
Reviewer #2 

This manuscript presents a thorough CCN closure study at the SMEAR II station in Hyytiälä, Finland, 
leveraging long-term observational data (2016–2020) of aerosol size distributions, chemical 
composition, and CCN concentrations. The authors compare three CCN prediction methods using κ-
Köhler theory with different inversion schemes: i) constant kappa parameter, ii) based on bulk 
chemical-composition, and iii) inferring size-resolved (modal) composition consistent with total mass 
and CCN observations. 

They demonstrate that allowing the Aitken and accumulation modes to have distinct chemical 
compositions (κopt) significantly improves the closure, especially at higher supersaturations (>0.5%), 
where Aitken mode particles contribute more to CCN. Seasonal trends show organic enrichment in the 
Aitken mode and a higher inorganic fraction in the accumulation mode, with implications for 
understanding biogenic contributions to CCN. This study addresses key limitations in CCN prediction 
models related to the lack of size-resolved chemical composition data and provides a novel methodology 
to infer this information from inverse modeling. The work is especially timely as climate models 
increasingly rely on more accurate aerosol-cloud interaction representations, particularly in 
biogenically influenced environments like boreal forests. 

The manuscript is well-structured, the methodology is sound, and the conclusions are meaningful, 
therefore, the manuscript should be accepted in ACP. However, before publication some minor 
revisions are recommended to enhance clarity and strengthen the study. 

We thank the reviewer for his/her positive view on the scope of this manuscript. Please note that 𝜅୭୮୲ 
refers to the method where we use Nelder–Mead optimization, focusing only on the optimization of the 
modal chemical composition. In the revised manuscript, we have included additional analyses, the most 
significant of which involves DREAM-MCMC simulations. In this approach, referred to as 𝜅୑େ୑େ, we 
not only optimize the modal chemical composition but also account for the variability of the size-
distribution lognormal parameters during the optimization process. See response to the specific 
comment #14 by Reviewer #1. 

Minor comments: 

 Lines 26–27:“This optimization improved the CCN closure primarily at supersaturations 
above  0.5%…” 
 
Please quantify the improvement in closure — e.g., percent error reduction or NRMSE 
change — so the reader can assess the magnitude of the model enhancement. 

Table 2 presents the NRMSE values for all the closure approaches (see Table S2 for the 
corresponding GMB values). We believe it is straightforward to calculate the requested 
differences from these tables. 

Lines 29–31: “The mass fractions of inorganics in the two modes vary with season...” 
 
Consider reporting the absolute inorganic mass fractions in addition to the percent 
difference. This would clarify the physical relevance of the enrichment, particularly for 
radiative implications. 

Thank you for this comment. We have included the following tables to the supplementary 
information accompanying the revised manuscript: 

 



Table R1. Mean of optimized mass fractions of various chemical species in Aitken mode in 
different seasons 

 Spring Summer Autumn Winter 
Organics 0.70 0.75 0.72 0.69 

Inorganics 0.20 0.19 0.16 0.16 
eBC 0.1 0.06 0.11 0.15 

 
Table R2. Mean of optimized mass fractions of various chemical species in Accumulation mode in 
different seasons 

 Spring Summer Autumn Winter 
Organics 0.54 0.65 0.55 0.44 

Inorganics 0.37 0.28 0.33 0.41 
eBC 0.09 0.06 0.11 0.15 

 

 Line 182, Section 2.2 
 
The method assumes the total submicron composition remains constant while redistributing it 
between modes. Please justify whether this assumption holds during periods of intense NPF 
or cloud processing, which may differentially affect modal composition. 

Thank you for this insightful comment. Indeed, the composition might vary during the CCN 
measurement cycle due to e.g. the processes mentioned in the comment. It is however beyond 
the scope of the study the estimate the magnitude of such variability due to the limited 
observational data in this regards.  

 Line 213, Section 2.1.1:“...more black carbon is also observed, which tends to decrease the 
overall  hygroscopicity.” 
 
Since eBC is treated as size-invariant in the inverse approach, this assumption might bias 
winter κ estimates. It can be interesting evaluating the sensitivity of κopt to this fixed eBC 
partitioning. 

Thank you for this suggestion. We have now conducted an inverse closure study testing the 
sensitivity of the results to this assumption.  

