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Elucidating an Atmospheric Brown Carbon Species—Toward
Supplanting Chemical Intuition with Exhaustive Enumeration and

Machine Learning

Enrico Tapavicza, Guido Falk von Rudorff, David O. De Haan, Mario Contin, Christian George,

Matthieu Riva, and O. Anatole von Lilienfeld

ABSTRACT: Brown carbon (BrC) is involved in atmospheric light absorption and climate forcing and can cause adverse health effects.
Understanding the formation mechanisms and molecular structure of BrC is of key importance in developing strategies to control its
environment and health impact. Structure determination of BrC is challenging, due to the lack of experiments providing molecular
fingerprints and the sheer number of molecular candidates with identical mass. Suggestions based on chemical intuition are prone to
errors due to the inherent bias. We present an unbiased algorithm, using graph-based molecule generation and machine learning, which
can identify all molecular structures of compounds involved in biomass burning and the composition of BrC. We apply this algorithm to
C12H1207, a light-absorbing “test case” molecule identified in chamber experiments on the aqueous photo-oxidation of syringol, a
prevalent marker in wood smoke. Of the 260 million molecular graphs, the algorithm leaves only 36,518 (0.01%) as viable candidates
matching the spectrum. Although no unique molecular structure is obtained from only a chemical formula and a UV/vis absorption
spectrum, we discuss further reduction strategies and their efficacy. With additional data, the method can potentially more rapidly identify
isomers extracted from lab and field aerosol particles without introducing human bias.

KEYWORDS: biomass burning, chemical diversity, chemical space, structure determination, oligomers, light absorption

INTRODUCTION

Visible light-absorbing secondary organic aerosols (SOAs),
also known as brown carbon (BrC), interfere in atmospheric
processes, impact climate forcing, and cause adverse health
effects due to their oxidative character.'™ Emerging from
biomass burning (BB) and from natural and industrial
emissions, SOAs constantly undergo chemical modification
due to reactions in the atmosphere, sometimes forming light-
absorbing oligomers with large absorption coefficients.’
Understanding the molecular details of the formation
mechanisms, precursor identification, and knowledge of the
exact molecular structure of BrC is of key importance in
designing strategies and policies to control its impact on
environment and public health. Structural knowledge not only
is important to evaluate their toxicology,7’8 carcinogenic
activity, and receptor binding” in order to assess public health
impact but also allows us to make predictions on molecular
stability and chemical fate; the latter properties are important
properties to assess BrC’s further implications on atmospheric
processes and climate forcing.'® Thus, structure and precursor
identification takes up a key role in atmospheric chemistry,
connecting field studies with lab experiments and computer
modeling. Unraveling the structure of BrC compounds and the

characterization of the molecular composition, particularly
identifying the major constitutional isomers, is a pressing
challenge for atmospheric chemistry."' ="

Typically, the formation and further reactions of SOA under
specific atmospheric conditions can be simulated in atmos-
pheric chamber experiments.'”'> In these experiments,
aerosol-phase reaction products are often extracted from filters
and characterized by high-resolution liquid chromatography
(LC)/mass spectrometry (MS) analysis with inline UV/vis
absorbance spectroscopy.” While the detected exact mass of
the compounds gives complete information about the chemical
sum formula, the exact chemical structures often remain
unknown. Due to the generally low concentrations of precursor
compounds that must be used in order to realistically simulate
atmospheric conditions in chamber experiments, spectroscopic
methods that provide conclusive information about the
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Figure 1. Workflow to identify all molecules of a given sum formula that fit an experimental UV/vis absorbance spectrum. Of all possible molecules
of this sum formula (box 1), first, the stable ones are selected (box 2) for which machine learning-assisted spectra are obtained (box 3) which then
can be compared to experiment (box 4). Steps for which we used external software are shaded orange, and steps which only improve performance

but are not strictly required have a dashed outline.

chemical constitution of reaction products, such as NMR, are
unfortunately rarely applicable. Furthermore, it is questionable
if only one constitutional isomer of a detected chemical sum
formula is present, and imperfect LC separations are common.
Given the chemical complexity of SOA, it is often more
realistic to assume that a detected chemical sum formula may
be composed of different isomers with similar physical
chemical properties. Likewise, UV/vis spectra may be
complicated by contributions from coeluting products. Thus,
to gain confidence in the correctness of the chosen structure or
to rule out structures not consistent with experimental
observations, one should use as many experimental observables
as available. Molecular structures of products generated in
atmospheric chamber experiments are typically proposed on
the basis of mass spectrometric data and chemical intuition.
The high absorption coefficients of BrC allow the use of UV/
vis spectra to not only identify which mass spectrometric peaks
correspond with light-absorbing molecules but also probe if
proposed BrC product structures are consistent with
experimental observations.'”'%"”

