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Abstract. The hygroscopicity parameter κ is important for assessing biomass-burning aerosol impacts on visibility, direct 17 

radiative forcing, and cloud-related indirect effects. Discrepancies among κ values derived from different methods have been 18 

reported, but often separately across fuel types, burn phases, and experimental systems, limiting assessment of their consistency 19 

and controlling factors. Here, we compare κ derived from a cloud condensation nuclei counter (CCNC), a hygroscopicity 20 

tandem differential mobility analyzer (HTDMA), and AMS–SP2 composition-based predictions within a single laboratory 21 

framework. Fresh and aged biomass-burning particles were produced from four representative fuels: hardwood, softwood, 22 

peat, and leaves, burned under  smouldering or flaming conditions. CCNC-derived κ systematically exceeded HTDMA-derived 23 

κ, with discrepancy magnitudes strongly dependent on fuel type and burn phase. Composition-based κ generally fell between 24 

CCNC and HTDMA values. Coupled effects of κ size dependence and size representation, together with externally mixed non-25 

hygroscopic black carbon, affected discrepancies among the three approaches but only partly explained them. Using O:C-26 

informed κorg values instead of a constant κorg = 0.1 consistently improved AMS–SP2 prediction accuracy relative to HTDMA 27 

values in peat experiments only, by 16–59%, while substantial residual discrepancies remained. These results suggest the 28 

presence of additional controlling factors not tested here, motivating measurements of surface-active species, particle phase 29 

state, and co-condensation of soluble gases to potentially explain the remaining discrepancies in future work. They further 30 

highlight the need for regime-aware κ parameterizations in atmospheric and climate models, alongside careful treatment of 31 

size representation, black-carbon inclusion, and κorg assumptions in composition-based hygroscopicity predictions. 32 
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1. Introduction  33 

 34 

Biomass-burning (BB) aerosol particles originate from both natural and anthropogenic combustion sources, including 35 

agricultural burning, biofuel use, and wildfires, and have well-established impacts on human health, air quality, and climate 36 

(Andrea, 2019; Noyes et al., 2022). One key property governing these impacts is hygroscopicity, which describes the ability 37 

of particles to absorb and retain water from the surrounding atmosphere (Tang et al., 2019). Hygroscopicity is controlled 38 

primarily by chemical composition and, to a lesser extent, by particle size, with subsequent feedback on particle properties 39 

during atmospheric processing (Wang et al., 2020; Wu et al., 2020). Through its influence on particle water-uptake behavior, 40 

hygroscopicity affects aerosol optical properties, aqueous-phase chemistry, and cloud–aerosol interactions under both 41 

subsaturated and supersaturated conditions (Petters and Kreidenweis, 2007; Zardini et al., 2008; Cai et al., 2018). 42 

 43 

Under subsaturated conditions, hygroscopicity is commonly quantified via the hygroscopic growth factor (HGF), whereas 44 

under supersaturated conditions, it is inferred from the ability of particles to activate as cloud condensation nuclei (CCN), 45 

typically described by parameters such as critical supersaturation or activation diameter. These two regimes are associated 46 

with different atmospheric roles: subsaturated growth is closely linked to visibility degradation and near-surface radiative 47 

effects, while CCN activity governs cloud droplet formation and cloud radiative properties (Gysel et al., 2002; Wang et al., 48 

2023). Correspondingly, HGF is usually measured using a hygroscopicity tandem differential mobility analyzer (HTDMA) 49 

(Swietlicki et al., 2008; Good et al., 2010), whereas CCN activity is measured using a differential mobility analyzer coupled 50 

with a cloud condensation nuclei counter (DMA–CCNC) (Tao et al., 2020). Both approaches enable direct, real-time 51 

measurements of submicron aerosol hygroscopic behavior, but they probe fundamentally different humidity regimes. 52 

 53 

To bridge hygroscopicity characterization across subsaturated and supersaturated conditions, the single-parameter 54 

hygroscopicity framework, κ, was introduced (Petters and Kreidenweis, 2007). The κ parameter provides a unified description 55 

of particle water uptake and CCN activation behavior and has been widely adopted in aerosol–cloud interaction studies and 56 

climate modelling (Markelj et al., 2017). By design, κ simplifies the representation of hygroscopicity without requiring detailed 57 

molecular-level composition information, which is often difficult to obtain for complex atmospheric aerosols. For 58 

multicomponent particles, κ can be estimated using the Zdanovskii–Stokes–Robinson (ZSR) mixing rule as a volume-weighted 59 

sum of the hygroscopicity parameters of individual components (Petters and Kreidenweis, 2007).  60 

 61 

When chemical composition data are available, κ can therefore be predicted using assumed fractional hygroscopicity values 62 

for organic and inorganic components, often derived from aerosol mass spectrometry (AMS) measurements. This composition-63 

based approach has practical advantages, including high time resolution and operational simplicity relative to HTDMA and 64 

CCNC measurements, and allows simultaneous access to chemically resolved aerosol properties (Wang et al., 2020). Although 65 
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biomass-burning aerosols exhibit a wide range of reported κ values, spanning from near-hydrophobic to highly hygroscopic 66 

regimes (Alonso-Blanco et al., 2014), large compositional variability does not necessarily translate into large κ variability. For 67 

example, in organic-dominated aerosol regimes, κ is relatively insensitive to detailed molecular composition and depends 68 

primarily on the fraction of water-soluble, polar material (Petters and Kreidenweis, 2007; Mei et al., 2013; Haslett et al., 2019). 69 

As a result, AMS-based κ prediction is increasingly used in laboratory and field studies. 70 

 71 

Despite the conceptual appeal of κ as a unifying parameter, the wide range of κ values reported for biomass-burning aerosols 72 

often shows limited comparability across studies, even when similar determination approaches are employed. Meanwhile, 73 

variability in combustion conditions, fuel types, and experimental protocols—particularly those related to sampling, dilution, 74 

and aging treatments—can strongly influence both initial and aged particle-phase and gas-phase compositions (Reid et al., 75 

2005; Hennigan et al., 2011; Laskin et al., 2015; Li et al., 2019; Syafira et al., 2026), likely further affecting the resulting 76 

hygroscopicity. Across different κ determination methods (HTDMA, CCNC, and chemical-composition-based prediction) 77 

within the same or single experimental framework,  discrepancies have been widely reported for various aerosol types (Gunthe 78 

et al., 2009; Jurányi et al., 2010; Mei et al., 2013). However, for biomass-burning aerosols, such discrepancies are typically 79 

discussed qualitatively and in isolation, often based on limited fuel sets, single burning conditions, or incomplete treatment of 80 

aging and BC effects (Levin et al., 2010; Engelhart et al., 2012). 81 

 82 

A recent study (Bai et al., 2026) tested and found agreement between subsaturated κ and supersaturated κ obtained from density 83 

informed-QCM measurement and CCNC, respectively. However, it should not be interpreted as direct evidence that HTDMA-84 

derived κ and CCNC-derived κ would also agree, because QCM and HTDMA rely on different subsaturated water-uptake 85 

measurements and retrieval assumptions. Additionally, though the fuel beds tested in their experiments were constructed to 86 

mimic or replicate the real fuel conditions, there were no important isolated tests on different fuel types, like wood versus peat, 87 

and different burn phases like flaming versus smouldering, to represent biomass burning under contrasting real-world burning 88 

conditions, such as Indonesian smouldering peat fires (Chen et al., 2017) and the more varied non peat wildland fires in 89 

California (Ward-Baranyay, et. al. 2025). All the tested smoke particles by (Bai et al., 2026) were composed predominantly of 90 

organics at 97–98% - the typical compositions for dominantly smouldering particles.  91 

 92 

The present study, therefore, aims to provide a structured inter-method evaluation of κ values derived from HTDMA, CCNC, 93 

and AMS–SP2-based chemical-composition prediction within a single controlled experimental framework, allowing for 94 

separation from inter-study variability caused by different fuel and burn types, facilities, dilution histories, and ageing 95 

protocols. By comparing multiple fuel types (leaves, peat, softwood, and hardwood) and combustion phases (smouldering 96 

versus flaming), under uniformly applied fresh-to-aged conditions of up to 6 h, this work focuses on diagnosing the magnitude, 97 

direction, and consistency of κ discrepancies across methods. Systematic evaluation was conducted on the extent to which 98 

commonly invoked factors—including size representativeness, assumed component κ values, and black carbon treatment—99 
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can account for the observed differences. Rather than seeking full mechanistic closure, this study aims to develop a framework 100 

to compare the κ values derived from different hygroscopicity determination approaches of the measured biomass-burning 101 

aerosol particles. 102 

2 Method 103 

2.1. Experimental Overview 104 

The biomass burning (BB) study conducted in this study was part of a series of biomass burning experiments conducted at the 105 

University of Manchester in April and September 2022 (Chen et al., 2025; Oghama et al., 2026; Oghama et al., 2025; Evan et 106 

al., 2025; Evan et al., 2024). The experiments used the existing Manchester Aerosol Chamber (MAC, Shao et al. 2022), 107 

connected to a commercial wood-burning heating stove (Esse 175F; https://www.esse.com/heating-products/stoves/esse-175-108 

f/), located outside the laboratory building, as the combustion source. The stove’s catalytic filter compartment was removed 109 

for these experiments. A range of instruments was connected to the chamber, either directly or indirectly. The main instruments 110 

used in this study included Scanning Mobility Particle Sizer (SMPS), Hygroscopic Tandem Differential Mobility Analyzer 111 

(HTDMA), Cloud Condensation Nuclei Counter (CCNC), Aerosol Mass Spectrometer (AMS), and single particle soot 112 

photometer (SP2). These instruments were connected via a Nafion dryer to the MAC.  113 

 114 

Figure 1 below illustrates the setup of the instruments used in this study. A complete schematic of the experimental setup for 115 

the April and September 2022 biomass burning (BB) campaigns at the project at UoM is being prepared in a separate 116 

manuscript. Generally, the dried, sampled chamber air containing biomass-burning smoke was split into two lines. The first 117 

line was passing air through an aerosol charger before entering both the HTDMA and CCNC instruments in parallel. The 118 

second line alternately passed air through either a heated thermodenuder line or a bypass line.  The output was then analysed 119 

in parallel using the SMPS, SP2, and AMS instruments. During the last 2-3 hours of the experiment, a programmed 120 

thermodenuder heating cycle was run. Data points at which the thermodenuder was on during the cycles were excluded from 121 

the whole dataset, then the remaining data was saved as the non-thermodenuded data – the dataset used in the current study. 122 

Meanwhile, the excluded data was saved as the thermodenuded dataset for volatility investigation, not discussed here.  123 
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 124 

Figure 1: Schematic of the instrument setup showing the transfer of smoke samples from the Manchester Aerosol 125 

Chamber (MAC) to downstream measurement instruments used in the current study 126 

 127 

On each experiment date, smoke emission was generated by burning fuel inside the stove using outdoor ambient, non-filtered 128 

air. The emissions were subsampled from a 125mm in diameter port located at the exhaust stack. This was combined with the 129 

first-stage dilution using compressed air coming from inside the laboratory, controlled by a mass flow controller (MFC). The 130 

purpose of this first-stage dilution was to prevent water condensation caused by cooling. This first-stage diluted smoke was 131 

drawn using a modified ejector diluter (Dekati® eDiluter™ Pro), bypassing the dilution to act solely as an injection unit into 132 

the MAC. At the start of the smoke injection process, the chamber was pre-filled with filtered, compressed dry air to 133 

approximately one-third of its volume. Smoke was injected continuously while the chamber was intermittently filled with 134 

compressed dry air. This approach was carefully adjusted to roughly achieve the targeted initial total particle mass 135 

concentration at the start of the experiment. 136 

 137 

Two types of burning phases were tested: smouldering and flaming, for both softwood and hardwood. For peat and leaves, 138 

only smouldering-type smoke was tested. For all experiments, fuel burning was preceded by heating the stove, which in turn 139 

facilitated combustion. This was done by igniting wood kindling. Once the stove and smoke injection system were ready, with 140 

no unburnt ignition materials or smoke remaining in the stove, a piece (or pieces) of the fuel to be examined was added and 141 

burned. The stove door was then closed, while the stove ventilation was left open. The tests comparing smouldering versus 142 

flaming of the same fuel type were done on a different experimental day. On a flaming experiment day, the smoke produced 143 

while the fire was still visible was sampled, diluted, and injected into the chamber. On the smouldering experiment day, 144 

specifically for the wood-type fuels, the stove ventilation was closed after the initial burning of the wood sample to deplete 145 
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oxygen and extinguish the flame. Once the flame was no longer visible, but smoke was still being produced, the smoke was 146 

sampled, diluted, and injected into the chamber as smouldering smoke. Leaf and peat burning followed procedures similar to 147 

those of the wood-type smouldering experiment.  148 

2.2. Hygroscopic Tandem Differential Mobility Analyser (HTDMA) measurements  149 

HTDMA was used to observe hygroscopicity behaviour of submicron particles at sub-saturated humidity. The HTDMA used 150 

in this research was a custom-built system manufactured by University of Manchester (Wang et al., 2022; Good et al., 2010a). 151 

