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Abstract

With the increasing availability of high-resolution mass spectrometers, suspect screening and
non-targeted analysis are becoming popular compound identification tools for environmental
researchers. Samples of interest often contain a large (unknown) number of chemicals spanning
the detectable mass range of the instrument. In an effort to separate these chemicals prior to
injection into the mass spectrometer, a chromatography method is often utilized. There are
numerous types of gas and liquid chromatographs that can be coupled to commercially available
mass spectrometers. Depending on the type of instrument used for analysis, the researcher is
likely to observe a different subset of compounds based on the amenability of those chemicals to
the selected experimental techniques and equipment. It would be advantageous if this subset of
chemicals could be predicted prior to conducting the experiment, in order to minimize potential
false-positive and false-negative identifications. In this work, we utilize experimental datasets

to predict the amenability of chemical compounds to detection with liquid chromatography-
electrospray ionization-mass spectrometry (LC-ESI-MS). The assembled dataset totals 5517
unique chemicals either explicitly detected or not detected with LC-ESI-MS. The resulting
detected/not-detected matrix has been modeled using specific molecular descriptors to predict
which chemicals are amenable to LC-ESI-MS, and to which form(s) of ionization. Random
forest models, including a measure of the applicability domain of the model for both positive and
negative modes of the electrospray ionization source, were successfully developed. The outcome
of this work will help to inform future suspect screening and non-targeted analyses of chemicals
by better defining the potential LC-ESI-MS detectable chemical landscape of interest.
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Introduction

Previous studies have shown that humans are exposed to thousands of chemicals each

day, either through near-field or far-field sources [1-4]. The totality of these exogenous
chemical exposures comprises a large portion of the human exposome, the sum of all
exposures (external and internal) experienced by an individual throughout their lifetime [5].
Comprehensive exposome analyses benefit from a combination of bottom-up and top-down
approaches using various biological (top-down) and environmental/consumer (bottom-up)
samples. As the field of exposomics continues to evolve, so does the ability to thoroughly
examine the chemical complexity of these samples.

Whereas high-throughput screening assays for bioactivity have generated data on thousands
of biological endpoints for thousands of chemicals (see, e.g., ToxCast [6] and Tox21 [7]),
these assays are typically based on chemical-independent probes (for example, luminescence
from green fluorescent protein) [8]. Other chemical properties key to understanding
chemical risk posed to public health [9]. including physicochemical and toxicokinetic
(absorption, distribution, metabolism, excretion), require the development of targeted (that
is, chemical-specific) analysis methods [10, 11]. Nicolas et al. examined higher-throughput
methods for measuring physicochemical properties (for example, hydrophobicity, water
solubility) based on high-performance liquid chromatography—out of 200 ToxCast
chemicals, methods could not be developed ~ 15% of the time [11]. In Wetmore et al.,
developing analytical methods for measuring chemical fraction unbound in plasma failed for
38% of the chemicals [12]. In both cases, resources were expended attempting to develop
methods for those chemicals.

Whereas targeted analytical methods can be used to determine the presence and
concentration of small numbers of chemicals (on the order of 10s to 100s) in a given
sample, this approach is not feasible for comprehensive chemical analysis. Two alternative
techniques, known as non-targeted analysis (NTA) and suspect screening analysis (SSA),
provide a means to address such a need. NTA uses high-resolution mass spectrometry
(HRMS) to deduce the identity of unknown/understudied compounds without the use of
chemical standards or chemical suspect lists. Similarly, SSA uses HRMS to tentatively
identify chemicals in samples of interest using lists of chemical suspects and, in many cases,
supporting data (e.g., reference spectra).

