We thank the reviewers for the thoughtful comments. We address each comment individually below, with
the reviewers' initial comment in black and our responses in blue. A track changes version showing all
changes made to the manuscript is appended at the end.

Response to Reviewer #1

The authors present a well structured detailed report of method they are proposing to analyse
thermograms collected using FIGAERO-CIMS data. Although the manuscript focusses on cluster analysis,
it clear that a considerable amount of work has gone into collecting the data, and developing and trialling
the method (Noise-Sorted Scanning Clustering). It is difficult to find fault in the work. Their introduction
gives a good panorama of the cluster analysis and air quality data vista. They select the various suitable
cluster analysis methods and make comparisons using their data before justifying their choice of NSSC.
The data flow is well described and supported by illustrations and them exemplified by application to
laboratory generated SOA. It will be interesting to see how this method deals with ambient data. The
following points are simply minor considerations on how to improve the presentation taking into
consideration this is a paper on a new method of clustering and as a reader, | am asking if | could reproduce
this method for a different application or in a different code.

We first thank the reviewer for the positive assessment. We think the NSSC method is fairly easy to
transfer to a different code. The application of NSSC can be potentially expanded to any composition-
resolved data sets, such as diurnal changes of different compounds measured in ambient air, temporal
changes of different generations of species in a smog chamber, and composition-dependent size
distributions. All of the above data sets share a common property that the noise of the curve/spectrum is
related to the composition. We have expanded the discussion of the application of NSSC in section 5.

“This paper focuses only on the description of the clustering algorithm and its potential as a tool to
characterize the thermal properties of organic aerosol in further detail. The application of NSSC can be
potentially expanded to any other composition-resolved data sets, such as diurnal changes of different
compounds measured in ambient air, temporal changes of different generations of species in a smog
chamber, and composition-dependent size distributions. All of the above data sets share a common
property that the noise of the curve/spectrum is related to the composition. Therefore, NSSC would
facilitate the analysis by taking noise into consideration.”

To the reviewers point that this will be interesting to see how the method deals with ambient data, we
agree and are actively pursuing this idea.

1. | appreciate the descriptions given of the methods and especially figure 2 and | am asking myself if more
detailed mathematics be included to describe the method?

The reviewer raises an important point. Figure 2 serves to provide an overview of the flow of NSSC method
to help readers understand the algorithm. Therefore, we made figure 2 a more generic description. We
described all of the detailed mathematics in the text only because most of these parameters are ultimately
data-specific and user-defined.

2. | can see that there is a lot of information conveyed in figures 5, 7, 9, 10 and especially 13 and | am
asking myself if they can be enhanced to better convey their message?



The reviewer raises an important point. There are indeed a lot of information in each of the figure the
reviewer mentions. For figure 5 and 7, we think they are the best way to provide clustering results for
simple single-precursor SOA systems at the moment. We have tried to plot all the average cluster
thermograms in one figure. However, due to the existence of many overlaps, it makes the comparison
between different clusters more difficult. We have also tried to use pie chart instead of bars to show the
percentage contribution of clusters. We think they are equally efficient in conveying information and the
bar chart is more convenient when different systems are compared in one figure. For figure 10 and 13,
they show the clustering results of a set of experiments using the multiple clustering approach. It is
necessary to show all the averaged thermograms of all the experiments in order to find which of the
thermograms is common in different experiments while which of the thermogram is unique in only one
experiment. As for the bar charts, it would be clearer to show the percentage contribution of grouped
clusters based on Trso as is described in section 4.4.2. However, we choose to leave the original, detailed
information in the figure to both give an example of the detailed clustering results of NSSC and let the
readers explore further interpretations of the clustering results. Therefore, we have not made
modifications to these figures. We note that we have provided the information from these figures in an
accessible, downloadable format with the associated dataset so that readers can explore the data
further.

Response to Reviewer #2

Note: This review is focused on the clustering aspects of the paper only. | make no comment on whether
the generated clusters constitute a useful and valid contribution to the analysis of composition-
dependent organic aerosol thermal desorption measurements as this is not in my area of expertise. | leave
that for others to comment on.

From the title and abstract | was expecting to read about a new clustering algorithm. However, this paper
presents a data pre-processing step before using DBScan, followed by an application-specific post-
clustering process.

Summary The section on the clustering process should be re-written. This is not a new clustering
algorithm, but a method of pre- and post-processing data to provide useful analysis. | do not deny the
usefulness of the analysis, its methodology or results. There are also points below that should be clarified.

We first thank the reviewer for the thoughtful comments on the clustering algorithm. The reviewer’s
comments have helped us to clarify aspects of the manuscript, making clearer the unique aspects of this
work.

We agree that the NSSC stems from DBScan, and noted as much in the text when we state that the NSSC
is “a novel variant of the DBSCAN algorithm.” However, we contend that the NSSC differs from DBScan in
important ways besides the process of seeds sorting and second-round clustering the reviewer mentions,
making it sufficiently “new.” For example, the way NSSC and DBScan define a cluster differ. Details will be
described in the following responses. (Perhaps semantics, but we would also contend that the
“preprocessing” and “post-clustering process” constitute part of the overall algorithm. A definition of
algorithm is “a process or set of rules to be followed in calculations or other problem-solving operations,
especially by a computer.”) At the current stage, NSSC is designed specifically for FIGAERO-CIMS



thermograms, but has the potential to be applied to other composition-specific data sets. The values of
many parameters and factors used in the data processing are empirically derived. Ultimately, they can be
adjusted by users based on their specific applications. All this said, we have made revisions to the
manuscript to more clearly indicate the link to the DBScan algorithm, including in the abstract.

1. DBScan is compared to other clustering algorithms, however these alternatives are significantly
different in their intended use, i.e. they generate hype-ellipsoidal clusters, whereas DBScan is specifically
targeted at arbitrarily shaped clusters. It would be better to compare DBScan with similar algorithms. For
the purposes of this paper, | am not sure that comparison to other algorithms is required.

The reviewer raises an important point about the comparison of different clustering algorithms. As the
reviewer noted, DBScan and other algorithms have different intended use. For the FIGAERO-CIMS
thermograms, however, it is difficult to define the data as hyper-ellipsoidal clusters or arbitrarily shaped
clusters. Therefore, we tried DBScan, k-means, k-medoids and mean-shift, as they are well-known and
most commonly used clustering algorithms. A brief description and comparison of these methods are
presented in section 2.3 to give a context of why we chose NSSC. We believe this comparison provides
value, especially as the only other attempt at clustering FIGAERO data that we are aware of used k-means.

2. Line 111 states ‘a novel variant of DBScan’. The clustering algorithm used appears unchanged from
DBScan, but rather a pre-processing technique of ordering the data is utilised before clustering.

The reviewer points out that the seed-sorting process of NSSC should not be considered as a variant of
DBScan. We understand that this distinction is important to make, although contend that the “algorithm”
encompasses the entire set of standardized procedures used, including pre-processing. By adding the pre-
processing and post-processing steps, the NSSC is definitionally a “variant.” (Variant, noun, “a form or
version of something that differs in some respect from other forms of the same thing or from a standard.”)
We also note that there is an additional aspect that makes NSSC different from DBScan. To the best of our
knowledge, in a cluster defined by DBScan, there are a core point, directly reachable points and reachable
points. Directly reachable points are within the criterial distance € of the core point, while reachable points
are within the distance ¢ of directly reachable points or other reachable points. The inclusion of reachable
points is the key reason why DBScan can find arbitrarily shaped clusters. However, NSSC only considers
the core point (seed) and the directly reachable points (neighbors) as a cluster in the first step. There is a
second step of clustering where the seed is redefined based on the cluster average thus far and new
directly reachable points added, expanding the number of members that are included in a given cluster.
However, the number of new members added in this second step tends to be small. In some ways, NSSC
is more similar to for example k-means in a way it generates hype-ellipsoidal clusters. We have clarified
the difference between NSSC and DBScan in section 2.3.

“Noisy members tend to naturally be excluded from any clusters. NSSC is a variant of DBSCAN. It does,
however, differ from the standard DBSCAN algorithm because NSSC only searches for neighbors of the
seed, while DBSCAN also searches for neighbors of the neighbors. As such, the sorting of seeds by noise
levels is a key aspect of the NSSC algorithm which we have found provides for more robust clustering
results.”

3. Line 132 ‘absolute magnitude’ is moot, magnitude has no direction.

We have deleted “absolute”.



4. The paragraph from lines 134-144 describes a process based on a number of factors which are not
justified. This leaves the questions: why 100 points; why +/- 50 points; and why is an anomaly only outside
of -3*c and not outside of +3c also?

The reviewer raises an important point about justification of several values used in the pre-processing
analysis. These values are derived based on consideration of 10 different smog chamber experiments with
different chemical systems but similar FIGAERO-CIMS operation. The number of points we determined
should be used for noise determination (100 points) derives from inspection of the thermograms from
the different experiments and our finding that, as stated, during this period the “signals are usually
relatively constant.” Use of more points leads to undesirable incorporation of times when the signals are
still declining during the soaking period, increasing the standard deviation. Use of fewer points leads to
larger overall noise levels. We have added statements to this effect to the manuscript. The number of
points used to determine the minimum signal (+/-50) was determined based on the temperature ramping
speed and a desire to identify as “noisy” only those thermograms that exhibited large negative deviations.
We established that use of many fewer points led to an over-sensitivity to small fluctuations. Use of a
greater number of points led to excessive smoothing. Additionally, the selection of +/- 50 points for
calculating the minimum provides consistency with the number of points averaged for determining the
noise. An anomaly refers to only outside of -3c because the values in a thermogram are all background
corrected and expected to be positive. So, Amin < -3 indicates that the minimum is at least three standard
deviations below zero. We have added a discussion of the values of factors used in this paper at the
beginning of section 2.1.1 to clarify.

“Estimate a reference noise level (cref) for each thermogram as the standard deviation of the last 100
points (corresponding to 500 seconds) of the thermogram at the end of the constant-temperature soaking
period, during which the signals are usually relatively constant. Use of more points incorporates times
when the signals were still decreasing, while use of fewer points provides a less robust estimate of the
noise level. (ii) Find the minimum in the thermogram and calculate the average of this and the 50 points
(corresponding to 250 seconds, or 100 points) before and after the minimum, Ami.. This provides for
consistency with the determination of o (iii) Identify thermograms for which Amin < -3*|Grer| as
anomalous and exclude these associated ions from further analysis. In other words, when a thermogram
has a valley with averaged negative values exceeding the magnitude of three times of the reference noise
level, then it is considered anomalous. The specific criteria specified above were determined based on
consideration of thermograms from 10 distinct SOA experiments. While these criteria should be robustly
applicable to other FIGAERO-CIMS datasets, they can be adjusted depending on the specific application,
data quality, and needs.”

5. Similarly, lines 171-182 use a smoothing over 35 points. It is not clear how this smoothing is carried out,
e.g. a mean of 35 points? Is it +17/-18, or -35, or +35 points that are smoothed? If the thermograms have
peaks around 40 points wide are we seeing the mean of the value in the peak? If so how does this correlate
with ‘retaining the peak shape’? | think this should be clarified.

A boxcar smoothing function is used, where the average is for the central point and the (N-1)/2 points
before and after the point, where N is the number of points in the boxcar, here 35; this applies to all points
that are at least 1+(N-1)/2 points from the edges (the first and last point). We now state that a boxcar
smoothing function is used. Points that are closer to the edges than 1+(N-1)/2 points are excluded. Thus,
the smoothed thermogram has N-1 fewer points than the unsmoothed, here a total of 34 out of 800. Since
peaks are almost never observed at the start or end of the thermogram this exclusion of points does not
impact the determination of the smoothed maximum for each thermogram. As to “retaining the peak



shape,” such smoothing only occasionally leads to lowering of the especially sharp peaks, however, will
retain the location and shape of most peaks. We also show an example smoothed thermogram, compared
to the original thermogram, below. This example is a reasonable sharp thermogram, to illustrate that the
shape is nominally preserved, although the maximum is certainly reduced relative to the single-point
maximum. We have not included such a figure in the manuscript, although have expanded the description
of the smoothing in section 2.1.2.

“Normalization is achieved by dividing each point of the original thermogram by the thermogram
maximum, where the maximum is determined after smoothing using a 35-point boxcar moving average
with the end points excluded from the smoothed thermogram.”
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6. Similarly, line 190 recommends a weighting of 4:1. How has this value been arrived at?

The value is empirical based on the information two different heating stages carry. We have also tried 1:1,
2:1 and 10:1 for the example data sets, yet 4:1 leads to the best clustering results. This value is ultimately
user-defined depending on what kind of information they are trying to extract from the thermograms. We
have expanded the discussion regarding this weighting factor.

“we recommend down-weighting the soaking period such that the ramping and soaking periods ultimately
carry approximately 4:1 weight in the calculation of the ED. We have tested weighting of 1:1, 2:1 and 10:1.
Weighting of 4:1 provides for the most robust clustering results for the example datasets.”

7. Lines 216-218 discuss the removal of noise. DBScan is considered deterministic for core points and
noise. Noisy data would normally be identified and be members of clusters < minpts. Is there a danger
that data identified with ‘high levels of noise’ is excluded when, despite the noise, it is similar enough to
be included in a cluster?



The reviewer raises an important point about the treatment of noisy thermograms in the data processing
stage. As we described in section 2.1.3, the noise level is inversely related to the signal level of an ion.
Therefore, the excluded noisy data are usually unimportant and makes up only a small fraction of total
signal. For all the example data sets, we have not discovered any excluded noisy thermogram carrying
significant mass that also has a shape clearly similar to the clustered thermograms. We note that one
reason for excluding the noisy thermograms is that this defines a criteria that helps guide inspection of
the single-ion clusters (i.e., those having fewer than minpts). Similar to DBSCAN, the NSSC also has the
ability to identify noisy data or outliers due to the insert of seed-sorting process. In most cases, NSSC with
and without a pre-removal of noisy data gives identical clustering results. The user can choose to skip the
treatment of noisy data, if desired. We have added the following as additional context regarding removal
of noisy thermogrames.

“This is especially the case for algorithms such as k-means and partitioning around medoids, which assign
all the members to a cluster. Clustering methods that do not require assignment of all members, such as
DBSCAN or our NSSC, are generally less sensitive to the influence of overly noisy members. However, we
have found that the explicit exclusion of noisy thermograms up front serves to provide for more robust
behavior and also removes the need to consider each noisy thermogram as a possible single-member
cluster.”

8. Lines 226-235 appear to form the work being considered as ‘a novel variant of DBScan’. This describes
DBScan with no alterations, except to force the order of data to consider ‘seed thermograms’ first. This is
a pre-processing stage of the data, rather than a novel clustering algorithm. DBScan is deterministic if data
order is preserved. If data order is not preserved then it is deterministic for core and noise, with only
border points varying in some cases. I'd be interested to see how the border points vary to justify forcing
the data order. Are the results generated by forcing the data order better simply because they [are]
consistent with each run, whereas random initialisation is not? If so, is it possible to identify which
thermograms change cluster and consider why?

As we discussed in the response to comment #2, the clustering algorithm of NSSC also differs from that
of DBScan in the way they determine neighbors with a seed. We have expanded the discussion of the
differences of NSSC and DBScan in section 2.3 and added the following statement to the description of
the NSSC regarding the treatment of the seed: “The seed does not evolve as neighbors are added to the
cluster during this step.” For the same dataset, NSSC generally results in more clusters. In NSSC there will
not be border points, unlike DBScan, because there is only one time of scanning for each seed.

