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Referee #2: 
 
We thank the anonymous reviewer for their useful comments and suggestions that we have used to 
improve the manuscript. Below, we give replies to all comments and describe the modifications 
implemented in the revision (highlighted in red in this response and the annotated manuscript for review).  
 
Reviewer: The manuscript, “HUB: A method to model and extract the distribution of ice nucleation 
temperatures from drop-freezing experiments”, presents a way to simulate droplet freezing to calculate 
frozen fractios and ice active site density. As stated by the authors, their main goal is to link data to theory 
using 1 or more probability distributions. Also, they aim to described how to sufficiently sample the ice 
nucleation spectrum, which is interpreted as using a certain number of droplets in experiments and 
performing dilutions series. This will result in not too much noise in the calculated cumulative or 
differential ice nucleation spectra. They analyze previous data to show that a distribution of freezing 
events can change when solution pH changes and when cooling rate changes. 
 
Authors: We thank the reviewer for the summary. The main goal in this paper is to provide a 
methodology to generate cumulative freezing spectra and fraction of ice distributions from a proposed 
population model, and vice versa. We want to make clear here that the theoretical interpretation of these 
differential spectra (and their fully sampled underlying distribution of nucleation temperatures) is not a 
goal of the present study. We edited the wording of the goals of this study to make this clearer to the 
readers, lines 100-103 and  114-116: 
 
“The first goal of the present study is to provide a strategy to optimize the sampling of drop-freezing 
experiments to derive interpretable differential spectra that is a good approximant of the underlying 
distribution of heterogeneous ice nucleation temperatures of the sample.” 
 
“The second aim of our study is to map the cumulative freezing spectrum 𝑁!(𝑇) into the differential 
spectrum 𝑛!(𝑇), in terms of subpopulations that may correspond to different physical nucleation sites in 
the sample.” 

Reviewer: Unfortunately, I see minimal merit for publishing this study and cannot recommend 
publication, unless significant revision is made. Perhaps a complete resubmission should be done. A 
Monte Carlo simulation to predict frozen fraction and ns or nm is not new and their main goals have 
already been accomplished by other work (Vali, 1971; Wright and Petters, 2013; Knopf and Alpert, 2013; 
Herbert et al., 2014; Vali, 2019; Fahy et al., 2022a; Fahy et al., 2022b). By no means is this list of 
references complete, the authors can look up their cited references and other studies that cite these to find 
numerous other models.  

Authors: We appreciate that the use of Monte Carlo simulations to predict and interpret frozen fractions 
has been explored in previous studies, such as some of those provided by the reviewer.  

We extensively revise the introduction of the revised manuscript to provide a brief account of other 
approaches. Lines 42-61: 

“Historically, there have been two interpretations of the dispersion of nucleation temperatures in 
heterogeneous freezing experiments. The first approach suggests that the stochastic nature of the 
nucleation process dominates the variability in freezing temperatures (Bigg, 1953; Carte, 1956), while the 
second approach assumes that the dispersion in temperatures mostly arises from a distribution of 
nucleation sites (Fletcher, 1969), each with a deterministic, singular nucleation temperature (Levine, 
1950; Vali and Stansbury, 1966). Variability in the temperature, volume, and amount of ice-nucleating 



 2 

particles per droplet can also contribute to the dispersion of freezing temperatures (Vali, 2019; Knopf et 
al., 2020). There is consensus now that both stochastic effects and sample heterogeneities contribute to 
the distribution of freezing temperatures, and both approaches are used for the modelling of drop-freezing 
experiments (Vali, 1971; Marcolli et al., 2007; Niedermeier et al., 2011; Murray et al., 2011; Broadley et 
al., 2012; Wright and Petters, 2013; Herbert et al., 2014; Harrison et al., 2016; Alpert and Knopf, 2016; 
Vali, 2019; Fahy et al., 2022a). Stochastic modelling of the freezing curves is based on predicting the 
survival probability of liquid water containing IN as a function of supercooling, and requires a model for 
the temperature dependence of the nucleation rate of the IN components. These models have been solved 
numerically or evolved with Monte Carlo simulations to interpret or resolve the distribution of ice 
nucleation properties of minerals (Marcolli et al., 2007; Murray et al., 2011; Broadley et al., 2012; Wright 
and Petters, 2013; Herbert et al., 2014; Harrison et al., 2016) and organics (Zobrist et al., 2007; Alpert and 
Knopf, 2016) and to perform parametric bootstrapping of experimental data (Wright and Petters, 2013; 
Harrison et al., 2016). The advantage of the stochastic modelling approach is that it enables a direct link 
to microscopic properties of the nuclei and can account for the cooling rate dependence of the  𝑓!"# 𝑇  
data. However, the requirement of a model for the freezing rates and their distribution across the sample 
hinder their interpretability and accuracy at reproducing the experimental freezing curves, particularly in 
complex samples containing multiple populations.” 
 