Non-targeted and suspect screening analyses are commonly performed using a
chromatograph in tandem with a mass spectrometer. Both gas and liquid chromatography
have been successfully used to aid in the characterization of large numbers of small
molecules in various media [13-19]. However, neither approach on its own is capable

of determining the entire chemical composition of a sample as some chemicals are

not amenable to specific methods, ionization techniques, etc. For example, liquid
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chromatography-electrospray ionization-mass spectrometry (LC-ESI-MS) has proven
valuable for the analysis of chemicals with low volatility, such as some perfluoroalkyl
substances (PFAS), e.g., perfluorocarboxylic acids and perfluorosulfonic acids. Likewise,
many volatile chemicals, including fluorotelomer alcohols commonly found in aqueous
film-forming foams, are much more amenable to analysis via gas chromatography-mass
spectrometry (GC-MS) [20]. In a recent evaluation of NTA method performance (part of
the Environmental Protection Agency’s, EPA’s Non-Targeted Analysis Collaborative Trial
[ENTACT]), 1269 diverse chemical substances were analyzed using multiple LC-ESI-MS
methods, with up to 40% noted as being unamenable to detection and/or identification
[13]. Considering this result, a clear benefit would exist to having model(s) that can
accurately predict the amenability of compounds in LC-ESI-MS experiments to aid in

the interpretation of positive (compound reported as present) and negative (compound not
reported as present) findings. Having this predictive capability could also reduce the costs of
time and resources associated with analyzing unamenable compounds.

Herein, we investigate the application of quantitative structure-activity relationship (QSAR)
modeling, where “activity” is defined in this case as “amenability to detection with
LC-ESI-MS.” Random forest models were used to predict a compound’s amenability

to detection with LC-ESI-MS. Specifically, we collected a large (6342 representatives)
dataset of chemicals with known LC-ESI-MS amenability, represented our chemicals
using PaDEL molecular descriptors, and built random forest models to predict the LC—
ESI-MS amenability of compounds for detection using both positive and negative modes
of an electrospray ionization source. Model predictivity is evaluated using statistics from Y-
randomization, fivefold cross validation (CV), and external validation sets. An applicability
domain is defined using the class probability estimates from each of the random forest
models. These models provide a new technique to add weight-of-evidence when selecting
and eliminating tentative chemical identities in NTA and/or SSA experiments. Whereas no
model will likely ever predict the amenability of all (> 1089) organic molecules [21], the
models presented here attempt to predict within the subspace of compounds commonly
identified in environmental analysis.

Dataset assembly

Experimental spectra and associated metadata were assembled from the MassBank of North
America (MoNA) database [22]. Assembled spectra were for compounds observed via
LC-ESI-MS/MS analysis with electrospray ionization in either positive or negative modes.
Spectra were restricted to those acquired via tandem mass spectrometry to increase the
chance of correct chemical identification. All data were downloaded as an SD file [23] and
parsed using the ChemmineR package [24] in the R programming language [25]. All forms
of LC-based methods were considered acceptable, and no attempt was made to filter any
data based on the specific use of columns, mobile phases, or method conditions. For the
purposes of this analysis, a chemical was considered detected if spectra existed for that
record in MoNA. Chemicals were identified by InChlKey [26], if available, or by chemical
name. Note that the InChlIKey first block (the first section of an InChlKey) represents the
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molecular skeleton and is generally the extent of structural representation possible for a
chemical identified using mass spectrometry. The second block of the InChIKey encodes
stereochemistry, charge, and isotopic labeling. Quality issues associated with incorrect
representations of stereochemistry and charge can be common in online databases, including
MoNA [22]. Thus, for each chemical, only the first block of the InChlIKey identifier (or

the chemical name) was searched using the US EPA’s CompTox Chemicals Dashboard [27]
(referred to hereafter as the “Dashboard”). The batch search feature of the Dashboard was
used to download structural identifiers for each searched compound, thus enabling additional
curation of chemical names and structures retrieved from MoNA [28]. Any chemical that
could not be identified by InChIKey or name using the Dashboard search was discarded
without any attempt to further curate the data. Ultimately, we assembled 3007 unique
chemicals as being detected via ESI negative mode, 4103 as being detected in ESI positive
mode, and 1542 of the 7110 chemicals detected in both modes.