The system consisted of a series of components: a first DMA, a humidifier, a second DMA, and a water-based CPC, all 152 

connected in sequence. In each measurement, the first DMA selects a monodisperse particle size from the incoming flow of 153 

dried and charged biomass-burning smoke aerosol particles based on the set and connected controlling PC program. These 154 

particles then pass through the humidifier, which in this study was set to 90% RH. The humidified particles flow into the 155 

second DMA, coupled with the CPC, to measure the size distribution of the humidified particles.  156 

 157 

The growth factor (GF) values are plotted on the x-axis, where GF is calculated by dividing the measured second DMA size 158 

(Dpi) by the initial particle size (Dp0) from the first DMA (GF = Dpi/Dp0). In this study, the second DMA scans 24 steps, with 159 

selected GF ranging from 0.75 to 2.6. This means the second DMA selects 24 particle sizes around the selected initial size to 160 

match the set measured GF values. The settling time for each step was 10 s, followed by 10 s of CPC reading time. Therefore, 161 

each complete scan took 8 minutes. Several dry particle sizes were selected and tested in this study for each loop of 162 

measurements. 163 

 164 

Throughout each experimental campaign (April and September 2022), the HTDMA system underwent two calibrations: one 165 

at the start and one in the middle of the campaign. The calibrations included both DMA size calibration and humidity 166 

calibration. The DMA size calibration was performed using monodisperse polystyrene latex (PSL) particles with known sizes, 167 

as indicated on the manufacturer's PSL solution bottle label. The humidity calibration, which included both dry and wet 168 

conditions, was done using a nebulized solution of ammonium sulfate, a compound with well-known hygroscopicity behavior. 169 

 170 

2.3. CCNC (CCN counter) measurements  171 

 172 

CCNC was used to observe water affinity behavior of submicron particles under supersaturation conditions, specifically to 173 

assess the ability of the particles to be activated as cloud droplets. The CCNC measurements in this research were conducted 174 

by coupling a commercial CCNC system, manufactured by Droplet Measurement Technologies (DMT) (Wang et al., 2022; 175 

Roberts and Nenes, 2005), with a differential mobility particle system (DMPS) system consisting of a DMA (type: Finnish 176 

Vienna Long) and a butanol-based CPC model 3775. Similar to the HTDMA system, the aerosol particles were flowed through 177 
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a Nafion dryer, then through an aerosol charging before entering either the DMPS system or the CCN counter (CCNC) system. 178 

The sheath air flow in the CCNC was set to 3 L/min, while the aerosol flow was 0.3 L/min. 179 

 180 

CCNC measurements in this study were performed in size-scanning mode rather than supersaturation scan mode, tested at five 181 

supersaturation levels in sequence. The set values were 0.1%, 0.2%, 0.3%, 0.4%, 0.5%. The starting dry particle size (Dp) 182 

measured in the DMPS system was 20 nm or as low as possible, but with a voltage not less than 50 V. The final scanning Dp 183 

was 517 nm, or as large as possible, while ensuring the total scan time did not exceed 600s (10 minutes). A loop of the full 184 

CCNC size-scanning was started from the lowest supersaturation level until the highest level, then an additional 10-minute 185 

measurement at the lowest supersaturation was performed at the beginning of the new cycle for stabilization purposes, so six 186 

full size scans in a cycle. In each scan, a size-resolved particle activation ratio (SPAR) dataset will result from the parallel 187 

measurements of initial particle concentration by CPC, and activated particles by CCNC for each scanned dry particle size, 188 

Dp.  189 

 190 

As with the HTDMA system, the calibration of the DMPS-CCNC coupling was conducted using PSL particles and ammonium 191 

sulphate. The PSL were used to calibrate the DMA particle sizes, and the ammonium sulphate solution was used to calibrate 192 

the CCNC. The pair of D50 values as the Dp values and the tested SS values as the critical SS values were compared to the 193 

reference values to ensure accuracy (Good et al., 2010; Rose et al., 2008; Irwin et al., 2010). The SS calibration results in this 194 

study showed corrected tested SS values of 0.1%, 0.3%, 0.5-0.6%, 0.8%, and 1%. 195 

 196 

2.4. AMS measurements 197 

 198 

The composition and mass of nonrefractory aerosols were analyzed using a high-resolution time-of-flight aerosol mass 199 

spectrometer (CR-ToF-AMS, ARI Inc., USA; Drewnick et al., 2005) with a sampling rate of 0.1 L/min. The AMS collects 200 

submicron particles in the aerodynamic diameter range of ∼50–800nm via an aerodynamic lens. Regular calibrations of the 201 

AMS were performed following procedures established by Jimenez et al., (2003) and Allan et al., (2004). During the 202 

experimental campaign, a series of calibrations was conducted using monodisperse ammonium nitrate and sulfate particles 203 

(350 nm). The average ionization efficiency of ammonium nitrate was determined to be 5.2x10-7 (6.08x10-7; 4.32x10-7) (April); 204 

4.535x10-7 (4.82x10-7;4.25X10-7) ions/molecule (September). Meanwhile, specific relative ionization efficiencies (RIEs) were 205 

established for NH4+ and SO42 as 4.3556 and 1.0888, respectively, through ion balance assessments of ammonium nitrate and 206 

ammonium sulfate in these calibrations. Default value of 1.4 was set for the RIEs of all organic compounds (Alfarra et al., 207 

2004). 208 

 209 

2.5. SP2 measurements 210 

 211 
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A Droplet Measurement Technologies SP2 was used to measure both concentrations and mixing state of refractory BC within 212 

particles. The measurement range for the BC-containing particles was 70-850 nm equivalent spherical diameter. (Mori, T., et 213 

al., 2014). The SP2 measurement is based on the incandescence mechanism, where the refractory BC mass within a particle is 214 

proportional to the intensity of the incandescence signal detected by the SP2. When a BC-containing particle passes through 215 

an intra-cavity Nd:YAG laser beam (at λ = 1064 nm), the BC absorbs the laser energy and heats up. As the temperature 216 

increases, the BC emits visible light upon reaching its boiling point and incandesces. The mass of BC is then converted to a 217 

spherical equivalent BC core diameter (DC) using an assumed density of 1.8 g cm−3.  218 

 219 

The SP2 also provides information on the mixing state and/or the coating of BC-containing particles by measuring the light-220 

scattering signal at λ = 1064 nm. This signal is processed using a method called the leading edge only (LEO) technique, as 221 

detailed in previous studies (Liu et al., 2017; Taylor et al., 2015; Gao et al., 2007). Briefly, the LEO method reconstructs the 222 

distorted scattering signal when the BC-containing particle loses its coating caused by the laser heating as it passes through 223 

the laser beam (Gao et al., 2007). The SP2 incandescence signal was calibrated following the procedure outlined in Laborde 224 

et al., (2012), using Aquadag BC particle standards. Calibration of the scattering channel was done using polystyrene latex 225 

spheres (PSLs) with a particle size of 300 nm. To interpret both the diameter of the BC-containing particles (DP) and shell-to-226 

core ratios (DP/DC), a Mie core-shell model was employed (Taylor et al., 2015). 227 

 228 

2.6. Data Selection and Processing 229 

 230 

The data processing aimed to use all available data generated by the instruments during each experiment date in the campaign. 231 

Data was analysed for all experiments for which both HTDMA and CCNC instruments were available. The selection of AMS 232 

and SP2 data for chemical-based hygroscopicity predictions was based on the dates corresponding to either HTDMA or CCNC 233 

datasets. Because HTDMA and CCNC measurements were not available at identical time points across all experiments, two 234 

slightly different prediction datasets were constructed. For each instrument, the prediction data were subset to include only 235 

time points for which concurrent HTDMA or CCNC measurements existed, ensuring one-to-one temporal correspondence in 236 

the comparisons. If a necessary component dataset for the prediction, such as SP2 data, was unavailable for a specific date, 237 

neither the CCNC nor HTDMA datasets on that date were used. Table S1, Table S2, and Table S3 show the selected datasets 238 

for HTDMA-measured versus predicted hygroscopicity values, CCNC-measured versus predicted hygroscopicity values, and 239 

HTDMA versus CCNC values, respectively. 240 

 241 

HTDMA data processing was done using the HTDMA IGOR toolkit (Gysel et al., 2009). The growth factor (GF) curve was 242 

fitted with a piecewise linear algorithm, which corrects for DMA broadening (Xu et al., 2021). This method, introduced by 243 

Gysel et al., (2009) was implemented with a bin of 0.1 for all datasets in this study.  244 

 245 
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The raw data from the CCNC instrument were processed using the IGOR CCNC toolkit, generating the size-resolved particle 246 

activation ratio (SPAR). Among three existing parameterization schemes, the method by Rose et al., (2008) was recommended 247 

due to its wide use and consistency with other models (Rose et al., 2008; Tao et al., 2024).  This study employed an improved 248 

logistic model in MATLAB for curve fitting, defined as: 249 

𝑦 =
𝑎

(1 + 𝑒𝑥𝑝 (−𝑏 ∗ (𝑥 − 𝑐)) )
 250 

where “a” value represents the maximum activation fraction (MAF), “b” value is the 1/asymptote, and “c” is the D50, the 251 

activation diameter at which 50% of particles are active or commonly known as Da, i.e. activation diameter. This formula is 252 

equivalent to one of the SPAR formulas proposed by Deng et al (2013): 253 

 254 

AR (Dp) = 
𝑀𝐴𝐹

(1+𝑒𝑥𝑝 (
𝐷𝑎−𝐷𝑝

𝜎
) 
  , 255 

 256 

AR(Dp) means Activation ratio at a certain dry particle size (Dp). Parameters derived from curve fitting were saved, and the 257 

D50 values were input back into the CCNC IGOR toolkit to calculate CCNC κ values. MATLAB was chosen for practical 258 

reasons, allowing for easier comparison of fitted curves across time points by overlapping graphs.  259 

 260 

The following Kohler model equation was used to derive the relationship between particle size, hygroscopicity, and water 261 

activity: 262 

𝑠 =  
𝐷𝑤𝑒𝑡

3 − 𝐷𝑠
3

𝐷𝑤𝑒𝑡
3 − 𝐷𝑠

3 (1−𝜅)
𝑒𝑥𝑝 𝑒𝑥𝑝 (

4𝜎𝑠𝑜𝑙 𝑀𝑤

𝑅 𝑇 𝜌.𝑤𝐷𝑤𝑒𝑡
 ) (Rose et al., 2008). 263 

 264 

This model, highlighted by Rose et al. (2008), was applied to ammonium sulfate calibrations for the CCNC instrument. For 265 

accurate results, hygroscopicity predictions for inorganic salts such as NaCl and Na2(SO4) relied on water activity from the 266 