The difficulty of determining the structure of a BrC
compound, even when its exact mass is known, is caused by
a lack of experiments providing characteristic fingerprints of
these molecules and amplified by the sheer number of possible
molecular structures associated with a given molecular formula.
Chemical intuition and ad hoc assumptions for structural
elements often provide the basis for suggesting particular
structures but are time-consuming to develop and are prone to
errors due to their biased nature. The correct structure of a
detected product molecule may not be considered due to the
vast number of possibilities, or it may get rejected because it
does not seem probable based on the chemist’s prior
experience. Furthermore, the choice of isomers considered
might also be guided by the availability of standards for
comparison of their physicochemical properties. These biases
work against the discovery of novel constitutional isomers and
the atmospheric chemistry which they represent.

In an attempt to minimize human bias in the proposition of
candidate structures, here, we approach the problem of finding
consistent isomers by initially considering all possible isomers
exhaustively; this is in stark contrast to the common
approaches based on chemical intuition.'>'® We develop an
unbiased algorithm with the goal of determining the feasibility
of automated molecular structure identification of compounds
involved in BB and the composition of BrC. However, due to
the quickly growing size of the chemical space with the number
of atoms, this approach is already challenging for small and
medium-sized molecules and becomes impossible for larger
molecules.

One source of secondary brown carbon believed to be
atmospherically significant is the formation of oligomers during
the aqueous-phase photo-oxidation of phenolic compounds,
such as syringol, that are prevalent in wood smoke. This
oligomer formation is thought to change the optical properties
of BB aerosol particles during cloud processing, partially
counteracting photobleaching and other aging processes.
When syringol is photo-oxidized with OH radicals or triplet
carbon (*C*) species in the aqueous phase, one of the seven
major products detected by negative-mode nanodesorption
electrospray MS has the sum formula C;,H;,0,."® Isomers
with this formula were associated with BrC absorbance peaks
in the aqueous aerosol phase in as-yet-unpublished syringol
photo-oxidation experiments at the CESAM chamber'” where
syringol was oxidized with OH radicals. In addition, C;,H,,0,
was the largest peak identified by UHPLC-(+)ESI-MS with a
formula containing less than 20 heavy atoms. Thus, C},H,,0,
was selected as an appropriate brown carbon candidate for this
study.

Considering all possible molecular graphs (i.e., the set of all
atoms and their bonds including bond orders) of C;,H;,0, we
assign one graph node for each heavy atom. In total, there are
more than 10°° simple connected graphs of 19 nodes™ even
without assigning elements to the individual nodes and without
assigning bond orders. Annotating the graphs with the atom
elements drastically increases this number, while following


https://pubs.acs.org/doi/10.1021/acs.est.1c00885?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.1c00885?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.1c00885?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.1c00885?fig=fig1&ref=pdf
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.1c00885?rel=cite-as&ref=PDF&jav=VoR

OH

—0 o— ? \
0 § 1t \\V’/
+ ﬂ» C12H1207 § g T = - —
HOOH g \
OH 2
2 g - - — —
— o— \
1-

300 35 400 450
Wavelength / nm

Figure 2. In the proposed reaction scheme (left), aqueous-phase syringol photo-oxidation forms C,,H;,0, a dimer product with an unknown
structure that correlates with brown carbon formation. Right: four different experimental UV/vis absorbance spectra, measured at four different

retention times corresponding with elution of a different C;,H;,0, isomer.

chemical bonding rules again reduces the total count of
molecular graphs with this sum formula. The unrestricted total
count of molecular graphs with valid Lewis structures of that
sum formula is unknown. These large numbers show that the
major bottleneck in exploring this chemical subspace lies in the
efficiency of the computer generation of molecular structures,
which ultimately limits this approach for molecules larger than
a given size. A second challenge arises from the prediction of
physicochemical data for all these structures needed to
determine the candidate molecules consistent with exper-
imental measurements. In BrC, the observable usually is the
UV/vis spectrum, which can be predicted reasonably well by
correlated quantum chemistry methods.”'~>° However, the
computational resources necessary for the spectra prediction
quickly become unfeasible with increasing number of atoms,
since the size of the chemical space for one given sum formula
rapidly grows.