In addition to the spectra acquired from MoNA, amenability data were also compiled
from analyses of selected ToxCast Screening Library substances. Spectra were acquired
on individual standards via LC-ESI-MS/MS in both ESI+ and ESI- modes and manually
reviewed for quality. Only [M+H]+ and [M-H]- adducts were considered. Spectra were
reviewed by evaluating base peak height, chemical noise, and mass accuracy of precursor
and fragment ions, and consisted of a final visual review. For these purposes, spectra
were excluded (considered not detected) when base peak heights were below 1000 counts,
when significant impurities were present in the LC-ESI-MS/MS chromatogram, or when
a confirmatory spectral match score was less than 90 (out of 100). Low match scores
resulted from excessive chemical noise, impurities in MS/MS spectra, or poor mass
accuracy of fragment ions relative to the theoretical accurate mass. Only those spectra
meeting quality criteria were considered as “detected” for the purposes of modeling. The
resulting dataset included 849 positively detected compounds (393 in ESI+ and 456 in
ESI-) and 858 compounds that were undetected or considered unamenable due to not
meeting the established quality criteria (456 in ESI+ and 402 in ESI-). The undetected
compounds were thus assumed to be true-negative results for the purposes of this analysis,
but it is acknowledged that there may be certain LC-ESI-MS/MS conditions where these
compounds are amenable. In the event that an undetected compound was detected in the
MoNA dataset, it was assumed as detected in the final dataset. In total, the following data
compilations were produced: 4613 with ESI+ data (4226 amenable and 387 unamenable);
3490 with ESI- data (3130 amenable and 360 unamenable); and 1761 detected in both
methods as either amenable (1604 in ESI+ and 1583 in ESI-) or unamenable (202 in ESI+
and 178 in ESI-). It is important to note the large difference in amenable and unamenable
compounds in this dataset. Methods for dealing with this imbalance will be discussed in a
later section.

Finally, an external dataset consisting of 1767 chemicals that were tested in phase Il of the
ToxCast screening program, and for which LC-ESI-MS data were collected, was used as
an external validation set to evaluate the predictive capability of the models derived in this
study. A description of the phase Il library contents can be found in Richard et al. [29].
The LC-ESI-MS data in this case were generated under EPA contract with Evotec BioCT
(Branford, CT) on test sample plates run in high-throughput mode, i.e., in ESI- and ESI+
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detection modes with a single retention time scan window. The results were available only
as a summary call in which a positive parent mass ID in either or both modes yielded a
summary assessment of “amenable” and a negative parent mass ID in both modes yielded a
summary assessment of “unamenable.”

Molecular descriptor calculation and reduction

Using the Dashboard’s batch search feature, QSAR-ready SMILES [30] were obtained for
all chemicals identified in both the MoNA and ToxCast datasets. Briefly, QSAR-ready
SMILES are representations of desalted, de-isotoped, stereoneutral forms of chemical
structures which are appropriate for QSAR modeling (typically excluding inorganics).
The QSAR-ready SMILES were used as the basis to obtain both 1D and 2D molecular
descriptors using the PaDEL-descriptor software [31]. These descriptors capture aspects of
the chemical composition and topology of molecules and have been used in a number of
previous QSAR studies [32-35]. A total of 1444 molecular descriptors were calculated. To
increase the efficiency and interpretability of the models, constant and highly correlated
descriptors were eliminated, reducing the number of descriptors down to 451. Correlation
coefficients for descriptor pairs were calculated using the Spearman method. Descriptors
were considered highly correlated if the computed correlation coefficient was greater

than 0.96. If the correlation threshold was exceeded, then the descriptor with the largest
mean absolute correlation across all possible pairwise correlations was eliminated and the
other retained. Descriptions of the 1444 PaDEL descriptors (with the 451 used descriptors
highlighted in red) are availble in the supplemental file “PaDEL_descriptions.xIsx.”

Publicly available ToxPrint fingerprints (https://toxprints.org) were downloaded for all
chemicals using the Dashboard batch search feature. ToxPrint chemotypes are designed

to capture salient features of environmental and regulated chemical inventories, including
reactive groups, bonding patterns, and scaffolds relevant to safety assessment workflows
within regulatory agencies, such as EPA and the Food and Drug Administration [36].
ToxPrint chemotypes are used herein to examine model results and compare inventories with
intuitive and visualizable chemical substructure features.