Aerosol Inorganics Model (AIM) or similar models, ensuring high accuracy. 267 

 268 

The chemical composition-based κ prediction was calculated as follows: 269 

𝜅 = 𝜅𝑂𝑟𝑔 𝑥 𝑓𝑂𝑟𝑔 +  𝜅𝑖𝑛𝑜𝑟𝑔 𝑥 𝑓𝑖𝑛𝑜𝑟𝑔 + 𝜅𝐵𝐶  𝑥 𝑓𝐵𝐶  270 

at which 𝜅𝑂𝑟𝑔 is the organic κ; 𝜅𝑖𝑛𝑜𝑟 is inorganic κ; and 𝜅𝐵𝐶 is black carbon (BC) κ; Meanwhile, 𝑓𝑂𝑟𝑔 is the organic mass 271 

fraction and 𝑓𝑖𝑛𝑜𝑟𝑔 is the inorganic mass fraction. By using data from AMS and SP2 instruments for the κ  prediction 272 

calculation, the following equation was used: 273 

𝜅 =  0.1 x 
𝐴𝑀𝑆 𝑂𝑟𝑔𝑎𝑛𝑖𝑐

𝐴𝑀𝑆 𝑂𝑟𝑔𝑎𝑛𝑖𝑐+𝐴𝑀𝑆 𝑁𝐻4+𝐴𝑀𝑆 𝑆𝑂4+𝐴𝑀𝑆 𝑁𝑂3+𝐴𝑀𝑆 𝐶ℎ𝑙+𝑆𝑃2 𝐵𝑙𝑎𝑐𝑘 𝐶𝑎𝑟𝑏𝑜𝑛
  + 274 

0.6 x 
𝐴𝑀𝑆 𝑁𝐻4+𝐴𝑀𝑆 𝑆𝑂4+𝐴𝑀𝑆 𝑁𝑂3+𝐴𝑀𝑆 𝐶ℎ𝑙

𝐴𝑀𝑆 𝑂𝑟𝑔𝑎𝑛𝑖𝑐+𝐴𝑀𝑆 𝑁𝐻4+𝐴𝑀𝑆 𝑆𝑂4+𝐴𝑀𝑆 𝑁𝑂3+𝐴𝑀𝑆 𝐶ℎ𝑙+𝑆𝑃2 𝐵𝑙𝑎𝑐𝑘 𝐶𝑎𝑟𝑏𝑜𝑛
 275 

 276 
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 277 

The base case fractional κ values were selected as 0.1, 0.6, and 0 for the organic fraction, inorganic fraction, and BC, 278 

respectively. Those selected values follow widely adopted conventions in κ-Köhler-based CCN closure studies (Petters and 279 

Kreidenweis, 2007). The inorganic κ reflects the typical hygroscopicity of atmospherically relevant ammonium sulfate–nitrate 280 

mixtures (Dusek et al., 2006; Gunthe et al., 2009), while κorg = 0.1 represents a central value commonly reported for fresh to 281 

moderately aged biomass-burning organic aerosol in both laboratory and field studies (Petters et al., 2009; Carrico et al., 2010; 282 

Lambe et al., 2011; Engelhart et al., 2012). Black carbon was treated as non-hygroscopic (κ = 0), consistent with κ-Köhler 283 

theory and previous CCN studies of soot and BC-containing particles (Petters and Kreidenweis, 2007; Rose et al., 2010; 284 

Kuwata et al., 2009). 285 

 286 

Due to differences in instrument time resolution, all datasets were averaged to hourly time intervals before inter-method 287 

comparison. The final datasets consisted of size-number-weighted hourly mean HTDMA-derived κ, hourly mean CCNC-288 

derived κ at each supersaturation level, and hourly mean AMS–SP2 composition-based predicted κ. Uncertainties shown as 289 

error bars represent propagated uncertainties associated with the corresponding averaging and retrieval procedures: HTDMA 290 

retrieval and size-number-weighted averaging, CCNC activation-curve fitting and hourly averaging, and AMS–SP2 291 

component mass propagation through the composition-based prediction. Error propagation was performed according to the 292 

applied averaging process or methods. Detailed description of both the averaging process and the corresponding error 293 

propagation was in the Supplementary Information, Notes. S1, Fig. S1., and Fig. S2. 294 

 295 

To address uncertainty in the components’ fractional κ (organic, inorganic, or black carbon) values, additional examination 296 

was conducted using a range of fractional κ values: BC κ = -0.05, inorganic κ = 0.4, organic κ = 0.05 for the minimum values, 297 

and BC κ = 0, inorganic κ = 0.8, organic κ = 0.15 for the maximum values. The range included negative values for BC κ to 298 

account for possible shrinkage of the BC core due to restructuring and compaction from an aggregate to a more spherical form 299 

with reduced mobility size under humid conditions. This phenomenon is influenced by the coating state of BC (e.g., uncoated, 300 

partially coated, or fully coated), as illustrated by He et al. (2019) and Zhang, X., & Mao, M. (2019). The examination results 301 

for the two sets of component κ values, i.e., the minimum and maximum sets, were presented with new error bars representing 302 

the resulting minimum and maximum κ values, replacing the propagated values in the base case. By applying the extended 303 

fractional κ values, the prediction of κ values was evaluated across a range of potential component κ values.  304 

 305 

Although the ZSR κ mixing rule is formally defined using component volume fractions under the internally mixed assumption 306 

(Petters and Kreidenweis, 2007), mass fractions were employed in this study as a practical approximation. This choice was 307 

made because the AMS and SP2 instruments provide direct mass-based measurements of organic, inorganic, and refractory 308 

black carbon, whereas comprehensive size-resolved density data for all aerosol components were unavailable. Similar mass-309 

fraction-based approximations have been adopted as first-order approaches when component densities are expected to be 310 
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broadly comparable or when organic material dominates aerosol mass (Gunthe et al., 2009; Pöhlker et al., 2023). The 311 

implications of this approximation, particularly in the current biomass burning study, are discussed in the limitations section. 312 

 313 

3. Results and Discussion 314 

 315 

As described in Sec. 2, among several approaches previously used in calculating chemical composition-based κ predictions, 316 

as summarized in Table S4 and explained in Note S2, this study calculated the chemical composition-based κ prediction based 317 

on mass fractions, instead of volume fractions, with BC treated as a separate fraction alongside inorganic and organic fractions. 318 

Despite the potential added bias in the resulting absolute κ values caused by limitations of the applied assumptions, which will 319 

be discussed in the Sec. 3.5.8, the mass fraction-based predicted κ calculation should still remain useful for identifying general 320 

fuel- and burn-phase-dependent behavior and for comparing the direction of composition-based predictions relative to direct 321 

HTDMA- and CCNC-derived κ values. 322 

 323 

3.1. HTDMA Measurement and Prediction Results 324 

                                                                                        325 

 326 
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Figure 2. Data distribution comparisons of each experiment type between the hourly averaged HTDMA-measured size-327 

number-weighted mean κ values and hourly averaged chemical composition-based predicted κ values, collected from all 328 

repetitions and all hourly fresh-aging stage period intervals (a, c), and hourly averaged data points of HTDMA-measured 329 

size-number-weighted mean κ values versus chemical composition-based predicted κ values, along with their propagated 330 

error bars, collected from all repetitions and all hourly fresh-aging stage period intervals (b, d). Further note: Top panel (a, 331 

b) Fixed, single values of each chemical fraction, i.e., organic κ value of 0.1 and inorganic κ value of 0.6 were used for 332 

predictions with horizontal error bars in b) showing propagated errors from the instruments data; Bottom panel (c, d) Varied 333 

fractional κ value assumptions were used for the predictions, with horizontal error bars in d) showing minimum and 334 

maximum κ values resulting from the use of minimum and maximum fractional κ values, respectively. HTDMA-measured κ 335 

error bars, i.e., the vertical error bars, in both b) and d) reflect error propagation between the instrumental curve fitting 336 

errors, within-hour variability, and across-size variability. Different data points can come from different repetitions, different 337 

1-hour intervals, or both. Further explanation about this graph is in the Supplementary Information, Notes S3. 338 

 339 

Figure 2.a) and Fig. 2.b) show that all predictions using organic κ of 0.1 and inorganic κ of 0.6, except for those for flaming 340 

softwood, overestimated the HTDMA-derived κ values. Figure 2.a) shows that discrepancies between measured and predicted 341 

κ values varied across experiment types. The predicted κ values were distinctly separated by burning types: less than 0.1 for 342 

flaming experiments and greater than 0.1 for smouldering experiments, with no overlapping error bars (Fig 2.b). Additionally, 343 

the absence of overlapping notches between smouldering and flaming experiments indicates that the medians of predicted κ 344 

values between these two burning phases differed significantly at the 95% confidence level, as shown in Fig 2.a).  On the other 345 

hand, HTDMA measurements showed no clear separation between the different burning types. Further discussion regarding 346 

the more detailed patterns of the HTDMA-derived κ values, along with investigation of some observed outliers and large 347 

propagated error bars, is in the Supplementary Information, Notes S4 and Fig. S5.  348 

 349 

In Fig. 2.b, some measured HTDMA κ values started to align with the predicted κ range after applying the plausible range of 350 

fractional, i.e., component κ values’ sensitivity exploration, while others still exhibited significant discrepancies. Furthermore, 351 

only a few cases showed overlapping notches in the box-and-whisker plot of HTDMA-measured κ and predicted κ hourly 352 

mean values, indicating that most of these two datasets were still significantly different. A table summarizing the predicted-353 

to-HTDMA measured ratio was in SI. Table S5. Based on the table, all HTDMA-measured values are well below the predicted 354 

values, except for flaming softwood. In this subsection, significant differences remain after considering some potential factors 355 

influencing discrepancies between the HTDMA κ values measurement and AMS-SP2 predictions of κ values discussed: 1) the 356 

too-narrow single choice of representing component κ values - addressed by a wider range of component κ values, and 2) the 357 

possible BC restructuring - addressed by adding a negative BC κ value. Other possible factors were analyzed in Sec. 3.5. 358 

 359 

 360 
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3.2. CCNC Measurement Versus Prediction Results 361 

  362 

  363 

Figure 3. Data distribution comparisons of each experiment type between the hourly averaged CCNC-measured mean κ 364 

values and hourly averaged chemical composition-based predicted κ values, collected from all repetitions, all tested 365 

Supersaturation (SS) values, and all hourly fresh-aging stage period intervals (a, c), and hourly averaged data points of 366 

CCNC-measured mean κ values versus chemical composition-based predicted κ values, along with their propagated error 367 

bars, collected from all repetitions, all tested Supersaturation (SS) values, and all hourly fresh-aging stage period intervals 368 

(b, d). Further note: Top panel (a) Fixed, single values of each chemical fraction, i.e., organic κ value of 0.1 and inorganic κ 369 

value of 0.6 were used for predictions with horizontal error bars in b) showing propagated errors from the instruments data; 370 

Bottom panel (c, d) Varied fractional κ value assumptions were used for the predictions, with horizontal error bars in d) 371 

showing minimum and maximum κ values resulting from the use of minimum and maximum fractional κ values, 372 

respectively. CCNC-measured κ error bars, i.e., the vertical error bars, in both b) and d), reflect error propagation between 373 

the instrumental curve fitting errors and within-hour variability. Data from different tested SS values were treated as 374 

different data points, i.e., not averaged. Therefore, different data points can come from different repetitions, different 1-hour 375 

intervals, different tested SS, or a combination of any of these. 376 

 377 
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Figure 3.a) shows the data distribution of hourly mean CCNC-measured κ values at all tested Supersaturation (SS) values and 378 

all time intervals for each experiment type, compared with the corresponding mean predicted κ values distribution. Meanwhile, 379 

Fig. 3.b) shows exactly the data points of them and includes the propagated error bars for each of the hourly mean data points. 380 

As the HTDMA data, the CCNC data points were also collected across multiple repetitions and aging stages, including dark 381 

aging and pre-aging, representing fresh emission. However, the CCNC data were tested at several supersaturation values. The 382 

data points were aggregated across all tested supersaturation values. The supersaturation-separated version of Fig.3.a was 383 

provided in Fig. S6. Meanwhile, examples of the time series plots for each supersaturation level are shown in Fig. S4.   384 

