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We want to thank the Reviewers for the careful evaluation of this work and for providing comments and suggestions to improve
the manuscript’s quality. Below, we will address each comment in detail. The Reviewer’s comments are displayed in black bold;
the author’s responses are shown in regular black, and manuscript revisions are highlighted in blue. Long sections of the text

that remain unchanged between two updated paragraphs are indicated by "[...]".

Response to Reviewer #1

This paper uses analysis of pesticide standard materials by a variety of chemical ionization techniques to test the utility
of machine learning methods in identifying a) whether a given molecule will be identifiable by a given CIMS ionization
technique and b) how sensitive the CIMS technique will be to said detectable compound. Additional analysis investi-
gates what structural characteristics (via elements of molecular descriptors) drive these capabilities. I congratulate the
authors on the extremely impressive battery of instrumentation and analytical techniques used in this work and believe
that it has the potential to significantly benefit the atmospheric chemistry community. In its current form however the

manuscript has significant issues in framing that must be addressed before I can recommend it for publication.

We thank you for the positive feedback.

1. First, the title and framing of this work must be updated to reflect that this work represents an analysis of pesti-

cides, which are not representative of atmospheric organics.
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Our study utilizes CIMS, a technique widely used in atmospheric compound research, and our ultimate aim is to apply
the methods developed here to atmospheric compounds. However, we currently lack access to sufficiently large reference
datasets for a vast majority of atmospheric compounds causing secondary aerosol formation to achieve this goal directly.
Additionally, many of the direct aerosol precursor structures, such as highly oxygenated organic molecules correspond
to polyperoxide compounds that are almost certainly high-explosives in the condensed phase. Therefore, they are also

unlikely to become available in the foreseeable future.

Given this limitation, we identified a dataset of pesticides—an accessible and annotated reference set—as a practical
starting point for testing. While pesticides represent only a minor subset of atmospheric compounds (as noted in our
manuscript with references to Briiggemann et al. (2024) and Houde et al. (2019)), they encompass a wide range of
molecular sizes and functional groups, allowing us to explore the CIMS response across diverse ionization interactions.
This structural diversity makes pesticides a suitable initial test case for developing and validating ML-based CIMS
signal prediction methods. Additionally, pesticides are readily available as standard solutions from chemical suppliers at

a manageable cost, which facilitates broader testing and replicability.

We note in our manuscript that pesticides only constitute a minor fraction of atmospheric compounds, and we highlight
our choice of this dataset as a first step in developing ML-based tools for broader compound identification in atmospheric

research.

The motivation for the use of pesticides instead of other atmospheric-related compounds has been updated in the Intro-

duction section:

"In this work, we address the scarcity of atmospheric compound data standards by testing our methodology on a ref-
erence dataset of approximately 700 pesticides measured with CIMS. While pesticides represent only a small subset
of atmospheric compounds (Briiggemann et al., 2024; Houde et al., 2019), they are chemically complex, with diverse
molecular masses and functional groups that can interact in distinct ways with various reagent ions and that cover an
extended range of detection with CIMS. This structural diversity provides a relevant test case that reaches and surpasses
the complexity of many atmospheric compounds, allowing for an effective initial test of our methodology. Additionally,
pesticides are readily available as standard chemicals from chemical suppliers at an accessible cost, and the dataset size
is comparable to those used to establish early ML compound identification tools in metabolomics (Heinonen et al., 2012;
Diihrkop et al., 2015; Brouard et al., 2016; Nguyen et al., 2018, 2019). Thus, while limited to pesticides, this dataset
offers a valuable preliminary benchmark for developing ML-based CIMS signal prediction. Once reference datasets for
atmospheric compounds become available, this methodology can be directly applied or refined to encompass a broader

range of atmospheric chemical analyses."

We have also updated the Title to reflect the application of our methodology to pesticides. The new Title is:
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"Technical note: Towards atmospheric compound identification in chemical ionization mass spectrometry with pesticide

standards and machine learning"

. Second, although this is a technical report, the authors must clearly articulate the goal and justification for the

many methods applied.

This is an important point. Our paper presents a proof-of-concept demonstration of machine learning (ML) predictions
for CIMS sensitivities. The main advantage of our ML-based approach lies in its computational efficiency, especially
in comparison to traditional quantum chemistry methods, and in its ability to interpolate to novel compounds without

relying on extensive tabulated data once trained. We updated the Introduction section as follows:

"The advantage of an ML-based method is twofold: it is computationally inexpensive, especially when compared to
quantum chemical calculations, and it can interpolate predictions to novel compounds without requiring extensive ref-
erence data once trained. This is essential for atmospheric chemistry, where thousands of large, highly oxidized organic
compounds lack reference datasets. In the short term, our method could accelerate CIMS experimental optimization and
aid in reagent ion selection. However, successful identification requires comprehensive collections of reference spectra,
which are needed both for traditional spectral comparison and for training ML-based methods. Currently, a lack of data
standards in atmospheric science hinders similar ML advancements for CIMS and fragmentation mass spectrometry
(Sandstrom et al., 2024; Thoma et al., 2022)."

We have also clarified the utility of molecular representations and testing later in the introduction:

"The models are trained on molecular descriptors, which are mathematical transformations of the molecular structure
that make it suitable for data-driven analysis. Different descriptors are tested and compared for both classification and
regression, as each molecular representation encodes unique structural or chemical features and varies in complexity
and interpretability. We tested five different representations: properties obtained from the pesticides’ structure (RDKit-
PROP), the topological fingerprint (TopFP) (James et al., 1995), the molecular access system keys (MACCS) (Durant
et al., 2002), the Coulomb matrix (CM) (Rupp et al., 2012), and the many-body tensor representation (MBTR) (Huo and
Rupp, 2022). Using this range of molecular representations and data from diverse ionization schemes, we evaluate the
models’ ability to predict CIMS detection and signal intensity of the compounds, providing insights into how structural

characteristics influence CIMS sensitivity across different ionization methods."

We additionally included an explanation of the use of a classifier and a regression method in Section 4. Ideally, a larger

dataset, with a more balanced distribution of signal intensities (including undetected signals), would allow a direct regres-
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sion approach to predict both detection probability and signal intensity, accompanied by an in-depth chemical analysis.
Due to the current dataset’s limited size and imbalance of observations, we employed a classification approach to address
the prevalence of undetected compounds. This combined classification-regression approach is necessary for a thorough

investigation, as focusing on one alone would limit the study’s depth. The paragraph in Section 4 is now:

"In this section, we briefly introduce the two ML methods that we use in this work. Figure 2c presented a potential
problem for the direct training of a regression model: for individual ionization methods, the data is imbalanced with a
relatively high amount of undetected pesticides. This imbalance suggests that there might not be enough instances to train
a model able to generalize patterns and signals of the molecules, potentially leading to poor predictive performance. To
tackle this problem, we decided to divide the CIMS signal prediction into a classification task and a regression task. To
classify, if a pesticide is detectable or not with a specific ionization method, we will train a RF classifier. Subsequently,

we will investigate, if we can predict the corresponding CIMS intensity with KRR."

. Third, references and comparisons to alternative methods, including fundamental chemistry related to proton

affinity and other aspects of ionization chemistry that are typically used in identifying whether or not a given an-
alyte is likely to be detectable by a given ionization method, are almost completely excluded. These comparisons
form a critical foundation in establishing if and how these methods may be useful to atmospheric chemists and
would be an invaluable sanity check on whether the machine learning methods used in this study are successfully

identifying known reaction phenomena.

We appreciate this insightful comment regarding alternative methodologies for characterizing ionization, such as proton
affinity, a key parameter in proton transfer reaction mass spectrometry (PTRMS). Commonly volatile organic precursor
molecules present at relatively high concentrations are routinely quantified utilizing PTRMS instruments. However,
for direct highly functionalized aerosol precursors more selective and sensitive techniques, such as anion attachment
applying NO3;~ and 1™, for example, have been generally applied. While some property databases offer information
for standard compounds, our study focuses on developing ML methods to predict CIMS sensitivities across a range of
reagent ions and ionization mechanisms. We aim to extend this capability to include non-standard compounds, such
as highly oxygenated organic compounds, which lack tabulated properties and would otherwise require time-intensive

quantum chemical property predictions. Therein lies the added value of our work for atmospheric chemists.

The goal of our study is to learn generalized patterns of detection across a molecular population, enabling us to interpo-
late to other molecules similar to those analysed when constructing our model. Molecular descriptors are ideal for this,
as they efficiently capture a wide range of molecular properties without extensive computation. To test the ability of the
ML methods applied, we included descriptors from RDKitPROP, which can be derived from SMILES representations,

and offer indirect correlations to proton affinity. Examples include the number of hydrogen bond acceptors and the topo-
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logical polar surface area, among others. Only a subset of these were critical to model performance, as highlighted in the

main text. We added in the Introduction:

"In proton transfer reaction MS, properties like proton affinity are utilized to determine the detectability of compounds.
Although this instrument is commonly used to quantify volatile organic precursor molecules at relatively high con-
centrations, more selective and sensitive techniques are typically required for analyzing highly functionalized aerosol

precursors (e.g. NO3~ or I™ (Lee et al., 2014; Rissanen et al., 2014))."

