.11% s⁻¹, this 168 

yields a wall-loss rate of 0.10% s⁻¹ for 3.3-nm Ni-Cr oxide nanoparticles. 169 

    The monodisperse Ni-Cr oxide nanoparticles were then exposed to two condensable vapors with well-characterized 170 

volatilities in two separate sets of experiments: polyethylene glycol-7 (PEG-7), whose saturation vapor pressure has been 171 

experimentally measured (Krieger et al., 2017), and citric acid, whose saturation vapor pressure was estimated by group 172 

contribution methods (Moller et al., 2008; Nannoolal et al., 2004) and validated against FIGAERO-iodide-CIMS 173 

measurements (Ren et al., 2022; Ye et al., 2019). Gaseous citric acid concentrations in four experiments — including a 174 

reference experiment (Exp. 1) in which no citric acid was introduced (Fig. 1b) — were measured at the 180 s sampling port 175 

by a nitrate ion-based chemical ionization mass spectrometer (nitrate-CIMS); concentrations along the reactor axis (Fig. 1c) 176 

were inferred from the experimentally determined first-order wall-loss rate constant of citric acid (Fig. S9). Correspondingly, 177 

the mode diameter of the seed nanoparticles increased from 3.3 nm to 3.4, 3.6, and 3.8 nm under three increasing citric acid 178 

concentrations (Fig. 1d). Parallel experiments with PEG-7 (Exp. 5–8 in Fig. S10) produced comparable concentration-179 

dependent growth. 180 

We then simulated nanoparticle growth from the measured saturation vapor pressures and axial concentration profiles of 181 

citric acid or PEG-7 (Supplementary Information, Text S6 and Fig.S9). The simulation is advanced with a 1 second time step, 182 

and at each step the equilibrium vapour pressure of the condensing species is evaluated at the particle diameter reached in the 183 

preceding step, so that the curvature-affected equilibrium vapour pressure is tracked continuously as the particle grows. Fig. 184 

1e compares the measured GRs with simulated values across the concentration ranges examined. A strong correlation between 185 

measured and simulated GRs was observed, with data points generally scattered within a factor of 1.5 along the 1:1 line, 186 

confirming that our growth model accurately reproduces condensation-driven nanoparticle growth. 187 
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 188 
Figure 1. Coagulation- and condensation-driven growth of monodisperse Ni-Cr oxide nanoparticles in a laminar flow 189 

reactor. (a) Normalized number concentrations (red triangles) and mode diameters (purple squares) of Ni-Cr oxide 190 

nanoparticles at nine sampling points. The dashed purple line and dashed red line illustrate theoretical evolutions of the particle 191 

mode diameter and number, respectively, due to coagulation. The solid red line represents the observed decay of Ni-Cr oxide 192 

nanoparticle concentration, which, together with the red dashed line, gives the red dotted line indicating wall losses of Ni-Cr 193 

oxide nanoparticles. (b) Citric acid concentrations measured by nitrate-CIMS at a fixed residence time of 180 s in the laminar 194 

flow reactor; light blue shaded intervals denote Exp. 1-4, among which the citric acid exposure was zero in Exp. 1. (c) Observed 195 

citric acid concentrations at a residence time of 180 s for Exp. 2-4. Colored lines represent back-calculated concentrations of 196 

citric acid with incorporation of wall loss using the loss-rate coefficient of citric acid (refer to Fig. S9). (d) Particle number 197 

size distributions (PNSDs) of Ni-Cr oxide nanoparticles during Exp. 1-4. Vertical dashed white lines mark experimental 198 

boundaries, and horizontal black lines indicate the mean mode particle diameter in each experiment. (e) Comparison of 199 

experimentally measured particle GRs and simulated ones when exposing nanoparticles to citric acid or PEG-7. Circles and 200 

diamonds represent citric acid and PEG-7 experiments, respectively, under varying concentrations. The dashed lines depict 201 

1:1, 1:1.5, and 1.5:1 reference ratios, and error bars for a datapoint indicate one standard deviation of the measurement mean. 202 

3.2 Evaluation of volatility parameterizations 203 

Next, we investigated OOM-mixture-driven growth of monodisperse Ni-Cr oxide nanoparticles using OOMs generated from 204 

the oxidation of toluene or α-pinene under high and low NOx in the laminar flow reactor (Table S1). As an illustrative example, 205 