 385 

Unlike HTDMA measurements, almost all CCNC-measured κ values were underestimated by the chemical composition-based 386 

prediction. The exception is the smouldering softwood experiments, whose CCNC κ median is lowest among smouldering 387 

experiments. Other experiment types have higher CCNC-derived median κ than the corresponding median predicted κ. The 388 

CCNC-derived κ versus predicted-κ discrepancies were either significant, as in the Peat and Flaming-Hardwood experiments, 389 

or overlapping in some areas, as in the rest of the experiment types. The width of the CCNC-measured κ distribution varied 390 

significantly across experiment types, with some outliers and differing values. The large difference between HTDMA and 391 

CCNC measurements was not due to minor differences in the availability of data points. This was shown by similar values of 392 

the predicted κ values across the HTDMA vs. the prediction dataset and CCNC vs. the prediction dataset, whose selections of 393 

the experiment dates and hourly time intervals of the predicted κ dataset followed the corresponding instrument being 394 

investigated (HTDMA or CCNC).  395 

 396 

Figure 3.b) underscores that some of the experiments had larger propagated errors in CCNC-measured κ values compared to 397 

the propagated error of the predicted values, while other experiments had much smaller errors. As mentioned before, graphs 398 

separating at distinct supersaturation values are shown in Fig. S6. The variability of the hourly mean CCNC-measured κ values 399 

showed significant dependence on the SS applied during the measurements. The error bars reflected how well the sigmoid 400 

curve fit the measured data, accounting for the one-hour variability in the propagation process. Instrumental measurement 401 

uncertainty, such as the relative deviation of less than 10% for SS > 0.1%, was reported by Rose et al. (2008). However, that 402 

kind of uncertainty was not accommodated in the current error propagation in this study. That SS-dependent instrumental 403 

uncertainty seemed to be a relatively minor contribution compared to other sources of variability, such as the curve fitting-404 

derived uncertainty in the resulting D50 values themselves, and is unlikely to affect the calculated propagated errors 405 

substantially.  406 

 407 

A table summarizing the predicted-to-CCNC measured ratio was in Supplementary Information, Table S6. Based on the table, 408 

most (but not all) of the CCNC-measured values were underestimated by the prediction, i.e., the predicted-to-measured ratio 409 

was less than 1. Meanwhile, the overpredicted values are not too far from the ratio of 1, i.e., about 2 as the maximum (in 410 

contrast to massive predicted-to-HTDMA measured κ values ratio). The higher predicted-to-measured mean κ values ratio 411 
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occurred for Leaves at SS=0.5-0.6%; Smouldering-Hardwood at SS=0.8% and 1%; and Smouldering-Softwood at SS=0.3%; 412 

SS=0.5-0.6%; SS=1% (at all tested SS, except SS=0.1%). 413 

 414 

3.3. CCNC VS HTDMA Measurements 415 

 416 

Across all fuels and aging conditions, CCNC-derived κ values were systematically higher than HTDMA-derived κ values, 417 

except for data points near the 1:1 line (Fig. 4). This indicates a strong regime-dependent hygroscopicity. Previous studies 418 

have reported higher CCN κ values than HTDMA κ values for organic-dominant particles (Jaatinen, A. et al., 2014; Wex, H. 419 

et al., 2009). 420 

  421 

Figure 4. HTDMA vs CCNC measurement at SS=0.3% (a) and SS= 0.5-0.6% (b). The HTDMA κ values are the size-422 

number weighted average hourly mean values with propagated errors. The CCNC κ values are the CCNC hourly-averaged κ 423 

values with propagated errors. Comparison of the median values of CCNC κ values versus HTDMA κ values for each 424 

experiment type can be seen in Fig. S13, where the median HTDMA κ value of flaming-softwood experiments is only 425 

slightly higher than that of CCNC κ, while other experiment types have significantly higher CCNC median κ values than 426 

HTDMA median κ values. 427 

 428 

Tables S5 and S6 demonstrate the relative dependency of the HTDMA size effect and of the CCNC supersaturation effect on 429 

the experiment type - both fuel type and burning phase (Table S7). The magnitude of size-dependent κ variability derived from 430 

HTDMA measurements is substantially larger than the magnitude of supersaturation-dependent κ variability derived from 431 

CCNC measurements. In addition, the fuel-type dependence of the size effect is markedly stronger than that of the 432 

supersaturation effect.  433 

 434 

3.4. Inter-method Comparison and Summary 435 

 436 
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Table 1 below summarizes the inter-method bias, Δκ (Predicted − Measured) of the median and mean values of each 437 

experiment type. The most consistent shift direction of the inter-method discrepancies was those between HTDMA and CCNC 438 

where CCNC κ values were higher than the corresponding HTDMA κ values. The highest gap between the κ values from those 439 

two instruments resulted from the peat experiments. The second and third highest gaps were from leaves and flaming-440 

hardwood, respectively. Meanwhile, the fourth, fifth, and sixth largest gaps, respectively, were from smouldering-hardwood, 441 

flaming-softwood, and smouldering-softwood.  442 

 443 

All the median and mean κ values obtained from HTDMA measurements were overpredicted, except in flaming-softwood 444 

experiments. Meanwhile, the median and mean CCNC κ values were underpredicted, except at smouldering-softwood 445 

experiment, which had only slightly higher predicted median κ value than the corresponding CCNC derived median κ value. 446 

Best predictions relative to CCN derived κ occurred in smouldering-softwood and smouldering-hardwood experiments, while 447 

the worst were in peat and flaming-hardwood experiments. Relative to HTDMA derived κ values, the best predictions were 448 

from smouldering-softwood experiments, while the worst predictions were from peat experiments.  449 

 450 

Table 1. Inter-method bias of each experiment type. Positive Δκ indicates either overprediction (prediction > HTDMA or 451 

prediction > CCNC) or higher HTDMA κ than CCNC κ; negative values indicate either underprediction (prediction < HTDMA 452 

or prediction < CCNC) or lower HTDMA κ than CCNC κ. 453 

Experiment Type 

Δ (Prediction – 

HTDMA) κ, 

Median 

Δ (Prediction 

– CCNC) κ, 

Median 

Δ (HTDMA – 

CCNC) κ, 

Median 

Δ (Prediction – 

HTDMA) κ, 

Mean 

Δ (Prediction – 

CCNC) κ, 

Mean 

Δ (HTDMA – 

CCNC) κ, Mean 

Flaming Hardwood +0.045 -0.070 -0.115 +0.020 -0.101 -0.121 

Smouldering Hardwood +0.069 -0.021 -0.090 +0.098 -0.016 -0.114 

Flaming Softwood -0.036 -0.023 -0.036 -0.020 -0.036 -0.018 

Smouldering Softwood +0.035 +0.008 -0.027 +0.005 -0.035 -0.040 

Peat +0.098 -0.098 -0.196 +0.092 -0.126 -0.218 

Leaves -0.036 -0.036 -0.115 +0.077 -0.104 -0.174 

 454 

Based on the Table 1, within the same burning phase, the composition-based predicted κ values remain clustered more tightly 455 

(range = 0.069, ranging from 0.060 to 0.129, median values) across fuel types than the CCNC-derived κ values (range = 0.120, 456 

ranging from 0.090 to 0.210, median values). The latter retain pronounced fuel-specific variability in addition to their burn-457 

phase dependence. Quantitatively, the magnitude of variability among CCNC-derived κ values across the six experiment types 458 

exceeds the average inter-method discrepancy of predicted κ values relative to measured CCNC κ values, which were only 459 

between -0.098 and +0.008. Across the majority of supersaturation conditions and experiment types, CCNC-derived κ values 460 

https://doi.org/10.5194/egusphere-2026-2723
Preprint. Discussion started: 13 July 2026
c© Author(s) 2026. CC BY 4.0 License.



17 

 

exhibit a positive offset relative to chemical-composition-based predicted κ values. The exceptional reverse occurred in most 461 

of the smouldering softwood experiments and in some other experiment types at higher supersaturations (Supplementary 462 

Information, Table S6) 463 

 464 

Among the HTDMA median κ values, the magnitude of the fuel-to-fuel variability relative to the measurement versus 465 

prediction inter-method discrepancies of each of experiment types differs across different burning phases. Within the 466 

smouldering phase, fuel-to-fuel variability of the HTDMA κ values is lower (0.017, ranging from 0.115 to 0.132, median 467 

values) than the relative position of the predicted median κ values from the HTDMA median κ, which were +0.069, +0.035, 468 

+0.098, and -0.036 for smouldering-hardwood, smouldering-softwood, peat, and leaves, respectively. Within flaming phase, 469 

the fuel-to-fuel variability was around 0.052, representing gap between HTDMA median κ values of flaming hardwood at 470 

0.015 and flaming softwood at 0.067. This variability was slightly higher than the discrepancy of the HTDMA κ values of 471 

each of flaming experiments from the corresponding predicted κ values, which were +0.045 and -0.036 for flaming-hardwood 472 

and flaming-softwood, respectively.  473 

 474 

Overall, based on the median and mean values, the HTDMA κ values generally maintained approximately consistent lower 475 

values than CCNC κ values, though with varied gaps or discrepancies across the different experiment types. Table 2 below 476 

shows the median and mean κ values for each experiment type across the three approaches, ordered from highest to lowest.  477 

 478 

Table 2. Ranking of median κ and mean κ values in each experiment type using the three different approaches 479 

Experiment type Highest, 

Median 

Middle, 

Median 

Lowest, 

Median 

Highest, 

Mean 

Middle, 

Mean 

Lowest, 

Mean 

Flaming-

Hardwood 

CCNC κ 

(0.130) 

Predicted κ 

(0.060) 

HTDMA κ 

(0.015) 

CCNC κ 

(0.161) 

Predicted κ 

(0.060) 

HTDMA κ 

(0.040) 

Smouldering-

Hardwood 

CCNC κ 

(0.155) 

Predicted κ 

(0.132) 

HTDMA κ 

(0.065) 

CCNC κ 

(0.163) 

Predicted κ 

(0.133) 

HTDMA κ 

(0.049) 

Flaming-

Softwood 

HTDMA κ 

(0.103) 

CCNC κ 

(0.090) 

Predicted κ 

(0.067) 

CCNC κ 

(0.105) 

HTDMA κ 

(0.087) 

Predicted κ 

(0.068) 

Smouldering-

Softwood 

Predicted κ 

(0.127) 

CCNC κ 

(0.120) 

HTDMA κ 

(0.093) 

CCNC κ 

(0.163) 

Predicted κ 

(0.128) 

HTDMA κ 

(0.123) 

Peat CCNC κ 

(0.210) 

Predicted κ 

(0.115) 

HTDMA κ 

(0.014) 

CCNC κ 

(0.238) 

Predicted κ 

(0.114) 

HTDMA κ 

(0.020) 

Leaves CCNC κ 

(0.165) 

Predicted κ 

(0.129) 

HTDMA κ 

(0.050) 

CCNC κ 

(0.231) 

Predicted κ 

(0.128) 

HTDMA κ 

(0.057) 
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 480 

Based on the Table 2 above, the order of the experiment types starting from highest to lowest median or mean κ values were 481 

different for different methods. Under CCNC measurements, the highest to lowest median κ values were those from peat, 482 

leaves, smouldering-hardwood, flaming-hardwood, smouldering-softwood and flaming-softwood, respectively; while the 483 

order for the CCNC derived mean κ values were peat, leaves, smouldering-hardwood, smouldering-softwood, flaming-484 

hardwood, and flaming-softwood. Under the chemical composition-based prediction calculations, the order of the median κ 485 

values, starting from the highest to lowest are smouldering-hardwood, leaves, smouldering-softwood, peat, flaming-softwood, 486 

and flaming-hardwood; whereas the order of the mean κ values were smouldering-hardwood, smouldering-softwood, leaves, 487 

peat, flaming-softwood, and flaming-hardwood. Both CCNC measurements and chemical-composition based predictions put 488 