We tested the sensitivity of κopt to the assumed BC size distribution using the Nelder-Mead 
approach and (i) allowing the eBC fractions in both Aitken and accumulation modes to vary 
during the optimization and (ii) keeping eBC fixed in the accumulation mode only. In both 
cases, the optimized κ and resulting CCN spectra were very similar, suggesting that the BC 
size-distribution assumption has only minor impact on the CCN closure. However, when BC 
was optimized in both modes, the model produced an unrealistic composition with ~70% BC 
in the Aitken mode, while fixing BC in the accumulation mode yielded a more physically 
consistent result with Aitken mode dominated by organics (~99%). These findings indicate that 
varying eBC fractions does not significantly affect κopt but may distort the inferred chemical 
composition. We will include the results related to this case study in the supplementary as 
following: 

“Supplementary note R3 
Insights on effect of the assumption of fixed eBC mass in both modes: The CCN spectra 
obtained using bulk chemical composition generally depicts overprediction from the 
observations, with the largest bias at both lowest supersaturation (0.1%) and the highest 
supersaturation (1.0%). A way to reduce this overprediction is to have a size-segregated 



composition that makes the Aitken mode as low in hygroscopicity as possible. As a conservative 
approach, we eBC is fixed only in accumulation mode leaving no eBC mass in Aitken mode, 
the 5 year averaged (median) NRMSE remains almost similar at 0.28 (a little on higher side), 
while Aitken kappa is a bit higher as an non-hygrosocopic element i.e. eBC is now completely 
is accumulation mode. In another approach, we allowed eBC to vary as an additional 
optimization parameter along with organics in the Aitken mode (see Sect. 2.2.3 for the inverse 
modeling setup), instead of keeping its mass fraction fixed in both modes. As expected, this 
adjustment lowers the NRMSE from 0.28 to 0.23, while the optimized 𝜅 remains nearly 
unchanged, but a little on lower side than the setup we use (see Table R6). Interesting to note 
that, this setup suggest that there should be 70% eBC in Aitken mode which seems  unrealistic.  
Complementary results from DREAM-MCMC optimization (optimizing modal BC mass 
fraction while considering variability of lognormal parameters of size distribution during CCN 
cycle) of the same problem suggests similar results with around on an average 41% BC in 
Aitken mode – again a very high number considering the expected aerosol sources at the cite. 
 
Table R3. Median of optimized mass fractions of various chemical species in Aitken and 
accumulation mode when all eBC are kept in accumulation mode 
 

Organics 
(Aitken) 

Inorganics 
(Aitken) 

eBC 
(Aitken) 

Organics 
(accumulation) 

Inorganics 
(accumulation) 

eBC 
(accumulation) 

0.99 0.01 0.00 0.59 0.43 0.10 
 

Table R4. Median of optimized κ in different seasons when all eBC are kept in 
accumulation mode using the Nelder-Mead . 
 

 Spring Summer Autumn Winter 
κAitken 0.12 0.12 0.12 0.12 

κaccumulation 0.27 0.21 0.24 0.29 
 
     Table R5. Median of optimized mass fractions of various chemical species in Aitken 

accumulation mode when eBC is also an optimized parameter 
 

Organics 
(Aitken) 

Inorganics 
(Aitken) 

eBC 
(Aitken) 

Organics 
(accumulation) 

Inorganics 
(accumulation) 

eBC 
(accumulation) 

0.26 0.046 0.70 0.62 0.31 0.07 
 

Table R6. Median of optimized κ in different seasons when eBC is also an optimized parameter 
 

 Spring Summer Autumn Winter 
κAitken 0.11 0.11 0.11 0.10 

κaccumulation 0.27 0.22 0.25 0.29 
 
 

 
We will include a detailed explanation in the Supplementary note R3 in the revised manuscript. 
 

 Table 1 and Eq. 4, κ values and densities: 
 
The use of fixed κ for organics (0.12) and organic nitrate might oversimplify temporal 
variability. Consider discussing the expected range of κorg from literature (e.g., 0.05–0.2) and 
its potential influence on κbulk accuracy. 



We agree, and have now conducted an inverse closure study testing the sensitivity of the results 
to this assumption. In our analysis, the κ parameter is used as an effective hygroscopicity 
parameter that implicitly accounts for various influences, including limited solubility and 
possible surface tension effects. However, we do not treat surface tension depression or 
solubility limitations explicitly. It is worth noting that incorporating surface tension depression 
into the κ-Köhler framework would typically reduce the activation diameter, leading to higher 
predicted CCN concentrations. Given that our closure results based on bulk chemical 
composition already tend to slightly overpredict CCN compared to observations, explicitly 
accounting for surface tension depression would likely worsen the agreement. To account for 
this comment (and similar comments from the other reviewers, we have now conducted an 
inverse closure study testing the sensitivity of the results to the assumptions of organic 
molecular properties. We performed two types of inverse-closure studies: 

a) Using bulk-composition but optimizing only the organic density, org and organic 
hygroscopicity parameter, κorg 

b) Optimizing org and κorg while also accounting for variability of size distribution 
lognormal parameters 