3.3-nm Ni-Cr oxide nanoparticles were exposed to OOMs from α-pinene ozonolysis under low-NOx conditions; the OOM 206 
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abundances were controlled by varying the α-pinene concentration. Four quasi-steady sampling periods (Exp. 9-12) captured 207 

successive growth stages (Fig. 2a, b). Note that the residual OOMs detected in Exp. 9 (Fig. 2a) before O3 introduction did not 208 

produce measurable particle growth; the particle size measured at the 131 s sampling port in Exp. 9 was therefore used as the 209 

initial particle size (3.3 nm) at t = 0 s (Fig. 2c). In the other three experiments (Exp. 10-12), the mode diameter of the seed 210 

nanoparticles increased from 3.3 nm to 3.5, 3.7, and 3.9 nm (Fig. 2c), corresponding to GRs of 5.5, 11.0, and 16.5 nm h -1, 211 

respectively.  212 

   Fig. 2d presents a mass defect plot of all detected OOMs. Species were measured by three complementary instruments: a 213 

Vocus proton-transfer-reaction mass spectrometer (Vocus-PTR), an iodide-ion-based chemical ionization mass spectrometer 214 

(iodide-CIMS), and a nitrate-ion-based chemical ionization mass spectrometer (nitrate-CIMS), with many species detected by 215 

two or all three instruments. Concentrations of individual OOMs were quantified by instrument-specific calibrations (see Sect. 216 

2.3). Note that identical molecular formulas across instruments do not necessarily correspond to identical structures, given the 217 

diversity of possible isomers. 218 

   For OOMs detected by both iodide-CIMS and nitrate-CIMS, the two estimates agreed within an order of magnitude only for 219 

species with oxygen number (nO) = 4–5, while diverging systematically at lower or higher oxygen numbers (Fig. S5). Because 220 

CIMS sensitivity depends strongly on the oxygen number (nO) of OOMs (Riva et al., 2019), formulas with nO ≤ 3 were 221 

quantified by iodide-CIMS, those with nO ≥ 6 by nitrate-CIMS, and those with nO = 4–5 were assigned the higher of the two 222 

estimates. For OOMs detected by both Vocus-PTR and iodide-CIMS, the two estimates showed larger discrepancies than for 223 

the iodide-CIMS / nitrate-CIMS pair (Fig. S6), reflecting fragmentation of multifunctional OOMs in Vocus-PTR (Li et al., 224 

2022; Zhang et al., 2025). Following the same logic, formulas with nO = 0 or 1 were quantified by Vocus-PTR, those with nO 225 

≥ 4 by iodide-CIMS, and those with nO = 2 or 3 were assigned the higher of the two estimates. For OOMs detected by both 226 

Vocus-PTR and nitrate-CIMS, the nitrate-CIMS estimate was used. For species detected by all three instruments, the iodide-227 

CIMS / nitrate-CIMS rule was applied and the Vocus-PTR estimate was discarded. Importantly, the OOMs with the largest 228 

discrepancies (nO < 4) are sufficiently volatile that they do not contribute to sub-15 nm particle growth owing to the Kelvin 229 

effect (Fig. S11); their impact on simulated GRs is therefore limited. 230 

   We then applied seven volatility parameterizations to the OOMs detected in Exp. 12 to calculate their saturation vapor 231 

concentrations, yielding seven Volatility Basis Set (VBS) representations spanning ultra-low-volatility, extremely low-232 

volatility, low-volatility, semi-volatile, intermediate-volatility, and volatile organic compounds (ULVOC, ELVOC, LVOC, 233 

SVOC, IVOC, and VOC) (Fig. 2e and Fig. S12). Although all seven schemes spanned the full ULVOC-VOC range, they 234 

showed systematic offsets in their assigned log10C* values, leading to markedly different volatility distributions. The (Zhang 235 

et al., 2026) scheme is shifted most strongly toward higher volatility, assigning 91% of OOMs to VOCs and 8% to IVOCs, 236 

with only 0.67% combined in ULVOC, ELVOC, and LVOC (Fig. 2a).  237 
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 238 

Figure 2. Particle growth driven by condensation of OOMs formed from α-pinene + O3 under low NOx conditions. (a) 239 