9. Lines 240-255 describe the DBScan algorithm. | am unclear how this varies from standard DBScan.
Cycling through those thermograms identified as ‘seeds’ could equally be done by ordering the data by
order of noise, then using the data, in order, to run standard DBScan.

As we discussed in the response to comment #2, the clustering algorithm of NSSC also differs from that
of DBScan in the way they determine neighbors with a seed, besides the inclusion of seed-sorting and
second-round of clustering processes.

10. Line 240 refers to Figure 2. This is not a suitable method for presenting an algorithm and a formal
pseudo-code should be used. This may help clear up any confusion over the similarities or differences
between DBScan and the method proposed.



It is our understanding that flowcharts are generally accepted as a way to present algorithms. Flowcharts
for algorithm presentation have reasonably standardized symbols and structure, which we have
endeavored to follow. When deciding between whether to include a flowchart or pseudocode, we
considered whom we thought most likely to read and use this work and concluded the target audience is
atmospheric chemists and other FIGAERO-CIMS users. As atmospheric chemists are generally familiar with
flowcharts, but typically have less familiarity with pseudocode, we decided that presentation of our
algorithm as a flowchart was preferable. We understand the reviewers point that clear distinction
between DBScan and NSSC is necessary, and have added to the text to help in this regard, as discussed
above. We note finally that the complete code of NSSC is also available at GitHub
(https://github.com/chriscappa/NSSC).

11. Lines 256 — 269 describe a ‘second round’ of clustering. This generates new data for each cluster in
the form of a ‘signal weighted average’, presumably of the cluster members. A thermogram that is within
€ of the average, but not already clustered suggests that it is a border point, but below the minpts
threshold for inclusion? (I am unclear how a thermogram can be within ¢ of the average, but not within ¢
of minpts of other cluster members?) This part appears to be a novel ‘second stage’, however | would not
consider this to be a clustering algorithm in itself, but rather a post-processing step to tidy up ‘stragglers’,
which is application specific.

As we discussed in the response to comment #2, the clustering algorithm of NSSC is different from that of
DBScan in the way they determine neighbors with a seed. Therefore, there is no concept of “border points”
in NSSC. Since the average thermogram of a cluster can be slightly different from seed thermogram, this
second round of clustering is necessary to tidy up stragglers. The algorithm of the second round is more
similar to how mean-shift method adjust the existing clusters. Therefore, we think this should be
considered to be part of the algorithm.

12. Section 2.2.3 Describes a process for selecting an optimal € value. The selection of ¢ is based on fuzzy
terms such as ‘small’ and ‘near the maximum’. Figure 2 4 shows a clear value of € in this case, is this the
same for all analyses?

The reviewer raises an important point on the determination of optimal €. In order to find the optimal g,
NSSC has to be run on the dataset for multiple times for a range of €. We have shown in figure 4 as an
example of how to determine the optimal €. There are four parameters exhibiting different behaviors as
a function of . At the current stage, we recommend users to determine optimal € by visually comparing
the values of these four parameters at different € with the help of a figure such as figure 4. In the future,
it would be ideal to find a way to determine the optimal &€ automatically. We note that in leaving the
decision about the optimal ¢ “fuzzy,” the approach here shares some similarity with other clustering
algorithms for which, for example, the number of clusters or the minimum epsilon must be specified. It is
our understanding that various approaches, such as “elbow plots” have been used to determine optimal
parameters, but quite often these have an element of “fuzzy”-ness to them, as here. As to the reviewer’s
guestion about whether there is a clear epsilon for all cases, we provided the determination plots for
every experiment considered in the supplemental material. Fig. 4 is one example.

13.1am also unclear from section 2.2.3 whether this selection of optimal € is generic to all future datasets
of this type, or whether this optimal selection process is required for each new set of data?


https://github.com/chriscappa/NSSC

The selection of € is specific to each experiment and dataset. However, the guidance to determine an
optimal value is generic. The determination plots, similar to Fig. 4, for each dataset are provided in the
Supplemental Material.
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Abstract

One of the challenges of understanding atmospheric organic aerosol (OA) stems from its complex
composition. Mass spectrometry is commonly used to characterize the compositional variability
of OA. Clustering of a mass spectral data set helps identify components that exhibit similar
behavior or have similar properties, facilitating understanding of sources and processes that
govern compositional variability. Here, we developed a clustering algorithm, Noise-Sorted

Scanning Clustering (NSSC), appropriate for application to thermal desorption measurements
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from the Filter Inlet for Gases and AEROsols coupled to a chemical ionization mass spectrometer
(FIGAERO-CIMS). NSSC, which extends the common DBSCAN algorithm, provides a robust,

| Deleted: NssC

reproducible analysis of the FIGAERO temperature-dependent mass spectral data. The NSSC
allows for determination of thermal profiles for compositionally distinct clusters, increasing the
accessibility and enhancing the interpretation of FIGAERO data. Applications of NSSC to several
laboratory biogenic secondary organic aerosol (BSOA) systems demonstrate the ability of NSSC
to distinguish different types of thermal behaviors for the components comprising the particles
along with the relative mass contributions and chemical properties (e.g. average molecular
formula) of each cluster. For each of the systems examined, more than 80% of the total mass is
clustered into 9-13 clusters. Comparison of the average thermograms of the clusters between
systems indicate some commonalty in terms of the thermal properties of different BSOA,
although with some system-specific behavior. Application of NSSC to sets of experiments in which
one experimental parameter, such as the concentration of NO, is varied demonstrates the
potential for clustering to elucidate the chemical factors that drive changes in the thermal
properties of OA. Further quantitative interpretation of the clustered thermograms followed by
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clustering will allow for more comprehensive understanding of the thermochemical properties
of OA.

1. Introduction

Atmospheric particles are composed of hundreds to thousands of individual compounds
(e.g., Hamilton et al., 2004; Goldstein and Galbally, 2007), reflecting the many different sources
and the variety of chemical pathways that lead to their formation and growth. Various mass
spectrometry (MS) methods provide for characterization of this compositional variability, among
other techniques. Individual MS methods yield different insights into particle composition,
dependent upon the chemical selectivity of the method. Application of various data reduction
methods, such as clustering or matrix factorization, helps to reduce the inherent compositional
complexity and develop understanding of the sources and chemical transformations that
determine particle composition. Clustering and matrix factorization are complementary methods.
In this work, we develop and apply a new clustering method to measurements of the evolved gas
composition derived from thermal desorption of organic aerosol, specifically to measurements
from the Filter Inlet for Gases and AEROsols (Lopez-Hilfiker et al., 2014) coupled with chemical
ionization mass spectrometry (Lee et al., 2014) (FIGAERO-CIMS). The clustering method
developed here facilitates interpretation of variability in organic aerosol composition and
volatility, and how these depend on formation conditions.

Clustering methods applied across many research fields have aided in the interpretation
and understanding of large data sets. Clustering methods work by classifying data into several
groups according to the similarity between one or more properties. In the field of atmospheric
chemistry, clustering methods have been applied to a variety of data types. Examples include:
back trajectories of trace gases (Cape et al., 2000) or particles (Abdalmogith and Harrison, 2005;
Pinero-Garcia et al., 2015), helping to elucidate the origin and transport of pollutants; particle
size distributions, providing information on aerosol emission and formation (Beddows et al., 2009;
Wegner et al., 2012); and, the morphology of and organic functional groups comprising individual
particles, allowing for classification of the types of organic carbon (Takahama et al., 2007).

Beyond the above examples, clustering methods have been extensively applied to the

interpretation of single particle mass spectra, serving to characterize variability in their chemical
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composition and identify the sources and extent of chemical processing (e.g., Gaston et al., 2013;
Lee et al., 2015). While clustering is a general method, a variety of specific algorithms have been
developed for application to a given particle mass spectral dataset. The algorithms applied to
analysis of single particle mass spectra include: K-means (Giorio et al., 2012; Liu et al., 2013; Lee
et al., 2015); fuzzy c-means (Kirchner et al., 2003; Roth et al., 2016); density-based special
clustering of applications with noise (DBSCAN) (Zhou et al., 2006); neural network-based
methods, such as an algorithm derived from Adaptive Resonance Theory (ART-2a) (Song et al.,
1999; Zhao et al., 2008; Giorio et al., 2012); hierarchical clustering (Murphy et al., 2003; Rebotier
and Prather, 2007); and, some combined algorithms (Zhao et al., 2008; Reitz et al., 2016). Each
clustering algorithm has strengths and weaknesses. In some cases, different algorithms are
equally effective and lead to similar categorization of the same data set, while in other cases
quite different results are obtained (Zhao et al., 2008). For example, K-means and ART-2a gave
broadly similar results on a regional particle data set (Giorio et al., 2012), and K-means performed
as well as a variant of hierarchical clustering method on four particle data sets_(Rebotier and
Prather, 2007).

Here, we describe and apply a new clustering method, a novel extension of DBSCAN

appropriate for analysis of combined thermal desorption-mass spectral measurements of organic
particle composition, specifically applied to data from the FIGAERO-CIMS. FIGAERO-CIMS has
beenincreasingly used in field (e.g. Gaston et al., 2016; Lee et al., 2016; Lopez-Hilfiker et al., 2016;
Mohr et al., 2017; Huang et al., 2018; Le Breton et al., 2019) and laboratory studies (e.g.Lopez-
Hilfiker et al., 2015; D'Ambro et al., 2017; Wang and Ruiz, 2018) to develop understanding of the
molecular composition of organic aerosols. A key feature of FIGAERO-CIMS is the ability to
characterize the thermal behavior of organic compounds in particles on a near molecular level
(Lopez-Hilfiker et al., 2014). The use of chemical ionization, a relatively soft ionization method,
facilitates detection and characterization of both monomeric and oligomeric parent compounds
in organic aerosols. In FIGAERO-CIMS, particles are collected and then thermally desorbed, with
mass spectra of the evolved gases measured as a function of temperature. This can also be
displayed as a thermogram: the concentration of an ion or sum of ions as a function of desorption

temperature. The temperature at which a thermogram reaches maximum signal, or Tmax, provide
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information on the volatility, while particularly broad desorption shapes can indicate thermal
decomposition, suggesting the presence of lower volatility, possibly oligomeric, material (Lopez-
Hilfiker et al., 2014). A typical FIGAERO-CIMS mass spectrum of either ambient or
laboratory-generated organic aerosol consists of hundreds of individual ions and thermogrames,
(D'Ambro et al., 2018; Lee et al., 2018).

Previous studies using FIGAERO-CIMS provided insights into particle composition, including
the presence of lower volatility material, based on analysis of the thermograms of several major
ions (Lopez-Hilfiker et al., 2014; D'Ambro et al., 2017; D'Ambro et al., 2018; Lee et al., 2018). We
expand on this previous work through the application of cluster analysis to FIGAERO-CIMS
thermograms. Clustering of FIGAERO-CIMS data provides a means to expand the understanding
developed from single-ion thermograms and establish the contributions of different types of
thermograms to the bulk particles. One previous study clustered FIGAERO-CIMS data using the
K-means algorithm using two parameters: the ion molecular weight and the maximum
desorption temperature (Faxon et al., 2018). What distinguishes our work is that we cluster the
thermogram across the entire desorption period for each ion, with ions grouped according to the
similarity of their overall volatility distribution. We have considered the performance of various
clustering algorithms (including K-means), ultimately concluding that a novel variant of the

DBSCAN algorithm, which we develop here_and name noise-sorted scanning clustering (NSSC),

provides robust performance and has several advantages over other existing algorithms for
FIGAERO-CIMS data. The NSSC algorithm is applied to several laboratory data sets of secondary
organic aerosol (SOA) formed from various precursors and under various conditions, some are
previously described (D'Ambro et al., 2018). In this work we do not aim to provide comprehensive
interpretation of the resulting clustered thermograms in terms of their thermo-chemical
properties (Schobesberger et al., 2018), only to illustrate the potential of clustering to enhance

interpretation of FIGAERO-CIMS and other similar data.

2. Clustering Method Description

Application of a given clustering algorithm to a particular data type involves a number of

steps. Below, we discuss the specific steps for clustering of FIGAERO-CIMS data, including a
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description of our noise-sorted scanning clustering algorithm. A brief discussion of other

algorithms is also provided.

2.1. Data Preprocessing

2.1.1. Exclusion of anomalous thermograms

The quality of the data set should be examined prior to clustering. A typical thermogram
exhibits a continuous evolution to a peak, peaking during a temperature ramping period, after
which there is a steady decrease in signal-to-background over time during a constant-
temperature soaking period; the background-corrected signal at all temperatures remains above
zero or around zero within the uncertainties. See section 3.1 for further details of the FIGAERO-

CIMS. An anomalous thermogram, however, contains negative signal with large magnitude.

[ Deleted: absolute

Anomalous thermograms should be excluded from the clustering to assure the quality of
the results, although most such thermograms do not end up clustered with other ions.
Anomalous thermograms are identified as follows. (i) Estimate a reference noise level (cref) for
each thermogram as the standard deviation of the last 100 points (corresponding to 500 seconds)
of the thermogram at the end of the constant-temperature soaking period, during which the

signals are usually relatively constant. Use of more points incorporates times when the signals

were still decreasing, while use of fewer points provides a less robust estimate of the noise level.

(i) Find the minimum in the thermogram and calculate the average of this and the 50 points
(corresponding to 250 seconds, or 100 points) before and after the minimum, Amin. This provides

for consistency with the determination of o (iii) Identify thermograms for which Amin< -3* | Gref|

as anomalous and exclude these associated ions from further analysis. In other words, when a
thermogram has a valley with averaged negative values exceeding the magnitude of three times

of the reference noise level, then it is considered anomalous. The specific criteria specified above

were determined based on consideration of thermograms from 10 distinct SOA experiments.

While these criteria should be robustly applicable to other FIGAERO-CIMS datasets, they can be

adjusted depending on the specific application, data quality, and needs.

Ideally, when anomalous ions are identified the original data would be inspected to identify

the likely origin of the anomalous behavior. Possible origins include problems with background
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subtraction when the blank has substantially higher signal levels than the particle samples, which
can happen when there is residual contamination or incomplete separation of ions having the
same nominal mass. It is also possible that the components detected for the same ion are
different for the particle and blank measurements. In the example systems considered here, we
identified up to five anomalous ions out of what is typically a few hundred total ions.

In some cases, it is desirable to compare thermograms between related experiments, for
example the experiments discussed here that investigated the influence of NO concentration on
SOA formation (Section 4.3) and the impact of isothermal dilution on SOA composition and
volatility (Section 4.4). In such cases, ions identified as anomalous for one experiment are

excluded from analysis for all related experiments to ensure consistency.