Here, we developed a computational workflow (cf. Figure 1)
to find possible constitutional C,,H,,O, isomers consistent
with the recorded absorption spectra. To tackle the exhaustive
generation of constitutional isomers, we present a graph-based,
bias-free molecule generator, which leverages massively parallel
computation. The problem of quantum chemical spectra
prediction of a large number of molecules is solved by making
use of machine learning to predict spectral properties of the
molecules.”® In a Monte-Carlo procedure, we then determine
the likelihood that specific feature groups give rise to the
experimentally observed spectrum.

The workflow starts from an unbiased and exhaustive
generation of all possible molecular graphs (box 1 in Figure 1).
The number of graphs is further reduced by molecular stability
and steric criteria based on tight-binding density functional
theory. After prediction of electronic excitation energies and
oscillator strengths, we filter the compounds by the probability
of agreement with the experimental UV/vis absorption
spectrum. Finally, we explore how additional information
about structure or functional groups could further reduce the
number of possible C,,H;,O, isomers consistent with
experimental data.

MATERIALS AND METHODS

Experimental Section. The filter collection and extraction
protocols have been described previously.”” Briefly, to

determine UV/vis spectra corresponding to C,,H;,0,
products, SOA formed in syringol photo-oxidation experiments
at the CESAM chamber were collected overnight onto a
Teflon filter (1 pm pores, 47 mm diam.), which was kept at
—20 C until analysis. Each Teflon filter was spiked with
caffeine (final concentration 100 ppb) as the internal standard
and then extracted twice with 6 mL of acetonitrile and agitated
for 20 min with an orbital shaker at 1000 rpm. The extracts
were then filtered with a syringe filter (0.2 pm, Pall Acrodisc
PSF, with GHP membrane, hydrophilic polypropylene) to
remove any insoluble particles and blown dry under a gentle
N, (g) stream at ambient temperature. The residues were
reconstituted in 0.2 mL of water/methanol (v/v 1:1, Optima
LC/MS, Fisher Scientific). Finally, the filter extracts were
analyzed by ultrahigh performance LC (Dionex 3000, Thermo
Scientific) using a Water Acquity HSS C18 column (1.8 pm,
100 X 2.1 mm) coupled with a diode array UV/vis absorbance
detector and a Q-Exactive Hybrid Quadrupole-Orbitrap mass
spectrometer (Thermo Scientific) equipped with an electro-
spray ionization (ESI) source operated in the positive or
negative mode. The mobile phase used was constituted of (A)
0.1% formic acid in water (Optima LC/MS, Fisher Scientific)
and (B) 0.1% formic acid in acetonitrile (Optima LC/MS,
Fischer Scientific). Gradient elution was carried out by the A/
B mixture at a total flow rate of 300 yuL/min: O to 13 min B
from 1 to 100% and 13.1 min B 1% for 9 min. Raw data were
processed with MZmine 2.51. A single-ion chromatogram for
(+) mode ion signal matching formula C;,H;,0,; was
generated. UV/vis spectra corresponding to C,H,0, peak
elution times (minus the time delay between the two
detectors) were then generated.

Wavelength-dependent molar absorption coeflicients of
C,0,H,, were estimated from absorbance spectra recorded
at four different retention times of sodium adducts of
C,0,H,, (Figure 2) using the Beer—Lambert law. To obtain
an estimate of the necessary concentrations, surrogate
standards were used to quantify ESI efficiencies. Since
ionization efficiencies vary significantly between compounds,
the use of surrogate standards introduces an order-of-
magnitude uncertainty of the estimated molar absorption
coefficients. This uncertainty is taken into account in the
evaluation of the compatibility between the computed spectra
and the experimental spectra (see below and the Supporting
Information).
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Figure 3. Total number of molecular graphs with the given feature occurrences. Panel (1): bond count frequencies and ether bridges connecting
the two carbon rings; panel (2): count of oxygen—oxygen chains of length n; panel (3): count of carbonyl sites, allene sites, double bonds, and
aromatic rings; and panel (4): conjugated double-bond chains of length n. Each curve adds up to the total number of molecular graphs of

263,917,411.