Profiles of gas-phase precursors and total concentrations of SVOC, LVOC, ELVOC, and ULVOC during four experiment 240 

periods (Exp. 9-12) as highlighted in shaded regions. (b) PNSDs of Ni-Cr oxide nanoparticles during Exp. 9-12. Vertical 241 

dashed white lines mark experimental boundaries, and horizontal-colored lines indicate the mean mode particle diameter in 242 

each experiment. (c) PNSDs in Exp. 9-12. The dashed line represents the simulated size distribution at a residence time of 0 s 243 

based on Exp. 9. The solid lines represent measured PNSDs at a residence time of 131 s for Exp. 9-12, illustrating particle 244 

growth resulting from condensation of varying concentrations of OOMs. (d) Mass defect plot for all assigned OOMs in Exp. 245 

12. Marker size scales with OOMs’ concentration. Marker color indicates which of the three CIMS (Vocus-PTR, iodide-CIMS, 246 

nitrate-CIMS) detected the OOMs, including overlaps, following the color scheme in the bottom right panel. (e) OOM 247 

concentration as a function of effective saturation concentration (log10C*), grouped into volatility classes (ULVOC→VOC). 248 

Volatility estimates of OOMs are derived using the parameterization of Zhang et al. (2026). Bars show the concentrations of 249 

OOMs detected by at least one of three CIMS, following the color scheme in the bottom-right panel. Please refer to the main 250 

text for quantification rules. 251 
 252 
   Table S2 summarizes the seven parameterizations including the reaction systems or chemicals from which they were derived, 253 

and their required molecular descriptors and intended applications. The seven schemes mainly differ in the volatility datasets 254 

upon which they were built. Six of them rest mainly on chamber-generated oxidation oxygenated products from biogenic 255 

precursors, which are dominated by CHO compounds. In contrast, the scheme of Zhang et al. (2026) was calibrated against 256 
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the volatilities measured directly from ambient particulate OOMs at urban and suburban sites. These OOMs are formed in the 257 

presence of NOx and include N-containing species, so that the scheme is constrained over a wider part of formula space whereas 258 

the other schemes sample only weakly. In a comparison with the scheme derived from the National Cancer Institute (NCI) 259 

open database, this scheme performed comparably to the other schemes for CHO compounds and better than others for CHON 260 

compounds. Therefore, it can be expected to more realistically describe the volatility of OOMs formed under high-NOx 261 

conditions, consistent with its closer agreement with our laboratory growth experiments (Sect. 3.2). 262 

   We then compared the measured PNSDs for Exp. 12 with those simulated from the measured concentration profiles in the 263 

flow reactor (Fig. S12) and the parameterized volatilities (Fig. 2e) of individual OOMs. All seven simulated PNSDs 264 

overestimated the observed particle growth to varying degrees (Fig. 3a): the Zhang et al. (2026) parameterization showed the 265 

smallest overestimation, followed by Li et al. (2016), Mohr et al. (2019), and Dada et al. (2023). When nanoparticles were 266 

exposed to OOMs formed from α-pinene + O3 under high-NOx conditions (Exp. 13–16; Fig. S13), the Li et al. (2016), Mohr 267 

et al. (2019), and Dada et al. (2023) parameterizations exhibited substantially larger overestimations than under low-NOx 268 

conditions (Fig. 3b), whereas the Zhang et al. (2026) parameterization continued to perform best. This is consistent with the 269 

better agreement between the Zhang et al. (2026) parameterization and CHON-compound volatilities tabulated in the National 270 

Cancer Institute (NCI) open database. 271 

  272 

 273 

Figure 3. Comparison of observed and simulated growth of Ni-Cr oxide nanoparticles when exposed to OOMs. (a) 274 

Comparison of observed PNSDs (solid line) after exposing Ni-Cr oxide nanoparticles to OOMs formed from α-pinene + O3 275 

oxidation under low NOx conditions (Exp. 12), with simulated ones (dashed lines) using seven VBSs. (b) Comparison of 276 

observed PNSD (solid line) after exposing Ni-Cr oxide nanoparticles to OOMs formed from α-pinene + O3 oxidation under 277 

high NOx conditions (Exp. 16), with simulated ones (dashed lines) using seven VBS schemes. (c) Ratios of simulated to 278 

measured GRs as a function of initial mode diameter under four OOM source scenarios: toluene + OH or α-pinene + O3 with 279 

low (NO < 1 ppb) or high (NO ≈ 44 ppb) NOx conditions. Colors and symbols indicate different GR simulation methods. The 280 
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upper and lower bounds of the columns represent the simulation uncertainties associated with a +50%/−50% error in OOMs’ 281 

concentrations. The dashed line represents the 1:1 reference. 282 
 283 
To assess the generality of these findings, we examined experiments spanning different seed nanoparticle diameters (3-5 nm) 284 

and OOM types from either toluene + OH or α-pinene + O3 under low- or high-NOx conditions (Exp. 9–56 in Table S1; Figs. 285 