We note that HUB-backwards does not use Monte Carlo sampling, but a numerical optimization 
procedure. HUB-forward approach is based on Monte Carlo as we are randomly sampling the freezing 
temperatures from a distribution. However, our method is fundamentally different to those in previous 
studies. On one hand, the HUB method does not rely on nucleation theory nor does it assume a model for 
the nucleation rates. The HUB method is based on Vali’s 1971 formulation of singular freezing, but it 
expands on Vali’s modeling approach by introducing the random sampling of IN in the droplets, the use 
of analytical functions for IN subpopulations and –most critically- the use of extreme-value statistics. The 
latter is paramount to consider the effect of dilutions on the freezing spectra and derive a relation between 
the underlying distribution of nucleation temperatures (or its approximant, the differential spectrum) and 
the cumulative spectrum and fraction of droplets crystallized as a function of temperature. 

To our knowledge, the fraction of frozen droplets and the cumulative spectra based on extreme value 
sampling have not been explored in any previous study. Our approach provides a unique perspective on 
the relationship between the underlying distribution of freezing temperatures, the fraction of frozen 
droplets, and the cumulative freezing spectra. Our method illustrates how diluting changes the sampling, 
making it a tool for a better design of experimental protocols, and enable an efficient recovery of 
analytical expressions for the differential spectrum that can be interpreted using theories and/or 
microscopic or population models. 

We now elaborate on other aspects of previous methods and note that –to our knowledge extreme-value 
statistics has not been previously used for the modeling of ice nucleation data, lines 77-93: 
 
“The differential spectrum identifies the density of IN active at each temperature, and was identified by 
Vali as the central quantity that can be derived and interpreted from drop-freezing experiments (Vali, 
1971; Vali, 2019).  

The determination of the differential spectrum from the cumulative one by finite differentiation is 
subject to significant noise, requiring a careful selection of the temperature intervals and extensive 
sampling (Vali, 2019). As stochastic effects are not considered in the singular temperature formalism, the 
cumulative and differential spectra should –in principle- depend on the cooling rate (Vali, 1994). The 
stochastic nature of ice nucleation, combined with the uncertainties associated with the experimental 
measurements (e.g., different droplet volumes, inhomogeneous samples, different detection efficiencies), 
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can produce significant variations in the cumulative freezing spectra, that result in large uncertainties in 
𝑛! 𝑇 . Parametric and nonparametric bootstrapping based on the singular approximation and Monte 
Carlo simulations have been used to estimate confidence intervals in freezing spectra measurements (Vali, 
2019; Fahy et al., 2022a; Fahy et al., 2022b).  

A central assumption of the singular freezing approximation is that the freezing of a droplet 
containing multiple INs is promoted by the IN with the highest nucleation temperature (Levine, 1950). 
This results in extreme-value statistics for the sampling of the nucleation temperature of the droplets 
(Sear, 2013). The extreme-value sampling is apparent in the concentration dependence of 𝑓!"# 𝑇  in 
experiments (Marcolli et al., 2007; Budke and Koop, 2015; Kunert et al., 2018; Lukas et al., 2022). 
However, to our knowledge, the impact of extreme-value statistics has not been considered in the singular 
modelling of drop-freezing experiments.”  

Reviewer: Furthermore, the authors provide no quantitative uncertainty and no error bars, confidence 
intervals or prediction bands of the simulated experiments, therefore, no assessment of accuracy in this 
work.  