Model learning approach

The random forest (RF) classification algorithm was chosen as the modeling method for

this study. A random forest is constructed using a user-specified number of decision trees,
denoted here as ntree. These decision trees rely on splitting each decision node using a
random number of descriptors (sampled with replacement), denoted here as mtry and also
specified by the user, to classify an endpoint. The majority of the predicted classifications
from this ensemble of decision trees is used to predict the classification of novel compounds.
This sampling technique coupled with a suitably large number of decision trees leads to an
unbiased prediction model resistant to overfitting. Random forest was implemented using
both caret and randomForest packages in the R programming language [37]. A grid search
procedure was used to optimize the hyperparameter miry for each model using the highest
receiver operating characteristic (ROC) metric value. The ROC metric was chosen to find
the best balance between sensitivity and specificity (discussed in detail later). The grid
search for miry spanned the set [7, 11, 22, 44, 66], whose values were chosen as multiples of
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the default mtry value for classification, \/number of descriptors. The nfree parameter was set
to 1000, as no performance increase was observed at higher values.

Validation datasets

Training and test datasets were constructed using the PaDEL descriptors and the ESI+ and
ESI- endpoint values discussed previously. For both endpoints, 75% of the compounds
were randomly selected for the training set and the remaining 25% were withheld from

the model as a test set. Care was taken to stratify the random selection of compounds to
ensure a similar ratio of amenable and unamenable compounds in both the training and
test sets. Because of the large imbalance of amenable versus unamenable compounds, the
application of sampling techniques was necessary to impose a balance on the training set.
Two approaches were taken to either upsample the minority class (unamenable compounds)
or downsample the majority class (amenable compounds). Upsampling is defined here as
resampling the minority class with replacement (meaning the same compound/amenability
classification pair can appear multiple times in a new sample) and setting the number of
samples to match the majority class. Downsampling is defined here as the random removal
of observations in the majority class to match the number of observations in the minority
class. Neither sampling method is applied to the test sets. These training and test sets are
provided in the supplemental file “Supplemental_train_test.xIsx.”

The test sets are used to validate the predictive power of the constructed model. Two
additional validation techniques, fivefold cross validation (CV) and Y-randomization, were
utilized. Fivefold cross validation essentially builds a model using 80% of the training set
and 20% as a test, which is then repeated five times. Y-randomization randomly permutes
the values of the endpoint in the training set, then attempts to model this mislabeled data.
This model is then used to make predictions for the test set. Ideally, the Y-randomization
model suffers poor performance compared to other models built on non-random data.

Model performance

The performance of the models was evaluated using three metrics: sensitivity, specificity,
and balanced accuracy. Sensitivity (Sn) is the rate at which true positives are correctly
identified, specificity (Sp) is the rate at which true negatives are correctly identified, and
balanced accuracy is the average of the two other metrics. These metrics are calculated from
the confusion matrix [38]. This matrix is a cross-tabulation of experimental observations and
model-predicted classes and classifies each observation as a true positive (TP), false positive
(FP), true negative (TN), or false negative (FN). Balanced accuracy (BA) is expressed

_ Sn+Sp _ TP TN
as BA =" whereSn_—TP+FN TNEFP

correctly predicted as amenable as a TP and a compound incorrectly predicted as amenable
as a FP. Similarly, a compound correctly predicted as unamenable is considered a TN and a
compound incorrectly predicted as unamenable as a FN.

and Sp = Here, we consider a compound

Applicability domain

In the case of random forest, no assumptions are made regarding dataset distribution. Rather,
this modeling approach uses the local vicinity of each object to determine the probability

Anal Bioanal Chem. Author manuscript; available in PMC 2022 December 01.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Lowe et al.