κ values from flaming experiments in the 2-3 lowest values. Under HTDMA measurements, the order of the median κ values 489 

from the highest to lowest values were flaming-softwood, smouldering-softwood, smouldering-hardwood, leaves, flaming-490 

hardwood, and peat; whereas the order of the mean κ values from the highest to lowest were smouldering-hardwood, flaming-491 

softwood, leaves, smouldering-hardwood, flaming-hardwood, and peat. 492 

 493 

Table 3. Relative magnitude (0–100) of fuel-type dependency of HTDMA-size and CCNC-supersaturation effects; 494 

Normalisation definition: Fuel-type dependency magnitude is normalised to 100 by dividing each variability range by the 495 

maximum range observed across all fuels for the same effect. 496 

Fuel type 

HTDMA size-

dependency range 

(max–min) 

HTDMA fuel-dependency 

magnitude of the size effect 

(0–100) 

CCNC SS-

dependency range 

(max–min) 

CCNC fuel-dependency 

magnitude of the supersaturation 

effect (0–100) 

Peat 45.98 100 0.273 17 

Leaves 2.01 4 1.58 100 

Flaming 

hardwood 
7.17 16 0.33 21 

Smouldering 

hardwood 
7.35 16 0.75 48 

Flaming 

softwood 
0.42 1 0.33 21 

Smouldering 

softwood 
0.19 0 1.18 75 

 497 

Lastly, Table 3 above provides insights into the size dependence of the HTDMA and the supersaturation dependence of the 498 

CCNC calculated from the size-resolved prediction-to-HTDMA measured κ ratio, and supersaturation separated prediction-499 
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to-CCNC measured κ ratio, provided in Table S5 and Table S6 in Supplementary Information, respectively. Size-dependent κ 500 

variability derived from the HTDMA measurements exhibits both a larger magnitude and a substantially stronger fuel-type 501 

dependence than the supersaturation-dependent κ variability observed in CCNC measurements. Across the six experiment 502 

types, the highest size dependence of the measured HTDMA κ values occurred in peat, smouldering-hardwood, flaming-503 

hardwood, leaves, flaming-softwood, and smouldering-softwood, respectively. Meanwhile, the highest supersaturation 504 

dependence occurred in leaves, smouldering-softwood, smouldering-hardwood, flaming-hardwood, flaming-softwood, and 505 

peat, respectively. 506 

 507 

3.5. Investigation of the sources of discrepancy in κ 508 

 509 

While the κ framework has been shown to provide consistent representations of hygroscopicity for well-defined organic and 510 

inorganic compounds (Petters and Kreidenweis, 2007), the present results demonstrate persistent discrepancies between κ 511 

values derived from CCNC, HTDMA, and composition-based prediction for complex biomass-burning aerosols under 512 

controlled conditions. Under the Zdanovskii–Stokes–Robinson (ZSR) analog mixing framework, the distribution of κ across 513 

experiment types is expected to follow the bulk chemical composition of the aerosol, with variations driven primarily by 514 

differences in organic and inorganic fractions associated with fuel type and burn phase, while non-hygroscopic black carbon 515 

contributes by reducing the overall effective hygroscopicity. The composition-based predicted κ values, therefore, provide a 516 

reference expectation for how hygroscopicity should be structured across the dataset. Comparison with κ derived from 517 

HTDMA and CCNC measurements allows assessment of whether subsaturated growth, supersaturated activation, and bulk 518 

composition provide consistent representations of aerosol hygroscopicity, or whether systematic divergence emerges between 519 

regimes. 520 

 521 

Within a given burning phase (flaming or smouldering), different fuel types exhibit roughly similar bulk chemical mass 522 

fractions of the major aerosol components (Supplementary Information, Fig. S3). All the bulk flaming smoke particles have 523 

black carbon as the most dominant component, while the bulk smouldering particles have organic as the most dominant 524 

component. Additionally, smoke particles from flaming experiments have a higher bulk inorganic-to-organic ratio. All the 525 

obtained bulk chemical composition information, along with the mixing rule equation in sec., yields the prediction of the bulk 526 

hygroscopicity of the particles. Under both the ZSR mixing assumption and the uniform fractional κ values (κorg and κinorg) 527 

assumptions, observed similarity in bulk chemical composition within the same burning phase should lead to comparable κ 528 

values, unless additional factors play a dominant role.  529 

 530 

In this current study, both CCNC-derived κ and AMS–SP2 chemical-composition-based predicted κ values show a clear 531 

dependence on burning phase, especially among the same fuel type, with systematically lower κ values in flaming experiments, 532 

likely associated with higher black carbon content. Hardwood burnt under smouldering conditions consistently has higher 533 
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values of both CCNC κ and predicted κ than those of hardwood burnt under flaming conditions. Similarly, softwood burnt 534 

under smouldering conditions consistently has higher κ values for both CCNC-derived and chemical composition-based 535 

predictions than softwood burnt under flaming conditions. Across all the six experiment types, there is, however, a significant 536 

overlapping area of the CCNC κ values between flaming hardwood and smouldering softwood – an exceptional smouldering 537 

experiment that has a lower median CCNC κ value than its corresponding median predicted κ value. 538 

 539 

The κ values derived from CCNC measurements are generally higher than those derived from HTDMA across most experiment 540 

types, with composition-based predictions typically lying between the two. This consistent directional offset suggests that the 541 

observed divergence is not random and motivates a systematic evaluation of potential contributing factors. The following 542 

subsections assess the extent to which key factors—including black carbon treatment, assumptions in organic hygroscopicity, 543 

and size representation along with the size dependence of hygroscopicity—can account for the observed discrepancies. Table 544 

4  below summarizes the investigated factors, their expected effects, and the extent to which they are supported by the present 545 

dataset. Table S9 and Table S10 in Supplementary Information provide summary of Factor-by-Factor Evaluation of HTDMA 546 

versus AMS-SP2 κ discrepancies and CCNC versus AMS-SP2 κ discrepancies, respectively. Supplementary Information, Note 547 

S7 provides some further explanation of the investigations and/or detailed/additional explanation of some contributing factors, 548 

including mainly the non-tested measurement regime dependent factors and the unknown direction systematic CCNC versus 549 

AMS-SP2 based prediction discrepancy causing factors referring to the varied choices of adjustments and parameters as 550 

explained in Supplementary Information, Notes S6. 551 

 552 

Table 4. Classification of factor categories contributing to discrepancies among κ values derived from HTDMA, CCNC, and AMS–SP2 approaches in the 553 

current biomass burning smoke study 554 

No Factor category Primary nature 

 

 

Suspected Direction 

 

Investigated 

in this study 

Investigation 

results (Validity 

Level of the 

Factor’s 

Influence 

Presence) 

 

Quantitatively 

Checked 

HTDMA CCNC AMS-SP2 

1 Particle size 

representation  

(number- vs mass-

weighted for 

HTDMA versus 

AMS-SP2; number 

weighted D₅₀ vs mass 

mean for CCNC 

versus AMS-SP2) 

combined with  

Size-dependent 

hygroscopicity 

Combined 

Methodological / 

Systematic and 

Physicochemical 

Depend on the particle size distribution 

nature, the selected particle sizes, and both 

direction and magnitude of the size 

dependence presence in the particles’ 

hygroscopicity 

Yes  

 

Sect. 3.5.2 

until Sect. 

3.5.4 

Table S12. 

 

 

 

Highly Valid Yes 

(HTDMA 

only); 

 

 

2 

Organic 

hygroscopicity (κorg) 

variability 

Chemical 

Depend on the actual κorg of the particles 

relative to the current/initially used 

uniform κorg value of 0.1 

Yes 

 

Sect. 3.5.6 

Table S14. 

 

Less valid 

 

(Could be 

improved with a 

bit more accurate 

investigation 

Yes; 

 

. 
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using directly 

measured O:C 

ratio values while 

determining the 

κorg values and/or 

using the point-

to-point κorg  

value adjustment 

instead of mean-

to-point 

adjustment) 

3 

Number-weighted vs 

mass-weighted κ 

averaging 

Methodological 

(HTDMA 

measurement) 

Depends on 

the size 

dependence 

presence in 

the 

hygroscopicity 

of the bulk 

particles 

Not 

applicable 

Not 

applicable 

Yes 

 

Sect. 3.5.2 

until Sect. 

3.5.4 

Table S13 

 

Less Valid 

 

(Could be 

improved with 

more accurate 

investigation 

using more 

accurate particle 

mass distribution 

instead of using 

SMPS- derived 

mass distribution 

that applied an 

assumed constant 

& uniform 

density) 

 

Yes  

 

 

4 

External mixing 

(multiple hygroscopic 

modes; pure non-

hygroscopic fraction 

presence) 

Combined 

Methodological / 

Systematic and 

Physicochemical 

Depend on the particle size distribution 

nature, the selected particle sizes, and both 

direction and magnitude of multiple 

hygroscopicity external mixing among the 

bulk particles. 

Yes 

 

 

Sect. 3.5.1 

Table S11 

 

External mixing 

of non-

hygroscopic/non-

coated pure BC 

particles:  

 

Valid 

 

Other external 

mixing: 

Not 

systematically 

investigated, 

except the bulk 

size dependent 

hygroscopicity of 

the HTDMA κ 

values as in 

Factor number 1 

investigation. 

 

No 

5 

Condensable organic 

gases (co-/re-

condensation during 

measurement) 

Physicochemical 

(gas–particle 

partitioning) + 

kinetic / 

measurement-

timescale 

dependent 

Increase Not 

applicable; 

OR 

Limited 

Not 

applicable 

No Not investigated No 

6 

Surface-active 

organic compounds 

(SVOCs / low-

volatility organics) 

Physicochemical; 

Regime 

dependent 

Decrease or no 

effect 

Mostly 

increase 

Not 

applicable  

No Not investigated. 

 

Surface-active 

presence was 

only guessed 

through the high 

presence of  

No 
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7 
Particle phase state 

(viscosity / solidity) 

Physical; 

Regime 

dependent 

Decrease No effect Not 

applicable 

No Not investigated No 

8 Particle shape / 

restructuring / 

compaction 

Physical 

Decrease Not 

affected 

Not 

Applicable 

No Not investigated No 

9 

Volume- vs mass-

fraction use in ZSR 

mixing 

Combined 

Methodological / 

Systematic and 

Physicochemical 

(AMS-SP2 based 

prediction related 

only) 

Not 

Applicable 

Not 

Applicable 

Not 

known 

No Not investigated No 

10 Data processing / 

parameterization 

choices (SPAR fitting 

adjustment, chosen 

Köhler model, used 

minimum SSeff, 

chosen 

parameterization 

scheme, and choice to 

use an improved 

parameterization 

scheme for bulk 

particles that contain 

both hygroscopic 

particles with small 

sizes and nearly 

hydrophobic 

particles): 

Systematic 

(CCNC 

measurement 

related only) 

Not 

Applicable 

Not 

known 

Not 

Applicable 

No  

(Just 

selected 

consistently) 

(Notes S6; 

Notes S7.2) 

Not investigated No 

 555 

3.5.1 Role of black carbon presence and treatment  556 

 557 

Based on the CCNC’s size-resolved particle activation ratio (SPAR) curve sigmoid fitting, certain fraction of externally mixed 558 

non- hygroscopic particles was likely to be present (Supplementary Information, Fig. S11 and Fig. S12). The maximum values 559 

of the activation fraction in the CCNC sigmoid fitted SPAR curve both never reach the value of one and were lower than the 560 

maximum activation fraction of pure ammonium sulphate particles in the calibration measurements. The additional features of 561 

decreasing activation fraction (AF) after reaching its maximum AF values, i.e., small AF at large particle sizes is observed in 562 

the Fig. S11 and S12. This was also observed in the SPAR curves of inorganic particles externally mixed with combustion 563 

aerosol particles consisting of black carbon (Vu, D., et al 2019). On the other side, two peaks of hygroscopicity with the first 564 

hygroscopicity showing a growth factor (GF) value at around one in some HTDMA measurements observed indicating the 565 

likelihood of externally mixed nonhygroscopic particles. (Supplementary Information, Fig. S13, flaming-hardwood, 165 nm). 566 