We also added comments in Sections 3.1 and 5.3, elaborating on our gained chemical insight regarding sensitivity pre-

diction and comparison with other prediction methods. At the beginning of section 3.1, we added:

"RDKIitPROP includes 43 properties computed from the molecular structure of the pesticides (represented by a SMILES
string), by applying the function rdkit. Chem.rdMolDescriptors.Properties (Landrum, 2006). This descriptor was in-
cluded in the analysis to evaluate the models’ performance based on known properties that are computationally inexpen-

sive to obtain."

In section 5.3 we added before discussing MACCS results, and as a final comparison and conclusion:

"We observe that several of the identified important features relate to proton affinity. The number of HBA (NumHBA,
LipinskiHBA) is directly correlated to proton affinity as it calculates the number of sites available to accept a proton.
The TPSA describes the molecule’s polarity, and for certain molecules, a higher TPSA could correlate with a higher
proton affinity. HallKierAlpha correlates as well since every atom’s covalent radius is adjusted for its hybridization
state and electronegativity, reflecting the likelihood of atoms within a molecule to donate electron density to a proton.
FractionCSP3, while not correlating directly to proton affinity, might influence the overall basicity of the molecule (e.g.
a higher amount of sp® carbons in the molecule potentially affects the electron density of heteroatoms indirectly).

We note that different reagent ions react with the analyte in distinct ways (see the Introduction). While our results support
the predictive nature of properties like proton affinity, specifically for positive reagent ions, the ML model’s advantage
lies in its flexibility. As shown, this approach aligns well with established knowledge, yet the ML methodology combined
with molecular representations can relate any reagent ion or ionization mechanism to the magnitude of CIMS signals

using only the analyte molecular structure.

[...]
Overall, RDKitPROP and MACCS in combination with RF have given us valuable insights into CIMS ion-molecule

interactions. In the case of positive polarity ionization methods, the results obtained with the chemical insight analysis
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support known alternative methods of identifying whether a molecule can be detected, by highlighting a series of prop-

erties that can relate to proton affinity."

. In its current form, the manuscript’s focus is so broad and technical and references to the potential use case of

the different predictions are so incompletely addressed that the potential utility of the methods used is extremely
difficult to identify. Overall, I would suggest that the authors consider a broader atmospheric chemistry audience
in this work’s structure, meaning that a justification of why each method is selected, what it is intended to predict,
and how those predictions would be useful for a broader atmospheric chemistry community should be included
at the beginning of each section. Finally, as this work exclusively operates in a forward direction from a known
compound to predict its detection by CIMS, either additional analysis must be performed to evaluate how it might
operate backwards from CIMS data to a prediction of identity, or the paper title must be re-framed away from
a claim of providing compound identification. I again applaud the authors in this extremely impressive body of

work and wish them success in re-framing the manuscript.

Thank you again for the positive feedback on this work. Traditional methods for compound identification or annotation
typically rely on comparing an unknown compound’s spectrum to reference spectra in a database to find the closest
match. Current state-of-the-art ML models for compound identification still require these reference databases. Our ML
models are the first to introduce a data-driven approach for CIMS signal prediction in complex compounds, providing
a groundwork for future tools in atmospheric compound identification. To enable robust compound identification from
CIMS data in the future, a comprehensive and standardized dataset of atmospheric compounds would be required, ideally

collected through international collaboration. We hope this work inspires further efforts towards such a dataset.

In the Conclusions, we have revised the text to clarify and outline the steps required for future applications in compound
identification. Additionally, we have revised the title to reflect the forward prediction focus of this work more accurately.
We believe these changes address the concerns about positioning the work accurately within the landscape of CIMS and

ML based compound identification. The Conclusions were updated as follows:

"In summary, we developed a ML workflow for predicting the detection with CIMS (with a classification algorithm) and
CIMS sensitivity to molecules (with a regression algorithm) to improve atmospheric compound identification. The goal
is to evaluate if our ML model can accurately predict detections and signal intensities, thus offering a foundation to build
a database of simulated compounds’ signals for compound identification purposes with CIMS. Currently, compound
identification is typically achieved by comparing an unknown compound’s spectrum to a reference database. While this
work does not provide direct identification of unknown compounds, it establishes a methodology for developing such a

database, which could be expanded for broader use in atmospheric chemistry.

[...]
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The results demonstrate that it is possible to extract predictive information even in small experimental datasets. However,
more instances could help to generalize the structural features better and help prevent class imbalance problems. Cur-
rently, our ML models are directly applicable to predicting the detection and signal intensity of molecules with molecular
structures similar to those in our dataset. For molecules with more diverse structures, transfer learning approaches could
use these trained models as a baseline, updating learned parameters to accommodate the characteristics of new structures.
Applying our approach directly to field measurements will require a comprehensive, standardized dataset of atmospheric
compounds with a limited number of reagent ions for practical applications. Such a dataset could facilitate accurate
mapping of ionization tendencies, potentially enabling compound identification directly from field CIMS measurements

in the future."

Moreover, we agree that in its current form, the potential utility of the methods utilized is difficult to identify. In addition

to the modified Conclusions, we updated the manuscript to consider a broader atmospheric chemistry audience.

Citing comment #2, we added in the Introduction:

"Using this range of molecular representations and data from diverse ionization schemes, we evaluate the models’ ability
to predict CIMS detection and signal intensity of the compounds, providing insights into how structural characteristics

influence CIMS sensitivity across different ionization methods."

We added at the beginning of Section 3:

"A molecular representation is a transformation of a molecular structure that simplifies the structural information into a
readable input for data-driven methods. Depending on the application, they can provide a valuable cost-efficient alter-
native to computationally expensive quantum chemical computations. These descriptors are numerical representations
of atomistic systems that should fulfil certain requirements, such as being invariant to spatial and rotational transforma-
tions, invariant to permutation of atomic indices, unique, continuous, compact and computationally efficient (Himanen
et al., 2020; Huo and Rupp, 2022; Rupp, 2015; Xue and J, 2020; Langer et al., 2022). Molecular descriptors may vary
in complexity and interpretability; some reflect tangible properties that are easy for humans to understand, while others
are calculated through mathematical means and may lack intuitive interpretation. However, a universal descriptor able to
perform well for every chemical system and task does not exist. For this reason, being a first-of-a-kind study, we tested
five different descriptors (Fig. 1a) for our classification task (prediction of the detection) and regression task (prediction

of the CIMS signal intensity)."

Citing comment #2, we added at the beginning of Section 4:
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"In this section, we briefly introduce the two ML methods that we use in this work. Figure 2¢c presented a potential
problem for the direct training of a regression model: for individual ionization methods, the data is imbalanced with a
relatively high amount of undetected pesticides. This imbalance suggests that there might not be enough instances to train
a model able to generalize patterns and signals of the molecules, potentially leading to poor predictive performance. To
tackle this problem, we decided to divide the CIMS signal prediction into a classification task and a regression task. To
classify, if a pesticide is detectable or not with a specific ionization method, we will train a RF classifier. Subsequently,

we will investigate, if we can predict the corresponding CIMS intensity with KRR."

We added at the beginning of Section 5:

"In this section, we present and evaluate the performance of our trained models. For the classification, we examine the
ability of our RF models to predict the detected or undetected compounds in the test set. For the regression, we inves-
tigate whether our KRR models can accurately predict the CIMS sensitivity of the test set compounds. Furthermore,
we analyze which descriptors most effectively enhance model performance and explore whether chemical qualitative

insights can be derived from them."

. Pesticides do not present a representative sample of atmospheric compound composition; for example, they are

significantly biased towards halogenated species and phosphates. I recommend that the title and focus of the
manuscript be altered to reflect the pesticide focus area. The implications for predicting properties of atmospheric

compounds more generally should be described in a conclusions or implications section.

In addition to our motivation outlined in response to comment #1, we here cite the modified Title and the modified

Introduction with the motivation behind working with the pesticides:

"Technical note: Towards atmospheric compound identification in chemical ionization mass spectrometry with pesticide

standards and machine learning"

"In this work, we address the scarcity of atmospheric compound data standards by testing our methodology on a ref-
erence dataset of approximately 700 pesticides measured with CIMS. While pesticides represent only a small subset
of atmospheric compounds (Briiggemann et al., 2024; Houde et al., 2019), they are chemically complex, with diverse
molecular masses and functional groups that can interact in distinct ways with various reagent ions and that cover an
extended range of detection with CIMS. This structural diversity provides a relevant test case that reaches and surpasses
the complexity of many atmospheric compounds, allowing for an effective initial test of our methodology. Additionally,

pesticides are readily available as standard chemicals from chemical suppliers at an accessible cost, and the dataset size
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is comparable to those used to establish early ML compound identification tools in metabolomics (Heinonen et al., 2012;
Diihrkop et al., 2015; Brouard et al., 2016; Nguyen et al., 2018, 2019). Thus, while limited to pesticides, this dataset
offers a valuable preliminary benchmark for developing ML-based CIMS signal prediction. Once reference datasets for
atmospheric compounds become available, this methodology can be directly applied or refined to encompass a broader

range of atmospheric chemical analyses."