Molecule Generation. For the sum formula C,,H;,0,, we
systematically’® enumerate all molecules that potentially could
be a product of the reaction in the atmospheric chamber. We
rationalize that the product forms via radical-initiated
coupling29 of two syringol units to C¢H3O4 the most
abundant SOA product identified in previous studies,
followed by further oxidation and fragmentation to
C,H,0,."® To develop the method in this work as a proof
of concept, we limited ourselves to those candidates where the
two Cg-rings found in the two reactant molecules persist in the
product, which requires the loss of methoxy carbons. While
other products are possible, including a proposed C,,H;,0,
structure with only one Cg4 ring remaining,'® we note that
demethylation of methoxy groups is commonly observed
during photo-oxidation of vanillin,®' syringaldehyde, and
acetosyringol.”> Furthermore, half of the syringol SOA product
structures proposed by Yu et al.'® have lost at least one
methoxy carbon, and 16% of their proposed structures have
lost all methoxy carbons, making it probable that at least some
C,,H),O, isomers have two C4 rings. Of course, with
increasing computational power, this analysis would ideally
be performed without any initial structural assumption.
Technically, this enumeration is performed by (a) enumerating
all potential molecular graphs ignoring hydrogens, (b)
constructing all possible hydrogen saturations of these graphs,
and (c) filtering all molecules which are not stable in GFN2-
xTB calculations.” The protocol for these steps is summarized
in Figure 1 and detailed in the Supporting Information and is
based on refs 28 and 34353637.

Electronic Structure Methods and Machine Learning.
Electronic excitation energies and their oscillator strengths are
readily computed by many electronic structure methods and
can be converted into absorption spectra. To assess the
absorption spectrum, we computed the lowest three excitation
energies and their corresponding oscillator strengths using the
algebraic diagrammatic construction to second order
(ADC(2)) method.”®*” To include effects of water solvation
in the calculation, we employed the conductor-like screening
model (COSMO)* using a dielectric constant of 80.1 and a
refractive index of 1.3325.*' The def2-TZVP basis set was
used.*” This approach has been shown to yield accurate
excitation energies.%_45 Calculations were carried out with
TURBOMOLE V7.2.%%%

Since it is prohibitively expensive to apply this reliable
method to the exhaustive list of all molecules, we calculated

10,000 randomly selected molecules as the training set for the
Kernel-ridge-regression (KRR) method*® with the FCHL
molecular representation® as implemented in the QML
toolkit.””

Note that these 10,000 molecules have been selected as
representatives of the whole chemical space under consid-
eration. Since homogeneous data sets can be expected to
exhibit better learning, future refinements of our approach
might repeat this training set selection step after the first few
features of molecular graphs have been eliminated by
experimental results, thus reducing the chemical space under
consideration. This might provide more accurate models,
further increasing the filtering efficiency of our work. In this
work, we only select one training set for high-quality reference
calculations to showcase how this alone is sufficient to narrow
down the list of candidate molecules for a given spectrum.

Machine learning, in general, and KRR, in particular, have
been successfully used to predict excited-state properties,”’ >
typically highlighting the need for high-quality reference data.
A total of 82 molecules were excluded since they exhibited
negative excitation energies, which indicates that the ground
state has multireference character and is close to or at a singlet
instability.”* We determined optimal hyperparameters for the
kernel widths and regularizer with fivefold cross validation (see
the Supporting Information). Once both the excitation
energies and oscillator strengths for the lowest three excitations
have been predicted for all compounds from machine learning,
we can model the spectrum”’ and compare it to the
experimental ones. The electronic absorption spectrum for
one excitation and oscillator strength f is simulated using a
Gaussian line shape p(4) according to

N

4
e(4) = 2.303
(4) 7

(1)
where 7 is Planck’s reduced constant, ¢ denotes the speed of
light, g, is the electronic charge, and N, is Avogadro’s number.
We employ a Monto-Carlo method (see the Supporting
Information) to assess whether these predicted spectra are
compatible with the experimental spectra. In this work, a
predicted spectrum is considered compatible if the exper-
imental spectrum (see Figure 2) and predicted spectrum are
separated by at most one standard deviation of both modeling
and experimental uncertainties.
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RESULTS AND DISCUSSION

In our analysis of filters collected after syringol + OH photo-
oxidation experiments in a chamber containing aqueous
aerosol, C;,H;,0, isomers were observed to elute at four
different retention times. The rather similar UV/vis spectra
that were observed at the corresponding elution times of the
four isomers are shown in Figure 2.