Page 7

of belonging to each end point class [39]. Let A represent the indices of ktraining set
objects of the leaf node to which a new object, xnew, IS assigned. A decision tree assigns the
fraction of objects in class jin Ay as a confidence measure p(j | x,ew) for the class to which

Xnew Pelongs. Random forest is an ensemble of decision trees, so the confidence measure is
averaged over all Btrees:

B

_ |1 NP

I’j(xnew) = §ZP(J | xnews Bi)
i

Here, B;is the /1 decision tree of the ensemble to which the leaf node x,e,, belongs.
The class probability pj(xnew), When jrepresents the amenable class, determines whether

a compound is classified as amenable or unamenable in our model where pj(xew) < 0.5
classifies an object as unamenable and 7j(xpew) > 0.5 equates to an amenable compound.
The value of pj(x,ew) should be considered when utilizing predictions for the elimination

of candidate compounds in a suspect screening analysis. Consider the case where a
molecular feature has only two possible tentative chemical identities. The model predicts
both compounds as unamenable to LC-ESI-MS with 7j(xpew) = 0.60 for tentative identity A

and pj(xnew) = 0.89 for tentative identity B, where /represents the unamenable class. While

both compounds may be unamenable in LC-ESI-MS, compound B is more likely to be
unamenable based on the model predictions. In this case, compound A would be considered
a better candidate for confirmation by chemical standard over compound B.

Results and discussion

Random forest models were constructed using both upsampled and downsampled versions
of the ESI+ and ESI- training sets to predict amenability of novel compounds using those
ionization modes in LC-ESI-MS. The dataset sizes and model performance metrics are
provided in Table 1.

Comparing the performance metrics for both the model and Y-randomization model
predictions for the test sets shows that the specificity value for the ESI+ upsampled model
(0.19) is substantially lower than the specificity value for the upsampled Y-randomization
model (0.63). This indicates overfitting of the model (as reflected in the overly high-
performance metrics in the training set) and a lack of predictive power for unamenable
compounds for the upsampled model. Similarly for the ESI- models, there is only an 18%
difference between the upsampled model (0.38) and the upsampled Y-randomization mode
(0.56), also suggesting an overfitted model with lack of predictive power compared to
chance.

Both ESI+ and ESI- downsampled models performed well for both cross-validated and
final models with approximately equal performance metrics (Table 1). The application of
both downsampled models to the test datasets showed good performance, whereas both
performed similarly better for predicting amenable test compounds (higher sensitivity than
specificity). Predictions from the Y-randomization models performed worse compared to
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those from the final models (33% and 32% worse by balanced accuracy for ESI+ and ESI-
downsampled models, respectively).

Predictive power and applicability domain
The confidence measure of the applicability domain of the RF model, j(xyew), Was assessed
for the test datasets for each model. The distribution of 7j(x,cw), Where jrepresents

the amenable class and X,q is an element of the test set, for the downsampled ESI+
model is shown in Fig. 1. The distribution of predictions for LC-ESI-MS-amenable
compounds (upper, yellow) shows a left skew, with the majority of predictions having
probabilities > 0.70. The first quartile for amenable compounds is just above 0.5, where
the model will predict a compound as unamenable. The distribution of p(xpey) for the

downsampled ESI- model is shown in Fig. 2. In this case, the distribution of predictions
for LC-ESI-MS-amenable compounds is further skewed toward the left, with a higher
density of predictions at high probabilities. The distribution of predictions for the LC-MS
ESI-unamenable compounds (lower, blue) is also further skewed right, with the majority

of predictions for these unamenable compounds having probabilities strongly in favor of
them being unamenable. This suggests that the downsampled ESI- model has better overall
performance than the downsampled ESI+ model, which is supported by the results in Table
1.

Descriptor importance

There is a need for a mechanistic explanation of the models presented here to satisfy
Organisation for Economic Co-operation and Development (OECD) principle 5 [40], which
states that QSAR models should have a mechanistic interpretation, if possible. This is
particularly the case when the activity being modeled is biological in nature due to the
potential mechanistic complexity in relation to the underlying chemistry. In the present
case, the endpoint of interest, i.e., LC-ESI-MS amenability (or unamenability), has more in
common with what are typically referred to as quantitative structure—property relationships
(QSPR). QSPRs typically model chemical properties, such as log octanol-water partition
coefficients, water solubility, vapor pressure, etc., which tend to relate more directly to
underlying chemical interactions. In pursuit of some measure of interpretability, however, a
descriptor importance metric native to the RF algorithm, the Gini index, can be leveraged to
shed light on the underlying chemical factors influencing LC-ESI-MS amenability. Assume
an endpoint consists of Ctotal categories and the probability of picking a category 7is