2.1.2. Euclidean Distance

Any clustering algorithm requires a metric to determine the similarity between two
members in the data set. Here, we use the commonly used Euclidean Distance (ED) as the metric.
A smaller ED indicates greater similarity. A FIGAERO thermogram has n points, with all
thermograms having an equal number of points in a data set. A data set here is defined as the
collection of thermograms for all individual ions measured for a single desorption event. The ED

between two thermograms a and b is calculated as:

EDa,b = Zn (an - bn)z (1)

An individual ED value is obtained for every pair of ions in the mass spectrum, resulting in an n x
n matrix of ED values with the diagonal elements all zero. The signal levels between individual
ions differ substantially, reflecting their relative abundances. Therefore, the ED calculation uses
normalized thermogrames, allowing for comparison between thermogram profiles irrespective of
signal magnitude. Normalization is achieved by dividing each point of the original thermogram

by the thermogram maximum, where the maximum is determined after smoothing using a

35-point boxcar moving average with the end points excluded from the smoothed thermogram.

Use of the smoothed maximum instead of the unsmoothed maximum reduces the influence of
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noise on normalization. In the FIGAERO datasets used in this study, a typical thermogram has a
temperature resolution of AT ~ 0.7 °C during the ramping period, and a 35-point smooth
corresponds to smoothing over ~24.5 °C. Typical FIGAERO thermograms exhibit peaks ca. 40 °C
wide, and thus a 35-point smoothing retains the main peak shape while reducing the influence
of noise. In the constant temperature part of the thermogram (soaking period), signal levels
change slowly with time, on average less than 5 % for a 35 points (~3 minutes) period, so a
35-point smoothing is also appropriate. We note that the unsmoothed profiles are those that are
normalized; smoothing relates only to determining the maximum signal values used for
normalization.

The ED calculation from Eqn. 1 gives equal weight to all points in the thermogram. However,
in a FIGAERO thermogram, equal weighting may not be appropriate. The desorption process has
two stages, ramping and soaking, with the soaking period comprising approximately 70% of the
time points in thermograms. However, most thermograms are featureless in the soaking period.
In contrast, many thermograms exhibit a peak, or some otherwise characteristic behavior, in the
ramping period. Since the behavior in the ramping period provides greater information as to the
overall similarity between individual thermograms, we recommend down-weighting the soaking
period such that the ramping and soaking periods ultimately carry approximately 4:1 weight in

the calculation of the ED. We have tested weighting of 1:1, 2:1 and 10:1. Weighting of 4:1

provides for the most robust clustering results for the example datasets. We do not recommend

completely excluding the soaking period as this period still carries informational content
(Schobesberger et al., 2018). Specifically, in calculating ED we use all data from the ramping
period while down-weighting the data in the soaking period by calculating and using ten-point
averages.

In summary, we calculate the ED based on the following steps: (i) smooth the original
thermogram (with absolute signal) to find the maximum value; (ii) normalize the original
thermogram to the smoothed maximum; (iii) average every 10 points in the soaking period; and

(iv) calculate the ED between every two normalized, down-weighted thermograms.

2.1.3. Dealing with noise
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Noise is an inherent property of any measurement. Noise in the FIGAERO thermograms
results from various sources, including detector noise, background subtraction, and imperfect
fitting of mass spectra. Noise influences the ED calculated between two thermograms, typically
increasing the ED. Here, the level of noise, &, is characterized for each thermogram by calculating
the average difference between the smoothed and unsmoothed normalized thermograms for
the ramping period. The use of only the ramping period in assessing the noise level is consistent
with the generally more characteristic behavior compared to the soaking period. The use of the
normalized thermograms, rather than absolute, allows for comparison of noise between
thermograms.

The noise level generally varies inversely with the fractional mass contribution of the ions,
illustrated for a case study of the a-pinene + OH SOA (Experiment 1 in Table 1 and Figure 1). This
indicates that ions contributing more to the total signal generally have a lower noise level.
Detector noise is nominally independent of ion identity, and thus the low-signal ions have
enhanced & after normalization.

Discussed further in section 2.3, clustering algorithms often perform poorly when overly
noisy data are included in the clustering. This is especially the case for algorithms such as k-means

and partitioning around medoids, which assign all the members to a cluster. Clustering methods

that do not require assignment of all members, such as DBSCAN or our NSSC, are generally less

sensitive to the influence of overly noisy members. However, we have found that the explicit

exclusion of noisy thermograms up front serves to provide for more robust behavior and also

removes the need to consider each noisy thermogram as a possible single-member cluster. The

inclusion of overly noisy peaks might obscure the underlying structure of clustered thermograms.
Noisy thermograms are identified as follows. First, the 5% of ions having the lowest noise are
identified. The & value of the noisiest ion from this subset of low-noise ions is defined as the
reference noise level, &rer. Small differences in the choice of this threshold (e.g. using the lowest
7% of ions) do not materially influence the results. lons for which &, > 3-€ef are considered noisy
and excluded from the initial clustering. For the experiments we examined, there are 88-120 out

of ~300 ions left after noise screening, contributing 83.5% - 92.5% to the total particle mass.
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2.2. Noise-sorted Scanning Clustering (NSSC)

2.2.1. Algorithm description

The noise-sorted scanning clustering (NSSC) algorithm developed here is a variant of the
commonly used DBSCAN. In NSSC, identification and clustering of thermograms occurs based on
their similarity to seed thermograms. When the ED between a given thermogram and the seed is
less than a specified ED criterion (€) the two members belong to the same cluster. Importantly,
in NSSC the selection of the seed thermograms occurs based on their respective noise levels. The
least noisy thermogram is selected as the initial seed, the next noisiest is selected as the second
seed (assuming it is not already clustered), and so on. We have found that low-noise
thermograms typically have more well-defined and characteristic shapes and comprise a
substantial fraction of the total mass. The choice to select seeds based on the noise level leads
to overall more robust and reproducible clustering compared to random selection of seeds.

The optimal value of the distance criterion, €, is not known a priori, but must be determined
by the user, discussed in Section 2.2.3. A valid cluster must contain at least Nmi» members,
inclusive of the seed. We use Nmin = 2. Consideration and inspection of individual unclustered
thermograms exhibiting unique behavior occurs as a post-clustering process (Section 2.2.2).

The flow of the noise-sorted scanning clustering algorithm is shown in Figure 2 and

\ Deleted: ,

summarized here. Clustering proceeds in two rounds. For the initial round, the thermograms are
sorted by the noise (&), and the ED values between all pairs of thermograms are calculated
accordingly. All of the thermograms are identified according to whether they have been already
used as seeds (SEED =0 or 1, with 1 for thermograms used as seeds) and whether they have been
already included in a cluster (CLUSTER =0 or 1, with 1 for already clustered thermograms). At the
start, SEED = 0 and CLUSTER = O for all thermograms. Clustering begins using the least noisy
thermogram having SEED = 0 and CLUSTER = 0 as the initial seed. The state of that seed is then
changed to SEED = 1. All thermograms having ED < ¢ for that seed and with CLUSTER = 0 are
identified from the ED matrix; these thermograms are considered neighbors of the seed

thermogram. The seed does not evolve as neighbors are added to the cluster during this step. If

the number of neighbors plus the seed is greater than or equals Nmi,, the cluster is valid and
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stored, with the states of all the thermograms in the cluster changed to CLUSTER = 1. Otherwise,
the cluster is dismissed, and CLUSTER = O for all the members. In this case, the current seed (with
SEED =1 and CLUSTER = 0) will no longer be used as a seed in the future steps but can still end
up clustered as a neighbor in the other clusters. The above steps are repeated until all the
thermograms have either SEED = 1 or CLUSTER = 1.

Because a cluster must have at least Nmin elements, not all the thermograms may end up
clustered. Some of these unclustered thermograms may nonetheless have very similar shapes to
the clustered thermograms. Here, an iterative, second round of clustering potentially adds these
initially unclustered thermograms to the initial clusters, using the signal-weighted average
thermograms for the clusters from the first round as the initial seeds. A matrix of ED values is
calculated between the individual unclustered thermograms and the new seeds. For each
unclustered thermogram, the minimum ED, corresponding to only one of the seeds, is identified.
When this minimum ED is less than g, the unclustered thermogram is added into that cluster. A
new signal-weighted average thermogram for the cluster is calculated and this process repeats
until no additional unclustered thermograms can be added to existing clusters. The mass
contribution of the remaining unique unclustered thermograms after this second round can be
substantial or negligible, ranging from <0.05% to 2.6% in the experiments presented here, and
depends largely on the choice of €. Some of these unclustered thermograms are defined as

additional one-member clusters, discussed in the following section.

2.2.2. Post-clustering Processes

After thermograms are clustered, we perform two post-clustering analyses to better
understand the whole data set: 1) identifying additional one-member clusters and 2) sorting of
the clusters.

Some of the remaining unclustered thermograms have significant individual mass
contributions and should be considered as one-member clusters. The criterion of “significant”
mass contribution is user-defined. We recommend determining the significance criterion as
follows: (i) sorting all the ions (before the noise-filtering process) from largest to smallest

individual mass concentration; (ii) calculating the cumulative mass fraction for this sorted list;
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and (iii) defining as “significant” all those ions contributing to a cumulative mass contribution up
to 80%.

The number of significant ions in a data set depends on the specific chemical system,
varying from only a few to tens of ions. Significant unclustered ions are identified as additional
one-member clusters. In some cases, the thermograms for these one-member clusters are
unique compared to the previously identified clusters. In others, their shapes are visually similar
to the previously identified clusters but where the one-member clusters are sufficiently distinct
that they were not clustered. For the purpose of automation, these one-member clusters are all
included in the final clustering results and the number of one-member clusters serves as one of
the parameters to determine the optimal €. User can also choose to exclude them or some of
them manually from the final clustering results based on their judgement. For the example
systems considered in Section 4, there are only a few one-member clusters (ranging from 0 to 4),
if any, for the optimal € used.

Sorting of clustered thermograms facilitates visual presentation and identification of the
similarities and dissimilarities among the clusters. The specific method of sorting can be varied
depending on the application and system under consideration. Here, we use the temperature
where 50% of the mass is desorbed (Tmso) for the weighted-average cluster thermogram as a first
criterion. The Tmso is typically similar to, but slightly larger than the temperature at which the
signal reaches a maximum. As such, the Tmso is approximately related to the saturation vapor
pressure of the desorbing compound, at least for compounds that desorb directly (e.g., Lopez-
Hilfiker et al., 2014). When two or more clustered average thermograms have identical Tmso, a
rare but occasional occurrence, they are further sorted by Tm7s, the temperature where 75% of
the mass is desorbed. The temperature difference between Tmso and Tmys indicates the slope of
the thermogram between these two temperatures, with larger values indicating slower decay.
Therefore, these two parameters generally illustrate the shape of a thermogram. The Tmso and
Tm7s are determined by calculating the cumulative desorbed mass and finding the temperatures
where 50% and 75% are reached.

The sorting process tends to organize the cluster-specific thermograms such that clusters

having lower peak temperatures (lower Tmso) and steeper downslopes after the peak (lower Tmys)
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come first. Thermograms of this type are indicative of major contributions from higher-volatility
monomers (Schobesberger et al., 2018). Thermograms having higher Tmso generally have broader
peaks, and shallower downslopes, indicative of substantial contributions from low-volatility
compounds or decomposition of oligomers. Further discussion of the interpretation of

thermogram shapes is provided in Section 3.2.

2.2.3. Choosing the optimal ¢

NSSC is a distance-based clustering method, so the choice of the distance criterion, ¢, is a
crucial step. For small &, members within a cluster have high similarity, but few thermograms end
up clustered. In contrast, for large € the majority of the thermograms are clustered into only a
few clusters having comparably low intra-cluster similarity. The choice of the optimal € value is
guided here by consideration of several parameters that vary with €. The overall aim is to
simultaneously (i) minimize the unclustered mass fraction (fm,unclustered) While (ii) maximizing the
number of clusters (Nc) having two or more members and (iii) minimizing the number of one-
member clusters (Ncone) Yet (iv) maintain inter-cluster separation (Rintercist)-

In general, Nc increases with € for small € because more thermograms of different shapes
get clustered and fewer thermograms remain unclustered. As ¢ further increases, some clusters
are combined and a greater number of thermograms are assigned to a single cluster.
Consequently, as ¢ increases the N, generally increases, reaches a maximum level, and then
decreases. The maximum N, and the € at which the maximum occurs depends on the exact size
and the properties of dataset being examined. We have found that a typical SOA system usually
has 9-13 distinct thermogram clusters. We recommend selecting an ¢ that provides for N¢ at or
near the maximum as this captures the greatest number of thermogram types.

The mass fraction of unclustered thermograms, fm,unclustered, includes only the unclustered
thermograms that were not excluded based on the noise filtering. In general, a smaller fm unclustered
is preferable as this indicates a greater amount of the OA mass is included in a cluster (including
one-member clusters). The fmunclustered generally decreases with ¢, then plateaus above a certain
value of ¢; ideally this plateau occurs at fm,unclustered = 0. The € where the plateau starts is indicated

as evr, Where MF stands for mass fraction. Given that significant one-member clusters are
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allowed, the unclustered thermograms that remain above ewr have individually small mass
contributions and are either truly unique in their shapes or have a sufficiently high noise level
that they cannot be clustered, even after the noise-screening process. We generally recommend
selecting € = emr to minimize the unclustered mass.

The number of one-member clusters, Nc,one, generally decreases with €, as these ions are
incorporated into multi-member clusters. Ideally, these one-member clusters would exhibit clear,
visually distinct behavior compared to other one-member clusters and to multi-member clusters.
However, we find this is often not the case, especially at smaller €. Thus, the number of one-
member clusters should generally be minimized; we suggest Ncone be held to five or fewer in
general.

The inter-cluster separation parameter, Rintercist, Characterizes the dissimilarity between

clusters, and is the ratio between the average inter-cluster distance (EDseed,avg) and €, where:

Ne,total Netotal
EDseed,avg _ Ty Z_j=1 EDseed,i,j

€ Nc,tobal'(NC,mml_l)'f

()

Rintercist =

and EDseeq,ij is the distance between the seeds for the different clusters i and j and N total = Nc +
Nc,one. For a 2D data set, the seed can be visualized as the center of a circle and ¢ the radius of
the circle. Thus, when EDseed,ij/€ < 2, the two circles defining the boundaries of these two clusters
have overlapping areas. Good separation (i.e. cluster dissimilarity) is indicated when EDseeqi/€ >
2. Although our data set is more than two dimensions, this illustrates the idea of establishing the
level of similarity (or dissimilarity) between clusters, i.e., the extent to which they are unique. We
recommend selecting an € that results in Rintercist > 2, when possible.

All four parameters should be considered when determining the optimal €. Consideration
of the parameters individually may not result in the same optimal €. Ultimately, the user must
consider each parameter and aim to select an optimal € that balances the different information
provided in each parameter. This can be achieved by plotting the above parameters as a function
of g, and then selecting as the optimal value the ¢ that results in (i) a small fm unclustered With (ii) N¢

near the maximum and (iii) a small N¢one and (iv) Rintercist Near or above two. In addition, visual
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comparison of the clustering results, illustrated as the average thermogram of each cluster, can
be helpful. For the example data considered below, we find that the optimal € tends to fall within

a relatively narrow range of values.