2a-d, Figs. S13-S15 for growth experiments and Figs. 2e, Figs. S16–S18 for volatility parameterizations). The simulated-to-286 

measured GR ratios for all conditions are summarized in Fig. 3c. The Stolzenburg et al. (2025) and Qiao et al. (2021) schemes 287 

systematically overpredicted growth across a wide range of conditions. Notably, both schemes were developed from volatility 288 

frameworks largely constrained by biogenic volatile organic compounds (BVOC) oxidation chemistry: Stolzenburg et al. 289 

(2025) refined the formulation using BVOC autoxidation products, whereas Qiao et al. (2021) built on the revision by Mohr 290 

et al. (2019), which was derived from HOM measurements of α-pinene oxidation. By contrast, the Li et al., (2016), Mohr et 291 

al., (2019), Stolzenburg (2018), and Dada et al., (2023) schemes reproduced the measured GRs under low-NOx conditions but 292 

overpredicted growth under high-NOx conditions, particularly for OOMs from toluene + OH oxidation, which are more 293 

representative of urban atmospheres. Together, these results suggest that BVOC-derived volatility frameworks describe OOM-294 

driven growth reasonably well in relatively clean, low-NOx regimes (e.g., α-pinene + O3 oxidation). They are less transferable 295 

to polluted, high-NOx environments, where anthropogenic precursors and intensified NOx pathways likely generate OOM 296 

populations with distinct functionality, volatility, and condensational behavior. 297 

3.3 Ambient nanoparticle growth 298 

We analyzed field NPF events at Lake Tai, China in summer 2023, focusing on gaseous molecular compositions and PNSDs 299 

(see Sect. 2.5). High-resolution mass spectrometry measurements from Vocus-PTR, iodide-CIMS, and nitrate-CIMS revealed 300 

a wide molecular diversity of ambient gaseous OOMs, with each instrument capturing OOMs of different volatility and 301 

oxidation states, as illustrated by an example on 30 July 2023 (Fig. 4a, b). The volatility classification of ambient OOMs (Fig. 302 

4b), based on estimated saturation concentrations (C*) using the Zhang et al. (2026) scheme, indicates that a substantial fraction 303 

(0.39%) of detected species fell into the ELVOC and LVOC classes. 304 

  Fig. 4c presents a comparison of observed and simulated growth trajectories of newly formed nanoparticles following their 305 

formation on 30 July 2023. The growth of 3-nm nanoparticles was simulated as the sum of particle coagulation, H2SO4 306 

condensation, and OOM condensation using OOMs volatilities from seven parameterization schemes. Among all schemes, 307 

Zhang et al. (2026) was the only one that underpredicted particle growth, whereas the others overpredicted growth to varying 308 

degrees. Together with our laboratory results, this pattern suggests that commonly used parameterizations assign OOMs 309 

volatilities that are too low, thereby overstating their condensational contribution to early nanoparticle growth. For example, 310 

the calculated GRs were larger than the measured ones in Hyytiälä, Finland, which was previously explained by evaporation 311 

of particulate matter but could stem from the parametrization itself (Stolzenburg et al., 2025). Fig. 4d focuses on the comparison 312 

between the observed nanoparticle mode diameter evolution and the Zhang et al. (2026) scheme’s prediction. Notably, the 313 

simulated mode diameters remained below the observed values and explained only 53% of the 3-15 nm nanoparticle growth 314 
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rate. An uncertainty envelope (-50%/+50%) was applied to OOM concentrations, yielding an uncertainty of approximately -315 

45% to +50% for the condensation-driven growth. Even at the upper bound of this uncertainty range, the simulated 3-15nm 316 

growth rate still left a residual ~14% gap relative to the observations. Beyond this single event, Fig. 4e presents the campaign-317 

average behaviour across four NPF events (see Fig. S19 for details). The simulations systematically underestimated 318 

nanoparticle growth, particularly in the sub-15 nm size range, leaving a gap that the present framework does not explain. 319 