Analysis of the Generated Molecules. At first, we will
analyze the distribution of features in the molecular graphs,
before the structures have been optimized. According to our
initial assumption that two Cg-rings exist in the structure, the
two rings can either be directly connected by a carbon—carbon
bond or by one or more oxygen atoms, serving as a bridging
unit. These two possibilities are reflected by having either 13 or
12 C—C bonds, respectively (Figure 3). Analyzing the number
of C—O bonds, we find a peaked distribution ranging from 1 to
13, with a maximum probability at 7. The number of oxygen—
oxygen bonds range from 0 to a maximum of 6, with the
maximum of 6 corresponding to a structure where an O, chain
exists (blue, middle Figure 3). We also note that the longer the
oxygen chain, the fewer graphs are found, as expected. We note
that most structures have 0—2 carbonyl groups (Figure 3,
right), which are important for absorption properties.

Of the 263 million graphs, about 123 million lead to stable
three-dimensional structures according to GFN2-xTB. All their
coordinates are available online® together with the reference
data for the machine learning model’” and the code used in
this work.”® Since we are mainly interested in the structures
that are consistent with the experimental spectra, we skip a
more detailed analysis of the features of this large structure set.
However, it is important to say that we observe a substantial
amount of structures that are not commonly seen. For
instance, we find a considerable number of stable molecules
with chains up to seven oxygen atoms and dioxiranes (i.e.,
three rings with two oxygen atoms). There has been an
ongoing discussion about the possible length of oxygen
chains.”” While it might seem unlikely to find oxygen chains
with more than three members, theory has predicted the
stability of oxygen chains up to at least six members.
Experimentally, four-membered chains have been confirmed.>”
Dioxiranes have been known experimentally since 1978,
although their existence was already predicted in 1899 by
Bayer and Villiger.”” An indication of the relative stability of
the molecules can also be based on total electronic energies
(see Figure S1).

Electronic Spectra Prediction. For a random set of 9918
molecules, ADC(2)/COSMO calculations resulted in positive
excitation energies and oscillator strengths for the lowest three
states (Figure 4) and therefore could be used for training the
models. The data are available online.*” From Figure 4, we see
that the first excited state (S;) contributes with the highest
oscillator strengths in the region between 0.12 and 0.16 au,
where the experimental absorption band is located, but the
second (S,) and third (S,) excited states also show substantial
absorption in this region. Using KKR, we predicted the lowest
three excitation energies and oscillator strengths based on
different training set sizes (Figure 5). We assess the accuracy
with the mean absolute error (MAE) which gives the mean
absolute deviation of the predicted value from the in silico
ADC(2)/COSMO value. It is obtained separately for each of
the excitation energies and oscillator strengths and only
measures the individual spectrum component, not the overall
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Figure S. Left: MAE as a function of training set size for the learning
of the lowest three excitation energies. Right: MAE as a function of
training size for the learning of the lowest three oscillator strengths. In
both plots, the dashed lines indicate the error of the null model, using
the same color code for the different states.

accuracy of the spectrum. For a training set of 9000 molecules,
predictions exhibit MAEs of 9, 8, and 7 mHa for S}, S,, and S;,
respectively. Thus, ML errors are similar to the expected error
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of ADC(2) with respect to experimental values, which was
previously determined to be 8 mHa (0.21 eV).”"

As the learning curves in Figure S show, the model becomes
systematically more accurate as the number of training points
is increased, which confirms that the model indeed is learning.
From learning theory,”” one would expect a negative linear
relationship in the learning curves in the limit of large number
of training points where the slope denotes how fast a model is
learning. The curves confirm the learning abilities of the model
as it makes use of additional training data to improve
prediction accuracy. The accuracy of the machine learning
predictions is set into perspective by comparison to the null
model (dashed lines in Figure S), which is obtained when the
mean excitation energy over all training molecules is used as
prediction. MAEs for the oscillator strengths amount to 0.035,
0.038, and 0.036 au, for S, S,, and S;, respectively (Figure S,
right). Interestingly, oscillator strengths of S; benefit the most
from KKR, whereas, for S, and S; learning curves are
comparably flat. It has been noted in previous work?® that
representations based on the coordinates and atomic number
of the molecules might not be optimal for oscillator strengths,
which depend on the transition density between ground and
excited states and therefore might benefit from representations
that include quantities related to the transition density. The
reason why the oscillator strengths for S; are better predicted
than for S, and S, is probably due to the fact that they are
more uniform since they can be described more “Rydberg like”
than oscillator strengths of S, and S; and therefore are less
sensitive to variations in the molecular structure. The same
holds for the comparison between oscillator strengths of S, and
Si; in this case, S, is predicted with better accuracy than S;.