2.3. Alternative Clustering Methods

We have alternatively considered the performance of some of the most commonly used
clustering algorithms (k-means, k-medoids, mean-shift, DBSCAN) and a less-commonly used one
(FPClustering (Gonzalez, 1985)) for interpreting FIGAERO-CIMS observations. The clustering
methods considered are summarized in Table 2, with some of their pros and cons listed, and
described in further detail in Appendix A. We discuss them briefly here in the context of FIGAERO-
CIMS data. All the methods considered require input of at least one key user-specified parameter.
These parameters and the associated clustering algorithms can be generally classified into two
categories: number-based and distance-based. Number-based clustering algorithms require
specifying the desired number of retrieved clusters; this includes k-means and k-medoids.
Number-based algorithms usually assign all members to clusters. The extent of similarity among
members of a cluster can vary greatly since there is no strict distance criterion for each cluster.
When applied to FIGAERO-CIMS thermograms, we have found these number-based algorithms
are particularly sensitive to the presence of noisy members and the initialization method. In
contrast, some clustering algorithms require specification of distance (similarity) criterion. This
includes the mean-shift, DBSCAN, and our NSSC algorithms. These distance-based algorithms
need not cluster all members of the initial population and generally emphasize intra-cluster
similarity or the density of the points. The methods differ in terms of the method used for
selection of the initial seed or center and the extent to which they emphasize point density versus
cluster similarity. Noisy members tend to naturally be excluded from any clusters. NSSC is a

variant of DBSCAN. It does, however, differ from the standard DBSCAN algorithm because NSSC

only searches for neighbors of the seed, while DBSCAN also searches for neighbors of the

neighbors. As such, the sorting of seeds by noise levels is a key aspect of the NSSC algorithm

which we have found provides for more robust clustering results.

Most of these clustering algorithms, including k-means, k-medoids, and mean-shift, are

initialized with a random choice of the initial cluster centers (or seeds). For large data sets, this
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randomness usually leads to different results of clustering with different runs. The extent to
which this impacts analysis and clustering of FIGAERO-CIMS data is considered using SOA from
the a-pinene + OH SOA system as the case study (Section 4.1). For the FIGAERO-CIMS data we
find that the various clustering results exhibit a moderate sensitivity to how the initial seeds are
selected for all of these algorithms, although the final clusters are generally similar between
different runs for the same input parameter. This may reflect either the relatively small size of
the data set (~300 members originally and ~100 members after noise screening) or that there are
generally characteristic peak shapes with overall good separation. However, some differences
between independent clustering runs result, which is undesirable. For FIGAERO-CIMS data we
know that not all thermograms are of equal quality, i.e. they have different noise levels reflecting
in part their different overall contributions to the total mass. The standard clustering methods
do not account for this information. The NSSC algorithm developed here takes into account this
measure of data quality and uses it to identify the seeds for clustering. This provides for an
entirely reproducible clustering and generally emphasizes the behavior of the ions that
contribute most to the FIGAERO-CIMS signal while still allowing for consideration of contributions
of low-signal ions.

We find that different clustering algorithms can result in similar numbers of clusters with
the cluster-averaged thermograms having visually similar shapes when each is run with
appropriate user-selected parameters, although the details and robustness of each cluster vary
method by method. The “appropriate” parameters however are different from the “optimal”
parameters. There is usually different guidance for different algorithms on how to find the
optimal parameters that result in the greatest similarity within clusters and dissimilarity among
clusters. In the case of k-medoids, for example, the average silhouette indicates an optimal
number of clusters of two for the case study system. Yet, this is certainly too few clusters based
on the other methods.

In summary, we propose NSSC as the preferred algorithm in dealing with the FIGAERO data
set based on: (i) the ability to generate similar results as the other commonly used clustering
algorithms; (ii) good reproducibility and stability of results due to accounting for the noise of

individual thermograms; (iii) good control over the similarity within the clusters by using a
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user-definable distance criterion; and (iv) a capability to identify unique thermograms as

one-member clusters.
3. FIGAERO Measurements and Experiments

3.1. Instrument and experiment description

The FIGAERO-CIMS instrument has been described previously in detail (Lee et al., 2014;
Lopez-Hilfiker et al., 2014). A brief description is provided here, with some additional details in
the Supplemental Material. The FIGAERO-CIMS measures the evolved gases from filter-collected
particles during temperature programmed thermal desorption. Thermal desorption of particles
occurs in two-stages: a “ramping” and “soaking” period. During ramping, the temperature
increases from room temperature to 200 °C, typically at 10 °C min. Most OA mass desorbs
during the ramping stage. The temperature is held at 200 °C for ca. 30—40 mins during the soaking
period to facilitate evaporation of the remaining, low-volatility organic mass from the filter. The
evolved gas-phase compounds are measured using CIMS with the iodide (I") reagent ion,
appropriate for characterization of generally highly oxygenated components comprising most
secondary organic aerosol (Lopez-Hilfiker et al., 2016; Isaacman-VanWertz et al., 2017; Lee et al.,
2018). The resulting signal or mass concentration versus temperature (or equivalently time)
curves for each ion constitute a thermogram. All individual thermograms are background
corrected by subtracting the observed thermograms from appropriate blank experiments. The
overall bulk thermogram is obtained by summing together the individual thermograms.

Several example applications of the clustering on FIGAERO-CIMS data are discussed in
Section 4. These cover laboratory experiments on SOA derived from: (1) OH + a-pinene and (2)
OH + A—3-carene, both at low-NOy conditions; (3) OH + a-pinene as a function of [NOJ; and (4)
Oz + a-pinene, but where the SOA is allowed to isothermally evaporate at 80% RH for varying
amounts of time prior to thermal desorption. These experiments are summarized in Table 1, with
further details in the Supplemental Material and associated publications (D'Ambro et al., 2018;
D'Ambro et al., 2019); all data are publicly available (Cappa et al., 2019). All the experiments were
done in a 10.6 m? Teflon environmental chamber at Pacific Northwest National Laboratory (PNNL)

(Liu et al., 2012; Liu et al., 2016).
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3.2. General interpretation of FIGAERO-CIMS thermograms

This work focuses on development of the clustering method, rather than on interpretation
of the FIGAERO-CIMS thermograms; an illustrative thermogram is shown in Figure 3b. However,
discussion of the clustering results is aided by a general understanding of how FIGAERO-CIMS
thermograms have been previously interpreted. lons contributed by semi- and low-volatility
compounds that desorb directly tend to exhibit strongly peaked, Gaussian-like thermograms with
single-mode peaks between around 50 °C to 120 °C; the lower the peak desorption temperature
(Tpeak) the higher the volatility of the desorbing compound (Lopez-Hilfiker et al., 2014; 2015). We
therefore refer to thermograms, or portions of thermograms, having this general shape as the
“monomeric” content of the ion hereafter; direct evaporation of thermally stable dimers or other
oligomers is possible, although will typically occur at higher temperatures due to the comparably
lower volatility of these compounds. When multiple monomeric compounds having different
vapor pressures contribute to the same ion, the resulting thermogram exhibits a broader peak
and shallower slopes or, in particular cases, multiple, distinct peaks (Lopez-Hilfiker et al., 2015).
However, very broad thermograms, especially those that peak at higher temperatures (> 120 °C
or so), can also indicate contributions from thermal decomposition of very low-volatility
monomers, dimers, and oligomers (Lopez-Hilfiker et al., 2015; Gaston et al., 2016; Schobesberger
et al., 2018). Dimers and oligomers can evaporate directly, without thermal decomposition, as
observed for isoprene-derived SOA (D'Ambro et al., 2017) and ambient monoterpene oxidation
products (Mohr et al., 2017). However, fragments of dimers or oligomers are generally more
abundant, indicating the importance of thermal decomposition for desorption of these low-
volatility compounds. Both direct evaporation of extremely low-volatility compounds and
decomposition of large molecules or oligomers can lead to high signal levels above ~120 °C. We
refer to both peaks and the slowly varying signal above ~120 °C as the “oligomeric” content of
the ion hereafter. We use the terms monomer and oligomer in a qualitative manner. A more
quantitative analysis of the thermograms can help distinguish between direct evaporation,
thermal decomposition, and the contributions of monomers versus oligomers (Schobesberger et

al., 2018), yet is beyond the scope of the current work.
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4. Example Applications

To illustrate the broad utility of NSSC for interpretation and analysis of FIGAERO-CIMS data,
we apply NSSC to the laboratory-generated SOA systems described above. The systems include:
SOA formed from a single precursor under NOx-free conditions; SOA formed from a single
precursor as a function of input [NO]J; and, SOA formed from a single precursor with thermal

desorption following isothermal evaporation.

4.1. oa-pinene + OH SOA

A total of 298 ions were characterized by FIGAERO-CIMS for SOA generated from the
a-pinene + OH reaction (Table 1). Four ions were characterized as anomalous and excluded from
further analysis (see Section 2.1.1). The mass concentration of each ion was calculated by
integrating the signal across the entire desorption period and assuming an equal sensitivity of
CIMS for all the compounds. The total mass concentration is the sum of all the non-anomalous
ions. The mass spectrum and bulk thermogram of the remaining 294 ions are shown in Figure 3,
with the bulk thermogram shown versus both temperature (Figure 3b) and time (Figure 3c) to
illustrate the difference between the ramping and soaking periods. The individual thermograms
exhibited a variety of shapes. The noise threshold for this data set was &ref = 0.020893. A total of
188 ions were screened out via noise filtering. The remaining 106 ions contribute 92.5% to the
total mass detected by FIGAERO-CIMS. The optimal € was established through consideration of
the co-dependencies of N¢, N¢total, fm,unclustered aNd Rintercist on € (Figure 4; Table 3). For this data
set, we determine the optimal € = 2.6. Choice of a much smaller g, around 1.5, gives a maximum
in N¢, but leaves a large fraction of the mass unclustered. Choice of &€ = 2.1 or 2.2 yields larger N.
and Rintercist than € = 2.6, with a reasonably small fm unclustered. However, there is one type of
thermogram (Clst#11 in Figure 5) that is only captured with £ > 2.6 and this yields fm,unclustered = O.
Using € > 2.7 also yields fm,unclustered = 0 and Ncone = 0, but N¢ and Rintercist decrease from € = 2.6,
indicating increasing similarity between clusters with fewer types of shapes captured. The choice
of € = 2.6 provides a compromise between maximizing N¢, minimizing fm, unciustered, and keeping
Rintercist above two. The parameters and thresholds used for this data set are summarized in Table

3.
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A total of 11 clusters are identified with no one-member clusters. The unweighted and
mass-weighted average thermograms for each cluster are shown along with the thermograms of
individual members in Figure 5a. The differences between weighted and unweighted average
clusters are negligible, in general. Clusters are organized and numbered (as Clst#N) from low to
high Tmso, with deeper to shallower downslope. Clst#1 through Clst#6 all have a clear peak below
120 °C, but with different peak widths and downslopes. Clst#7 and Clst#8 are a bit noisier with
only a few members each, exhibiting a sharp upslope and shallow downslope. CIst#9 has a very
broad peak. Clst#10 peaks at around 150 °C after an initial rise and temporary plateau. Clst#11
exhibits behavior somewhat like Clst#10, but with a peak that occurs just into the soaking period,
evident if viewed in time space, at 200 °C with a rapid drop afterwards.

The total mass concentration of a given cluster (Mcn) is the sum across all cluster members,
calculated by integrating the summed mass concentration across the entire desorption period.
The percentage mass contribution of each cluster, and of the unclustered and the noise-filtered
ions, as well as the number of members for each cluster are shown in Figure 5b and Table S1.
Clst#2 and Clst#3 contain the majority of the mass (20.1% and 44.3%, respectively) and consist
of nearly half of the clustered ions (11 and 42, respectively). Clst#4 and Clst#9 also contain a
notable percentage of the total mass (8.2% and 9.8%, respectively) and include a notable number
of ions (13 and 17, respectively). Other clusters contribute relatively little to the total mass and
contain a small fraction of ions.

The mass-weighted average molecular formulas (CxHyO;Nm) differ between clusters, as do
the O:C and H:C atomic ratios (Table S1). There is no clear relationship between Tmso (or cluster
number) and the number of carbon atoms, MW, or O:C. There is, however, a reasonable, inverse
correlation between Tmso and H:C (r? = 0.78). The number of carbon atoms is notably larger for
Cluster 6 (x = 11.1) and Cluster 7 (x = 15.3); if those two clusters are excluded there is an inverse
relationship between Tmso and the number of carbon atoms (r? = 0.79) and with MW (r? = 0.59).
While the reason for these two clusters having comparably large numbers of carbon atoms is
unknown, this nonetheless suggests that the contribution of oligomer decomposition might

increase for clusters having higher Tmso values.
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Interpretation of previous FIGAERO-CIMS studies have largely focused on the behavior of
the bulk thermogram or of several major ions or sums of ions based on common factors such as
the number of carbon atoms (Lopez-Hilfiker et al., 2016; D'Ambro et al., 2017; D'Ambro et al.,
2018; Stolzenburg et al., 2018; Wang and Ruiz, 2018; Joo et al., 2019). The normalized
thermograms of the top five ions contributing most to the total mass for the experiments here
are shown in Figure 5c, along with the bulk thermogram. Together these five ions make up nearly
30% of the total mass, and exhibit very similar thermogram shapes to each other and to the bulk
thermogram and belong solely to either Clst#2 or Clst#3. Thus, examining these ions only would
capture only a fraction of the overall diversity in thermal behaviors. The clustering method
developed here provides a means to investigate more comprehensively the variability in volatility

between aerosol components.

4.2. A-3-carene + OH SOA

A total of 298 ions were characterized by FIGAERO-CIMS for SOA generated from the
reaction of A-3-carene + OH (Table 1). Five were identified as having anomalous thermograms
and excluded from further analysis. The mass spectrum and bulk thermograms of A-3-carene +
OH SOA are shown in Figure 6. Compared to the a-pinene +OH SOA described above, the mass
spectrum of A-3-carene SOA is quite different, with one ion (CsH120s) dominant. The bulk
thermograms of the two SOA systems both look bell-like, but with the A-3-carene SOA
thermogram having a peak temperature ca. 9 °C higher. After noise-filtering, 110 ions remained
for clustering, contributing 90.7% to the total mass. The optimal € = 2.1, established again by
considering the system-specific dependence of N¢, N,one, fm,unclustered and Rintercist on € (Figure S1),
with the parameters and thresholds summarized in Table 3.

Ten clusters are identified, including one one-member cluster, with thermograms shown in
Figure 7a and the mass contribution and number of ions in a cluster in Figure 7b. Chemical
properties of each cluster are summarized in Table S2. The general characteristics of
thermograms identified in the A-3-carene + OH SOA are similar to those of low-NOy a-pinene +
OH SOA described above, but with different mass contributions. For example, Clst#4 has nearly

identical shape of the thermogram as Clst#3 in the a-pinene SOA but contributes less to the total
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mass, 28.0% compared to 44.3%. Clst#6 in the A-3-carene SOA contributes 14.8% to the total
mass and resembles CIst#5 in the a-pinene SOA, which contributes only 4.0% to the total mass.

In general, Clst#1 — 6 in the A-3-carene SOA all exhibit a peak below 120 °C, with clear peaks
of varying width and downslopes of varying steepness, but nominally in order of narrow to wide
and steep to shallow, respectively. These clusters carry the majority of the desorbed mass. Clst#7
and Clst#8 both exhibit relatively flat thermograms in the ramping period after their initial rise,
and contribute 9% to the total mass. CIst#9 has a peak temperature above 150 °C and Clst#10
reaches a maximum during the soaking period. These last two clusters contribute little to the
total mass (0.6% and 0.3%, respectively).