Several explanations for this gap are possible and not mutually exclusive: growth processes that the framework does not 320 

represent, condensable vapours that our instrumentation does not detect, and uncertainties in the measurements and in the 321 

growth model itself. 322 

Among the processes that are not represented in the growth model, heterogeneous chemistry at nanoparticle surfaces is one 323 

plausible candidate: by converting relatively volatile gases into lower-volatility products that overcome the Kelvin barrier, it 324 

can drive growth even from highly volatile vapours (Wang et al., 2010). A box-model estimate that incorporates heterogeneous 325 

reactions of isoprene-derived epoxydiols (IEPOX)/methacrylic acid epoxide (IMAE), nitrogen oxides, and 326 

glyoxal/methylglyoxal substantially reduced this gap and brought the simulations toward the measurements (Fig. S20), 327 

indicating that gas–particle heterogeneous chemistry could be one potentially important yet currently unparameterized 328 

candidate contributor that merits dedicated investigation (see Supplementary Information, Text S7 and S8 for details). 329 

On the other hand, several sources of uncertainty besides unrepresented mechanisms could contribute to the gap. First, the 330 

detection of condensable vapours is not necessarily complete: although three complementary mass spectrometers were 331 

deployed, it is likely that no combination of ionization schemes captures the entire condensable vapour population. In addition, 332 

species with low ionization efficiency towards NO3
−, I− and H3O+, thermally labile or strongly wall-adsorbing compounds, and 333 

condensable species falling outside our OOM definition would be missed. Second, the observed size distributions and growth 334 

rates also carry a potential uncertainty. Below 15 nm, this comes from low particle counts, the size-dependent efficiency of 335 

the 1-nm SMPS and PSM, and charging corrections. The method used to retrieve the growth rate adds further uncertainty (Cai 336 

et al., 2020). Third, the growth model is simplified. It assumes that particles are spherical and internally well mixed, with unit 337 

activity coefficients, and it neglects particle-phase reactions (such as oligomerization and chemical aging) and possible 338 

viscosity limitations to diffusion in freshly formed particles. 339 

These results can be placed alongside recent attempts at growth closure. In boreal Hyytiälä, simulated GRs based on HOM 340 

condensation have been reported both to agree with observations (Mohr et al., 2019) and, in a more comprehensive analysis, 341 

to exceed them (Stolzenburg et al., 2025), the latter being attributed to evaporation of particulate organics; our laboratory 342 

evaluation suggests that at least part of such an overprediction may originate in the volatility parameterization itself rather than 343 

in particle-phase evaporation. In urban Beijing, OOM condensation was found insufficient to close the observed growth of 344 

sub-10 nm particles (Qiao et al., 2021), whereas at a roadside site in Leipzig traffic-related vapours were sufficient to explain 345 

rapid growth (Brean et al., 2024). The sign of the closure error therefore appears to depend on the chemical regime at least as 346 

much as on the completeness of the measurement suite, consistent with the condition-dependent parameterization performance 347 

reported here. 348 
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 349 

Figure 4. Characterization of ambient OOMs and their contribution to nanoparticle growth. (a) Mass defect plot of ambient 350 

OOMs detected at Lake Tai on 30th July, 2023, using three CIMS; Marker color follows the legend in panel b, Marker size 351 

denotes the relative ion signal intensity. (b) Volatility distribution of ambient OOMs classified into ULVOC, ELVOC, LVOC, 352 

SVOC, IVOC, and VOC, based on estimated saturation concentrations. Bars show the concentrations of OOMs detected by at 353 

least one of the three CIMS. Please refer to the main text for quantification rules. (c) Evolution of nanoparticle mode diameter 354 

during an ambient NPF event in Lake Tai on 30th July, 2023, overlaid on the PNSDs (dN/dlogDp, cm-3). Black dots represent 355 

the observed particle mode diameter. Modeled growth curves based on different volatility parameterization methods (Qiao et 356 

al. (2021), Mohr et al. (2019), Li et al. (2016), Stolzenburg et al. (2018 and 2025), Dada et al. (2023), and Zhang et al. (2026)) 357 

are shown for comparison. (d) Decomposition of the observed ambient nanoparticle growth into contributions from OOM 358 