A strong candidate of the nonhygroscopic fraction particles among the biomass burning smoke particles especially in the 567 

current study was black carbon (BC). 568 

 569 

As the nature of the CCNC data processing when fitting a sigmoid curve to the recorded SPAR curve, the non-hygroscopic 570 

fraction was not considered in the determination of the bulk CCNC κ values of the whole population of the particles. The 571 
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exclusion of the non-activating fraction – likely suspected as the non externally mixed black carbon, would probably be initially 572 

expected to be the positive shifts’ contributor of the CCNC κ values from the predicted κ values under flaming conditions, at 573 

which black carbon mass fractions are typically higher. Drawing the sigmoid curve only on the active population should inflate 574 

the κ values relative to bulk chemical κ values. How the SPAR curves were fitted and adjusted in this current study is detailed 575 

in Supplementary Information, Note S5-S6. 576 

 577 

Contrary to this expectation, the present dataset shows no clear burn-phase driven pattern in the CCNC–AMS κ discrepancy 578 

(Table 1, 3rd and 6th columns). Like in the flaming experiments, CCNC derived κ values from most smouldering experiments, 579 

which relatively have lower BC contents, shifted also positively from the corresponding chemical-composition based κ values. 580 

The magnitude of the shifts did not show any clear burn phase dependence either. The relative positions of the predicted 581 

median κ from the CCNC median κ were -0.070 and -0.023 for the flaming experiments; -0.021, +0.008; -0.098; -0.036 for 582 

the smouldering experiments. Of the mean κ values, the distance of the predictions from the corresponding CCNC κ values 583 

were -0.121 and -0.018 in flaming experiments, while -0.114, -0.040; -0.218; -0.174 in smouldering experiments. On the other 584 

hand, just like the predicted κ values across the six different experiment types, the absolute values of mean CCNC-derived κ 585 

display pronounced burn-phase-dependent behaviour (discussed in Sect. 3.4), even though the externally mixed non-586 

hygroscopic black carbon particles are excluded from the CCNC κ determination. These two observed patterns indicate that 587 

burn-phase-dependent characteristics persist in CCNC-derived κ, and simple removal of non-activating black carbon was not 588 

proven as a strong positive shift driver in the current study and dataset.  589 

 590 

This conclusion is further supported by sensitivity tests in which BC was treated as entirely externally mixed and non-591 

hygroscopic particles (Supplementary Information, Table S11). It can be seen from the table that removing black carbon from 592 

the prediction, instead of increasing the accuracy, worsens the accuracy of the prediction relative to the CCNC κ. This was 593 

especially for the flaming experiments with high BC content. The burn phase separation pattern of the predicted κ values also 594 

flipped after the BC exclusion where the flaming κ values were now higher than the smouldering κ values (Supplementary 595 

Information, Fig. S13). This pattern was now in contradiction with the burn phase separated pattern of the CCNC κ values. 596 

The suspected cause of these both reversed and higher values of the BC-excluded predicted κ of flaming experiments was the 597 

higher inorganic: organic ratio of these experiments compared to the smouldering experiments. Across the flaming 598 

experiments, the prediction accuracy errors changed from underpredicting the CCNC κ as much as 23.17% and 4.91% to 599 

overpredicting the CCNC κ as much as 164.93% and 233.41% after the BC exclusion, for flaming hardwood and flaming 600 

softwood experiments, respectively.  601 

 602 

Lastly, SP2 measurements indicate the presence of coated BC particles in some flaming experiments, with coating thickness 603 

values exceeding unity, even until more than 1.5. This result suggests that a fraction of BC is internally mixed and may 604 

contribute to particle hygroscopicity. However, this complexity is not explicitly represented in the simplified treatment of BC 605 
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in composition-based predictions and does not alter the conclusion that BC treatment alone cannot account for the observed 606 

inter-method.  607 

 608 

3.5.2.  Role of Size-Related Factors – Qualitative Check for HTDMA versus prediction 609 

 610 

In the present study, HTDMA-derived κ values are number-weighted, whereas AMS–SP2-based κ predictions are inherently 611 

mass-weighted. In addition, the effective particle size represented by the HTDMA number-weighted mean depends on the 612 

discrete particle sizes selected for measurement. When hygroscopicity is size-dependent, the differences in size representation 613 

between the HTDMA and the prediction can, in principle, contribute to discrepancies between measured and predicted κ 614 

values. To evaluate the relevance of such size-related effects, two complementary aspects were examined: (i) the 615 

representativeness of the HTDMA number-weighted mean particle size relative to the mean size of the complete particle 616 

number size distribution measured by the SMPS (Supplementary Information, Fig. S7a), and (ii) the AMS-SP2 mass-weighted 617 

composition-based predicted κ values compared to the HTDMA measured discrete size κ values at two different sizes of 75 618 

nm and 110 mm. (Supplementary Information, Fig. S7b). Across most experiment types, the HTDMA-represented mean 619 

particle sizes were smaller than the corresponding number-weighted-SMPS-derived mean sizes. This indicates that HTDMA 620 

measurements generally emphasize smaller particles, with even larger negative size shifts, compared with those that dominate 621 

the bulk mass relevant to AMS–SP2 predictions. Size dependence of the HTDMA κ values was observed mostly in flaming 622 

softwood, leaves, and smouldering softwood with lower HTDMA mean κ values at 110 nm than at 75 nm. (Supplementary 623 

Information, Fig. S7a and S7b). 624 

 625 

Under a framework in which κ decreases with increasing particle size, this mismatch in size representation would be expected 626 

to bias number-weighted HTDMA κ values toward higher values relative to mass-weighted predictions, assuming uniform 627 

particle density across sizes. Such behaviour is observed only in the flaming-softwood experiments, where HTDMA-derived 628 

κ exceeds the predicted κ. In contrast, for many experimental types, measured HTDMA κ values remain systematically lower 629 

than predicted values, despite evidence of size-dependent hygroscopicity. This indicates that particle size representation alone 630 

cannot explain the observed discrepancies between HTDMA-derived and AMS–SP2-predicted κ values.  631 

 632 

Supplementary Information, Fig. S8 (a) and (b), provide insights into how the HTDMA mass-weighted mean sizes in the 633 

present dataset differ from the corresponding SMPS mean particle mass size distributions in the leaves experiments, as 634 

examples.  Based on the Fig. S8 (a) and (b), the differences between the two mean sizes were even larger than those of the 635 

corresponding number-weighted approaches. The difference can be as much as a 250 nm negative shift in the HTDMA mass-636 

weighted mean sizes relative to the bulk SMPS mass-weighted mean sizes. As a note, the SMPS mass-distribution-based mean 637 

size values were obtained by converting the mean number-size distribution, assuming a constant effective density of 1.3 g/cm3. 638 

This constant or uniform value may not have been accurate, especially across different time points or aging stages, and across 639 
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different fuels and burning phases. Supplementary Information, Fig. S8 (c) provides the mean HTDMA κ values distribution 640 

using the mass-weighted instead of the number-weighted. It can clearly be seen from Fig. S8 that the median κ value of the 641 

flaming softwood is now below 0.1, compared to this value in Fig. 3b, which is above 0.1. 642 

 643 

Overall, the size-resolved analyses demonstrate that size-dependent hygroscopicity and whether to use number- or mass-644 

weighted mean calculations can influence κ comparisons in specific cases; however, they are still insufficient to explain all 645 

discrepancies, especially the variability across different burn phases and fuel types. 646 

 647 

3.5.3.  Role of Size-Related Factors – Quantitative Check for HTDMA versus prediction 648 

 649 

Table S12. reports the fraction percentage of the lost error from the total initial error of the bulk prediction accuracy in 650 

predicting the discrete size HTDMA κ values obtained by changing the particle size from one that has lower HTDMA-651 

prediction agreement to another particle size with better agreement. The two compared particle sizes were 110 nm and 75 nm. 652 

This is to illustrate how large the improvement that can be achieved by selecting a more suitable tested particle size of the 653 

HTDMA measurement. It is important to remember, however, that the main results of HTDMA κ values to be compared with 654 

either CCNC κ or predicted κ values in this current study (Table 1, Sect. 3) were number-weighted mean values calculated 655 

from across several tested particle sizes, instead of directly using the individual size κ values. Therefore, the results in Table 656 

S12 did not provide a direct explanation for the discrepancies in the mean or median κ values investigated in this study. (Table 657 

1, Sect. 3). 658 

 659 

Based on Table S12, the drops in the prediction error values (%) achieved by selecting the size with closer κ values between 660 

75 nm and 110 nm to the corresponding bulk predicted κ values can be as much as around 15-85% from the total initial error. 661 

This indicates that the choice of the dry size in an HTDMA κ measurement can lead to significant differences in the agreement 662 

with predicted κ. However, it is important to note that the improvement is still often only marginal. In the case of a peat or a 663 

smouldering-hardwood experiment, even choosing the size with better agreement between 110 nm and 75 nm leads to a 664 

residual error of several thousand % relative to the predicted value. This is because of the extremely small κ measured under 665 

sub-saturated conditions and a correspondingly higher composition-based prediction of κ. The remaining error not covered by 666 

the size adjustment indicates the presence of other factors affecting the discrepancy between the measured κ values and the 667 

bulk mass weighted predicted κ values, other than the coupling factor between the size dependence of hygroscopicity and the 668 

size representation difference issue. 669 

   670 

Additionally, in the current study, with the selected number-weighted HTDMA particle sizes, the size dependence of 671 

hygroscopicity did not appear to significantly affect the discrepancy between the HTDMA κ values and either the predicted or 672 

CCNC κ values. This was illustrated by Fig. S12 (a) and (b) in the Supplementary Information. Figure S12 (a) and (b) provide 673 
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the regression linear relationship between the magnitude of the hygroscopicity’s size dependence represented through the 674 

absolute % difference between the κ values at 110 nm and at 75 nm, with the resulting bulk CCNC κ versus number-weighted 675 

HTDMA κ values or bulk predicted κ values versus the HTDMA number-weighted κ values. The R2 values for these two 676 

relationships were small: 0.1247 and 5x10-7 for HTDMA-CCNC and Predicted-HTDMA, respectively, showing very weak 677 

relationships. It could mean that the selected particle sizes were already appropriate and sufficient in many experiments in the 678 

current study, and/or that other factors contributed more to the observed inter-method discrepancies. In summary, the choice 679 

of size makes very little improvement in the reconciliation of the HTDMA number-weighted mean measured hygroscopicity 680 

and bulk mass-weighted predicted hygroscopicity, particularly for small measured hygroscopicity. 681 

 682 

Table S13 shows the prediction error that can be achieved by changing the mean calculation approach of the HTDMA κ values 683 

from number-weighted to mass-weighted mean calculation. Based on the Table S13, the prediction accuracy generally became 684 

worse when changing the calculation approach from number-weighted to mass-weighted. This was despite the aim of trying 685 

to more realistically approach the mass-weighting implicit in the AMS-SP2 based prediction. Based on the Table S13, 686 

improved accuracy of the prediction relative to the corresponding number-weighted HTDMA mean κ values up to 80% error 687 

reduction from the initial total error was only observed in flaming-softwood experiments, either photo-aging or non-688 

photoaging, and in one experiment date of the smouldering-softwood experiments with only about 29.46% error loss from 689 

initial total error. It is important to note, however, that the rough mass-weighted calculation of the HTDMA mean κ values in 690 

current study used assumption of uniform and constant particle effective density of 1.3 g/cm3 to convert the SMPS number 691 

size distribution to mass size distribution which may not be significantly accurate.  692 

 693 

To recap, particle size selection is an important issue when interpreting the discrepancy either between discrete size HTDMA 694 

κ or across-sizes- (number or mean)-weighted-mean κ and CCNC mean κ; or between the HTDMA mean κ and predicted 695 

mean κ. At a discrete size, selecting incorrect size of the HTDMA κ to be compared with the bulk predicted κ can contribute 696 

to up to 85% (maximum observed contribution) of the prediction accuracy error. This high contribution can then also contribute 697 

to the discrepancy between the predicted κ and CCNC κ in relatively also a high percentage. Once averaged across sizes, the 698 

discrepancy will first depend on how close the size represented by the mean value that was obtained through either number- 699 

or mass-weighted in the HTDMA mean κ calculation, with the mean size represented by either the CCNC κ value or prediction 700 