The thermograms of the five largest ions are shown in Figure 7c. These five ions together
carry ~35% of the SOA mass. A wider variety of thermogram shapes are captured by the top five
ions compared to the a-pinene SOA system. However, thermograms characteristic of Clst#7-10
are not represented by these top five ions; this remains true even if the top 10 ions are
considered (not shown).

There are ultimately three major differences between the two SOA systems. For one, there
is a different relationship between fractional contribution and cluster number (and thus Tm,s0)
between the two. Secondly, the a-pinene SOA contains ions with especially narrow peaks at ca.
100 °C (i.e., Clst#7 & 8), that are not observed with A-3-carene SOA (compare Figure 5 with Figure
7). Lastly, the thermograms of the top five ions for A-3-carene SOA differ to a greater extent than
for a-pinene SOA. Although we are unable to determine the reasons for these differences here,
this illustrates the potential for clustering to help identify and understand differences between

different SOA systems.

4.3. oa-pinene + OH + NO SOA
Thermograms from SOA generated from the reaction of a-pinene + OH at varying NO
concentrations (5 ppb, 10 ppb and 25 ppb; Table 1) are considered as a set of experiments.
Together, differences between them illustrate the impact of changes to the fate of RO, peroxy
radical intermediates on the SOA composition and thermal properties (Praske et al., 2018; Zhao

et al.,, 2018). Clustering proceeds here using two complementary approaches. In the single
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clustering method, clustering is performed for one reference experiment (i.e., at one NO
concentration, 5 ppb, Expt#3a). Then, average thermograms are calculated for the other
experiments in the set using the same cluster members as identified in the reference experiment.
In the multiple clustering method, clusters are independently determined for each experiment in
the set, and the shapes, relative abundances, and contributing ions are compared between
experiments. For all three experiments, the same initial set of 298 ions were characterized by

FIGAERO-CIMS.

4.3.1. Single Clustering

The ions identified as anomalous in each experiment differed. This most likely results from
shifts in the background signal levels between experiments. To maintain consistency between
the three experiments, ions identified as anomalous in any of the experiments were excluded
from all the experiments, with four ions excluded in total. A total of 88 ions were kept for
clustering after noise-filtering using the 5 ppb NO reference experiment, contributing 84.5% to
the total mass. The optimal € = 2.2 (Figure S2 and Table 3), resulting in ten clusters with one
one-member cluster. The same sets of ions were then used to calculate the cluster-average
thermograms for the 10 ppb and 25 ppb NO experiments. Chemical characteristics of the clusters
are summarized in Table S3.

Mass spectra for the three experiments are compared in Figure 8a and the bulk
thermograms shown in Figure 8b and c. The 5 ppb NO and 10 ppb NO SOA mass spectra are
nearly identical. The mass spectrum for the 25 ppb NO experiment, however, exhibits a notable
shift of the most abundant ions towards lower m/z. The bulk thermograms for the 5 ppb and 10
ppb NO experiments are nearly identical, peaking near 80 °C. The 25 ppb NO bulk thermogram
similarly peaks near 80 °C, but exhibits a much slower decay as temperature increases further.
Additionally, the change in slope at the transition from the ramping to soaking period is more
pronounced in the 25 ppb NO experiment. Overall, a greater fraction of the mass desorbs above
100 °C and during the soaking period for the 25 ppb NO experiment compared to lower-NO

experiments.
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Despite the differences in the bulk thermograms, the shapes of the weighted-average
thermograms of clusters for all the NO experiments are generally similar, with the exception of
Clst#6 (Figure 9a). In particular, the 25 ppb thermogram shape of Clst#6 differs substantially from
those of low-NO conditions, with a much reduced initial peak (around 80 °C) and an more
pronounced second peak at high temperature (around 200 °C). However, this cluster contributes
negligibly to the overall mass. There is some suggestion of similar behavior for Clst#10, although
to a lesser extent. For the three most abundant clusters, Clst#1, 2 and 4, there is a slightly
increased relative contribution of the 100-200 °C tail for 25 ppb NO, consistent with differences
in the bulk thermograms.

The most notable NO-dependent change is in the relative abundances of the clusters
between the 5 and 10 ppb NO experiments and the 25 ppb NO experiment (Figure 9b). The
cluster mass fractions are nearly identical between the 5 and 10 ppb NO experiments. The
relative contributions of higher-number clusters (which have been ordered according to
increasing Tm,s0) increase for the 25 ppb NO experiment. This is consistent with the increased
persistence of the 25 ppb NO bulk thermogram to higher temperatures and the nearly identical
nature of the 5 ppb and 10 ppb NO bulk thermograms (Figure 8b). The clustering analysis suggests
that differences in the bulk thermogram arise from shifts in the relative contributions of the
various SOA components that result from the altered photochemical environment. These
observations generally suggest an increasing fraction of oligomeric content, or less-volatile
compounds, formed in the particle phase—or potentially the gas phase—when the SOA was

generated under higher chamber NO conditions (Schobesberger et al., 2018).

4.3.2. Multiple Clustering

With multiple clustering, each experiment was processed and clustered independently,
with experiment-specific &rer, N, and €, among other parameters (Figure S4 and Table 3). The
clustered thermograms from the three experiments are compared in Figure 10a-c. The number
of clusters identified increases with NO concentration. Comparison between the shapes of the
clusters from the 5 ppb NO (Figure 10a) and 10 ppb NO (Figure 10b) experiments indicates
generally similar types of thermograms, consistent with the single clustering method. Ten of the
11 total 10 ppb clusters match with a 5 ppb cluster. The one additional, unique cluster at 10 ppb
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NO (Clst#9), is a one-member cluster with a sharp, narrow peak at low temperatures and a
broader, shallow second peak at high temperatures. This ion was filtered out due to high noise
level in the 5 ppb NO experiment.

The 25 ppb NO experiment (Figure 10c) results in more clusters compared to the lower NO
experiments; 13 for the 25 ppb NO experiment versus 10 and 11 for the 5 and 10 ppb experiments,
respectively. Some of the 25 ppb NO clusters have shapes similar to the lower NO experiments,
but many differ substantially. For example, two of the unique 25 ppb NO clusters (Clst#12 and
#13) have thermograms for which the signal increases continuously through the ramping period
and even into the soaking period. These clusters were not found in the single clustering analysis
because the 5 ppb NO experiment was used as the reference.

The new types of thermograms observed in the 25 ppb NO experiment indicates either
formation of new compounds or a change in the relative contributions of different components
to the same ions. Either could result from a change in the fate of the peroxy radical intermediates
as the NO concentration increases, leading to notably different products. There were numerous
nitrogen-containing ions observed for the three experiments. These N-containing ions belong to
Clst#1 —7 for all the three [NO] conditions (Table S4). The higher-number clusters did not include
N-containing ions, also indicating a limited influence of the N-containing products on these lower-
volatility thermograms, although fragmentation complicates the interpretation. Overall, the
formation of new N-containing compounds at the high NO condition does not seem to explain
the unique thermograms in the 25 ppb NO experiments.

The percent contribution of different clusters to total mass, along with the noise-filtered
and unclustered ions, differ between experiments (Figure 10d). Note that for the multiple
clustering method, clusters having the same index number are not necessarily directly
comparable between experiments because different sets of ions are included. For example, while
Clst#1 in the 5 ppb and 10 ppb NO experiments are comparable, the most similar cluster in the
25 ppb experiment is Clst#2. Nonetheless, there are some common features shared by the same,
or closely indexed, clusters. For example, Clst#1 — 4 in all three experiments exhibit a narrow,
single peak with the peak temperature below 120 °C. The mass contribution of Clst#1 — 4 is similar

between the 5 and 10 ppb NO experiment, but ~15% lower in the 25 ppb NO experiment. Clusters
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that reach their maximum signal at or above 150 °C (Clst#9, 10 for 5 ppb, Clst#10, 11 for 10 ppb
and Clst#10 — 13 for 25 ppb) together contribute ~6% in the low NO experiments and ~13% in
the high NO experiments. Thus, there is some evidence that at higher NO there is an increased
contribution of oligomeric compounds, indicated by the increased contribution of clusters that
peak at higher temperatures and exhibit broader overall thermograms. However, overall these
observations suggest complex shifts in the distribution of products, both monomeric and

oligomeric, with sufficient increases in NO to change the fate of the peroxy radical intermediates.

4.4. o-pinene + 03 SOA
SOA formed from dark ozonolysis of a-pinene was collected and then allowed to
isothermally evaporate for varying amounts of time (0 h, 1 h, 3 h, 6 h and 24 h) before thermal
desorption (Table 1, Expt#4). As above for the SOA formed at varying NO concentrations, these
experiments are considered as a set and interpreted using both the single-clustering and
multiple-clustering approaches. The single-clustering approach uses the 0 h (no-wait) experiment
as the reference for initial clustering. In this set of experiments, 312 ions were characterized by

FIGAERO-CIMS for each experiment.

4.4.1. Single Clustering

Only a few ions, if any, were identified as anomalous in each experiment; a total of ten ions
were removed from all the experiments to maintain consistency between experiments. The mass
spectra and bulk thermograms of the remaining 302 ions for the five experiments are shown in
Figure 11. As the isothermal evaporation time increases, the mass spectrum changes significantly,
as previously reported by D'Ambro et al. (2018). In the no-wait experiment, the mass spectrum
is dominated by one ion, C10H1406. Upon isothermal evaporation, the relative abundance of this
ion notably decreases, with the extent of decrease increasing with wait time; over time, a greater
number of ions contribute to the total mass, both at lower and higher m/z. With isothermal
evaporation, the bulk thermograms also exhibit a shift from a more peaked shape, reminiscent
of that from a single compound (Lopez-Hilfiker et al., 2014), to a more flattened peak with a
shallower rise (Figure 11). In other words, with increasing isothermal evaporation the majority

of the mass desorbed during thermal desorption shifts from a lower to higher temperature region.
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This behavior largely reflects the loss of comparably more volatile compounds during isothermal
evaporation, leaving behind SOA that is overall less volatile (Figure S6a). It can also in part be due
to higher molecular weight, lower volatility compounds being produced with time via accretion
reactions in the condensed phase.

There are 12 clusters determined from the no-wait experiment, exhibiting a wide variety of
the shapes (Figure 12a), with the parameters used for data pre-processing and clustering
reported in Table 3 and shown in Figure S5. Focusing first on the no-wait experiment, the cluster
thermogram shapes include those having clear peaks at relatively low temperatures (~60 °C) and
with a sharp rise and fall (e.g., Clst#1-3), those having sharp peaks at relatively low temperatures
but with a shallow downward slope (e.g., Clst#6), those with a broad peak at somewhat higher
temperatures (~100 °C) and long tails (e.g., CIst#7), and those having a wide peak at even higher
temperatures ~120 °C with a very broad rise and fall (e.g., Clst#10).

Changes to the shapes of the thermograms that occur upon isothermal evaporation differ
between the clusters. Some of the clusters exhibit almost step changes from the no-wait to the
longer time experiments (e.g., Clst#2 and 6), while others exhibit more continuous changes (e.g.,
Clst#3 and 5). However, in all cases the clusters shift to have peaks that occur at higher
temperatures with generally broader thermograms. In other words, the Tmso of all the clusters
increase as a function of evaporation time, but with larger increases observed for the clusters
having initially lower Tm 50 (Figure 12b). For some of the clusters with a clear peak below 100 °C,
such as Clst#1-6, the peaks broaden to become less obvious and shift to higher temperatures
with longer isothermal evaporation. For clusters that originally have very wide peaks, such as
Clst#8-10 and 12, isothermal evaporation engenders a general shift in the thermograms towards
higher temperatures. Different from the clusters described above, thermograms for two clusters,
Clst#7 and Clst#11, exhibit only minor shift of peak temperature and shapes. Thermograms of
these two clusters share the common features of a moderate-width peak that reaches a
maximum between 100 — 120 °C. The Tmso of these two clusters correspondingly exhibit small
changes compared to other clusters.

Isothermal evaporation generally leads to a reduction of the monomeric character of

clusters, leaving behind components that exhibit increased oligomeric content. Differences in
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how the individual cluster thermograms evolve with isothermal evaporation are therefore likely
indicative of differing relative contributions of monomeric versus oligomeric components. For
example, Clst#1 and Clst#10 have distinctly different shapes in the 0-h wait experiment, but very
similar shapes in the 24-h wait experiment. This indicates that ions in Clst#1 are not contributed
from a single component, as might be inferred from the single-mode peak in the 0-h wait
experiment. Instead, they are contributed by multiple components, though initially dominated
by monomeric compounds, so the shift in peak temperature and broadness is substantial. On the
other hand, ions in Clst#10 must also derive from multiple components, but with only a small
fraction of monomeric compounds that evaporate in the 24 hours. Consequently, the loss of
low-temperature mass is apparent yet small. In contrast, ions in clusters such as Clst#7 and 11
must be composed of only low-volatility components because they exhibit minimal changes in
the thermograms shapes.

The extent of mass loss with isothermal evaporation differs between clusters. In general,
clusters that exhibit larger changes in shape have greater total mass loss, although with variability
(Figure S6c). Consequently, the mass contributions of the clusters evolve with isothermal
evaporation (Figure 12b). The contribution of Clst#1 decreases significantly and most notably as
wait time increases. The most prominent ion in the no-wait experiment, C10H140, is grouped in
Clst#1. The continuous mass loss of Clst#1 indicates the rapid evaporation of its members. The
mass contributions of the other clusters that exhibited similar changes in shape as Clst#1 (Clst#3,
5, and 6) remain comparably constant, although with Clst#3 decreasing slightly. The relative
abundances of the clusters for which the thermograms shapes changed negligibly (Clst#7 and 11)
increase continually, implying of the slowest evaporation of the ions in these two clusters in the
24-hr evaporation period.

For comparison, D'Ambro et al. (2018) reported changes in the shapes of the thermograms
for the five most abundant individual ions from the no-wait to 24-hr experiment, together
carrying ~15% of the particle mass. They observed the individual ion thermograms generally all
evolved in a manner similar to our Clst#1, 3 and 5, shifting from narrower, more peaked profiles
towards broader profiles with a shallower rise, less evident peak, and increased evaporation at

higher temperatures. Here, with the clustering of data, we are able to track the change of thermal
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behaviors of ions carrying ~87% of the initial mass. We are able to confirm that ~70 % of the mass
exhibit similar thermal behaviors and responses to isothermal evaporation as the top five ions.
However, we are also able to identify another ~17% of the mass having initial thermograms not
characterized by the top five ions, including 12% of the mass (Clst#7 and 11) that behaves

distinctly different upon evaporation at room temperature.

4.4.2. Multiple Clustering

The number of clusters identified with the multiple-clustering method, using experiment-
specific optimal € values (Table 3 and Figure S7), decreases with isothermal evaporation time,
from 13 (no-wait) to 12 (1 h) to 11 (3 h) and then to 9 (6 h and 24 h) (Figure 13b-f). The noise
levels of the thermograms increase with evaporation time due to decreasing absolute particle
mass. Nonetheless, the typical shapes of the cluster-specific thermograms clearly evolve with
increasing isothermal evaporation. For short isothermal evaporation times, many cluster-specific
thermogram profiles are relatively narrow, peaking at lower temperatures (70-120 °C) and with
rapid rises and evident downslopes. For longer isothermal evaporation times, the cluster-specific
profiles instead have broad peaks with slow rises and most of the mass desorbing at higher
temperatures.