Authors: We agree with the reviewer on the importance of error bars. In the original submission we 
provided the mean square errors (MSE) used to evaluate the goodness of the fit. We now add error bars to 
the data presented in Table 1 and Table 2 to indicate the variability of the statistical estimates.  

Reviewer: I did find simulating a dilution series and previous data with different pH interesting. The other 
new aspect is showing that the 3 probability distributions for cholesterol freezing is time dependent. For 
this paper to be acceptable, the authors should greatly expand their work. A resubmission should include a 
reproduction of other ice nucleation Monte Carlo models.  

Authors: We are happy to hear that the reviewer found the simulation of the dilution series and the 
correlation of cholesterol freezing with pH interesting and appreciate the reviewer’s recognition of the 
time-dependent nature of the three probability distributions for cholesterol freezing. We expand the 
discussion of section 3.3 to make a connection of the results of time dependence of cholesterol with other 
studies and highlight opportunities for future research, lines 512-524: 

“Our analysis of the freezing data of cholesterol monohydrate shows that even a three-fold change in the 
cooling rate can have significant impact on the differential spectrum (Fig. 11B). As expected, the modes 
of the three populations move towards warmer temperatures upon decreasing the cooling rate. We note, 
however, that the shift of the peaks is not uniform; the middle one seems to be more sensitive to the 
cooling rate. Different sensitivity of the freezing rate of subpopulations to temperature has been also 
reported in simulations of nucleation data of minerals using the stochastic and modified singular 
frameworks (Herbert et al., 2014; Murray et al., 2011) The modified singular model proposes an 
empirical correction the relation between 𝑓!"#(𝑇) and 𝑁!(𝑇) to account for the effect of the cooling rate 
on the shift of these quantities (Vali, 1994). That analysis could be extended to the analysis of the 
subpopulations of IN obtained with HUB-backward.  Moreover, it would be interesting in future studies 
to use the rate dependence of the mode of the subpopulations to extract the steepness of the nucleation 
barrier with temperature using nucleation theory (Budke and Koop, 2015), and to investigate the 
relationship between the cooling rate dependence of the differential spectrum obtained in the singular 
approximation with the interpretation of the same data modelled with the stochastic framework, such as in 
(Wright et al., 2013; Herbert et al., 2014).” 

Regarding the request by the reviewer that we “include a reproduction of other ice nucleation Monte 
Carlo models”, we note that the HUB-backward optimization that recovers the differential spectrum is not 
based on Monte Carlo sampling. Only HUB-forward uses Monte Carlo, in the form of random sampling 
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of a proposed underlying distribution, and its use is for the study of the role of dilutions and number of 
droplets on the cumulative spectrum. We are not aware of other Monte Carlo studies that have performed 
an analysis of the role of dilutions on the prediction of the differential spectrum that we could compare 
with.  

Reviewer: To relate data and theory, they should derive a mathematical link between their model and 
theory as this is only discussed in a few sentences in passing despite being a main goal.  

Authors: The focus of this manuscript is not deriving a relation between the distribution of nucleation 
temperature and nucleation theory, but to present a method to extract the differential spectrum and assess 
the quality of the sampling (as indicated by the two explicit goals in the introduction section of the 
manuscript).  

For a connection between HUB results and theory we now refer in the paper the reader to our recent study 
of ice nucleation by F. acuminatum, where we connect the differential spectrum obtained with HUB-
backward analysis of droplet freezing experiments with the prediction of classical nucleation for finite 
surfaces, to predict the size of the ice nucleating complex responsible for the exceptional ice nucleation 
ability of this fungus, lines 426-427: 

“We refer the reader to (Schwidetzky et al., 2023) for an interpretation of the size of the ice nucleating 
surface of F. acuminatum based on its differential spectrum and nucleation theory.”  
 
that manuscript includes also extensive physico-chemical characterization that allows us to determine the 
size of the ice nucleating protein (INP), which we combine with the predictions of the theory to derive the 
number of INP involved in the nucleating complex of F. acuminatum. 