In both tests, κorg was varied between 0.05 and 0.15, while ρorg was varied between 1000 and 
3000 kg m⁻³. Method (a) resulted in a lower NRMSE but suggested a median optimized organic 
density of 1000 kg m⁻³, which seems unrealistic. Method (b) produced a slightly higher 
NRMSE (0.085 compared to 0.079 from κMCMC) but yielded a probably unrealistically high 
organic density of 2179 kg m⁻³, with clear seasonal variability (minimum around 1750 kg m⁻³ 
in summer). This is notably higher than the 1500 kg m⁻³ assumed in the original inverse-closure 
approach. Both methods produced optimized κorg values between 0.05 and 0.07 depending on 
the season.  

We will add a detailed discussion in the supplementary to the revised manuscript. 

 Figure 4, Forward and Inverse Closure: The figure would benefit from adding shading or 
markers to show uncertainty (e.g., interquartile range) of observations. Right now, it's difficult 
to assess fit quality beyond the median. 

Thank you for the comment – we do not understand what is meant here however as the whiskers 
corresponding to the quartiles are already present in the figure. Perhaps there has been an issue 
with the reproduction of the figure? 

 Lines 532–535, κ  Discussion: The increase in Aitken mode organic fraction during summer 
aligns with biogenic SOA production. This would be strengthened by directly comparing 
seasonal κopt to expected κ values from known BVOC oxidation products (e.g., monoterpenes, 
sesquiterpenes). 

Thank you for this useful comment. The optimal organic hygroscopicity of about 0.1 
corresponds generally well for most organics, including known oxidation products from 
BVOCs (see e.g. Siegel et al., 2022 and references therein). We have added a sentence about 
this to the revised manuscript. 

 Lines 536, CCN overestimation: The consistent overestimation of CCN concentrations across 
all supersaturations may point to a limitation of the internal mixing assumption, especially 
during periods of aerosol complexity. Previous studies suggest that such overestimations are 
exacerbated during times of mixed aerosol sources (e.g., biogenic + anthropogenic + aged 
background), where internal mixing assumptions break down. I recommend the authors to 
explore whether episodes of high bias correlate with increased variability in PNSD, eBC, or 



chemical markers—and to discuss the implications of external or mixed-state aerosols on the 
robustness of κ-based predictions. 

Thank you for raising this excellent point. See response to the specific comment #18 by 
Reviewer #1. 

 Supplementary Table S2: 
 
 Although GMB is a useful summary metric, standard deviation or interquartile ranges of 
GMB values could help assess variability and robustness across time. 

Thank you for this useful suggestion. We will add the following information to the 
supplementary information accompanying the revised manuscript: 

“Supplementary note R4 
In figure S11 (see the preprint version), we looked at GMB but importantly, another quantity, 
the standard deviation (SD) of GMB provides insight into the robustness of each method: a 
lower SD indicates that the bias is consistent across cases, while a higher SD suggests larger 
variability in performance. This makes it a key metric to consider when evaluating the stability 
of CCN prediction methods. 
 

 
Figure R4 Comparison of CCN prediction performance at supersaturations of 0.5 % and 1.0 % using different 
methods. Metrics shown are geometric mean bias (GMB), its standard deviation (SD), and correlation between 
predicted and observed CCN. 
 
The results show that DREAM-MCMC (𝜅୑େ୑େ) performs best overall, with a geometric mean 
bias very close to unity, extremely high correlation with observations, and the lowest spread. 
This indicates that it provides the most accurate and stable CCN predictions. The 𝜅୭୮୲ method, 
which optimizes only size-segregated composition, ranks second: it achieves high correlation 
and relatively low variability, though the bias remains slightly above one, suggesting moderate 
overprediction. 𝜅୭୰୥ = 0 falls in the middle, with moderate bias, correlation, and variability, 
making it balanced but not particularly strong in any metric. The fixed κ = 0.18 approach 
performs similarly to 𝜅୭୰୥ = 0 but is slightly weaker, with somewhat lower correlation. Finally, 
𝜅ୠ୳୪୩  performs the worst, showing the highest bias and systematic overprediction of CCN, 
along with only moderate correlation and spread.” 
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