p(7). The Gini index can be calculated as G = Z,-C= 1 p() * (1 — p(i)). The mean decrease of

the Gini index for a descriptor in a RF model is a measure of how likely a split on that
descriptor will lead to the correct classification of an endpoint. Therefore, the higher the
mean decrease in the Gini index, the more important a descriptor is to the success of the
model. We should note that removal of underperforming descriptors based on the variable
importance discussed here would have no significant effect on the quality of these RF
models, due to RF’s inherent ability to consider only useful descriptors. The removal of
highly correlated descriptors, as discussed in the “Methods” section, reduces the chance of
discussing descriptors that are capturing the same property of the modeled compounds.
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The descriptor importance for the ESI+ downsampled model is shown in Fig. 3. A similar
plot of variable importance for the ESI+ upsampled model can be found in Supplemental
Figure S1. Of the descriptors shown, the top performers have been selected for discussion.
The descriptors plotted as blue points (IC2, IC3, MIC2) are estimations of the information
content of a molecule. Information content is an index of the topological information of a
molecular graph using the number of neighbors and multiplicity of bonds around individual
atoms [41]. Chemical phenomena like isomerism and tautomerism are captured in these
descriptors, which affect the retention of molecules on a chromatography column [42].

The descriptors plotted as yellow points in Fig. 3 (MLFER_BH, MLFER_E, MLFER_S,
MLFER_E) represent molecular linear free energy relationship terms. These terms capture
specific interaction elements of the solvation property [43]. These interaction elements
include polarizability and hydrogen bond basicity and acidity. Each of these properties
influences the eluting molecule’s interaction with both mobile and stationary phases of the
LC column. Polarizability has been shown to be predictive of LC retention time [44]. The
acidity/basicity of a molecule is important to the selectivity of the ionization source of the
mass spectrometer [45].

The descriptors plotted as purple points (SpMax4_Bhs, SpMax6_Bhs, SpMax2_Bhs)
represent the largest absolute eigenvalue of the Burden modified matrix weighted by
intrinsic state [41]. Briefly, the Burden matrix considers atomic number and bond order
between atoms in the molecule. The intrinsic state is a ratio of the valence and sigma
electrons in an atom [46]. These descriptors capture the electrotopological state of the
molecule, which determines the ionization potential of the molecule. lonization is also
represented in the model by the descriptor plotted as a green point in Fig. 3 (SM1_Dzi).
This descriptor is the Barysz vertex-distance matrix which represents the heteroatoms of a
molecule and is weighted by ionization potential [41]

The descriptor importance for the ESI- downsampled model is shown in Fig. 4. A similar
plot of variable importance for the ESI- upsampled model can be found in Supplemental
Figure S2. Again, the top descriptors are selected for discussion. The descriptors plotted

as purple points (SpMax3_Bhs, SpMax4 _Bhs, SpMax5_Bhs, SpMax6_Bhs, SpMax2_Bhs)
represent the Burden matrix, which, as described earlier, captures the electrotopological state
of the molecule, which determines the ionization potential of the molecule.

The descriptors plotted as red points in Fig. 4 (ATSCOs, ATSC1c, ATS2s, ATSCOc, ATSCL1s)
represent the Centered Broto-Moreau autocorrelation weighted by atomic properties [41].
The calculation of autocorrelation vectors for atomic properties (in this case, atomic charge,
intrinsic state, and Sanderson electronegativity were observed) provides a way to see the
effect of different atoms in the same position of a molecular skeleton. This will influence
both the polarizability of the molecule as it elutes through a LC column and its ionization
potential as it enters the ionization source. Lastly, we note the descriptor plotted as a

green point in Fig. 4 (MDEO.11), which is a descriptor representing the molecular distance
between primary oxygens. Among other chemical phenomena, this can be associated with
the molecule’s ability to polarize, which we have already noted influences the retention of
the molecule on the column.
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Model comparison with simpler models