Reviewer: Finally, they should include an uncertainty analysis of both model and experimental results and 
provide new data to test their model. new data could be droplet freezing experiments and dilution series 
data where they know exactly what the subpopulations are before they start an experiment. 

Authors: As it is not possible to know the subpopulations before starting an experiment, we use synthetic 
data to perform the validation and examples of the use of the model in section 2 and 3.1, and only use 
experimental data in sections 3.2 and 3.3 to illustrate the use of the methodology.  All experimental 
results in this paper are taken from the literature, we are not providing new experimental data but rather a 
numerical methodology to analyze the data.  Other methods in the literature, e.g. bootstrapping can be 
used to complement the analysis and derive error bands for the data that can be used to produce 
independent HUB-backward optimizations that would give a more complete account of the uncertainties 
in the estimations. HUB is not meant to replace other methods already available in the literature, but to be 
used synergistically with them.     

Reviewer: Major Comments 

1) l. 18 “first available code”. This is not the first available code to predict frozen fraction or cumulative 
ice nucleation spectra from a probability distribution. In addition, many of other authors have made their 
code available, as it is a requirement for data and code availability in most journals and research grants. 
Therefore, this phrase or anything else similar must be removed from the manuscript. 

More generally, it is likely the first time something has been done when a manuscript is published. Yes, 
how the authors define their probability distribution is unique, but it is distracting and unnecessary to say 
it is the “first time”. 
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Authors: We understand the reviewers’ point and remove all claims of first from the manuscript.. 
However, we would like to emphasize here that our code is the first to utilize Vali's approach and extreme 
value statistical analysis without making any physical assumptions about the system. This is a unique 
contribution and sets our code apart from other available codes. We have revised the manuscript to 
accurately make clearer the differences between our approach and previous ones. 

Reviewer: l. 15-16 “no rigorous statistical analysis…to obtain a well-converged nm that represents the 
underlying distribution Pu(T).”. This is not true. Uncertainty are calculated by the previously mentioned 
studies as well, and with them one can know what is or is not in agreement, what is representative or 
converged or not. What the authors considers as well-converged is their opinion as there is no uncertainty 
estimation to claim agreement or not. 

Authors: We acknowledge that previous studies have calculated uncertainties, but we would like to clarify 
that our statement refers to the lack of a rigorous statistical analysis to determine the number of dilutions 
necessary to adequately sample the entire freezing temperature spectrum. This information is crucial in 
order to obtain a well-converged estimate of the underlying distribution.  

In our view, the issue is not the absence of uncertainty estimation, but rather the absence of a systematic 
approach to determine the number of dilutions required to achieve a representative sample.  

Reviewer: 2) l. 13 “Underlying distribution” The word underlying has the meaning of something that is 
real or fundamental to nature. Defining probability distribution of different populations whether this is 
one, two or ten populations is not demonstrated here to be anything fundamental or real. “Underlying 
distribution” also has the meaning of something that is not immediately obvious. Whether there is one or 
more than one distribution (subpopulation) of freezing temperatures is always pre-defined by the authors. 
In other words, they authors no not derive the number of subpopulations, it is always prescribed for their 
forward and backward code. This is assumed not underlying. 

Authors: “Underlying” means that is the one from which the freezing data is generated, and we hope that 
the revisions in the manuscript make this clearer.  

The reviewer is correct: the subpopulations used for the analysis are assumed, and as such the differential 
spectrum is always an approximant of the underlying distribution. The distinction between the underlying 
distribution (that is known in the synthetic data sets we prepare to assess the method, but not in the case 
of real experimental data) and the differential spectrum is central to our study.  Based on the comment by 
the reviewer, we have revised the abstract –where Pu is first introduced- to make this distinction clear: 

“The differential freezing spectrum 𝑛!(𝑇)  is an approximant to the underlying distribution of 
heterogeneous ice nucleation temperatures 𝑃!(𝑇) that represents the characteristic freezing temperatures 
of all IN in the sample.” 

Reviewer:  3) Units. I cannot understand the units in Eqn 5. I know the units of nm as Mass-1, and the units 
of the differential spectrum Nm as Mass-1 Temperature-1. In Eqn 5, the unit of Pmax then has to be 
Temperature-1 for the frozen fraction to be dimensionless? Would the authors include an equation of 
Pmax in the manuscript, and check units throughout. 