Additionally, as discussed in comment #4, we added a paragraph in the conclusions for predicting properties of atmo-

spheric compounds:

"The results demonstrate that it is possible to extract predictive information even in small experimental datasets. How-
ever, more instances could help to generalize the structural features better and help prevent class imbalance problems.
Currently, our ML models are directly applicable to predicting the detection and signal intensity of molecules with
molecular structures similar to those in our dataset. For molecules with more diverse structures, transfer learning ap-
proaches could use these trained models as a baseline, updating learned parameters to accommodate the characteristics
of new structures.

Applying our approach directly to field measurements will require a comprehensive, standardized dataset of atmospheric
compounds with a limited number of reagent ions for practical applications. Such a dataset could facilitate accurate
mapping of ionization tendencies, potentially enabling compound identification directly from field CIMS measurements

in the future.”

. How was fragmentation accounted for when determining whether or not a species was detectable? Was only the

parent ion included in the search?

Thank you for this question. Fragmentation was not accounted for when determining species detectability. The analy-
sis we performed was focused solely on the parent ions, as they are straightforward to identify and are more reliable
indicators in complex, unknown samples as encountered in field deployments. In principle, some molecules might still
be identifiable through characteristic fragments. However, a key advantage of atmospheric CIMS lies in its soft ioniza-
tion, which inherently minimizes fragmentation. This allows for the stable detection of primary ions, even in complex
environmental matrices, where a fragment could result from several similar species. For instance, organosulfates show
characteristic fragments like SO;~ and HSO,4~ across several mass spectrometry methods, yet HSO,4 ™ is also the ion

from which atmospheric H,SOy is quantified. We updated the main text in lines 72-73 as follows:

"The measurements from the two mixtures were combined into a single dataset for a total of 716 pesticide observations,

where each observation corresponds to the parent ion’s signal intensity. Due to CIMS’ soft ionization, the parent ion
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is expected to have the highest intensity, quantitatively, and qualitatively provides a one-to-one correspondence to the

target compound."

. Line 114: please justify this assertion- could the differences in intensity instead reflect differences in the kinetics

or thermodynamics of reactions leading to differing yields of charged parent ions?

It is indeed possible that the observed differences in parent ion signal intensity stem not only from interaction at different
sites on the analyte molecule but also from variations in the reagent ions’ properties, which could influence the strength
of interaction or the ionization kinetics. The relatively weak correlation observed between the ionization methods may
suggest that these factors—different interaction sites or distinct ionization kinetics—contribute to the differences in sig-
nal intensity. This highlights qualitative differences in how each reagent ion interacts with the target molecules in this

study. The text has been updated as follows:

"The general lack of correlation between opposite polarity ionization schemes indicates that different reagent ions inter-

act with the target molecules in distinct ways, possibly engaging with different functional groups."

. 126: please justify why the ability of t-sne to cluster compounds based on which ionization chemistry they can be

analyzed with is a justification of the ML approach- what underlying characteristics of the molecules does this
reflect? Molecular characteristics rather than appropriate ionization chemistry for a given analyte is the stated

methodological aim of this work and would be a more compelling target property for clustering or modelling.

Thank you for the comment. We agree that the clustering of ionization signals alone does not justify the machine learning
approach (see corrected sentence below) used in this study. Instead, we propose that the value of MION MS lies in its
ability to capture complementary information across different reagent ions, each probing distinct compounds or structural
features. Ideally, each reagent ion would yield unique signal intensities, providing a nuanced intensity profile that reflects
molecular structure. The t-SNE visualization allows us to examine how frequently signals from different reagent ions

qualitatively co-occur, offering insight into selectivity and interaction diversity among the ions.
This clustering does not convey direct molecular characteristics. In the main text, we initially stated:

"The presence of clear clusters suggests that the CIMS signals carry information that might allow ML to distinguish

different pesticides."

which we have now corrected to read:

10
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"The presence of clear clusters suggests that, collectively, the reagent ions have the potential to differentiate between

molecular structures."

. Please be more explicit regarding what characteristics of the molecules each descriptor is intended to elucidate,

why they are important for the atmospheric chemistry community, and how they are not currently adequately
approximated by current CIMS analysis methods. There are so many methods applied that the goal is getting lost.
The molecular descriptors section would be significantly improved by a clear explanation of each descriptor for
which modelling was attempted and a justification for why being able to predict this property would be useful for
the broader atmospheric chemistry community. This should come at the beginning of the molecular descriptors

section (before section 3.1)

Molecular descriptors are sets of features that describe the structure of a molecule, allowing ML models to predict the
type of CIMS signal a molecule will produce during analysis. These descriptors encode different aspects of a molecule,

enabling us to forecast its behaviour in specific situations, like in a CIMS measurement.

Different descriptors focus on various parts of a molecule. Some may analyze the types of atoms present, while others
examine how those atoms are arranged or bonded, providing different levels of detail. By testing a range of descriptors,
we can identify which ones best assist our models in predicting the CIMS signals of various pesticides and for different

reagent ions.

Understanding these features and determining which descriptors perform effectively for CIMS spectrum prediction is
crucial for the atmospheric chemistry community that employs CIMS to study diverse compounds. This knowledge can
lead to enhanced methods for detecting and identifying significant compounds. In future work, we plan to further test
these descriptors using datasets of atmospheric compounds and their corresponding CIMS signals as they become avail-

able. We have clarified these points by revising the text preceding Section 3.1 (mentioned as well in comment #4):

"A molecular representation is a transformation of a molecular structure that simplifies the structural information into a
readable input for data-driven methods. Depending on the application, they can provide a valuable cost-efficient alter-
native to computationally expensive quantum chemical computations. These descriptors are numerical representations
of atomistic systems that should fulfil certain requirements, such as being invariant to spatial and rotational transforma-
tions, invariant to permutation of atomic indices, unique, continuous, compact and computationally efficient (Himanen
et al., 2020; Huo and Rupp, 2022; Rupp, 2015; Xue and J, 2020; Langer et al., 2022). Molecular descriptors may vary
in complexity and interpretability; some reflect tangible properties that are easy for humans to understand, while others
are calculated through mathematical means and may lack intuitive interpretation. However, a universal descriptor able to
perform well for every chemical system and task does not exist. For this reason, being a first-of-a-kind study, we tested

five different descriptors (Fig. 1a) for our classification task (prediction of the detection) and regression task (prediction

11
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of the CIMS signal intensity)."

Section 4.3: Can you please explain the performance metrics more clearly? Is each prediction actually a Boolean
yes-no of whether the model correctly predicted the molecular descriptor? Is there no nuance on whether a pre-
diction is ‘““closer” or “farther off”’? Can you please clarify how ‘“undetected” compounds are being included in

this analysis? Earlier the same wording was used to describe compounds that were excluded from analysis?

Thank you for the comment. We first want to clarify that molecular descriptors are not the target of prediction in our
study, but the detection and signal intensity of the molecules and the models use molecular representations to predict
them. We are assuming that this comment refers to the classifier’s performance metrics. In the case of the random forest
classifier, the prediction is probabilistic. The model outputs probability scores for each class, and a threshold is set to
determine the final label of the class. In this work, we kept the default threshold, which is 0.5 (which in a binary classi-
fication can range between 0 and 1). The accuracy metric is calculated by comparing the predicted class to the reference
class. The receiver operating characteristic curve can visualize the relationship between true positives and false positives
as the mentioned threshold varies. The classifier is trained to identify "detected” or "undetected" compounds; however,
the latter are excluded from the regression task, which only predicts the signal intensity of detected compounds. These
details were mentioned in Section 4.4 Computational details, but introduced in the explanation of the area under the

curve in Section 4.3. To improve clarity, we updated Section 4.3:

"Different performance metrics will be adopted to evaluate the performance of the classifier and the regressor methods.
For the classification task, the performance will be evaluated using two metrics: accuracy and the receiver operating
characteristic (ROC) curve. The accuracy score is the fraction of correct predictions compared to the total number of

observations present in a test set:

Z (1)

=0

accuracy(y, )

S\H

where ; is the i-th predicted class, y; is its reference class and n the number of samples in the test set.

In the case of the RF classifier, the model outputs probability scores for each class, and then a threshold is applied to de-
termine the final class label, the predicted class. The ROC curve provides us with an additional performance assessment.
The curve puts the correctly classified pesticides (true positive rate, vertical axis) in relation to the incorrectly classified
ones (false positive rate, horizontal axis), across a range of different threshold levels. By varying the threshold used to
convert probability scores into class labels, we can observe the model’s performance across different operating points.
The area under the curve (AUC) quantifies the overall ability of the classifier to distinguish between the two given classes

(Géron, 2022). The more the curve shifts towards the top-left corner (with an AUC corresponding to 1), the better the

12



390

395

400

405

410

415

11.

classification. A random classifier would correspond to a diagonal line with an AUC of 0.5."