condensation, H2SO4 condensation, and coagulation of nanoparticles for a NPF event in Lake Tai on 30th July, 2023. Black 359 

circles denote the observed mode diameter. The colored stacked areas show growth driven by coagulation of nanoparticles, 360 

condensation of H2SO4, and condensation of OOMs, respectively. The solid red line represents the simulated particle mode 361 

diameter. The grey shaded area (“Gap”) indicates the unexplained growth not captured by these processes. The dashed red line 362 

marks the higher and lower uncertainty bounds of the simulated particle mode diameter from uncertainties in OOMs’ 363 

concentrations. (e) Average PNSDs of four NPF events during the field campaign, with the particle mode diameter of 3 nm in 364 

all events serving as the starting point. Black dots represent the observed particle mode diameter. The black line gives the 365 

simulated growth based on particles coagulation and H2SO4 and OOMs condensation using the laboratory-validated volatility 366 
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parameterization (Zhang et al., 2026), and black shadow denotes the uncertainty of the simulated diameter propagated from 367 

uncertainties in OOMs’ concentrations. 368 

4 Conclusions and outlook 369 

This study examined whether condensation of H2SO4 and OOMs alone can account for the rapid growth of freshly nucleated 370 

nanoparticles. Using a laminar flow reactor that cleanly separates particle–particle coagulation from OOM condensation, we 371 

benchmarked seven widely used volatility parameterizations directly against observed growth. Across diverse OOM precursors 372 

(α-pinene and toluene), seed nanoparticle sizes (3-5 nm), and NOx regimes, six of the seven overestimated nanoparticle 373 

growth-most severely under the high-NOx conditions typical of polluted urban air-whereas only a parameterization constrained 374 

by ambient organic-aerosol volatility (i.e., Zhang et al., 2026) reproduced our observations. 375 

   The overestimation arises because most existing parameterizations were derived from, or tuned to, biogenic, low-NOx 376 

oxidation systems dominated by CHO compounds, and they tend to assign lower volatilities to the OOM populations generated 377 

under high-NOx, anthropogenically influenced conditions. Such conditions favour nitrogen-containing products (e.g., 378 

organonitrates) and fragmentation pathways that shift the volatility distribution toward higher volatility, so that schemes 379 

calibrated on biogenic reaction systems overstate the condensation flux of organics. This interpretation is supported by the fact 380 

that the Zhang et al. (2026) parameterization, which is constrained by directly measured volatilities of ambient urban and 381 

suburban particulate OOMs, alone reproduces our observations. The fundamental insight is therefore not that any individual 382 

parameterization is inherently deficient, but that the volatility-composition relationship is sensitive to the chemical regime in 383 

which it is calibrated, particularly the prevailing NOx level.  384 

Whether the underprediction we observe at Lake Tai extends to other environments cannot be settled by a single campaign, 385 

and the performance of any volatility parameterization is expected to be regime-dependent. Our laboratory results nonetheless 386 

argue against a fixed low bias in the Zhang et al. (2026) scheme: under low-NOx α-pinene + O3 conditions, it slightly 387 

overpredicted rather than underpredicted growth (Fig. 3a and 3c), so a systematic underprediction in a clean, BVOC-dominated 388 

environment such as Hyytiälä is not anticipated. Conversely, the scheme was derived from ambient particulate OOMs collected 389 

in a polluted region of eastern China and is best supported for NOx-rich, mixed anthropogenic–biogenic conditions; its 390 

extrapolation to pristine biogenic or marine environments remains to be tested. The residual growth at Lake Tai is therefore 391 

more plausibly a property of the site (i.e., elevated NOx, abundant anthropogenic precursors and reactive gas–particle 392 

chemistry) than a generic feature of the parameterization. 393 

These caveats notwithstanding, the results caution against applying volatility frameworks calibrated largely on biogenic, 394 

clean-environment chemistry to polluted, high-NOx atmospheres, where such frameworks may overstate the organic 395 

contribution to early growth and thereby bias estimates of CCN abundance and aerosol–cloud radiative forcing. Establishing 396 

a transferable, mechanistically complete description of nanoparticle growth will require extending these co-evaluated 397 

laboratory and field analyses to diverse polluted atmospheres, alongside direct volatility measurements and explicit kinetic 398 

treatment of particle-phase heterogeneous reactions. 399 
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