Authors: Yes, the reviewer is correct and we thank them for pointing out that we had not indicating the 
units. We now clarify the this in lines 156-157:  
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“The units of 𝑃!(𝑇) are, same as for 𝑛!(T), i.e. those of the cumulative spectrum divided by a unit of 
temperature, but are generally omitted in what follows.” 

And in lines 188-190:  

 “𝑃!"#! 𝑇  also have the same units as the differential spectrum 𝑛!(T) similarly to 𝑃!(𝑇), but we have 
chosen to omit the units for simplicity in our analysis.”  

Reviewer: 4) There are no uncertainty estimate in this manuscript. 

Authors: We have included error bars for the modes, widths, and weights of the subpopulations in Table 1 
and Table 2.  

Reviewer: Minor Comments 

1) It is common practice, that the cumulative spectra is a lower case n(T). When normalized to mass, it is 
nm and when normalized to surface area it is ns. Please change this accordingly. 

Authors: All the experimental data we use presents data per mass. We have seen various notations in the 
literature. We here use lower case n for the differential spectrum and upper case N for the cumulative. We 
now clarify in the introduction, lines 72-75, that the spectra normalized per area has a different name:  

 “The IN surface area per drop, 𝑋 =  𝐴!"#$, is sometimes used as normalization factor for insoluble INs 
(e.g., dust, crystals), resulting in a cumulative spectrum per area denoted as 𝑁! 𝑇 . However, it is 
challenging to measure the total IN surface area accurately (Knopf et al., 2020). We note that Eq. 1a can 
be used even when the absolute concentrations or areas of the IN are unknown, provided that the user 
knows the relative concentration of the dilution series derived from a parent sample.” 

Reviewer: 2) l. 55-60 How a probability distribution connects ice nucleation experiments and theory 
needs to be cited and derived. This statement is unsupported. The number of freezing events defines 
uncertainty, and how many droplets is or is not good enough is opinion without a rigorous definition. 

Authors: The sentence highlighted by the reviewer “The underlying distribution 𝑃!(𝑇) is akin to a hub 
that connects the experimental freezing temperatures to physical analysis based on nucleation theory or 
kinetic and equilibrium models that can elucidate the mechanisms and origins of the distributions of INs 
(Fig. 1).” is to motivate the importance of the underlying distribution, and extracting good approximants 
of it from well-sampled experiments. The analysis of the differential spectrum (as approximant for Pu) in 
terms of theories is outside the scope of this work. However, an integration of the results of HUB and 
nucleation theory can be found in (Schwidetzky et al., 2023). 

Regarding your statement that the number of freezing events defines uncertainty and that the appropriate 
number of droplets is opinion without a rigorous definition, we respectfully disagree. The number of 
freezing events, which directly relates to the concentration of ice nucleating particles, and the optimal 
number of droplets are a fundamental metric in ice nucleation experiments, and our code explores that, 
and the results of the analysis are detailed in the paper.  

Reviewer: 3) l. 70 “based on empirical bootstrapping” What was the most important in (Fahy et al., 
2022a) is the non-parameteric bootstrapping was used, i.e. without any prior probability distributions 
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needed. Here, the authors need to assume a distribution (l. 121) and already puts in bias to their methods. 
They have to define the number of subpopulations (l. 171), again biasing their model. 

Authors: We agree that non-parametric bootstrapping is a powerful statistical tool and appreciate your 
comment that it assumes the sample is representative of the population and that the observations are 
independent and identically distributed. However, we would like to clarify that our method is distinct 
from non-parametric bootstrapping, and that it addresses the issue of identically distributed data in a 
completely different way. Specifically, our method is based on the extreme value statistics approach, 
which allows us to model the fraction of frozen droplets data for a given concentration as a function of the 
tail of the underlying distribution.  

We indeed expect the user to define the number of populations and make judgement on the quality of the 
result. The good agreement between the input cumulative spectra and the ones obtained from our 
simulations (same for the fraction of ice vs temperature), supports that the analysis with subpopulations is 
not only conceptually simple but also quite effective.  