κ value determination. However, it is important to note that better or more accurate and comparable size representation does 701 

not guarantee better or improved agreement among methods. It just leads to more trusted and reliable discrepancies. The 702 

discrepancies themselves could instead become bigger if indeed measurement regime factors exist contributing to the 703 

discrepancies. Finally, as previously discussed through the correlation’s investigation, in this current study, coupled factors 704 

between size dependence of the hygroscopicity and size representation issue was not the most dominant affecting factor of the 705 

observed discrepancies. 706 

 707 
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3.5.4. Size Related Factor’s Effect Discussion for CCNC versus Prediction 708 

 709 

In contrast to HTDMA, CCNC measurements characterize particle activation in a polydisperse aerosol population under a 710 

fixed effective supersaturation (SSeff ). Although CCNC-derived κ values are often interpreted as representing bulk aerosol 711 

hygroscopicity, the inferred κ is in practice governed primarily by particles near the activation diameter at 50% (D50), rather 712 

than by the entire size distribution. In this sense, CCNC-derived κ retains an implicit number-weighted character, determined 713 

by activation probability rather than explicit size selection. By comparison, κ values derived from AMS–SP2 data are 714 

inherently mass-weighted, reflecting chemical contributions dominated by particles near the mass-weighted mean diameter. 715 

Although both CCNC and AMS–SP2 approaches are frequently described as providing bulk κ values, they do not represent 716 

the same effective particle sizes. Differences between CCNC-derived and predicted κ values, therefore, arise naturally when 717 

hygroscopicity is size-dependent or when the aerosol population is not internally mixed. 718 

 719 

Under such conditions, D50-related effects influence CCNC–AMS κ discrepancies through two complementary mechanisms. 720 

First is related to the number-weighted activation criterion versus the mass-weighted chemical signal, as mentioned earlier. 721 

Secondly, the CCNC–AMS discrepancy is also sensitive to the direction of size-dependent hygroscopicity. In either cases of 722 

decreasing or especially increasing hygroscopicity with particle size increase, the resulting activation curve behaviour can 723 

mimic the curve of an internally mixed aerosol population, even though it is actually driven by size-dependent effects, leading 724 

to shifted/biased κ values. Externally mixed aerosol populations, i.e. more than one range of hygroscopicity values for one 725 

same particle size, can further complicate this interpretation. In the present study, neither size-resolved CCNC activation 726 

measurements nor size-resolved chemical composition data were available. A more detailed, case-by-case discussion of these 727 

mechanisms is provided in the Supplementary Information, Notes S5, including the data processing approach used in this 728 

current study while handling SPAR curves with apparent two spikes.  729 

 730 

3.5.5.  Role of the used κorg and plausible variation of the κorg value- General investigation 731 

 732 

Based on Fig. 3 in Sect. 3.1, HTDMA median κ values in all experiments are lower than the chemical composition-based 733 

predicted κ values, except those of flaming-softwood experiments. This was despite the presence of size-related factor(s) 734 

suspected as factor(s) leading to higher measured number-weighted HTDMA κ values than their real bulk values, as discussed 735 

in previous subsection. Kim N et al (2017) in their study suspected that overestimated κ values in prediction calculations, 736 

compared to HTDMA dataset values, could be likely caused by overly high κorg used in the formula. A similar issue might 737 

explain the current study’s findings in most experiments except the flaming-softwood experiments (though reduction in κorg 738 

would lead to increased underprediction of the κ values relative to the CCNC κ values). Varying discrepancies between 739 

measured and predicted HTDMA κ values across different experiment types, including the exceptional pattern of the flaming-740 
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softwood experiment, indicate that κorg values may differ depending on the fuel type or burning conditions, though plausible 741 

variation in κorg
 applied in the current study is unable to bring better agreement between the HTDMA κ and prediction κ. 742 

 743 

In this study, efforts to use linear regression to determine fractional κ values for each experiment type were inconclusive, likely 744 

due to insufficient dynamic range (see Table S7-S8 and Fig. S9). Therefore, an effort to minimize the effect of 745 

inappropriateness in applying the selected constant fractional κ values were investigated by widening the predicted 746 

hygroscopicity values by varying the fractional κ values across a plausible range for comparison with HTDMA or CCNC 747 

measurements. A validation check of the varied κorg presence can also then be done by using a range of available linear 748 

regression equations of κorg versus O:C ratio relationships in previous studies. This was done in this current study as a 749 

complementary investigation, as provided in Fig. S10(b).  750 

 751 

The O:C used in the current validation check is not the directly measured value, but rather the f44 versus O:C functional 752 

relationship given by the equation of Aiken, A. C., et al (2008): f(x)=(0.0382±0.0005)x+(0.0794±0.0070) where f(x) is the 753 

O:C ratio and x is the f44 (m/z 44 mass divided by OA mass). Meanwhile, the equation used to convert the O:C ratio was  κorg = 754 

0.18× O/C + 0.03, according to κorg = (0.18±0.04)× O/C + 0.03 by Lambe, A. al. (2011) that was generated over measured O/C 755 

ratios ranging from 0.05 to 1.42. This coefficient value of 0.18 was roughly similar to the finding of Thalman et al. (2017), 756 

which reported a consistent value of κorg ~0.15 that corresponded to O:C ratio ~0.8 ( κorg =0.1875 x O/C). On the other hand, 757 

a higher coefficient like in the equation of Chang, et al., (2010): κorg=(0.29±0.05)·(O/C) for the O:C ratio ranging from 0.3 to 758 

0.6, was not used in the current study, due to its narrower O:C ratio values range used in that equation’s generation, compared 759 

to the O:C ratio range in the current study's dataset. That coefficient value of 0.29 was actually similar to the recently published 760 

value that constructed an equation for final κ (instead of κorg) versus O:C ratio: κ = 0.31 ± 0.02 (O/C) − 0.05 ± 0.02 of biomass 761 

burning particle (Bai, B., et al, 2026). Additional calculations using that equation could maybe be conducted in the present 762 

dataset to obtain the final κ values compared to those from three methods of the current study focus. However, it is important 763 

to note that many other published articles have found that the hygroscopicity of the organic fraction (thus likely also the overall 764 

hygroscopicity, especially of particles with complex change of chemical mass fraction composition, such as inorganic: organic 765 

and/or organic: BC ratio) is not solely determined by oxidation state as reflected by O:C ratio values (Han, S., et al 2021), so 766 

that these kind of equations were recommended to be used as an approximate guidance only. (Chang, R. Y.-W., et al 2010). 767 

 768 

Based on the Fig. S10(b). , the observed burning phase-separated patterns show that flaming experiments have higher κorg 769 

values than smouldering experiments, regardless of fuel type, with peat having the lowest κorg. These κorg patterns were not like 770 

either CCNC κ or AMS-SP2 κ burn phase-separated patterns that have a reverse burn phase separation pattern, i.e., higher 771 

smouldering κ than flaming κ. Additionally, based on the ZSR equation, constant or similar values of other components – 772 

inorganic hygroscopicity and mass fractions of either organic or inorganic- like within the same burn phase, should drive the 773 

resulting κ values’ pattern to follow the κorg values’ pattern. However, the CCNC κ in this study did not follow the pattern of 774 
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the calculated κorg values, assuming those values were roughly accurate, at least in their inter-experiment-type patterns. For 775 

example, the highest smouldering κ among the CCNC smouldering κ values was not from smouldering-softwood as expected. 776 

Compared to HTDMA-derived κ, the patterns (Fig. S10(b)) seemed roughly similar to the κorg values, except for the flaming 777 

hardwood experiment. These results may suggest the presence of other fuel- and burn-phase-dependent, non-systematic factors 778 

contributing to variability, particularly in the measured CCNC κ values, in addition to the variability in the particles’ κorg values 779 

not captured by bulk chemical composition alone. Droplet activation in this current study may also be controlled by population 780 

heterogeneity and/or activation-related processes specific to supersaturated conditions. 781 

 782 

3.5.6. Quantitative Check of the influence of O:C ratio Informed Organic κ Adjustment  783 

 784 

Based on the bulk averaged O:C ratio AMS f44-based calculated values in Fig. S10 (a) and the corresponding equation based 785 

derived κorg values in Fig. S10 (b), new predicted κ values were calculated as in the Table S14. Based on Table S14, the use of 786 

the new κorg values as mentioned above, instead of the single κorg value = 0.1, improved the accuracy of the prediction relative 787 

to the corresponding HTDMA κ in only some experiments. The improvement could achieve a reduction of up to 46.95% (at 788 

the highest) from the initial total error. Consistent direction of the accuracy change, which was a positive direction or 789 

improvement, was observed in only the prediction of HTDMA κ of peat experiments across all repetitions and aging time 790 

points. Compared to the CCNC κ values, chemical composition-based κ predictions using the new κorg values showed better 791 

agreement in only a few experiments too. However, the contribution percentages of the error loss relative to the initial total 792 

error (%) in predicted versus CCNC measurement comparisons were much lower, achieving mostly less than 5% loss of 793 

prediction accuracy, with only two experiment showing an error reduction of 9.23% and 22.99%. 794 

 795 

The lower sensitivity of the CCNC κ values could be caused by their significantly higher discrepancies to the predicted κ values 796 

compared to the corresponding discrepancies of HTDMA κ values to the predicted κ values. For example, in a flaming-797 

softwood experiment on 07 April 2022, the gaps between HTDMA κ and the predicted κ changed from +0.032 to +0.025 798 

(absolute delta of the deviation = 0.007), equal to a reduction of the prediction accuracy error as much as 15.91% from the 799 

total initial error. Meanwhile, the gaps between CCNC κ and the predicted κ changed from +0.077 to +0.070 (absolute delta 800 

of the deviation = 0.007), equal to a reduction of the prediction accuracy error as much as 1.63% from the total initial error. 801 

Similarly, in a leave experiment on 29 September 2022, a change in the deviation of the CCNC κ relative to the predicted 802 

CCNC κ from +0.081 to +0.119 corresponded to just 0.147% reduction in error, but the same shift (-0.069 to -0.031) 803 

corresponded to a 9.82% error loss of the prediction accuracy relative to the HTDMA κ. 804 

 805 

3.5.7. Other Factors: What remained and not tested Factors - Regime Dependent Hygroscopicity 806 

 807 
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This current subsection discusses the not currently tested factors which are measurement regime dependent factors. As 808 

mentioned in earlier discussion, the present data sets showed roughly consistent direction of discrepancies at which CCNC κ 809 

values were always higher than HTDMA κ values. This kind of discrepancy pattern was also observed in several studies of 810 

especially organic-rich or complex mixture, indicating measurement-regime-dependent-behavior (Wu, Z., et al 2013; Pajunoja, 811 

A., et al 2015; and Jurányi, et al 2009) 812 

 813 

The HTDMA-derived κ represents equilibrium water uptake at ~90% RH, whereas in biomass burning aerosols dominated by 814 

organic material, hygroscopic growth under subsaturated conditions can be suppressed by thermodynamic constraint, such as 815 

limited solubility leaving the particles into partially dissolved condition, and kinetic limitation, such as diffusion-limited water 816 

uptake driven by certain particle phase states. The water uptake restricting particle phases could be in form of amorphous semi-817 

solid or solid (i.e., glassy or crystalline state) (Koop, T., et al, 2011). Depending on the microstructure and viscosity, Mikhailov, 818 

E. et al (2009) further classified amorphous phases into: gels or viscous liquids, rubbers, and glasses/ultra-viscous amorphous 819 

state. The restricted water uptake conditions caused by the particle phase state then led to lower apparent κ values. On the other 820 

hand, CCNC-derived κ reflects activation behaviour near or above supersaturation. During CCN activation, the Köhler 821 

framework amplifies both solute (Raoult) and surface tension (Kelvin) effects, particularly near the critical point, while these 822 

two effects can be suppressed or even totally disappeared at ~90% RH where particles exist in a more concentrated conditions 823 

with potential presence of incomplete dissolution and phase limitations. 824 

 825 

Another factor, which is instrumental and kinetic related effect – specifically, organic co-condensation effect, could also exist, 826 

contributing to the inter-method discrepancies, though not tested here. In cases where CCNC κ becomes higher than HTDMA 827 