As illustrated by Figure S, adding more training data
typically improves the prediction accuracy. Increasing the data
set beyond 10,000 training points, however, not only is costly
in terms of the number of quantum chemistry calculations but
also increases prediction times. We expect better performance
by incorporating active learning schemes, where a preselection
of the training data improves prediction accuracy for smaller
training sets. Evaluating the different active learning schemes is
beyond the scope of this work.

Using the ML model based on the 9918 training molecules,
we predicted the lowest three excitation energies and oscillator
strengths for the remaining 120 million stable structures. For
our models, training including hyperparameter optimization
took about 1 day on a workstation, while a single prediction
requires about four core seconds. For larger models, the
training time would increase quadratically with the number of
trainin§ points (unless approximation schemes are em-
ployed®), but query times which are more relevant would
increase only linearly.

Establishing Matching Characteristics. We present the
analysis for the first spectrum on the top right of Figure 2;
results for the remaining three spectra are very similar (see
Figure S2). Out of the 123 million stable molecules, 55 million
match this spectrum according to the criteria defined in the
Supporting Information. For every structure, we determined a
feature vector that describes the structural features in the
molecules (Figure 6). Features considered were (a) bond
types, (b) oxygen chains of different lengths, (c) carbonylic
groups, (d) double bonds, (e) conjugated double bonds, (f)
aromatic rings, (g) ether bridges, and (h) allene groups. The
total dimension of the feature vector amounts to 21, whereas
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the length of the entries varies between 2 and 6. For instance,
for the number of carbon—carbon bonds, only two values are
possible (12 and 13), but for a number of two-membered
oxygen chains, the number of entries amounts to four, because
possible values are 0, 1, 2, and 3. For every feature and for
every number value thereof, we calculate the fraction of the
molecules that are compatible with the experimental spectrum
as defined above. This allows us to correlate molecular features
with the probability that it causes the experimentally observed
spectrum (see Figure 2). Note that this constitutes a
conditional probability, so, for example, molecules that have
no carbonyl group and those that have no double bond are
different groups and are of different sizes. Therefore, no direct
comparisons between different lines in Figure 6 are allowed,
only within one line for one feature. Analyzing the features in
Figure 6, we find that, for example, the probability that a
molecule is consistent with the experimental spectrum
increases with the number of (O—0) bonds (blue line, left
panel). As another example (orange line, right panel), we see
that the probability of a matching molecule decreases if there
are more than two cases of conjugated double-bond chains of
length two.

To illustrate the chemical diversity of stable molecular
structures that are compatible with the experimentally
observed spectrum, we group all molecules by their feature
vector. Representatives of large feature groups of matching and
nonmatching molecules are given on top and bottom of Figure
6, respectively. The corresponding groups of molecules are
huge: just for the first molecule on the top left in Figure 6,
there are 695,039 stable molecules that match the experimental
spectrum and have an identical feature vector.

Each of the other molecules shown in Figure 6 is just one
representative of similarly large groups of feature-identical
stable molecules. While the presence of individual molecular
features can significantly reduce the number of molecules, the
sheer size of these groups highlights that the share of molecules
matching any spectrum is still by far too large to claim unique
identification. Thus, the extent of the structural ambiguity of
brown carbon absorption spectra is made clear by the
exhaustive enumeration of all possible molecular structures.

Filtering Strategies. In view of these large numbers of
candidate structures, it is evident that any identification of
individual molecules based on their spectra needs more criteria
derived from experiments to reduce the number of possible
candidates. In practice, misidentifications are likely if too few
additional constraints are included in the search. Furthermore,
a comparison between the representative matching and
nonmatching feature groups (see Figure 6) shows that it is
not trivial to establish obvious structural characteristics that
would increase the likelihood of being consistent with the
experimental spectrum. Hence, common textbook relation-
ships between structural elements and absorption properties
(e.g., bathochromic shift) are of limited utility in the selection
of candidate brown carbon molecules.