The models described above can (and should) be described as complex. A more simplistic
modeling approach, wherein a small number of hand-picked descriptors are considered
using a simpler modeling technique, can be considered as a surrogate for how an analytical
chemist would consider the functional aspects of a molecule to determine its amenability.
Commonly considered aspects would include the number of acidic or basic functional
groups along with its overall tendency to act as a proton donor or acceptor (dependent

on the ionization mode). The “nBase” and “MLFER-BH” descriptors were chosen for a
simple model of LC-MS ESI+ amenability, and the “nAcid” and “MLFER-A” descriptors
were chosen to provide a simple model of LC-MS ESI- amenability. Logistic regression
models were then constructed using the ESI+/— downsampled training sets with the two
relevant descriptors. The logistic regression models were then applied to the appropriate
test set as performed with the earlier random forest models. Table 2 shows the results of
these simplistic models. Overall, these models performed significantly better than those built
on randomized endpoints (Y-randomized models in Table 1); however, they fall short of
the performance of the downsampled random forest models. While acidity/basicity is an
important aspect of a molecule’s amenability in LC-ESI-MS, other important factors such
as size/shape and polarizability are captured in the more complex random forest models.

Model comparison with expert intuition

An analytical chemist with extensive training in LC-ESI-MS will possess chemical intuition
capable of hypothesizing the amenability of a molecule based solely on its structure. For
instance, the carboxylic acid functional group present on a small molecule like benzoic acid
would suggest the compound is amenable to ESI- LC-MS, as the acid group has a high
affinity for proton loss, or amenable to ESI+ LC-MS, as the double-bonded oxygen can
accept a proton and subsequently be stabilized through resonance. This kind of intuition
should align with the results produced by the models presented in this work.

As a simple test for this concordance, we compared the ESI- and ESI+ downsampled
model results for a set of chemicals with a common substructure, in this case, the presence
of a carboxylic acid group. The subset of chemicals containing this functional group

was determined using the ToxPrint “bond:C(= O)O_carboxylicAcid_generic.” A total of
464 chemical compounds with experimentally measured ESI+ data out of 4613 and 773
chemical compounds with experimentally measured ESI- data out of 3490 were found to
contain this ToxPrint. Predictions using both ESI+ and ESI- downsampled models were
then generated for these compounds. Table 3 shows the confusion matrix and performance
metrics for these predictions. As would be expected, a large majority, 92%, of these
compounds were detectable using ESI+ LC-MS and 94% using ESI-LC-MS. The ESI+
downsampled model was capable of correctly predicting the amenability of 93% of these
compounds, and the ESI- downsampled model was capable of correctly predicting 93%.
The ESI- downsampled model had poorer performance predicting unamenable compounds
with only 69% correctly predicted; however, the ESI+ downsampled model performed much
better, correctly predicting all 10 ESI+ unamenable compounds listed in Table 3. While this
is another indicator that more unamenable data would improve modeling, the results are
promising as a large majority of these compounds fit with intuition. Future work will strive
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to highlight the ToxPrints that are commonly used by experts to hypothesize the amenability
of compounds in relation to the models presented here.

External validation

Although the dataset used to construct the models in this work was split in order to leave

out a portion of the data for validation, best modeling practices necessitate an external
validation dataset also be considered for predictability. As part of the ToxCast program,

a number of chemical standards have been analyzed for quality using multiple analytical
methods, including LC-ESI-MS. In total, there are 1768 chemical compounds analyzed

for their amenability in LC-ESI-MS that are not found in the training and test sets used

in our models. These chemicals were solely reported as detected or not-detected in LC—
ESI-MS and were not differentiated between either of the modes of ESI. While we may
consider the chemicals detected as amenable to LC-ESI-MS, the not-detected chemicals
are not necessarily unamenable to the method as there are considerable method application
variables across laboratories and instrumentation. Hence, this exercise attempted to assess
the applicability of our models in such cases. Predictions were generated for these chemicals
using both ESI+ and ESI- downsampled models and compared to experimental observations
in the confusion matrices in Table 4. As there was no differentiation between ESI+/- in

this external dataset, model predictions were combined. In the event that a chemical was
predicted as amenable by either ESI+ or ESI- downsampled model, the chemical was
considered as amenable in the combined model in Table 4. Those predicted as unamenable
in both modes were considered unamenable. In this combined model approach, performance
metrics are generally favorable compared to those observed for the model test sets in