We would also like to note that the quality of results obtained through non-parametric bootstrapping may 
indeed depend on the size and distribution of the original sample, as well as the number of resamples 
generated, as discussed by Fahy et al.   

Reviewer: 4) l. 77 The authors are not the first with a way to quantify subpopulations or different types of 
ice active sites or multi-component freezing to put it another way. There are too many studies to cite 
about mineral dust, pollen, bacteria, sea spray aerosol particles, washing water etc… A method to 
quantify subpopulations was done as early as 4 decades ago (Yankofsky et al., 1981). 

Authors: Thank you for bringing up previous studies on quantifying subpopulations; we now add more 
references to some of these in the manuscript. Yet, our method fundamentally differs from previous 
methods in that it quantifies subpopulations in terms of sampling weights. Sampling weights are a 
statistical technique used to adjust for the fact that different members of a population may have different 
probabilities of being sampled. In our method, we use sampling weights to account for the fact that 
different ice active sites or multi-component freezing events may have different probabilities of being 
measured, due to differences in their size, composition, or other factors. This allows us to estimate the 
relative abundance of different subpopulations within a sample, and to make inferences about the overall 
population of ice active sites or multi-component freezing events. 

The use of analytical functions for the populations also allows to determine the differential spectrum from 
the cumulative one without the need of binning or coarsening of the data. Vali 2019 presents an excellent 
discussion of the effect of coarsening on the calculation of the differential spectrum.  

Reviewer: 5) l. 99 What is the difference between an underlying distribution and a true underlying 
distribution. Is there a false or untrue underlying distribution? 

Authors: No, there is only “underlying distribution” for which the differential spectrum is an 
approximant. We remove the confusing “true” wording from the manuscript, and thank the reviewer for 
bringing this up.  

Reviewer: 6) l. 121 Why Gaussian and why not something else? I think any distribution could be 
assumed. If I assumed subpopulations to exist, perhaps a Gaussian is not the best when the mean is 
centered on a relatively high temperature. There may be chance of sampling freezing temperatures > 0C? 
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Of course these can be simply removed, but this would imply a bias in the subpopulation freezing 
behavior. 

Authors: While other distributions could be considered, the Gaussian distribution is a commonly used and 
well-understood distribution in statistics, making it a good starting point for modeling. Based on our 
fitting of experimental data, we have not observed any cases in which a Gaussian distribution resulted in 
the sampling of freezing temperatures above 0°C. We have now also included in the HUB code the 
possibility of using log-normal or left-tailed Gumbel distributions for the populations, lines 160-162: 

“We also provide in the HUB code the option for the user to use the log-normal distribution, which has a 
tail towards higher temperatures, or the left-tailed Gumbel distribution, which has a tail towards lower 
temperatures.” 

However, in all the cases we tested, we find that Gaussians subpopulations results in the smallest error in 
the prediction of the cumulative spectra (this is shown in the response to reviewer 1 and the new Supp. 
Section S5).  

Reviewer: 7) Too often in a section, the authors refer to later sections. Please minimize these instances, as 
it is distracting. 

Authors: The structure and flow of our paper require us to reference later sections. These references serve 
as a guide for readers to understand the context and build up to the conclusions of the paper. We believe 
that minimizing these instances could potentially disrupt the coherence and clarity of our argument. 

Reviewer: 8) l. 299-301 This is circular reasoning. The authors will test the droplets and IN 
concentrations, to test the sensitivity of Nm to the droplets and IN concentrations? 

Authors: Our objective is to investigate the sensitivity of Nm to the number of droplets and IN 
concentrations by testing the droplets and IN concentrations, measuring the freezing data, and then using 
the extreme value approach to compute the fraction of frozen droplets. The cumulative freezing spectra 
are then determined based on different combinations of number of droplets and dilutions. We then use the 
HUB-backward code to compare the differential spectrum of the generated Nm with the underlying 
distribution. We believe that this approach providse valuable insights into the relationship between Nm 
and droplets/IN concentrations. There is no circular reasoning. 