Section 5: Please provide some reference to previous methods and potential use cases when assessing performance-
for example, what methods are currently used to identify whether a given molecule will be detectable by CIMS?

Under what circumstances would this information be valuable?

Currently, the only way to identify whether a given molecule will be detectable by CIMS is based on trial and error,
by experimental means or by running quantum chemical computations. This information is needed during experiment
design, and in our case, for building a library of CIMS signals. As mentioned above, this project aims to contribute to
the compound identification of complex compounds which do not exist in current databases, by creating a model which
can predict the CIMS signal based on the structure alone. Our model can predict the signal within an order of magnitude

for a compound similar to our pesticide dataset.

In response to an earlier comment (#3), we have added two paragraphs in 5.3 before discussing MACCS results and as

a final comparison:

"We observe that several of the identified important features relate to proton affinity. The number of HBA (NumHBA,
LipinskiHBA) is directly correlated to proton affinity as it calculates the number of sites available to accept a proton.
The TPSA describes the molecule’s polarity, and for certain molecules, a higher TPSA could correlate with a higher
proton affinity. HallKierAlpha correlates as well since every atom’s covalent radius is adjusted for its hybridization
state and electronegativity, reflecting the likelihood of atoms within a molecule to donate electron density to a proton.
FractionCSP3, while not correlating directly to proton affinity, might influence the overall basicity of the molecule (e.g.
a higher amount of sp> carbons in the molecule potentially affects the electron density of heteroatoms indirectly).

We note that different reagent ions react with the analyte in distinct ways (see the Introduction). While our results support
the predictive nature of properties like proton affinity, specifically for positive reagent ions, the ML model’s advantage
lies in its flexibility. As shown, this approach aligns well with established knowledge, yet the ML methodology combined
with molecular representations can relate any reagent ion or ionization mechanism to the magnitude of CIMS signals

using only the analyte molecular structure.

[...]
Overall, RDKitPROP and MACCS in combination with RF have given us valuable insights into CIMS ion-molecule

interactions. In the case of positive polarity ionization methods, the results obtained with the chemical insight analysis
support known alternative methods of identifying whether a molecule can be detected, by highlighting a series of prop-

erties that can relate to proton affinity."
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12. 3 chemical insight: Please clarify what chemical insight you are looking for here- I think chemical insight into

why various molecules are or are not detectable by different ionization chemistries? This needs to be explicitly
stated and explained and should be the primary focus of this section. Please also make at least some reference to
the fundamental chemical mechanisms at play and how they do or do not agree with the features your model is

identifying as important in predicting whether or not a given molecule will be detectable by CIMS.

Thank you for this comment we agree that this needs to be explicitly stated and that we relate our findings to literature and
knowledge of ionization mechanisms. The chemical insight we seek relates to understanding the interactions between
reagent ions and analytes. Using our ML model, we can begin to identify which molecular features are influential in
predicting whether a molecule will yield a detectable signal. Among the molecular descriptors used, RDKitPROP and
MACCS are interpretable representations that allow us to draw connections between molecular structure and CIMS

signal prediction.

We have updated the beginning of section 5.3 as follows:

"Next, we explore the chemical insight our ML classification models offer into ion-molecule interactions. As a proof of
concept, we aim to relate the model’s findings to established knowledge and note any unexpected influential features. We
focus on the RF classifier model, as it enables straightforward identification of key molecular features associated with
signal detectability. This is achieved by analyzing which features are most influential in the RF model’s classification
decisions. We will focus on the MACCS and RDKitPROP descriptors because they are the most interpretable. In the case
of MACCS, the insight into the interaction can be extracted by analysing the occurrence of molecules detected and not
detected for each feature, i.e. each MACCS key (sub-structure) of the molecular structure. In the case of RDKitPROP,
the insight into the interaction can be formulated by analysing each feature, i.e. property. For each ionization method,
we pick the largest training set size and then obtain the feature ranking and the corresponding coefficients (importance
values) from the trained RF models for the five random seeds. We then average the importance values for each feature

and rank again."

We also added a paragraph comparing our findings with existing knowledge on reagent ion-target compound interactions.
We focused on whether the functional groups identified by our model align with known interaction patterns, highlighting
both similarities and distinctions in computational approaches and associated costs. At the end of Section 5.3, we added

the following paragraph:

"Overall, RDKitPROP and MACCS in combination with RF have given us valuable insights into CIMS ion-molecule
interactions. In the case of positive polarity ionization methods, the results obtained with the chemical insight analysis

support known alternative methods of identifying whether a molecule can be detected, by highlighting a series of proper-
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ties that can relate to proton affinity. In the case of negative polarity ionization methods, a substantial comparison can be
made with literature findings mainly based on detailed quantum chemical calculations. Based on RDKitPROP, the num-
ber of HBD in the molecule was attributed more than 10% of importance (by combining LipinskiHBD and NumHBD
percentages); while based on MACCS, HBD groups such as OH and NH were found among the most important ones.
These results agree with atmospheric chemistry studies such as Iyer et al. (2016) and Hyttinen et al. (2018), where
quantum chemical calculations indicated that for organic vapours, OH is the primary functional group interacting with
negative reagent ions. Similarly, Partovi et al. (2023), in a study of pesticide molecules, identified NH groups as sig-
nificant in interactions with Br~ when OH groups were absent. Thus, our model supports these findings by identifying
important features directly from data patterns without needing intensive quantum chemical methods.

While previous studies focused on single compound classes (e.g., homogenous sets of volatile organic compounds), or
in a limited amount of complex compounds, our method utilizes a less homogeneous and larger dataset. The chemical
insight analysis of our work provides a general profile of the interaction mechanism, supporting the findings from the
literature but also highlighting other functionalities that might affect the signal due to their relation to the electronic
structure.

This data-driven approach also required minimal computational resources due to the simplicity of the RDKitPROP and
MACCS descriptors, contrasting with the higher demands of quantum chemical calculations. Although quantum chem-
ical approaches remain essential for detailed, molecule-specific interactions, our ML model effectively reveals broader

trends, distinguishing between detected and undetected molecules across the four studied ionization schemes."

Section 6: This method works in a forward direction from a known compound to predict whether or not that com-
pound will be detectable by CIMS, and if so how sensitive different CIMS mechanisms will be to said molecule.
The conclusion states that this method will be useful in identifying atmospheric compounds, which inherently
operate in a backwards direction from a detected CIMS exact mass and intensity to the identity, structure, and
quantity of an unknown compound. Please explicitly state the suggested use case for this method, as it is not clear
to me how the process could be reversed to assist in identification of atmospheric organics in a complicated ambi-

ent environment.

We have clarified the usefulness of spectrum prediction for compound identification in response to comment #4. We will

report the updated conclusions:

"In summary, we developed a ML workflow for predicting the detection with CIMS (with a classification algorithm) and
CIMS sensitivity to molecules (with a regression algorithm) to improve atmospheric compound identification. The goal
is to evaluate if our ML model can accurately predict detections and signal intensities, thus offering a foundation to build

a database of simulated compounds’ signals for compound identification purposes with CIMS. Currently, compound
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identification is typically achieved by comparing an unknown compound’s spectrum to a reference database. While this
work does not provide direct identification of unknown compounds, it establishes a methodology for developing such a

database, which could be expanded for broader use in atmospheric chemistry.

[...]

The results demonstrate that it is possible to extract predictive information even in small experimental datasets. However,
more instances could help to generalize the structural features better and help prevent class imbalance problems. Cur-
rently, our ML models are directly applicable to predicting the detection and signal intensity of molecules with molecular
structures similar to those in our dataset. For molecules with more diverse structures, transfer learning approaches could
use these trained models as a baseline, updating learned parameters to accommodate the characteristics of new structures.
Applying our approach directly to field measurements will require a comprehensive, standardized dataset of atmospheric
compounds with a limited number of reagent ions for practical applications. Such a dataset could facilitate accurate
mapping of ionization tendencies, potentially enabling compound identification directly from field CIMS measurements

in the future."

In the section describing the importance factors for the RF models, please provide some context on the fundamen-
tal underlying chemistry as to whether the machine learning model is identifying predictors as important that are

known to be important drivers of CIMS ionization chemistry.

Following comment #12, we have now provided the context at the end of Section 5.3. We will report again the changes:

"Overall, RDKitPROP and MACCS in combination with RF have given us valuable insights into CIMS ion-molecule
interactions. In the case of positive polarity ionization methods, the results obtained with the chemical insight analysis
support known alternative methods of identifying whether a molecule can be detected, by highlighting a series of proper-
ties that can relate to proton affinity. In the case of negative polarity ionization methods, a substantial comparison can be
made with literature findings mainly based on detailed quantum chemical calculations. Based on RDKitPROP, the num-
ber of HBD in the molecule was attributed more than 10% of importance (by combining LipinskiHBD and NumHBD
percentages); while based on MACCS, HBD groups such as OH and NH were found among the most important ones.
These results agree with atmospheric chemistry studies such as Iyer et al. (2016) and Hyttinen et al. (2018), where
quantum chemical calculations indicated that for organic vapours, OH is the primary functional group interacting with
negative reagent ions. Similarly, Partovi et al. (2023), in a study of pesticide molecules, identified NH groups as sig-
nificant in interactions with Br~ when OH groups were absent. Thus, our model supports these findings by identifying
important features directly from data patterns without needing intensive quantum chemical methods.