Strategies to obtain more decisive criteria in establishing the
possible candidates can be based on structural motifs found in
MS fragmentation data, MS ionization data, and/or stability
criteria. Applied to our first spectrum, Table 1 lists how these
criteria reduce the number of possible structures. In the
present case, although fragmentation spectra of the individual
C,,H,,0, isomers are not available, the detection of both
hydrogen and sodium ion adducts of the C;,H;,0 isomer in
question suggests that it contains OH and ether groups rather

Table 1. Summary of How the Given Structural Features
Reduce the Number of Possible C,,H;,0, Structures

total molecules with two Cg4 rings 263,917,411
and which have OH groups 263,917,411
and which have no oxygen chain longer than 2 161,160,394
and which have an oxygen connecting the carbon rings 115,715,458
and which have one aromatic ring 134,944
and which are stable 64,121

and which match spectrum 1 36,518

than carbonyls.”* Furthermore, if we exclude oxygen chains
longer than two (which most likely are not stable enough to
endure the analytical procedure), only 36,516 stable molecules
are left that match the experimental spectrum. This constitutes
0.01 and 0.03% of the initially generated molecular graphs
(263 million) and stable structures (123 million), respectively.
Given sufficiently accurate computational chemistry methods,
the total energies of the structures (Figure S1) could be used
to select or exclude certain structures; due to the
approximative character of the GFN2-xTB calculations, we
do not pursue this route further.

Starting from a complete list of all molecules is key to allow
a bias-free filtering based on the experimental input. Most
importantly, filtering molecular graphs by MS fragments (or
ESI information) is free of approximations from the theory side
as no filtering based on computational chemistry or machine-
learning methods is carried out at these early stages. The
presence or absence of a structural feature in a given molecular
graph can be determined readily.

Having a substantially shortened list (e.g., the 0.01% for our
case) allows for better calculations on the theory side once the
filtering possibilities based on MS data are exhausted. There
are two reasons for this: not only does a smaller chemical space
require fewer training points to be accurately modeled with a
machine learning approach but also the reference data for the
individual training points can be calculated using a better level
of theory with fewer approximations.

Figure 7 illustrates how this filtering could be employed in a
systematic fashion by repeatedly searching for structural
features that divide the current set into two new sets of as
equal size as possible. Similar to the method of binary search,
this filters the total list of molecules in the fastest possible way
if only tests for the existence of particular MS fragments are
allowed. For the chemical space under consideration, an
average of 15 fragment tests would be required to reduce the
number of candidate molecules to below 10,000, if fragments
were randomly distributed among all stable molecules and
independent of each other. Typically, this is not the case, as
exemplified by Figure 7, where we require tests for eight
fragments until the number of molecules has been reduced to
about 10,000 which would then be accessible for quantum
chemistry calculations. In practice, this means that typically, on
the order of ten fragment tests would be needed to narrow the
molecules down. For larger molecules, and particularly for
molecules with a potentially branched structure, the number of
fragments tests required will be larger. Starting from the
exhaustive list of molecules, however, it is clear exactly how
many molecules remain to be analyzed and thus going down
such a decision tree could guide experimental work or MS data
analysis. Furthermore, such an approach can not only
determine whether additional criteria are still needed to
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Figure 7. Idealized reduction in the number of molecules as more and
more conditions on the molecular graph are applied (from top to
bottom). Note that these conditions are not founded in experimental
fragmentation data but rather illustrate the filtering process. Including
all features would give a wide tree, so only two branches of the tree
are shown. After each filter step, the total number of remaining
molecules is shown where the red bar denotes the share thereof that is
stable. The four bars illustrate how many of the residual molecules are
compatible with the spectra 1—4 in this work. (X), denotes that the
structural feature X appears n-times in a row.

identify a molecule but can also identify which criteria will
most efficiently narrow down the candidate molecule list.
The information whether molecules with these features are
stable is typically not available while filtering the molecules, as
long as the list of molecules is too long to render the required
calculations feasible for multiple spectra. In this work, however,
we have performed the stability calculations for the complete
list to illustrate in Figure 7 that the structural features alone are
not always sufficient to determine stability or similarity to a
UV/vis spectrum. As the number of fragmentation results
included increases in Figure 7, the share of stable molecules
and those matching the four spectra in this work are initially
roughly constant along the two paths shown. Only at the final
stages does the feature list become more sensitive to the
spectra in question. This emphasizes that real-world structure
determinations will typically require a substantial number of

confirmed/missing MS fragment determinations in addition to
the UV/vis spectrum.