Reviewer: 9) l. 313 What is the authors definition of an “absolute calibration”. How does this differ from 
a “calibration”. 

Authors: Our definition of "absolute calibration" refers to the process of determining the exact number of 
active ice nucleators present in the parent sample. In our study, we use the fraction of frozen droplets that 
freeze homogeneously to estimate this value. Based on Poisson statistics, we can infer that there is 
approximately 1 active ice nucleator per droplet when this fraction is 0.6 (Figure 2A), as determined by 
the equation (1-e^(-x))=0.6, where x is approximately 1. With this information and the dilution factor 
from the parent sample, it is possible to determine the absolute concentration of IN in the parent. This is 
different from a general "calibration," which may refer to any process of setting or adjusting measurement 
parameters. We hope this clarifies the terminology used in our manuscript. 

Reviewer: 10) l. 374-375 What is important about looking at a log or linear scale for the y-axis of a graph. 
If a graph looks better or worse on either scale, what is this telling the reader? This should be clarified. 
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Authors: Both representations have (of course) the same information. We had indicated in the manuscript 
the purpose of this dual representation in this example, lines 450-452: 

“Note that we use a logarithmic scale to represent this 𝑛!
!"#$%$&'((𝑇)  because the population 

corresponding to class A accounts for less than 0.1% of the total (Table 2).” 

Reviewer: 11) l. 377-379 What is the authors quantitative criteria for “almost identical” and 
“unnecessary”? How much data variability is explained when two, three or more subpopulations are 
included? Is the number of subpopulations sufficient when 99% of the variability is explained? 

On the other hand, could two different types of ice nucleating particles exist (different populations) in the 
same drop, but have the same distribution? This code then would mistake these 2 subpopulation as a 
single subpopulation. This would then misrepresent the ice nucleating subpopulations? 

Authors: We are not using a quantitative criterion here for “almost identical”, only that the differential 
spectra retrieve does not show new peaks or a shift in the existing peaks. The users of the HUB-backward 
code can decide from the results and the purpose of the optimization whether it is worth adding more 
populations (if they do not decrease the mean square error, there is no doubt that the addition of new 
populations is unnecessary). Our purpose in this manuscript is not to address the details of the population 
spectra in the examples selected but to illustrate how the method can be used for the analysis.  

The HUB code does not identify the microscopic origin of the populations, only their freezing signatures. 
If two distinct (chemical, biological) populations of IN have the same distribution of freezing 
temperatures, they are considered a single population from the point of view of the analysis. However, 
they may be separated by changing the cooling rate (as seen in the increasing separation of the first and 
second peak of the cholesterol sample with decreasing cooling rate in Figure 10b), or by processing of the 
data (e.g. filtration, chemical treatment, etc).  

Reviewer: 12) l. 424-425 Here, is it assumed that pH can change the position, width and amplitude of the 
distributions. This is certainly important, but I am wondering how valid is the assumption that pH only 
changes the amplitude, but keeping the mean and standard deviation the same? As the authors prepare 
their resubmission and include an uncertainty analysis, I would highly recommend the authors to fit the 
ice nucleation data for all pH for a common mean and standard deviation, allowing only the amplitude to 
be a function of pH. Then evaluate if the result is somehow within the predicted and experimental error. 
One could surmise that a surfaces ability to nucleate ice may or may not be pH dependent, but perhaps pH 
would destroy active sites instead. 

Authors: Thank you for your feedback and suggestions. We agree that it is important to rigorously test the 
assumption that pH only changes the amplitude, while keeping the mean and standard deviation the same. 
Below wee show the results of fitting the ice nucleation data for all pH values using a common mean and 
standard deviation, allowing only the amplitude to be a function of pH. We find a poorer agreement 
between this set of fits and the experimental data than the one used in the manuscript.  

Keeping Tmode,1 = -9.3, s1 = 0.93, Tmode,2 = -4.1, s2 = 0.43 for the three ice nucleation spectra, we obtain c2 = 
1.31 x 10-3 for pH = 6.2, c2 = 1.01 x 10-5 for pH = 5.6 and c2 = 1 x 10-10 for pH=4.4. 