While previous studies focused on single compound classes (e.g., homogenous sets of volatile organic compounds), or

in a limited amount of complex compounds, our method utilizes a less homogeneous and larger dataset. The chemical
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insight analysis of our work provides a general profile of the interaction mechanism, supporting the findings from the
literature but also highlighting other functionalities that might affect the signal due to their relation to the electronic
structure.

This data-driven approach also required minimal computational resources due to the simplicity of the RDKitPROP and
MACCS descriptors, contrasting with the higher demands of quantum chemical calculations. Although quantum chem-
ical approaches remain essential for detailed, molecule-specific interactions, our ML model effectively reveals broader

trends, distinguishing between detected and undetected molecules across the four studied ionization schemes."

Lines 34-42: previous work in characterization of atmospheric compound chemical properties via machine learn-

ing should be included here- (Sandstrom et al., 2024, Besel et al., 2024, others)

Thank you for the suggestion, we modified the text accordingly:

"In this article, we explore if purely data-driven machine learning (ML) can facilitate CIMS compound identification. ML
excels at pattern identification, data-driven classification and regression tasks. ML is proliferating in the natural sciences
and has started to emerge in atmospheric science for, e.g., physicochemical property prediction and characterization of
compounds (Lumiaro et al., 2021; Sandstrom et al., 2024; Besel et al., 2023, 2024; Hyttinen et al., 2022, 2024; Franklin
et al., 2022), detection of new particle formation events (Su et al., 2022), boundary layer height estimation (Krishna-
murthy et al., 2021), or aerosol classification (Siomos et al., 2020). In other chemical domains, e.g. metabolomics, ML
has successfully enabled chemical compound identification from fragmentation mass spectrometry (Erban et al., 2019;

Heinonen et al., 2012; Diihrkop et al., 2015; Brouard et al., 2016; Nguyen et al., 2018, 2019)."

Please address the treatment if isomers more completely. How many formulae corresponded to multiple isomers?

How were the properties of the isomers amalgamated?

A total of 38 molecular formulas in the dataset correspond to multiple isomers, yielding 81 isomers. Since excluding these
would further reduce the dataset size, we retained them by assigning the same signal intensity to each isomer sharing
the same formula. Each isomer is treated as a distinct data instance. However, this approach introduces a limitation, as
the models cannot differentiate between these isomers due to identical signal intensities. Additional fragmentation mass
spectrometry analyses are needed to distinguish isomers in a mixed standard solution. With larger datasets, removing
indistinguishable isomers would be necessary and possible, for creating a model focused on compound identification at

the structural level, which is our long-term goal.
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We modified the text in Section 2 to read:

"Several isomers are present in the dataset (e.g., prometryn and terbutryn, or phoxim and quinalphos). Across 38 molec-
ular formulas, there are 81 isomers in total. In CIMS, isomers produce peaks at the same mass-to-charge ratio and cannot
be distinguished with a single ionization method, as they can in, e.g., fragmentation mass spectrometry. To retain dataset
size, we included all isomers, assigning the same signal intensity to each if detected by an ionization method, and label-
ing all as undetected if no signal was present. This approach adds uncertainty to the ML model, can affect the evaluated
model performance, depending on the structural difference of the isomers, and can limit the model validity for real-world
applications requiring isomer distinction. This tradeoff allows for a larger dataset but reduces predictive accuracy at the

structural level."

Line 93: what characteristics did the undetectable pesticides share? How did these compare to the detectable
species? What does this mean for the biases of this method when applied to atmospheric organics or pesticide
mixtures? Can you please differentiate between the undetected and detected species as described in Figure 2?
If panel c is illustrating which species are detectable by a single method rather than defining “undetectable” as
meaning not detectable by any method, this should be more clearly explained and the color scheme should be
different to reflect the different definition of ‘“undetectable’’. Why does panel ¢ appear to show an about equal

number of undetected and detected species when the text states that the most species were detectable?

Thank you for the comments. In this study, specifically in Figure 2, we provided a basic analysis of the molecular size
and the elemental composition of both detectable and undetectable compounds. Panel (a), shows that the span of number
of non-hydrogen atoms is relatively similar for the detected and undetected compounds. In Panel (b) tin was easily
identified as present only in undetected molecules, but the other molecules do not have distinguishable characteristics,
making it a complex dataset. No further analysis was done for the two groups, however, we analyzed the molecules
detected and undetected individually for each ionization method in the results (Section 5.3), by analyzing the important
features of the random forest model trained on MACCS. Table 4 presents, next to the importance value, the proportion of
presence (reported as "PP%") and the average group count per molecule (reported as "Avg"). Similar results are reported

for RDKIitPROP predictor in the Supplement (Tables S16 and S17).

While pesticides are not representative of atmospheric compounds, both the descriptors discussed in Section 5.3 present
either physical properties (such as the one related to the polarity of the molecule) or functional groups present also in

atmospheric molecules (such as hydrogen bond donors groups) that might be useful for atmospheric organics.

We distinguish two cases for molecule detection in Figure 2. In the first case, a molecule is considered detected if at

least one ionization method shows a non-zero CIMS sensitivity and undetected if none of the four methods yield a
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non-zero signal. These are shown in Figures 2a and 2b, where the detected molecules outnumber the undetected ones.
In the second case, individual ionization schemes are examined (Figure 2c): here, a molecule is labeled detected or
undetected for each specific ionization method based on whether it produces a signal. To distinguish these cases clearly,
we now refer to detected and undetected molecules in Panels a and b as "Detected by at least one ionization method"
and "Undetected by all ionization methods." In Panel (c), detected is relabeled as "Detected by the specified ionization

method" and undetected compounds as "Undetected by the specified ionization method".

The number of detected and undetected compounds differs in the panels of Figure 2. Panel (a) shows that there are
572 detected pesticides and 121 undetected ones (not detected by any ionization method. Panel (c) shows the detection
counts by each ionization method. Contrary to Panel (a), where most molecules are detectable, Panel (c) shows that
positive reagent ions detect more molecules than negative ions, with AceH* detecting the most and O, ~ the fewest. This

highlights that negative ions are more selective for this dataset when detecting parent ions.

We modified the paragraph addressing Figure 2, the plot of Panel (c) and the figure’s caption as follows:

"Figure 2 presents basic dataset statistics (molecular size, element composition and detection by ionization method).
In Panel (a) and (b), we distinguish between detected, when a molecule presents a signal with at least one ionization
method, and undetected otherwise. In Panel (c),detected refers to when a molecule presents a signal for a specified

ionization method and undetected otherwise.

[...]

In Figure 2c the total count of detected and undetected pesticides for each ionization method is shown. Differing from
Panel (a), where a large number of pesticides appear to be detected, Panel (c) reveals that in contrast to the positive
reagent ions, the two negative reagent ions exhibit a higher number of undetected molecules than detected ones. Most
pesticides are detected with AceH" and fewest with O, . The figure highlights that, for this specific dataset, negative

reagent ions are more selective than positive ones for the detection of parent ions."
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Figure 2. Distribution of (a) heavy atoms, (b) element types in logarithmic scale and (c) detection rate of the four reagent ions (Br™, O,",
H;0" and AceH"). Detected pesticides are shown in red, undetected pesticides in light blue. In Panel (a) and (b), a molecule is considered
detected if at least one ionization method presents a signal (full color). In Panel (c) the detection status is determined per ionization method

individually (striped color).

18. Please more clearly explain the purpose of figure 3 panel a- I am not clear on what this is illustrating

Figure 3a illustrates the distribution of logarithmic signal intensities for each reagent ion, showing how signal values are
spread across different ionization methods. This visualization is essential, as it provides insight into the data distribution
that the model will learn from, particularly highlighting the intensity range and variance across ions. The caption has
been revised to:

Figure 3. (a) Distribution of logarithmic signal intensities for molecules detected by each of the four ionization methods,
and (b) scatter matrix of logarithmic signal intensities for molecules detected by all reagent ions, illustrating correlations

between different ionization signals.

19. Line 285- I think there are some typos in this sentence and I am not sure what it is meant to say
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We modified the sentence "We ascribe that the variance across the learning curves is moreless similar to the fact that our

datasets are extremely small." to:

"We attribute the variability in learning curves to the small size of the training dataset. When subsets of data are selected
using different random seeds, the limited number of observations leads to inconsistent sampling of data patterns, which
prevents the model from stabilizing, particularly against outliers. As a result, the variance across learning curves as the

training set size grows remains high due to the small sample size."