To aid further general interpretation, the cluster-specific thermograms with Tmso < 120 °C
are grouped together as higher-volatility clusters. The number of higher-volatility clusters
decreases with isothermal evaporation, from ten for the no-wait experiment, to five in the 1-h
experiment, two in the 3-h and 6-h experiment, to none in the 24-h experiment (Figure 14). The
mass contributions of the higher-volatility clusters decrease from 81.9% to 60.4%, 17.2%, 9.4%
and to 0.0%, with increasing isothermal evaporation time. This overall behavior is consistent with
results from the single-clustering method and indicates the compounds with a wide range of
volatilities make up much of the mass in the initial particles, while the SOA after isothermal
evaporation is composed of compounds having lower volatilities.

After isothermal evaporation, some cluster-specific thermograms have signals that increase
continuously during the ramping period, for example Clst#11 and 12 in the 1-h experiment; such

clusters were not observed in the no-wait experiment. The relative abundance of these very low-
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volatility clusters increases with isothermal evaporation, from 1.7% in the 1-h experiment
(Clst#11 and 12) to 13.4% in the 24-hr experiment (Clst#7 and 9). The absence of these clusters
for the no-wait experiment suggests that they are formed over time through condensed-phase
reactions. Their increasing contribution over time may reflect both evaporation of higher
volatility components and continued formation. Clusters having thermograms with very broad
peaks, such as Clst#11 and 13 in the 0-h experiment are also observed in all the other experiments,
with increasing contribution to the total mass.

The multiple-clustering method reveals the disappearance of certain types of thermograms,
(e.g., the no-wait Clst#3) and the emergence of other types of thermograms (e.g., the 1-h Clst#11)
as evaporation time increases. This complements the single-clustering method, which illustrates
gradual changes in the shapes of cluster-specific thermograms, by allowing for identification of
completely new thermogram shapes and divergent behavior between ions within initial clusters.
The multiple-clustering method also confirms the decrease of the diversity of the desorption
profiles, as suggested by the single-clustering method. The two methods complement each other
and together provide a detailed look into (i) how the desorption profiles of sets of ions evolve
with isothermal evaporation and (ii) how the fraction of different types of thermograms change

with evaporation time.

5. Conclusions

We developed a new clustering algorithm, the noise-sorted scanning clustering (NSSC)
algorithm, for application to FIGAERO-CIMS data sets. The NSSC algorithm provides a robust
method for clustering of FIGAERO-CIMS thermograms having distinct thermal desorption profiles
and of determining the mass contribution of each cluster. Each of the ions contributing to a
cluster results from one or more molecules sharing similar thermochemical properties. These
molecules either evaporate directly or decompose and then evaporate. Compared to other
existing clustering algorithms, NSSC is strictly similarity-based, reproducible, and takes into
consideration differences in noise levels between individual ions. The application of NSSC has the

potential to make FIGAERO data more accessible to the atmospheric chemistry community.
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For the four different SOA systems we examined, more than 80% of the total mass is
clustered, with the number of clusters ranging from 9 to 13. The shapes of the cluster-specific
average thermograms exhibit substantial variation for a given system. Some have relatively sharp
peaks, others broad peaks with slowly decreasing signal as heating continues, and others still
having signals that continually increase up to very high temperatures or long desorption times.
The mass contribution of a cluster varies from 0.2% to 44.3%. A few (2-3) clusters usually contain
more than 50% of the total mass in all the chemical systems examined. Comparison of the cluster-
specific thermogram shapes between different SOA systems allows for qualitative assessment of
the similarity or uniqueness.

We also demonstrated the potential of the NSSC for guiding interpretation of sets of
experiments where one experimental condition varies (e.g., NO concentration and evaporation
time). For such experiments, two complementary methods are suggested: (i) the single clustering
method, where one experiment is used to determine the ions belonging to individual clusters
and then clusters comprising the same ions are calculated for the other experiments, and (ii) the
multiple clustering method, where each experiment is clustered independently and then
compared. The first approach helps establish how the properties of individual clusters evolve as
a set, while the second approach helps identify changes in the diversity of cluster-specific
thermogram shapes, properties, and mass contributions. The two approaches complement each
other and provide guidance for future efforts to cluster ambient observations having long time-
series.

This paper focuses only on the description of the clustering algorithm and its potential as a

tool to characterize the thermal properties of organic aerosol in further detail. The application of

[ Deleted: properties of organic aerosol in further detail.

NSSC can be potentially expanded to any other composition-resolved data sets, such as diurnal

changes of different compounds measured in _ambient air, temporal changes of different

generations of species in a smog chamber, and composition-dependent size distributions. All of

the above data sets share a common property that the noise of the curve/spectrum is related to

the composition. Therefore, NSSC would facilitate the analysis by taking noise into consideration.

Interpretation of the cluster-specific thermograms using frameworks such as that of

Schobesberger et al. (2018) will allow for more comprehensive understanding of the
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thermochemical properties of the organic aerosol, the subject of future work. This will provide
insights into the thermal behavior of organic aerosol and the relative contributions of thermally
stable (e.g., monomer) versus thermally unstable (e.g., dimers or oligomers) compounds, the
volatility distribution of the thermally stable compounds, and the T-dependent rate coefficients

for oligomer dissociation and formation.

6. Data Availability

All data and the NSSC algorithm used in this publication are archived in the UC DASH data
repository (Cappa et al., 2019). The NSSC algorithm is also available at GitHub

(https://github.com/chriscappa/NSSC), with the version used for this publication available as Li

and Cappa (2019).
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1078 10. Tables

1079  Table 1. Details of SOA formation and chamber conditions for all the example SOA systems.

Exp Precursor i Oxidant _ Seeds W T RH  NO' M g:)(ié:t?g)n
# Type Conc. Type Conc. Type Dy (°c) (%) (ppb) (ng/m3) $
(ppb) (ppm) (nm)
1* a-pinene 10 OH 1.0 AS® 50 On 25 50 - 5.1 Normal
(H202)
OH
2 A-3-carene 10 0.25 AS 50 On 25 50 - 5.2 Normal
(H20,)
3a OH 5 8.3
3b a-pinene 10 (H:05) 1.0 AS 50 On 25 50 10 9.2 Normal
3c 72 25 9.1
4a Normal
ab 1 h wait
4c a-pinene 10 03 0.1 ps&& 50 off 25 80 - 4.0 3 h wait
_ad_ _Ghwait__
de 24 h wait

* Experiment #1 is a case study used to test the performances of different clustering algorithms

# Conc. of precursors are the concentrations expected in the chamber with the absence of any chemistry

# For OH, conc. refers to concentration of H,0, injected into the chamber; for Os, conc. refers to steady-state
concentration of O3 in the chamber during SOA formation

#* Seed particles are size-selected in all the experiments

# NO concentration refers to the targeted NO concentration when NO is injected into the chamber. The actual
steady-state concentration of NO is lower than targeted. “-” indicates that no external NO is added to the chamber

#& M, is the estimated mass concentration of particles including SOA and seeds measured by SMPS when the chamber
is at steady-state, except for experiment 4 where M, is the mass concentration of SOA only

$ Normal operation mode means the desorption process starts immediately after collection period. X h wait means that
particles are isothermally diluted for X hours before the desorption process is initiated

& AS = ammonium sulfate

&& ps = potassium sulfate
1080
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1083
1084

Table 2. Comparison of different clustering algorithms

Clustering Algorithms k-means k-medoids Mean-shift DBSCAN FPClustering NSSC
Assign all the
members? Yes Yes No No Yes No
Identify single-member
clusters? No No Yes No No Yes
Robust solution? No No No Yes No Yes
Controlled distance
from the center of No No Yes No No Yes
clusters?
Influence of noise? large large small small large Small
Key preset parameters N Nc €, Nimin € Initial seed €, Nmin
Software used in this

Igor R Python Igor Igor Igor

study
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1085

Table 3. Parameters and thresholds used for the data processing and noise-sorted scanning clustering for

1086  all the example experiments.
Pre-processing Clustering
Expt
SOA type
# Ntotal Nanoma\ous Nfiltered fm,ﬁltered gref fm,ref € Nc Nc,one fm,unc\ustered RinterCIst
1 “’p'gl‘:”e * 298 4 188 75 0021 067 26 11 0 0.00 2.01
2 A‘sfg:f”e 298 5 183 93 0019 057 21 09 1 0.27 2.36
3a 6 204 15.3 0.025 0.55 2.2 9 1 1.52 2.06
3b Single 298 6 204 17.5 - - - 9 1 1.72 -
3c o-pinene + 6 204 21.0 - - - 9 1 2.27 -
3a OH + NO 2 208 15.5 0.025 0.55 2.2 9 1 1.52 2.06
3b Multi 298 3 195 12.6 0.027 0.54 23 10 1 1.29 2.10
3c 6 200 12.8 0.028 0.43 25 12 1 1.21 1.96
4a 10 185 115 0.025 0.42 22 10 2 0.67 2.28
4ab 10 185 14.0 - - - 10 2 0.79 -
4c Single 312 10 185 14.0 - - - 10 2 0.84 -
ad 10 185 13.8 - - - 10 2 0.83 -
de a-pinene + 10 185 17.6 - - - 10 2 0.82 -
4a O3 1 191 11.4 0.025 0.41 22 11 2 1.04 2.22
4b 0 210 16.5 0.044 041 3.3 8 4 0.00 2.02
4c Multi 312 5 205 14.3 0.048 0.42 3.1 9 2 1.06 1.66
4d 3 203 12.8 0.055 0.39 3.3 8 1 2.50 1.80
de 3 213 16.1 0.053 041 3.4 7 2 0.98 1.97

Niotal — Total number of ions characterized by CIMS
Nanomalous — Number of anomalous ions

Niiteres — Number of ions filtered out from the following clustering due to high levels of noises

S itered — Mass fraction of the ions filtered out due to high levels of noises, expressed in %

&t — Noise threshold. lons with noise levels above this threshold are excluded from clustering
fmret — The threshold of mass contribution (%) to identify an ion as significant

¢ — distance criterion

N. — Number of clusters determined with two or more members
Nc,one — Number of clusters determined with only one member
fmunclustered — Mass fraction of unclustered ions, expressed in %
Rintercist — The ratio of the average inter-cluster distance over the distance criterion &

1087
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1089 11. Figures
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1090 Mass fractional contribution

1091 Figure 1: The relationship between thermogram noise levels and the fractional contributions of the

1092  corresponding ions to total mass, for a-pinene + OH SOA. The noise threshold, &q¢ = 0.021 and is used to

1093  distinguish high-noise thermograms (cyan markers) from thermograms having acceptable noise levels

1094  (pink markers).
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1102
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1104
1105

1106

Round 1 Filtered Round 2 Unclustered L
@ g -

Determine ED for all
thermogram pairs

Set & and N, Same € as Round 1
Calculate current weighted-
average thermogram for all N;
clusters

SEED = 0 and CLUSTER =0 for all
thermograms;

Determine ED matrix between
remaining unclustered
thermograms and all current N;
cluster centers

Sort thermograms with
SEED = 0 & CLUSTER = 0 by noise

Choose least noisy thermogram
as seed for G
SEED = 1 for the seed

Find minimum EDj; for all
thermograms (EDy; min)

Extract thermograms with
CLUSTER = 0 having ED;eeq < €;
Add extracted thermograms to

Extract thermograms having
EDyjmin < &
Number of extracted
thermograms = Nyg

e Discard current

Members in marked
CLUSTER =1;

Add extracted thermograms to
the corresponding B
Nrg

SEED=1or End clustering Round 2 o
CLUSTER=1

or all thermograms2

End clustering Round 1

Figure 2: Flow of the noise-sorted scanning clustering. There are two rounds of clustering. (a) Round 1:
The ED between all thermogram pairs are calculated and two parameters, € and Nmin, are set. Each
thermogram is initialized with state SEED = 0 and CLUSTER = 0. Only thermograms with SEED = 0 and
CLUSTER = 0 can serve as seeds, while thermograms with CLUSTER = 0 can be added to new clusters. The
procedure terminates when all the thermograms are marked either SEED = 1 or CLUSTER = 1. (b) Round
2: Seeds are specified as the weighted-average thermogram for each cluster, and any remaining
unclustered thermograms from Round 1 are potentially added to these clusters. With the indexing, j refers
to the total number of thermograms, i to the number of clusters, and k to the number of unclustered
thermograms after Round 1.
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1109

1110  Figure 3. (a) Mass spectrum of a-pinene + OH SOA measured by FIGAERO-CIMS. The mass excludes iodine.
1111 (b) Normalized thermogram of the bulk SOA versus temperature. (c) Normalized thermogram of the bulk
1112  SOAversus time (black line) and the variation in desorption temperature with time (dark red dashed line).
1113  The long tail during the soaking period is evident when the thermogram is considered in time space. The
1114  light blue shaded area denotes the ramping period and the pink shaded area the soaking period.
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1118 Figure 4. The variation of four parameters, N, Nc total, fm,unclustered aNd Rintercist @s @ function of the distance
1119  criterion €. The black horizontal dashed line guides the judgement for Rintercist > 2. The values highlighted
1120 by a rectangle are the values corresponding to the optimal € used for the clustering analysis.
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Figure 5. Clustering results for a-pinene + OH SOA. (a) Unweighted average thermograms (bold grey lines),
mass-weighted average thermograms (bold black lines) and individual members (colored lines) of the 11
clusters identified. (b) Percentage contribution of each cluster to the total mass, as well as the filtered out
and unclustered mass percentage (left bar), and the number of ions in each cluster and the unclustered
number of ions (right bar). (c) Thermograms of the top 5 ions in terms of mass contribution. The cluster
colors are consistent between (a) and (b).
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1132  Figure 6. Same as Figure 3, but for A-3-carene + OH SOA. (a) SOA mass spectrum measured by
1133 FIGAERO-CIMS. The mass excludes iodine. The normalized thermogram of the bulk SOA versus (b)
1134  temperature and (c) time. In (c) the light blue shaded area denotes the ramping period and the pink
1135  shaded area the soaking period.
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Figure 7. Same as Figure 5, but for A-3-carene + OH SOA. (a) Unweighted average thermograms (bold grey
lines), mass-weighted average thermograms (bold black lines) and individual members (colored lines) of
the ten clusters identified. (b) Percentage contribution of each cluster to the total mass, as well as the
filtered out and unclustered mass percentage (left bar) and number of ions in each cluster and the
unclustered number of ions (right bar). (c) Thermograms of the top 5 ions in terms of mass contribution.
The cluster colors are consistent between (a) and (b).
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Figure 8. (a) Mass spectra of a-pinene + OH SOA formed with different NO concentrations, normalized to
the most abundant ions mass concentration. The mass excludes iodine. Normalized thermograms of the
bulk SOA versus (b) temperature and (c) desorption time, with the desorption temperature shown in dark
red dashed line. The vertical purple dashed line delineates between ramping and soaking. In all the panels,
colors correspond to the NO concentration (see legend).
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1153  Figure 9. Single clustering results for a-pinene + OH SOA as a function of NO concentration. (a)
1154  Comparison of the normalized, weighted average thermograms of the ten clusters for the 5 ppb NO (navy),
1155 10 ppb NO (green) and 25 ppb NO (orange) experiments. (b) Contribution of each cluster to the total mass,
1156 including the contribution from filtered out ions (black) and unclustered ions (gray). The total mass is
1157  calculated independently for each experiment.
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Figure 10. Multiple clustering results for a-pinene + OH SOA as a function of NO concentration. Clustering
results are separately shown for the (a) 5 ppb NO, (b) 10 ppb NO, and (c) 25 ppb NO experiments. Each
panel includes unweighted average thermograms (grey lines), mass-weighted average thermograms
(black lines) and individual cluster members (colored lines). (d) Contribution of each cluster to the total
mass for each experiment. The mass contribution of filtered-out ions (black bar) and unclustered ions
(gray bar) are also shown.
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1169 Figure 11. (a) Normalized mass spectra of a-pinene + O3 SOA measured after different extents of
1170  isothermal evaporation at room temperature. The mass excludes iodine. The normalized thermograms of
1171 bulk SOA versus (b) temperature and (c) time, with the desorption temperature shown as a red dashed
1172 line. The vertical black dashed line in (c) delineates between ramping and soaking. The mass spectrum or
1173  thermogram colors indicate the isothermal evaporation time (see legend), with darker colors indicating
1174  shorter times.
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1177  Figure 12. Single clustering results for a-pinene + O; SOA for different isothermal evaporation times. (a)