κ because of surface tension presence and absence in CCNC measurement and HTDMA measurement, respectively, it seems 828 

reasonable to expect that the co-condensation that can potentially happen in HTDMA measurement only will reduce the 829 

HTDMA-CCNC discrepancies. More detailed explanation of each of the factors mentioned in this subsection are in 830 

Supplementary Information, Note S7.3 831 

 832 

3.5.8. Limitations of composition-based κ prediction 833 

 834 

This subsection discusses limitations of composition-based κ prediction in capturing factors that affect the HTDMA and/or 835 

CCNC κ as detailed in previous subsections. In addition to measurement regime effects, discrepancies between predicted and 836 

measured κ values reflect limitations in the composition-based framework. The prediction relies on simplified assumptions, 837 

including fixed κ values for each component, an ideal internal mixing rule, and the neglect of surface tension and phase-state 838 

effects, as well as potential neglect of gas-particle partitioning of semivolatile organic vapors (Wu et al., 2013). Additionally, 839 

the current study uses mass fraction approaches instead of volume fractions, assuming comparable or similar densities across 840 

components (Gunthe et al., 2009), which is a reasonable approximation for particles consisting mostly of organics. Besides, 841 
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among particles with similar component densities, systematic bias can arise when converting masses to volumes, due to factors 842 

such as composition-dependent instrument collection efficiencies (Brock et al., 2011). 843 

 844 

The use of a constant κ value for organic aerosol (κorg ≈ 0.1) does not capture the variability of biomass burning organics, 845 

which depend strongly on fuel type and combustion conditions (Bougiatioti et al., 2016; Saleh et al., 2013). Meanwhile, 846 

enhanced CCN activity driven by surface-tension reduction is not accounted for (Xiong et al., 2022), contributing to the 847 

underestimation of κCCNC. The assumption of ideal mixing further limits predictive accuracy, as systematic bias can result. 848 

Interactions between inorganic salts, organic compounds, and black carbon can produce non-linear hygroscopic behavior, 849 

challenging the ideal internal mixing assumption due to factors such as core-shell morphology and the kinetic limitations 850 

(Wang et al., 2021), dry organic-inorganic particles non-ideal mixing with density deviations of up to 20% (Vokes et al., 2022), 851 

phase separation, partial solubility, and surfactant partitioning phenomenon. Further, potential external mixing contributing to 852 

the bulk chemical composition measurements was not accommodated in the ZSR-based internal mixing rules. Lastly, the 853 

prediction does not account for particle phase state or kinetic limitations. Semi-solid or viscous particles may not fully 854 

equilibrate with water vapor at subsaturated conditions, reducing observed growth relative to predicted values. 855 

 856 

Assuming that the varied process mentioned above occurs only among the organic components, not including intercomponent 857 

interactions, those processes should only affect and be sufficiently accommodated in the κorg parameter. In the current study, 858 

replacing the uniform κorg value with the O:C ratio-based κorg still couldn’t sufficiently and consistently capture the fuel-and-859 

burn-phase dependent discrepancies caused by the factors in the previous paragraph, either when compared to HTDMA or 860 

CCNC, at which the prediction-measurement discrepancies were not only varied in terms of magnitudes, but also in directions, 861 

i.e., lower or higher, relative to the prediction. 862 

 863 

Finally, differences in the size representation—bulk mass-based composition of the prediction versus either sizes selected 864 

using a number-weighted approach in the HTDMA or a size-number distribution-based approach in the CCNC 865 

measurements—may introduce further discrepancies when hygroscopicity varies across the particle population. Overall, 866 

composition-based κ should be interpreted as a first-order estimate. The observed deviations highlight the importance of 867 

processes not captured by simplified mixing frameworks. Table 5 below provides a summary of factors with different and/or 868 

contradicting effects on the different measurement instruments or on the prediction. 869 

 870 

Table 5. Summary of contradicting effects of some factors on the HTDMA measured κ values and CCNC measured κ values  871 

Factors and Validity in this Current Study The contradicting effect 

Presence of an external mixture – Slightly 

validated 

κAMS-SP2 is more similar to κHTDMA, which uses piecewise 

linear fitting to accommodate all the substances with 
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different hygroscopicity, than to κCCN, which ignores the 

non-hygroscopic fraction 

Presence of surface-active substances – 

Assumed or Not Validated 

Potentially lower or keeping constant the κHTDMA, yet 

increasing the κCCNC, not affecting the κAMS-SP2 

Presence of condensable organic gases – 

Assumed or Not Validated 

Not affect κCCNC, nor κAMS-SP2, but can improve the κHTDMA  

Particles’ phase state and morphology – 

Assumed or Not Validated 

Likely influence κHTDMA significantly, but not the κCCNC. 

For example, the solid phase of the particles in the 

HTDMA measurements may limit the particles’ ability to 

take up water vapor further, yet in the CCNC 

measurement, this barrier was overcome through fast 

water droplet activation; not affect κAMS-SP2.  

 872 

3.5.9 Direction for Future Work 873 

 874 

Although this study has identified several potential drivers of the discrepancies among κ values derived from CCNC, HTDMA, 875 

and composition-based prediction, further work is required to quantify these effects more systematically and rigorously, 876 

particularly for processes that were not explicitly isolated here. A more systematic experimental framework is proposed, 877 

consisting of four complementary sets of experiments for each fuel and burn condition to first minimize discrepancies 878 

associated with particle size representation and mixing state, then investigate and isolate discrepancies caused potentially by 879 

organic-and water vapor co-condensation differences in the HTDMA and CCNC instruments. (Supplementary Information, 880 

Notes S8) 881 

 882 

Once the issue of the two instrumental systems’ difference regarding the organic-and-water vapor co-condensation possibility 883 

or presence is isolated or diminished, whereas discrepancies associated with particle size representation and mixing state are 884 

minimized, it may become possible to derive a quantitative correction framework linking κ values obtained from different 885 

measurement approaches. Such a framework, developed within a unified experimental system, could enable conversion 886 

between HTDMA-, CCNC-, and composition-derived κ values. This would allow more consistent application of 887 

hygroscopicity data, for example, using HTDMA-derived κ for subsaturated processes such as visibility and CCNC-derived κ 888 

for cloud activation and aerosol–cloud interaction studies.  889 

 890 

Lastly, ranges of measurements (Supplementary Information, Notes S8) not conducted in the current study were suggested to 891 

further explore the discrepancy factors more thoroughly and deeply. Additionally, particle density measurements should 892 

probably be useful if HTDMA mass-weighted averaged values are also calculated and compared in addition to the HTDMA 893 

https://doi.org/10.5194/egusphere-2026-2723
Preprint. Discussion started: 13 July 2026
c© Author(s) 2026. CC BY 4.0 License.



33 

 

number-weighted averaged, to avoid any bias caused by the assumption of uniform effective particle density in the SMPS 894 

number concentration to SMPS mass concentration conversion.  895 

 896 

Conclusion 897 

 898 

This study investigated the hygroscopicity (κ) of submicron biomass-burning aerosols generated from peat, leaves, hardwood, 899 

and softwood under flaming and smouldering conditions using three approaches: HTDMA measurements, CCNC 900 

measurements, and AMS–SP2 composition-based prediction. All experiments were conducted within a consistent 901 

experimental framework, allowing direct comparison of both κ values and the underlying mechanisms controlling them. In 902 

general, CCNC-derived κ exceeds HTDMA-derived κ, with composition-based predictions falling in between. These 903 

discrepancies reflect the fundamentally different aerosol properties emphasized by each method. Composition-based κ values 904 

are primarily governed by burn-phase-dependent bulk chemical composition, whereas CCNC-derived κ reflects activation 905 

behaviour under supersaturation and HTDMA-derived κ reflects subsaturated hygroscopic growth. Both the magnitude and 906 

direction of discrepancies vary across fuel types and combustion conditions. Clear burn phase separation, at which smouldering 907 

particles generated higher κ values, was observed in both the CCNCC measurement and the chemical composition-based 908 

retrieval. 909 

 910 

The relative ordering of fuels differs between methods. Under supersaturated conditions, smouldering aerosols, particularly 911 

from peat and leaves, exhibit the highest κ values, whereas flaming aerosols show lower values. Under subsaturated conditions, 912 

κ shows greater fuel dependence, with peat exhibiting the lowest values, consistent with its low effective organic 913 

hygroscopicity and the likely presence of a semi-solid particle phase. This contrasting behaviour, particularly for peat, 914 

highlights the role of regime-dependent processes affecting aerosol water uptake. The mean values of each method under 915 

flaming and smouldering burn phases in sequence were 0.040-0.068 and 0.049-0.123 for HTDMA; 0.105-0.161 and 0.163-916 

0.238 for CCNC; then 0.060-0.068 and 0.114-0.133 for AMS-SP2 chemical composition-based predictions, respectively.  917 

  918 

Several suspected factors contributing to the discrepancies among measurements were investigated. The coupling effect 919 

between size representation and κ size dependence was quantitatively observed as affecting the HTDMA-CCNC κ 920 

discrepancies. However, the influence was small compared to the total observed discrepancies. Similarly, the contributing 921 

effect of the presence of externally mixed non-hygroscopic BC particles to the discrepancies seemed not significant. The 922 

possible cause of the insignificant contribution of the BC content presence to the HTDMA-CCNC discrepancy was the likely 923 

presence of a significant fraction of the BC content in the form of coated BC particles, which likely reduces its impact on any 924 

difference in κ values caused by the CCNC data processing nature that excludes the non-hygroscopic fraction from the κ 925 

difference. 926 

 927 
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Among the tested measurement versus prediction factors, κorg seemed to be a more important factor than the size-related 928 

factor. However, not all fuel types and burn phases produced particles with strong O:C ratio versus κorg correlations. Peat 929 

became the only experiment type consistently benefited, with a 16–59% improvement, while substantial residual discrepancies 930 

remained, from using an O:C ratio-informed κorg instead of a constant κorg of 0.1. Additionally, changing the initially used 931 

uniform κorg of 0.1 to more experiment-type dependent values in the prediction affects the HTDMA versus prediction 932 

discrepancies noticeably, but affects only slightly the CCNC versus prediction discrepancies. The coupling between size 933 

representation and intrinsic size dependence of hygroscopicity may also contribute to the discrepancies, particularly when 934 

particle sizes are not sufficiently and appropriately selected, tested, and accounted for in HTDMA-derived mean κ values. 935 

However, this effect does not appear to be the most significant driver in the present dataset. Lastly, the quantitative 936 

investigation in this study confirmed the importance of the BC fraction inclusion in the AMS-SP2-based κ prediction of the 937 

BB particles. 938 

 939 

Overall, the results demonstrate that hygroscopicity in biomass-burning aerosols is a regime-dependent property rather than a 940 

single intrinsic parameter. Although not explicitly isolated or investigated in the current study, the observed significant 941 

divergence between subsaturated and supersaturated κ values suggests additional discrepancies affecting factors related to 942 

different physicochemical processes that dominate across regimes. The factors include those related to a kinetic limitation on 943 

water uptake (e.g., particle phase state) and those related to activation-related processes, including both surface tension 944 

reduction and bulk–surface partitioning. Taken together, these findings highlight that κ cannot be treated as a method-945 

independent quantity for biomass-burning aerosols. Instead, regime-aware parameterizations are required, explicitly 946 

accounting for size–composition coupling, mixing state, and the physicochemical processes governing both subsaturated water 947 

uptake and cloud droplet activation. 948 

 949 

Appendix A 950 

All the additional materials, such as explanations, figures, and tables, are provided in a separate file available in the link as 951 

mentioned in “Supplement Link” section.  952 

 953 

Code and data availability 954 

The code and data are available at Zenodo: https://doi.org/10.5281/zenodo.20695234. 955 
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