Figure 7: can MAE be appropriately calculated and compared on log-normal data? Please justify

Yes MAE can be appropriately calculated and compared for models predicting log-transformed data, as it reflects error
on the same scale. Before training, we log-transformed non-zero CIMS intensities to create a normal-like distribution,
minimizing the impact of outliers and stabilizing variance. In Figure 7, we present MAE based on these log-transformed
values, indicating the model’s typical error in terms of order of magnitude. We specified in section 4.4 Computational

details, the mentioned reasons. The text was changed to:

"The regressors were trained on the logarithmic CIMS intensity of the detected pesticides. Before training, we log-
transformed the non-zero CIMS intensities to create a normal-like distribution, reducing outliers’ impact and stabilizing

variance. MAE is then reported on this log scale, showing the model’s error in terms of order-of-magnitude accuracy."
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Response to Reviewer #2

Bortolussi and coauthors present machine learning methods that will be of great utility to users of chemical ionization
mass spectrometry (CIMS) for atmospheric chemical detection. The methods outlined here are described well and the
applications will allow atmospheric scientists to calculate the feasibility of a CIMS technique in detecting a potential
analyte without the need for a detailed understanding of ion-molecule interactions or quantum mechanical calculations

for estimating binding enthalpies, proton affinities, or electron affinities.

We thank you for the positive feedback.

1. One major comment is in regards to general applicability for the community. As written, it is not clear how a
field atmospheric chemist can use these outlined methods with their own instrument without first calibrating for
a massive suite of compounds. There is only brief mention that these methods can be used “prior to deployment”.
Is the idea that eventually a large library can be generated using a growing training set (beyond pesticides) and
then one can generally search if a reagent ion can detect an analyte with a considerable enough relative signal
intensity? I also understand intensities vary across instruments which I address in the specific comments. I have
other specific comments below, mainly regarding clarification on ion chemistry, fragmentation, superiority over
previous methods and linking to prior research, and general applicability that should be addressed before pub-
lication. Again, I think the methods are well-outlined and this is a helpful guide for understanding reagent ion
selectivity and CIMS detection sensitivity in a more applied way. It would be great to eventually see this extended

to other popular CIMS reagent ions like I-, NH4+, and benzene cluster cations in other work.

We envision the applicability of our methods in both the short and long term. This work demonstrates the potential for
predicting CIMS sensitivities, offers error estimates, and establishes the reference dataset size needed for accurate predic-
tions. By providing a deeper understanding of ionization mechanisms, it establishes a framework that field atmospheric

chemists can use for benchmarking with CIMS—an established tool in atmospheric studies.

In the short term, our study provides immediate value by delivering chemical insights and a benchmark for reagent ion-
pesticide sensitivity, setting a practical precedent for atmospheric chemists aiming to replicate this with other compounds.
While our study focuses on pesticides, it demonstrates a data-driven approach that can be extended for identifying
compounds using MION-CIMS in atmospheric research. For example, predictions of CIMS sensitivities for various
compounds can, in principle, help determine parent ion mass and suggest structural features, including functional groups.
With models like those developed here, sensitivities for thousands of atmospheric compounds could be predicted without
the high computational costs of e.g., quantum chemistry calculations, paving way for simulated mass spectral datasets

that field chemists could compare to their measurements for compound identification.
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However, given that our study uses a pesticide dataset, applying this model to atmospheric compounds would first require
standardized testing on a similarly sized dataset of atmospheric compounds. Our model’s accuracy is currently validated
only for pesticide-like compounds, though we show that an effective atmospheric dataset would require fewer than 1,000
compounds, collected collaboratively. With this dataset, our method could be applied through transfer learning to adapt
sensitivity predictions for atmospheric compounds. In future work, we aim to develop models tailored to other popular
CIMS reagent ions, such as I, NH;, and benzene cluster cations, thereby broadening the method’s scope and utility

across the atmospheric chemistry community.

. Lines 40-41: There are quite a few CIMS datasets now, and each set generates a massive amount of data. The issue

is more that they are not publicly available and there are not many detailed standard data sets. I would remove
the word ‘“‘data” and keep data standards. Further, you mention fragmentation but there is no method to address

fragmentation patterns in this manuscript.

Thank you for mentioning this. We have removed "data" from the sentence. Regarding fragmentation, no method is
addressed because we misused the word "fragments" when instead we meant a part of the molecular structure. To clarify

our intended meaning, we changed "fragments" to "sub-structure".

. Lines 45-46: You should elaborate on why you chose pesticides rather than more ubiquitous atmospheric com-

pounds that represent more of the reactive gas abundance. Are pesticides diverse and represent a range of func-
tional groups that can be detected with CIMS? Are they obscure and thus a good training set for difficult to

identify compounds?

Thank you for your comment. We received a similar comment from Reviewer #1 (comment #1). We will report the

response and changes here as well.

Our study utilizes CIMS, a technique widely used in atmospheric compound research, and our ultimate aim is to apply
the methods developed here to atmospheric compounds. However, we currently lack access to sufficiently large reference
datasets for a vast majority of atmospheric compounds causing secondary aerosol formation to achieve this goal directly.
Additionally, many of the direct aerosol precursor structures, such as highly oxygenated organic molecules correspond
to polyperoxide compounds that are almost certainly high-explosives in the condensed phase. Therefore, they are also

unlikely to become available in the foreseeable future.

Given this limitation, we identified a dataset of pesticides—an accessible and annotated reference set—as a practical
starting point for testing. While pesticides represent only a minor subset of atmospheric compounds (as noted in our

manuscript with references to Briiggemann et al. (2024) and Houde et al. (2019)), they encompass a wide range of
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molecular sizes and functional groups, allowing us to explore the CIMS response across diverse ionization interactions.
This structural diversity makes pesticides a suitable initial test case for developing and validating ML-based CIMS
signal prediction methods. Additionally, pesticides are readily available as standard solutions from chemical suppliers at

a manageable cost, which facilitates broader testing and replicability.

We note in our manuscript that pesticides only constitute a minor fraction of atmospheric compounds, and we highlight
our choice of this dataset as a first step in developing ML-based tools for broader compound identification in atmospheric

research.

The motivation for the use of pesticides instead of other atmospheric-related compounds has been updated in the Intro-

duction section:

"In this work, we address the scarcity of atmospheric compound data standards by testing our methodology on a ref-
erence dataset of approximately 700 pesticides measured with CIMS. While pesticides represent only a small subset
of atmospheric compounds (Briiggemann et al., 2024; Houde et al., 2019), they are chemically complex, with diverse
molecular masses and functional groups that can interact in distinct ways with various reagent ions and that cover an
extended range of detection with CIMS. This structural diversity provides a relevant test case that reaches and surpasses
the complexity of many atmospheric compounds, allowing for an effective initial test of our methodology. Additionally,
pesticides are readily available as standard chemicals from chemical suppliers at an accessible cost, and the dataset size
is comparable to those used to establish early ML compound identification tools in metabolomics (Heinonen et al., 2012;
Diihrkop et al., 2015; Brouard et al., 2016; Nguyen et al., 2018, 2019). Thus, while limited to pesticides, this dataset
offers a valuable preliminary benchmark for developing ML-based CIMS signal prediction. Once reference datasets for
atmospheric compounds become available, this methodology can be directly applied or refined to encompass a broader

range of atmospheric chemical analyses."

. Lines 74-76: Why are the routes of ionization specified for H30+ and O2- but not Br- and AceH+? Also, can

you list somewhere in the manuscript or supplement the experimental conditions for your ion-molecule reactions
in the front end of your instrument, i.e. the temperature and pressure of your reaction chamber? Many species
detected with O2- are generated as secondary compounds with signal that scales with front end pressure (and

frequency of collisions) so this would be a helpful reference.

Thank you for bringing this to our attention. In the case of Br~ and AceH", the neutral reagents are injected into the sys-
tem and ionized via an X-ray source to generate the desired reagent ions. The experimental conditions align with those
reported in Partovi et al. (2023). Our TD-MION inlet operates under atmospheric pressure conditions, and the sample
is introduced on a custom-made thermal desorption filter developed by Karsa Oy (Karsa). The temperature range in the

desorber varies from 30°C to 250°C, allowing for the gradual evaporation of pesticides based on their volatility. We have
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revised the dataset’s introduction to specify the experimental conditions and ion generation routes for each reagent ion

as follows:

"The CIMS experiments were conducted at Karsa Oy laboratory (Karsa) with a TD-MION inlet operating at atmo-
spheric pressure coupled to a linear trap quadrupole orbitrap mass spectrometer. A sample was placed on a custom-made
filter (Karsa) and heated in the desorber from 30°C to 250°C; different pesticides evaporate from the filter at various

temperatures. A schematic of the instrument and sampling methodology are presented in Partovi et al. (2023, 2024).

[.]

Each pesticide was measured with the following ionization schemes: bromide (Br™) ionization (produced from di-
bromomethane, CH,Br,); protonated acetone ((CH3),COH*, AceH") ionization (produced from acetone, (CH3),CO);
proton-transfer (H*) ionization by hydronium ions (H3O", produced from trace amounts of water, H,O"); and electron
transfer (-) ionization by dioxide (O, 7). The first two ions were obtained by feeding the neutral reagents into the ion
source, while the two latter ions were obtained by feeding dopant-free air instead. The pesticides were detected as pro-

tonated ions (AceH*, H3;0™"), as deprotonated ions (O, ), or as adduct ions (Br™)."