 10 

 

 

 

We now comment on this result on the manuscript and also clarify that the experimental data indicates 
that the pH does not change the number of IN sites, lines 474-484: 

“To further illustrate the use of HUB-backward, Fig. 10 shows the effect of pH on the subpopulations in 
the modes, spread and weighs that contribute to the nucleation spectrum of P. syringae (Snomax®), using 
data from (Lukas et al., 2020).  Freezing in the temperature range of class A drops about 3 orders of 
magnitude when the pH is lowered from 6.2 to 4.4, (Fig. 10B). However, we note cumulative number of 
IN is preserved in the experimental data that the cumulative freezing spectrum (Lukas et al., 2020), 
indicating that the change in pH did not impact the number of nucleants.  Fig. 10C-D demonstrates that 
the distributions associated with both subpopulations shift to lower temperatures when the pH decreases, 
and the range of freezing temperatures in class A becomes broader. An attempt to fit the cumulative 
spectra of Snomax at different pH with the same subpopulations, allowing only for adjustment of their 
weights, resulted in a poor fit to the experimental 𝑁!(𝑇), supporting the conclusions of (Lukas et al., 
2020) of a central role of electrostatic interactions in the assembly of the bacterial ice nucleating proteins 
and their ability to bind to ice. This analysis exemplifies how HUB-backward can be applied to quantify 
the dependence of IN on environmental variables.” 
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Reviewer: 13) Please check references for consistency with doi format, URLs, use of italics, use of the 
correct journal and journal abbreviations. 

Authors: Thank you for your feedback. We have reviewed our references and made the necessary updates 
to ensure consistency with the doi format, URLs, use of italics, and correct journal and journal 
abbreviations. 

Reviewer:  (list of references provided by reviewer 2) 

Fahy, W. D., Shalizi, C. R., and Sullivan, R. C.: A universally applicable method of calculating 
confidence bands for ice nucleation spectra derived from droplet freezing experiments, Atmos. Meas. 
Tech., 15, 6819-6836, 10.5194/amt-15-6819-2022, 2022a. 

Fahy, W. D., Maters, E. C., Giese Miranda, R., Adams, M. P., Jahn, L. G., Sullivan, R. C., and Murray, B. 
J.: Volcanic ash ice nucleation activity is variably reduced by aging in water and sulfuric acid: the effects 
of leaching, dissolution, and precipitation, Environ. Sci.: Atmos., 2, 85-99, 10.1039/D1EA00071C, 
2022b. 

Herbert, R. J., Murray, B. J., Whale, T. F., Dobbie, S. J., and Atkinson, J. D.: Representing time-
dependent freezing behaviour in immersion mode ice nucleation, Atmos. Chem. Phys., 14, 8501-8520, 
10.5194/acp-14-8501-2014, 2014. 

Knopf, D. A. and Alpert, P. A.: Water Activity Based Model of Heterogeneous Ice Nucleation Kinetics 
for Freezing of Water and Aqueous Solution Droplets, Faraday Discuss., 165, 513-534, 
10.1039/C3FD00035D, 2013. 

Vali, G.: Quantitative Evaluation of Experimental Results an the Heterogeneous Freezing Nucleation of 
Supercooled Liquids, J. Atmos. Sci., 28, 402-409, 10.1175/1520-
0469(1971)028%3C0402:QEOERA%3E2.0.CO;2, 1971. 

Vali, G.: Revisiting the differential freezing nucleus spectra derived from drop-freezing experiments: 
methods of calculation, applications, and confidence limits, Atmos. Meas. Tech., 12, 1219-1231, 
10.5194/amt-12-1219-2019, 2019. 

Wright, T. P. and Petters, M. D.: The role of time in heterogeneous freezing nucleation, J. Geophys. Res.-
Atmos., 118, 3731-3743, 10.1002/jgrd.50365, 2013. 

Yankofsky, S. A., Levin, Z., Bertold, T., and Sandlerman, N.: Some Basic Characteristics of Bacterial 
Freezing Nuclei, Journal of Applied Meteorology and Climatology, 20, 1013-1019, 10.1175/1520-
0450(1981)020<1013:Sbcobf>2.0.Co;2, 1981. 

 

 

 