1178  Comparison of the normalized, weighted-average thermograms of the 12 clusters of 0-h wait (navy), 1-h
1179  wait (blue), 3-h wait (green), 6-h wait (yellow) and 24-h wait (orange) experiments. Note that the
1180  absolute signals of all of the clusters decrease with evaporation, but to varying extents (Figure S6).
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Figure 13. Multiple clustering results for a.-pinene + O3 SOA as a function of isothermal evaporation time.
(a) Contribution of each cluster to the total mass for each experiment, along with the contributions of
filtered-out ions (black bar) and unclustered ions (gray bar). The number of clusters obtained generally
decreases with isothermal evaporation time. (b-f) The unweighted average (gray) and mass-weighted
average (black) thermograms, along with the thermograms of individual members of clusters for the (b)
0-h, (c) 1-h, (d) 3-h, (e) 6-h, and (f) 24-h wait experiments. The cluster colors are consistent between panels.
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The supplemental material includes six tables and six figures, along with additional experimental
details for the experiments discussed here
FIGAERO-CIMS Instrument Description

The FIGAERO-CIMS instrument has been described previously in detail (Lee et al., 2014;
Lopez-Hilfiker et al., 2014). In brief, the measurement of organic aerosol using FIGAERO-CIMS
involves two steps: real-time sampling of the gas-phase with simultaneous isothermal collection
of particles onto a filter through a separate inlet, followed by temperature programmed thermal
desorption and detection of particle-phase species. Thermal desorption of particles occurs in
two-stages: a “ramping” and “soaking” period. During ramping, the temperature of UHP N;
programmatically increases from room temperature to 200 °C, typically at 10 °C minl. The
majority of the organic aerosol mass desorbs during the ramping stage. During the soaking period,
the UHP N; is held at 200 °C for ca. 30—40 mins to facilitate evaporation of the remaining,
low-volatility organic mass from the filter.

The desorbed gas-phase compounds are transferred to the high-resolution time-of-flight

(HRToF) CIMS for continuous detection and quantification at ca. 1 Hz. lodide (I) is used as the
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reagent ion, which is appropriate for characterization of generally highly oxygenated components
comprising most secondary organic aerosol (Isaacman-VanWertz et al., 2017; Lee et al., 2018). In
a typical SOA system, hundreds of ions having the general formula CxHyO,l" are usually detected.
The resulting signal or mass concentration versus temperature (or equivalently time) curves for
each ion constitute a thermogram. The overall bulk thermogram is obtained by summing
together the individual thermograms.

All individual thermograms are background corrected by subtracting the observed
thermograms from appropriate blank experiments. Blank experiments are periodically
conducted by placing an additional Teflon filter upstream of the particle filter. The same
collection time and desorption processes are used for blank experiments as for samples. The
blanks account for contributions from adsorption of gaseous compounds in the air stream and

for desorption of compounds from the inner surfaces of the FIGAERO.

Additional Experimental Details

Several example applications of the clustering on FIGAERO-CIMS data are discussed in
Section 4. These include experiments on SOA derived from: (1) OH + a-pinene and (2) OH +
A-3-carene, both at low-NOy conditions; (3) OH + a-pinene as a function of [NOJ; and (4) O3 +
a-pinene, but where the SOA is allowed to isothermally evaporate for varying amounts of time
prior to thermal desorption. These experiments are briefly described below.

All the experiments were done in a 10.6 m3 Teflon environmental chamber at Pacific
Northwest National Laboratory (PNNL) (Liu et al., 2012; Liu et al., 2016). Details of SOA formation
and chamber conditions are summarized in Table 1.

Experiments #1-3 were part of the campaign of SOA Formation from Forest Emissions
Experiment (SOAFFEE). SOAFFEE was designed and conducted to study the influence of reaction
conditions on the formation, composition and properties of biogenic SOA. We consider only a
subset of all the SOAFFEE experiments. For the experiments in this study, the chamber operated
in continuous-flow mode. The total flow through the chamber was 48.2 L min, resulting in a
residence time of ~3.7 hours. Biogenic precursors were delivered into the chamber by flushing

pure air through a glass bulb immersed in a temperature-controlled liquid bath held at 1 °C that



contained a small volume of the pure liquid. OH radicals were produced from the photolysis of
H.0,. An aqueous solution of H.0, was introduced into a gently warmed glass bulb by a syringe
pump. A controlled flow of pure air is passed through the bulb to deliver the desired
concentration of H,0; into the chamber.

Seed particles of (NH4)2S04 were used to enhance SOA formation and reduce losses of semi-
volatile reaction products to the chamber walls. Seed particles from atomization were dried and
50 nm particles were selected using a differential mobility analyzer (DMA), which were
introduced into the chamber. The chamber relative humidity (RH) was 50%. For experiments #1-
2, no NO was added. For experiment #3, a varying amount of NO was added to the chamber via
a calibrated gas cylinder and a mass flow controller. A suite of online instruments characterized
the chamber outflow, including a UV absorption Os analyzer (Thermo Environmental Instruments
model 49C), an NO-NO,-NOy analyzer (Thermo Environmental models 42c and 42i), a TSI scanning
mobility particle sizer for the number and volume concentrations of aerosols (SMPS Model 3081),
an lonicon quadrupole proton-transfer-reaction mass spectrometer (PTR-QMS) for concentration
of precursors, and an Aerodyne high-resolution time-of-flight mass spectrometer (HR-ToF-AMS)
for the submicron particle mass and bulk composition. Additionally, FIGAERO-CIMS was used to
monitor the gas- and particle-phase products of VOC oxidation.

Experiment #4 has been described in detail previously (D'Ambro et al., 2018). The work
herein focuses on the experiments performed at PNNL at an evaporation RH of 80%. For this set
of experiments, FIGAERO-CIMS was operated in two modes, normal and wait mode. In the
normal mode, desorption is initiated as soon as sufficient mass is collected. In the wait mode,
collected particles were allowed to isothermally evaporate for some period of time prior to
thermal desorption. For the isothermal evaporation, the UHP N> humidified to 80% RH was
continuously passed over the filter at room temperature. Dilution of the air around the filter led
to evaporation of SOA. The time of isothermal evaporation ranged from 1 hour to 24 hours,
resulting in varying extents of mass loss of SOA from the filter. The chemical compositions of the

remaining SOA were then characterized by thermal desorption of the particles.



Table S1 Chemical characteristics of each cluster identified in the a-pinene + OH SOA system

Cluster # Expt. #1
(a-pinene + OH)
Molecular Formula 0:C  H:C MW Mass% #lons  Tmso Tm,75 AT

1 Co.3H14.903.3No.0 036 1.60 179.3 2.8 3 86.6 110.7 24.1
2 Co.6H16.605.1No.0 0.53 1.72 2134 20.1 11 93.7 120.6 26.9
3 Cg5sH13.005.1No.o 0.60 1.54 196.6 44.3 42 103.7 139.2 35.5
4 Cg.2H12.906.7No.o 0.81 1.56 2185 8.2 13 110.6 140.8 30.2
5 C7.4H10.804.0No.0 0.54 1.46 163.6 4.0 3 116.2 153.1 36.9
6 C11.1H17.805.1Noo 0.73 1.60 280.6 0.3 6 126.2 1545 28.3
7 Ci5.3H22.605.4No.o 0.35 1.48 292.6 0.2 3 129.5 162.4 329
8 Cg5H10.904.0No.o 0.47 129 176.9 1.8 2 131.0 164.1 33.1
9 C7.2H9.404.5No.0 0.62 131 167.8 9.8 17 131.3 163.7 32.4
10 Ce.9H7.903.5No.o 0.50 1.15 146.7 0.6 4 145.7 172.1 26.4
11 C4.1H4.003.9No.0 0.93 0.97 115.6 0.3 2 161.8 184.2 22.4
Unclustered 0 0

Filtered 7.5 188
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Figure S1. Similar to Figure 4, but guidance for determining the optimal € for the A-3-carene +OH SOA.
The variation of four parameters, N, N¢ total, fm,unclustered aNd Rintercist are shown as a function of the distance
criterion €. The black horizontal dashed line is guide judgement for Rintercist > 2. The values highlighted by
a rectangle are those corresponding to the optimal € used for the following clustering analysis.



Table S2 Chemical characteristics of each cluster identified in the A-3-carene + OH SOA system

Cluster # Expt. #2
(A-3-carene+ OH)
Molecular Formula 0:C H:C MW Mass % # lons Tm,50 Tm,75 AT

1 Co.5H16.705.7No.o 0.60 1.76 2219 16.6 3 99.4 127.0 27.6
2 Ce.9H11304.7No.1 0.68 1.64 170.7 3.4 11 102.3 138.7 36.4
3 Cg3H12905.4Noo 0.65 1.55 198.9 17.5 42 106.9 128.3 21.4
4 Cs.0H12.4053Noo 0.65 1.54 193.2 28.0 13 110.1 1439 338
5 Ci11.4H19.70386No.0 0.76 173 294.1 0.4 3 120.1 147.0 26.9
6 Cs.2H11.705.2No.0 0.63 1.42 1933 14.8 6 121.4 156.1 34.7
7 Ce.6Hz.604.6No.o 0.69 130 1614 6.9 3 131.3 164.6 333
8 Cs6.9H7.903.9No.0 0.56 1.13 1531 1.8 2 141.4 1701 28.7
9 Cs.0H7.204.0No.0 0.68 1.21 143.2 0.3 17 151.2 1763 25.1
10 C4.0H4.004.0No.0 1.00 1.00 116 0.6 4 157.5 1819 24.4
Unclustered 0.3 4

Filtered 9.3 183
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Figure S2. Similar to Figure 4, but guidance for determining the optimal ¢ for the a—pinene +OH SOA
formed under 5 ppb NO for the single clustering approach. The variation of four parameters, N, N otal,
fm,unclustered @aNd Rintercist are shown as a function of the distance criterion €. The black horizontal dashed line
is guide judgement for Rintercist = 2. The values highlighted by a rectangle are those corresponding to the
optimal € used for the following clustering analysis.
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Table S3. Chemical characteristics of each cluster identified in the a-pinene + OH + NO SOA system. The

single clustering approach is used based on 5 ppb NO experiment.

Table S3-1.
Cluster # Expt. #3 [NO] [NO] [NO]
(o-pinene + OH + NO) Sppb 10ppb  25ppb
Molecular Formula 0:C H:C MW Mass % # lons

1 Cs.3H14.304.7Noo 0.53 162 1951 299 2838 22.1 27

2 Co.3H14.806.0N0.0 0.65 159 2224 254 236 20.1 19

3 C7.5H10.706.4No.a 0.85 1.42 208.7 1.2 1.4 2.1 2

4 Cs.0H11.7049No1 0.61 147 1875 124 126 11.9 10

5 Cs.0H12.006.0No.0 0.75 1.50 204.0 2.2 2.4 3.6 1

6 Cs.5H7.103.7Noo 0.67 128 1323 09 0.7 0.7 2

7 Cs.9H11.406.3No.0 0.72 128 2190 14 1.5 1.9 4

8 Cs.1H11.104.1Noo 0.50 1.37 1739 33 3.1 3.2 7

9 Ca.6Hs.603.9No.o 0.83 120 1232 3.0 31 5.1 6

10 Cs.2H10.205.0No.0 0.61 1.24 188.6 3.3 3.4 6.2 2

Unclustered 1.5 1.7 2.0 8

Filtered 155 17.5 20.2 206

Table S3-2.
Cluster Expt. #3 [NO]  [NO] [NO] [NO]  [NO] [NO] [NO]  [NO] [NO]
# (o-pinene+ OH+NO) Sppb  10ppb  25ppb  Sppb 10ppb  25ppb  S5ppb  10ppb 25 ppb
Molecular Formula Tm,s0 Tm,75 AT

1 Cg.8H14304.7Noo 92.4 95.7 101.9 130.0 133.1 151.1 37.6 37.4 49.2
2 Co.3H14.806.0No.0 100.0 100.9 103.9 136.5 136.5 145.8 36.5 35.6 41.9
3 C7.5H10.706.4No.4 101.8 97.1 101.8 1459 142.2 146.1 44.1 45.1 44.3
4 Cs.0H11.7049No.1 102.6 102.0 107.0 145.1 1445 153.6 42.5 42.5 46.6
5 Cg.0H12.006.0No.0 108.4 109.4 114.0 138.0 1373 139.3 29.6 27.9 253
6 Cs.5H7.103.7No.o 111.1 1199 144.3 158.2 161.3 179.0 47.1 41.4 34.7
7 Cs.9H11.406.3No.o 122.0 119.7 125.6 156.1 152.8 159.4 34.1 33.1 33.8
8 Cs.1H11.104.1No0 125.7 1254 129.9 160.3 160.8 166.3 34.6 35.4 36.4
9 Cs.6H5.603.9No.0 1359 1374 138.9 166.4 167.1 169.3 30.5 29.7 30.4
10 Cs.2H10.205.0No.o 140.6 137.2 146.5 175.7 173.7 184.5 35.1 36.5 38.0

Unclustered

Filtered
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Table S4 Chemical characteristics of each cluster identified in the a-pinene + OH + NO SOA system for
three different NO conditions (5, 10 and 25 ppb) from the multiple-clustering approach.

Table S4-1. Results for the 5 ppb NO experiment.

Cluster # Expt. #3a

(a-pinene+ OH+5 ppb NO)

Molecular Formula 0:C H:C Mass% #lons  Tmso Tm,75 AT

1 Cs.sH143047Noo 0.53 1.62 299 27 92.4 130.0 37.6
2 Co.3H14.806.0N0.0 0.65 1.59 25.4 19 100.0 136.5 36.5
3 C7.5H10.706.4No.4 0.85 1.42 1.2 2 101.8 145.9 441
4 Cs.0H11.704.9No.1 0.61 1.47 12.4 10 102.6 145.1 42.5
5 Cs.0H12.006.0No.0 0.75 1.50 2.2 1 108.4 138.0 29.6
6 Cs.5H7.103.7No.0 0.68 1.28 0.9 2 1111 158.2 47.1
7 Cs.9H11.406.3No.0 0.72 1.28 1.4 4 122.0 156.1 341
8 Cs.1H11.104.1No.0 0.50 1.37 33 7 125.7 160.3 34.6
9 Ca.6Hs.603.9No.0 0.83 1.20 3.0 6 135.9 166.4 30.5
10 Cs.2H10.205.0No.0 0.61 1.24 33 2 140.6 175.7 35.1
Unclustered 15 8
Filtered 15.5 208

Table S4-2. Results for the 10 ppb NO experiment.