. Lines 85-86: The number of isomers should be listed. If there are many isomers then wouldn’t keeping isomers in

the dataset introduce considerable uncertainty for your performance metrics and chemical insights section?

This is a good observation. We detailed the effects and tradeoff that led us to include the isomers in response to Reviewer

1’s comment (#16):

A total of 38 molecular formulas in the dataset correspond to multiple isomers, yielding 81 isomers. Since excluding these
would further reduce the dataset size, we retained them by assigning the same signal intensity to each isomer sharing
the same formula. Each isomer is treated as a distinct data instance. However, this approach introduces a limitation, as
the models cannot differentiate between these isomers due to identical signal intensities. Additional fragmentation mass
spectrometry analyses are needed to distinguish isomers in a mixed standard solution. With larger datasets, removing
indistinguishable isomers would be necessary and possible, for creating a model focused on compound identification at

the structural level, which is our long-term goal.

We modified the text in Section 2 to read:

"Several isomers are present in the dataset (e.g., prometryn and terbutryn, or phoxim and quinalphos). Across 38 molec-
ular formulas, there are 81 isomers in total. In CIMS, isomers produce peaks at the same mass-to-charge ratio and cannot

be distinguished with a single ionization method, as they can in, e.g., fragmentation mass spectrometry. To retain dataset
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size, we included all isomers, assigning the same signal intensity to each if detected by an ionization method, and label-
ing all as undetected if no signal was present. This approach adds uncertainty to the ML model, can affect the evaluated
model performance, depending on the structural difference of the isomers, and can limit the model validity for real-world
applications requiring isomer distinction. This tradeoff allows for a larger dataset but reduces predictive accuracy at the

structural level."

. Lines 88-89: Was there any evidence that these species underwent fragmentation for the four ionization methods?

A strong application of the work in this manuscript could be to identify fragments that may contribute signal
artifacts to other quantified species at presumed parent masses. Using this method as is for predicting intensities
at a parent ion mass and applying to the field can get complicated when there are contributing fragments. Your

manuscript title asserting identification is not entirely true without considering potential fragments.

Thank you for this insightful comment. Our analysis focuses on the parent ion’s signal; we did not take into account
the possible fragmentation of the target molecules but assumed that they mostly remained intact during our analyses.
This assumption is supported by data collected using atmospheric chemical ionization with MION inlet, indicating no
remarkable fragmentation under our operating conditions. However, we recognize that fragmentation inherently occurs
in mass spectrometers, including orbitrap instruments. For instance, too loosely bound Br™ adducts fragment back into
the Br™ reagent ion and the neutral target molecule, and will not appear in the final spectrum. Protonated and deproto-
nated species can also fragment in ways that yield charged fragments detectable in the mass spectrum. Currently, the
orbitrap employed in this work applies mild trapping to suppress fragmentation, therefore, a low level of fragmentation

is expected.

While our dataset consists solely of signals from parent ions, we agree that identifying potential fragments could provide
additional spectral details that enhance compound identification through spectral comparison. Our current focus is to
develop models for predicting parent ion signals across various reagent ions, using these values for spectral comparison
instead. While this approach overlooks fragments, we believe their impact on our findings is likely minor, given that
previous studies in mass spectrometry have successfully employed machine learning models that map fragmentation
spectra to molecular properties based solely on sets of the strongest consistent signals (Franklin et al., 2022, AMT 15,

3779-3803). We assume that the strongest signals in our spectra correspond to the parent ions.

In field deployments, concentrating on parent ions is essential due to the complexity and unknown nature of the samples
we encounter. Although certain molecules could be identified from characteristic fragments, the strength of atmospheric
CIMS lies in its soft ionization, which minimizes fragmentation. We believe that primary ions remain detectable even
in complex environmental matrices, while fragment ions may arise from various similar species, complicating their
interpretation. For example, organosulfates exhibit characteristic fragments such as SO;~ and HSO4~ in mass spectra;

however, HSO, ™ is also the ion used for quantifying atmospheric H,SOy.
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We updated the main text in lines 72-73 as follows:

"The measurements from the two mixtures were combined into a single dataset for a total of 716 pesticide observations,
where each observation corresponds to the parent ion’s signal intensity. Due to CIMS’ soft ionization, the parent ion
is expected to have the highest intensity, quantitatively, and qualitatively provides a one-to-one correspondence to the

target compound."

. Line 101-102: You should specify that the negative ionization methods are more selective than positive ones for

detecting parent masses of this specific suite of molecules.

Thank you for pointing this out. We modified the sentence accordingly:

"The figure highlights that, for this specific dataset, negative reagent ions are more selective than positive ones."

. Line 114-115: Can you please specify what you mean by ‘different parts of the target molecules”?

Thank you for pointing this out, that sentence was not clear. Given the different correlation of intensities between the
negative polarity ionization methods with the positive ones, we can conclude that there is indeed a different interaction
between the reagent ion and the target molecule and the difference is pronounced when comparing the intensities of
opposite polarities. This is a known observation, however, it can hint that different functional groups might be involved

in the interaction leading to the detection and the intensity of the signal. We updated the sentence in lines 114-115 to:

"The general lack of correlation between opposite polarity ionization schemes indicates that different reagent ions inter-

act with the target molecules in distinct ways, possibly engaging with different functional groups."

. Line 123-124: This seems consistent with intuition for CIMS reagent ion selectivity. You should tie in previous

work using Br- and I- reagent ions for detecting these types of compounds to support this and explain why this
method for selecting a reagent ion is superior to calculating proton affinities, electron affinities, or binding en-
thalpies. One may prefer to learn Gaussian and run a few relatively quick simulations rather than collect an
extensive calibration suite and apply these methods. I understand the ML methods presented here can offer
more detailed insight than compound to compound QM simulations but since this is a technical note present-

ing developments in compound detection with CIMS, a technical comparison is warranted. Is this method more
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straightforward to implement AND more accurate than previous methods? This could be tied into your perfor-

mance metrics section since the accuracy looks pretty good.

The exploratory analysis discussed in lines 123-124 does not take into consideration any molecular structure, it is a
data-driven clustering technique calculated directly from signal intensities. Moreover, as clustering technique t-SNE is
broadly used only for visualization of the data, due to a meaningless attribution to the distance between each cluster
(t-SNE visualizes high-dimensional data in lower dimensions preserving the local similarity of data points). We do not
believe that t-SNE, as it is used in this work, is superior to calculating proton affinities, electron affinities or binding
enthalpies, we just believe that since there is a clear division of the clusters, from a data science point of view there are
higher chances to train successfully a model. Reviewer #1 had a similar comment on t-SNE (comment #8). We discussed
that the t-SNE visualization allows us to examine how frequently signals from different reagent ions qualitatively co-
occur, offering insight into selectivity and interaction diversity among the ions. In the main text, we initially stated: "The
presence of clear clusters suggests that the CIMS signals carry information that might allow ML to distinguish different

pesticides." which we have now corrected to read:

"The presence of clear clusters suggests that, collectively, the reagent ions have the potential to differentiate between

molecular structures."

However, we agree with your comment: a technical comparison is warranted and our previous version of the manuscript
did not mention any qualitative comparison between our results and the literature. A similar comment was made by the
Reviewer #1. As mentioned, we added a full paragraph at the end of section 5.3 that does a comparison with other articles
treating CIMS’ interaction mechanism between reagent ion and target molecule. Due to the differences in methodolo-
gies, it is not fully possible to compare literature results from quantum chemical calculations (compound-specific precise
results) with our machine learning models based on statistical connections and usually generalizing the features of a pop-
ulation. So we focused on the comparison of whether the functional groups that are found interacting with the reagent
ion correspond to what we have found and on the comparison of computational costs. Here is a new paragraph at the end

of section 5.3:

"Overall, RDKitPROP and MACCS in combination with RF have given us valuable insights into CIMS ion-molecule
interactions. In the case of positive polarity ionization methods, the results obtained with the chemical insight analysis
support known alternative methods of identifying whether a molecule can be detected, by highlighting a series of proper-
ties that can relate to proton affinity. In the case of negative polarity ionization methods, a substantial comparison can be
made with literature findings mainly based on detailed quantum chemical calculations. Based on RDKitPROP, the num-

ber of HBD in the molecule was attributed more than 10% of importance (by combining LipinskiHBD and NumHBD
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percentages); while based on MACCS, HBD groups such as OH and NH were found among the most important ones.
These results agree with atmospheric chemistry studies such as Iyer et al. (2016) and Hyttinen et al. (2018), where
quantum chemical calculations indicated that for organic vapours, OH is the primary functional group interacting with
negative reagent ions. Similarly, Partovi et al. (2023), in a study of pesticide molecules, identified NH groups as sig-
nificant in interactions with Br~ when OH groups were absent. Thus, our model supports these findings by identifying
important features directly from data patterns without needing intensive quantum chemical methods.