We have systematically enumerated all molecules with the
sum formula C;,H,,0; containing two Cg-rings (regardless of
whether they are aromatic or not). We investigated whether
the specific C,H;,0, isomer behind an experimental brown
carbon UV/vis spectrum can be identified uniquely if a bias-
free systematic comparison is carried out. To this end, we used
a machine learning model to predict spectra for all possible 123
million stable molecules in the set. We find that the
experimental spectrum alone only halves the set of possible
candidate molecules, so much additional information is
required to determine the structure of a brown carbon
molecule. Even with multiple MS fragments identified, there
are tens to hundreds of thousands of potential structures that
are compatible with the spectrum. The true scale of this
problem only becomes clear once the exhaustive enumeration
is carried out.

In light of our findings, we still consider identifying
functional groups from MS the most promising strategy to
reduce the number of candidates, especially if this information
can be used early during the generation of molecular graphs.
The advantage of using this information early is that it can be
used to accelerate the graph generation. In addition, it reduces
the chemical diversity, which may then reduce the error of the
machine learning model.

Without the systematic enumeration of molecular targets, it
becomes unclear whether sufficiently numerous molecular
fragments have been identified to narrow down the list of
potential molecules. This might lead to misidentifications of
molecules: Laskin et al.'® suggested a possible structure for a
C,H,0, product found in a syringol photo-oxidation
chamber study, but our calculation shows that because of its
dominant absorption band between 350 and 400 nm, the
spectrum of this structure (Figure S4) is not consistent with
any of the four experimentally measured spectra shown in
Figure 1.

Based on the numerical evidence in this work, we expect that
a systematic enumeration approach, where high-quality MS
fragmentation data are included early on and where calculated
spectra come from machine learning predictions based on
quantum chemistry calculations, will make possible the rapid
identification of individual brown carbon molecules based on
their exact mass, MS fragmentation spectrum, and UV/vis
spectrum. In addition, such an approach will also yield
guarantees that there are no other molecules that also would fit
the experimental data.

Nevertheless, even in the case of a large ensemble of valid
structures, one could potentially rule out certain reaction
pathways in both, the formation and also the further
modifications of these compounds, if common structural
patterns can be identified and be associated with a particular
reaction; this, however, is beyond the scope of this study.

ENVIRONMENTAL IMPLICATIONS

Unraveling the chemistry behind SOA formation, BrC
formation in particular, is necessary until the work makes it
possible to quantify their varied atmospheric sources. The
identification of molecular tracers and major products is
important for connecting field measurements with lab studies
and computer modeling of particular precursor chemistry.
High-resolution LCMS methods are currently the state-of-the-
art for molecular identification of SOA and BrC species but
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often return long lists of molecular formulae and associated
UV/vis absorption spectra. Even with further structural
information from MS fragmentation data for the most
abundant ions, it is extremely time-consuming to work out
chemical structures one by one with their associated reaction
mechanisms, especially for larger oligomeric species. Fur-
thermore, given the vast number of possible structures
matching a chemical formula, there is no guarantee that the
published structures generated in this way are even correct.

One source of secondary BrC believed to be atmospherically
significant is the formation of oligomers during the aqueous-
phase photo-oxidation of phenolic compounds, such as
syringol, that are prevalent in wood smoke.””**™* This
oligomer formation is thought to change the optical (Properties
of BB aerosol particles during cloud processing,”” partially
counteracting photobleaching and other aging processes.
One light-absorbing dimer identified from this reaction has the
formula C,,H;,0,, which it shares with more than 260 million
other dual-ring-retention products. Our study shows that with
further experimental constraints, our algorithm is able to
shorten the list of possible structures to a few thousands to ten
thousand candidates. As unbiased, automated methods such as
those described here develop further and incorporate matching
to experimental optical spectra and MS fragmentation data
sets, particular isomers extracted from lab and field aerosol
particles may be more readily and rapidly identified. This will
allow more detailed understanding of reaction mechanisms and
precursor identification and make it possible to design control
strategies to reduce the climate effects of BrC and the adverse
health effects of SOAs.
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