Cluster # Expt. #3b

(oi-pinene+ OH+10 ppb NO)

Molecular Formula 0:C H:C Mass% # lons  Tmso Tm,75 AT

1 Cs.sH13.604.9N0.1 0.58 1.60 27.6 28 95.1 134.1 39.0
2 Co.1H14.306.1No.1 0.66 1.57 25.7 21 101.9 136.5 34.6
3 Cs.5H12.804.9No.1 0.58 1.50 17.3 14 102.1 1433 41.2
4 Cs.4H11.1076No.2 1.40 2.06 2.1 4 104.1 148.4 44.3
5 Ce.8Hg.404.6No.o 0.68 1.23 3.2 5 110.9 159.5 48.6
6 C12.5H189075Noo 0.60 1.52 0.2 2 124.5 152.9 28.4
7 Co.7H143073Noo 0.75 1.47 0.3 2 126.5 159.3 32.8
8 Cs.2H11.004.2No0 0.51 1.35 31 7 126.3 161.1 34.8
9 C4.0H4.006.0No.0 1.50 1.00 0.5 1 134.3 168.5 34.2
10 C7.8Ho.504.8No.o 0.61 1.23 4.1 2 137.8 172.4 34.6
11 C32H38039No.0 1.25 1.22 1.9 4 138.6 166.3 27.7
Unclustered 13 10
Filtered 12.6 195

11



Table $4-3. Results for the 25 ppb NO experiment.

Cluster # Expt. #3c

(ci-pinene+ OH+25 ppb NO)

Molecular Formula 0:C H:C Mass% # lons  Tmso Tm,75 AT

1 C10.0H15.006.0N1.0 0.60 1.50 11 1 92.3 139.8 47.5
2 Ce.0Hs.805.0No.0 0.82 1.46 0.8 4 98.5 147.8 49.3
3 Cs.1H12.405.4No.2 0.66 1.53 39.8 29 103.4 150.7 473
4 Co.1H14.106.3No.1 0.69 1.55 13.7 18 106.5 144.4 37.9
5 Ce.1H9.806.3No.0 1.03 1.60 3.7 2 121.2 160.9 39.7
6 Cs.7H11.306.2No.0 0.72 1.30 3.2 5 122.2 155.0 32.8
7 C7.9H10.704.8No.1 0.61 1.36 2.8 8 125.1 165.1 40.0
8 C4.0Hs.603.9No.0 0.97 1.37 1.7 5 134.9 168.6 33.7
9 Ci11.8H18507.7Noo 0.65 1.57 0.2 3 136.5 166.2 29.7
10 C2.5H3.004.0No.0 1.58 1.20 2.3 3 139.2 168.7 29.5
11 Cs.2Hs 805.1No.o 0.97 1.11 3.8 3 140.2 175.5 353
12 C7.8H9.704.9No.o 0.63 1.25 1.0 2 147.7 185.4 37.7
13 C4.2H4.003.8No.0 0.92 0.96 1.5 2 167.5 188.9 21.4
Unclustered 0.7 7
Filtered 16.0 205
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Figure S5. Guidance for determining the optimal € for the a—pinene +O3 SOA system with no isothermal
evaporation for the single clustering approach. The variation of four parameters, N, N total, fm,unclustered and
Rintercist are shown as a function of the distance criterion €. The black horizontal dashed line is guide
judgement for Rintercist = 2. The values highlighted by a rectangle are the values corresponding to the
optimal € used for the following clustering analysis.
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Table S5 Chemical characteristics of each cluster identified in the a-pinene + O3 + Evaporation SOA system
from the single-clustering approach, using the no-wait experiment as the reference.

Table S5-1.
Cluster Expt. #4 Oh 1h 3h 6h 24 h
# (o-pinene+ Os+Evap.)
Molecular Formula 0:C H:C MW Mass % # lons
1 Co.8H14.005.7No.o 0.58 1.42 222.8 19.0 13.7 9.5 7.0 4.8 2
2 Co.0H16.003.0No.0 0.33 1.78 172.0 1.5 1.1 0.9 0.3 1.0 1
3 Cg.7H14.1048No.o 0.54 1.61 195.3 15.0 14.0 14.0 135 11.3 9
4 Ce.5H11.104.0No.0 0.61 1.69 153.1 1.0 0.7 0.7 0.7 0.8 2
5 Cs.9H14.006.1No.o 0.69 1.58 2184 285 29.6 31.0 32.1 30.3 35
6 Cs7H12204.9Noo 0.56 1.40 1950 5.6 6.1 6.2 6.3 6.2 8
7 C12.6H23.507.8Noo 0.62 1.86 299.5 10.4 121 14.1 15.8 16.4 34
8 Ce.0Hg.004.0No.0 0.67 1.33 144.0 0.46 0.5 0.4 0.5 0.6 1
9 Ce.7H13.9038.2Noo 1.22 2.07 2255 0.6 0.7 0.7 0.8 0.9 3
10 Cs.1Hs.103.0No.0 0.59 1.60 117.3 0.8 1.0 1.0 0.9 1.0 4
11 C13.7H24.708.5No.o 0.62 1.80 3251 24 2.8 3.4 4.0 4.6 8
12 Cs.1H10.804.1Noo 0.50 1.34 173.6 2.5 29 3.1 3.2 3.6 5
Unclustered 0.7 0.8 0.8 0.8 0.8 5
Filtered 11.5 14.0 14.0 13.8 17.6 185
Table S5-2
Cluster # Expt. #4 Oh 1h 3h 6h 24 h Oh 1h 3h 6h 24 h
(a-pinene+ Os+Evap.)
Molecular Formula Tm,50 AT
1 Co.8H14.005.7No.o 79.6 1043 1244 130.6 1464 40.1 459 383 334 301
2 Co.0H16.003.0No.0 87.5 128.1 1343 130.2 151.7 43.2 35.6 30.3 23.8 24.6
3 Csg.7H14.104.8No.o 93.9 107.7 117.8 126.9 141.7 33.7 40.6 38.6 34.6 32.0
4 Ce5H11.104.0No0 99.6  128.1 136.5 1456 161.7 409 36.7 316 254 219
5 Cs.9H14.006.1No.0 101.0 1115 1183 120.6 135.0 32.5 345 358 354 326
6 Cg7H12.204.9No.0 111.6 131.7 140.8 1418 156.0 422 334 292 287 253
7 C12.6H23.507.5Noo 1146 120.0 122.1 1233 131.6 320 320 317 324 305
8 Cs.0H8.004.0No.0 116.7 140.5 1483 153.0 166.4 40.9 32.6 27.4 233 19.5
9 Ce.7H13.908.2No.0 118.6 129.0 135.7 1326 1485 376 343 288 320 304
10 Cs.1Hg.103.0No.0 126.8 138.5 138.0 1414 1555 314 28.0 28.3 233 211
11 C13.7H24708.5No.o 127.4 131.6 133.0 131.2 140.2 29.0 29.0 280 278 264
12 Cg.1H10804.1Noo 130.5 1419 146.4 1483 1584 33.0 29.7 274 251 232
Unclustered
Filtered
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Figure S7. Guidance for determining the optimal € for the a—pinene +03 SOA system with (a) no isothermal
evaporation (b) 1 hr (c) 3 hrs (d) 6 hrs and (e) 24 hrs of isothermal evaporation for the multiple clustering
approach. The variation of four parameters, Nc, Nc total, fm,unclustered aNd Rintercist are shown as a function of
the distance criterion €. The black horizontal dashed line is guide judgement for Rintercist > 2. The values

highlighted by a rectangle are the values corresponding to the optimal € used for the following clustering
analysis.
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Table S6 Chemical characteristics of each cluster identified in the a-pinene + O3 + Evaporation SOA system
for five different isothermal evaporation conditions. The multiple clustering approach is used so each
evaporation experiment is clustered independently.

Table S6-1. Results for the 0 h isothermal evaporation experiment.

Cluster # Expt. #4a
(oi-pinene+ O3 + 0-h Evap.)

Molecular Formula 0:C H:C Mass%  #lons  Tmso Tm,75 AT
1 Co.8H14.005.7No.o 0.58 1.42 18.9 2 79.6 119.7 40.1
2 Cs.0H16.003.0No.0 0.33 1.78 1.4 1 87.5 130.8 433
3 Cs.sH13.604.9No.0 0.58 1.61 12.2 8 93.6 124.3 30.7
4 C10.9H18503.7Noo 0.34 1.69 3.2 2 97.5 140.7 43.2
5 Cs.5H11.104.0No.0 0.61 1.69 1.0 2 99.6 140.5 40.9
6 Cs.9H14.006.1No.0 0.69 1.58 28.2 35 101.0 133.5 32,5
7 Cs.7H12.204.9No.0 0.56 1.40 5.6 8 111.6 153.8 42.2
8 C12.6H23.507.8Noo 0.62 1.86 10.3 34 114.6 146.5 31.9
9 Ce.0Hs.004.0No.0 0.67 1.33 0.5 1 116.7 157.6 40.9
10 C6.7H13.908.2No.0 1.22 2.07 0.6 3 118.6 156.2 37.6
11 Cs.1Hg.103.0No.o 0.59 1.60 0.8 4 126.8 158.2 31.4
12 Ci13.7H24.7085No.0 0.62 1.80 2.3 8 127.4 156.3 28.9
13 Cs.1H10.804.1No.o 0.50 1.34 2.5 5 130.5 163.5 33.0
Unclustered 1.0 7
Filtered 11.4 191

Table S6-2. Results for the 1 h isothermal evaporation experiment.
Cluster # Expt. #4b
(a-pinene+ O3+ 1-h Evap.)

Molecular Formula 0:C H:C Mass% #lons  Tmso Tn,75 AT
1 C2.0H4.003.0No.0 1.50 2.00 1.3 1 85.4 131.6 46.2
2 Co.4H16.705.2No.0 0.55 1.79 1.6 3 96.1 125.8 29.7
3 Co.1H13.505.5No.0 0.61 1.48 20.1 6 103.3 146.5 43.2
4 Co.6H15.706.2No.o 0.65 1.63 36.5 48 113.9 148.4 345
5 C16.0H32.002.0No.0 0.12 2.00 0.9 1 118.3 181.6 63.3
6 Cs.0H14.004.0No.0 0.444 1.56 2.6 1 120.0 162.0 42.0
7 C14.5H2810387Noo 0.60 1.94 4.3 10 127.1 155.5 28.4
8 CssH12.505.4No.o 0.64 1.47 4.3 6 130.8 164.3 335
9 C11.1H20.908.9No.0 0.80 1.88 1.4 5 132.3 161.8 29.5
10 C7.4H10.103.9No.0 0.52 1.36 8.6 18 140.9 171.0 30.1
11 C7.0Hg.004.0No.0 0.57 1.14 0.6 1 156.8 181.4 24.6
12 C17.3H34.002.1No0 0.12 1.97 1.1 2 189.2 199.1 9.0
Unclustered 0.0 0
Filtered 16.5 210
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Table S6-3. Results for the 3 h isothermal evaporation experiment.

Cluster # Expt. #4c

(o-pinene+ O3+ 3-h Evap.)

Molecular Formula 0:C H:C Mass%  #lons  Tmso Tm,75 AT
1 C10.0H18.005.0No.0 0.50 1.80 0.5 1 97.9 133.4 35.5
2 Co.4H14.906.0No.0 0.63 1.58 16.7 13 111.8 146.2 34.4
3 Ci13.1H23.807.5Noo 0.57 1.81 17.7 31 121.4 153.3 31.9
4 Csg.6H12.8053No.0 0.62 1.49 23.1 9 121.6 159.0 37.4
5 Ci5.5H26.805.9N0.0 0.38 1.73 0.4 2 123.1 156.6 335
6 Csg.4H12.906.9No.0 0.81 1.53 4.8 8 128.3 159.0 30.7
7 C11.1H21.908.8No,o 0.79 1.97 1.5 5 133.4 162.1 28.7
8 Cs.0H16.003.0No.0 0.33 1.78 0.9 1 134.3 164.7 30.4
9 C7.1H12.8057No.o 0.81 1.80 4.3 3 134.9 169.3 34.4
10 C7.9H10.804.2No.0 0.53 1.36 13.0 22 143.4 171.6 28.2
11 Cs.3H10.604.0No.0 0.48 1.28 1.7 2 156.1 181.3 25.2
Unclustered 1.1 5
Filtered 14.3 205
Table S6-4. Results for the 6 h isothermal evaporation experiment.

Cluster # Expt. #4d

(o-pinene+ O3+ 6-h Evap.)

Molecular Formula 0:C H:C Mass%  #lons  Tmso Tm,75 AT
1 Co.8H14.106.9No.0 0.70 1.44 4.9 3 108.2 138.3 30.1
2 Co.3H14.805.1No.0 0.55 1.59 4.5 2 119.7 157.1 37.4
3 C11.9H21.007.3No.o 0.61 1.76 29.2 36 121.9 154.2 323
4 Cg.5sH13.105.4No.0 0.63 1.54 24.0 13 128.8 163.3 34.5
5 Ci11.5H23.0095N0.0 0.83 2.00 0.6 2 129.2 161.7 325
6 Cg.1H12.706.6No.o 0.82 1.58 5.5 11 132.9 164.9 32.0
7 Ci11.0H16.005.0No.0 0.45 1.45 0.4 1 144.4 172.3 27.9
8 C7.7H10.604.0No.o 0.52 1.39 15.0 25 147.2 173.0 25.8
9 C2.7Hs3033No.0 1.25 2.00 0.6 2 183.9 194.9 11.0
Unclustered 2.5 11
Filtered 12.8 203
Table S6-5. Results for the 24 h isothermal evaporation experiment.

Cluster # Expt. #4e

(c-pinene+0; +24-h Evap.)

Molecular Formula 0:C H:C Mass %  #lons  Tmso Tm,75 AT
1 C12.1H21.207.2Noo 0.60 1.75 25.4 26 130.0 161.1 31.1
2 C7.0H16.009.0No.0 1.29 2.29 0.6 1 133.9 166.7 32.8
3 C11.3H17.906.7No.o 0.59 1.58 1.7 4 137.7 167.7 30.0
4 C11.9H20.008.2No.o 0.69 1.68 4.4 10 140.1 167.6 27.5
5 Cs.9H13.8055No.0 0.62 1.54 16.1 8 140.4 171.5 31.1
6 C7.9H12.004.6No.o 0.58 1.51 20.3 23 154.5 179.0 24.5
7 Cs.2H7.103.4No0 0.66 1.37 12.2 17 168.0 186.3 18.3
8 C16.0H32.002.0N0.0 0.12 2.00 1.0 1 177.9 197.9 20.0
9 C17.5H35.002.1No,0 0.12 2.00 1.2 2 198.7 199.3 0.6
Unclustered 1.0 4
Filtered 16.1 213
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