While previous studies focused on single compound classes (e.g., homogenous sets of volatile organic compounds), or
in a limited amount of complex compounds, our method utilizes a less homogeneous and larger dataset. The chemical
insight analysis of our work provides a general profile of the interaction mechanism, supporting the findings from the
literature but also highlighting other functionalities that might affect the signal due to their relation to the electronic
structure.

This data-driven approach also required minimal computational resources due to the simplicity of the RDKitPROP and
MACCS descriptors, contrasting with the higher demands of quantum chemical calculations. Although quantum chem-
ical approaches remain essential for detailed, molecule-specific interactions, our ML model effectively reveals broader

trends, distinguishing between detected and undetected molecules across the four studied ionization schemes."

Line 293-295: CIMS signal intensity should only correlate to binding strength of an analyte and reagent ion for
reagent ions that undergo adduct formation. In this case, that is only true for Br- and not applicable to the other
reagent ions. This sentence should either be revised to apply to only Br-, offer another explanation for why all

descriptors perform similarly, or remove this statement.

Thank you for pointing this out. Indeed, only Br™ undergoes appreciable adduct formation, which makes our previous
comment on binding strength incorrect for the other reagent ions. Regarding the comment on line 293 about the similar
performance of models trained with molecular descriptors that provide different structural details, we would like to offer
another explanation as to why all descriptors perform similarly. The comparable performance of different descriptors
suggests that they all capture the relationship between CIMS signal and molecular structure at a similar level of detail.
However, the fact that more information-rich descriptors, such as MBTR, do not outperform simpler ones may be at-
tributed to the nature of the dataset. The noise and variability in the data could obscure the potential advantages of these
more complex descriptors. Moreover, since we employed Kernel Ridge Regression as our model, its ability to learn

intricate patterns might be limited by the inherent challenges present in the data.

The modified paragraph beginning at line 293 now reads:

"We believe this behaviour stems from the inherent characteristics of the dataset. The noise and variability in the data

could obscure the potential advantages of these more complex descriptors. Moreover, since we employed KRR as our
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regression model, its ability to learn intricate patterns might be limited by the inherent challenges present in the data."

Line 344-345: I am a little confused by the repeated mention of binding strength for all reagent ions, since only
signals from Br- ionization should be dependent on binding enthalpies (like the Iyer et al. 2016 paper for I- ioniza-
tion cited in this manuscript). For “binding”, are you more referring to an orientation that increases the likelihood
of ion-molecule collisions, resulting in ionized analyte? In this example you mention van der Waals binding for
positive ion species, but is there a role for the higher molecular weights to correlate with proton affinity due to an
increased availability of electron density across a larger molecular structure for molecules with similar functional
groups? Although this gets complicated when considering fragmentation for larger molecules. In general, I think

you need to clarify throughout what is meant by “binding” vs. actual ionization mechanisms.

We appreciate this comment regarding our use of the term "binding." To clarify our terminology, we have replaced
"binding" with "tendency of ionization" throughout the manuscript. This change better reflects the concept of the reagent

ion’s ability to effectively ionize the target molecule.

In our revised text on lines 344-345, we highlight the significance of molecular weight and the number of atoms (Nu-
mAtoms) as key features in our model for distinguishing between detected and undetected molecules. We believe that
this importance is due to the positive correlation between molecular size and the number of potential interaction sites
with the reagent ion. A larger molecular size not only increases the available functional groups but also enhances the

collision cross-section, thereby raising the likelihood of successful ion-molecule collisions for ionization to occur.

Accordingly, we have updated the text on pages 344-345 to read:

"Similar to TPSA, CrippenClogP emphasizes the role of hydrophilicity in our interaction analysis. The importance of
molecular weight and NumAtoms indicates that larger molecular size correlates with detectability, as it provides more
functional groups, and a greater collision cross-section, thereby possibly increasing the likelihood of interactions with

the reagent ion."

I am not familiar with orbitrap mass spectrometers as routine field instruments. Do you expect applicability to
change across CIMS instruments, particularly for routinely used, but lower signal and resolution field deployable
time-of-flight mass spectrometers? You do a good job of keeping intensities and absolute differences in log space
as a way of normalizing signal, but would considerably lowering the resolution narrow your training data set and
limit predictions? In other words, do you need the resolution of an orbitrap for your compounds? Some mention

of general applicability to other instruments would be helpful.
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This is a very important point. MION inlets are already being used combined with Time-of-flight (TOF) detectors.
Thus, similar datasets could be obtained with field-deployable TOFs. However, analyzing complex samples containing
hundreds of compounds requires high mass resolution—typically on the order of 100,000 to accurately separate and
identify compounds. We tested our pesticide standards on a Tofwerk TOF instrument and found that the resolution was

insufficient to distinguish many signals, which limits its applicability for comprehensive analysis.

In recent years, advancements in orbitrap technology have made these instruments more accessible for complex sample
analysis. For example, the modern Exploris series orbitraps offer reliability, lower cost and excellent mass calibration,
making them suitable for studying complex samples. In the context of field measurements, orbitraps are now more robust
for varied environments: they feature temperature control mechanisms that stabilize performance across temperature
fluctuations, and the actual orbitrap unit is small and inside the unit. Recent studies, such as that by Keating et al. (Anal.
Chem. 2024, 96, 21, 8234-8242), have demonstrated that orbitrap instruments can be deployed in field-like environments
with stable signal and mass accuracy. Thus, we anticipate that orbitraps will increasingly be used in field studies as

portable high-resolution alternatives to TOFs, particularly for complex environmental samples.

However, we want to highlight that, as a proof of concept, the methodology developed in this work can be applied to any

lower-resolution data as well. We added in the Conclusions:

"Moreover, while this workflow was developed using high-resolution orbitrap data, it can also be utilized with lower-

resolution data, though this may introduce greater uncertainties."

In general, did you test your ML methods for compounds not identified in your training set? You generate predic-
tors and accuracy metrics for already identified species that you train with. What happens if you predict the signal
intensity for a given concentration of a compound not in your set? I think that would be the eventual, broader
application of these methods. It would also assert the superiority of the presented methods over previous ones, in

addition to showing how it could advance our understanding of ion-molecule interactions in CIMS.

That is a good observation. Our objective is indeed to train ML models applicable to compounds not seen in the training
set. To assess our models’ capability to generalize to unseen compounds, we report their performance on an independent
test set. This test data, representing approximately 20% of the dataset, is withheld during training and acts as an out-of-

sample subset, enabling us to evaluate model generalizability beyond the training compounds.

While our current work focuses on pesticides, testing on atmospheric compounds would be a logical next step. This
would require a standardized set of atmospheric compound measurements from MION MS measurements, which we
currently do not have access to. However, for compounds structurally similar to those in the training set, the model can
be used without further modification, providing predictions within the error range presented here. If new compounds

have significantly different structural features, the model may require retraining or updating with additional molecular
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classes, so-called transfer learning. Transfer learning could allow us to adapt a pre-trained model by updating it with data

for additional compounds.
To clarify that the models were tested on compounds outside the training set, we modified the following part in the

section "4.4 Computational details":

"We train a separate classification and regression model for each ionization method. The datasets were randomly split
into test (20%) and training (80%) sets, ensuring that the trained model’s performance is evaluated with an out-of-sample

subset of data."

and added the following part in the Conclusions:

"Currently, our ML models are directly applicable to predicting the detection and signal intensity of molecules with
molecular structures similar to those in our dataset. For molecules with more diverse structures, transfer learning ap-
proaches could use these trained models as a baseline, updating learned parameters to accommodate the characteristics

of new structures."

Line 25-26: The sentence about MIONs seems out of place in that paragraph. It should be merged more with

CIMS benefits rather than come right after “but compound identification remains challenging”.

The sentence was revised as suggested.

Line 171: You should specify that the Coulomb matrix is M.

Thank you for noticing this. We revised the sentence as suggested:

"The Coulomb matrix (M, Fig. 5c) encodes [...]"

. Line 336-337: Please explain a little more what you mean by ... if the polarity is right...”.

Thank you for pointing this out. We have realized that the sentence contains a typo. We revised it for clarity, now it states:
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"The high importance of TPSA highlights the significance of the molecular polar surface in the ionization mechanism.
The polarity of the target molecule can increase the chances of interacting with the reagent ion, therefore increasing the

resulting signal intensity."

Line 284-285: This last sentence needs to be rewritten. I am assuming you mean that you are attributing the vari-

ance in the learning curves to the small size of the datasets?

Thank you for the observation. We agree and have revised the sentence for clarity, addressing both your comment and

Reviewer #1°s feedback (Comment #20). The updated sentence now reads:

"We attribute the variability in learning curves to the small size of the training dataset. When subsets of data are selected
using different random seeds, the limited number of observations leads to inconsistent sampling of data patterns, which
prevents the model from stabilizing, particularly against outliers. As a result, the variance across learning curves as the

training set size grows remains high due to the small sample size."
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