Table 1. A balanced accuracy of 0.76 for predicted amenability for these 1768 chemical
compounds suggests our models should be applicable to chemical data generated from
LC-ESI-MS setups in labs novel to those included in the model dataset. The dataset

and experimental and predicted amenability calls are provided in the supplemental file
“Supplemental_ToxCast_Phasell.xlsx.”

Model application to suspect screening

To show the potential usefulness of the models described herein, we considered a typical
suspect screening scenario. As part of the previously mentioned ENTACT study, a set

of compounds was identified among multiple laboratories as amenable in LC-MS using
electrospray ionization. There were 228 compounds identified in ESI+ (of which only 39
are found in the ESI+ downsampled model training set) and 108 compounds identified in
ESI- (of which only 13 are found in the ESI- downsampled model training set), with 37

of the compounds detected in both ESI+ and ESI- modes. To simulate a suspect screening
approach, the molecular formula matching each of these compounds was searched on the
Dashboard using the batch search feature and each matching structure was downloaded as a
candidate. For the 228 compounds identified in ESI+, there were 13,325 candidates, and for
the 108 compounds identified in ESI-, there were 7079 candidates. PaDEL descriptors were
generated for each candidate and amenability predictions were calculated using both ESI+
and ESI- downsampled models. The resulting dataset is available in the supplemental file
“Supplemental_Application.xIsx.”
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The confidence measure, pj(xnew), Where jrepresents the amenable class, was then used

to determine the potential amenability of each candidate compound. For each molecular
formula, candidates were ranked based on the value of pj(xpey), With the highest pj(xpew)

being assigned rank 1, the next highest being assigned rank 2, etc., such that the higher-
ranked compounds (those close to rank 1) have the highest probabilities of detection in
LCMS and the lower-ranked compounds (those farther away from rank 1) have the lowest
probabilities of detection in LCMS. For example, if a formula has two potential candidate
matches, with pj(xpew) = 0.85 for tentative identity A and pj(xnew) = 0.90 for tentative identity

B, tentative identity A would be assigned a rank of 2 and tentative identity B would

be assigned a rank of 1. These ranks were used in a manner analogous to data source
counts [47] to determine the best candidate compounds for each molecular formula. These
candidate ranks were then compared to the compound(s) identified in the ENTACT study
to test the hypothesis that higher-ranked candidates will match compounds identified in the
ENTACT study more often than lower-ranked candidates. The frequency of candidate ranks
matching an ENTACT compound are shown in Fig. 5.

Figure 5 shows that a significant portion of candidate compounds that are matches for
ENTACT compounds are assigned to the top ten (1-10) rank values (57.5% in ESI+ and
43.5% in ESI-) based on the amenability prediction value. However, not all molecular
formulae have similar numbers of candidate compounds. For example, the molecular
formula CgHCI50 matches only one compound in DSSTox, pentachlorophenol, whereas

the formula C11H1403 matches 956 unique compounds. For this reason, each rank was
scaled by the number of compounds matching each formula as a percentile between 0 and 1,
where 1 is the highest-ranked candidate (rank 1) and 0 is the lowest-ranked candidate. The
cumulative amount of correctly matched compounds by scaled rank is shown in Fig. 6. For
ESI+, ~ 25% of compounds are correctly matched by the highest-ranked prediction (value at
rank 1.00 in the lower left of the figure) and the result for ESI- is similar at ~ 23%. Whereas
this initial percentile of candidate compounds correctly matching the scaled rank predictions
based on rank 1 predictions is promising, the trend moving to the right of the figure with the
lower scaled ranked compounds has an approximately linear relationship with the percentile
of correctly matched compounds, indicating only incremental gains in detection of correct
matches.

Whereas we do not anticipate this kind of modeling replacing other candidate ranking
methods (such as data source ranking or molecule fragmentation approaches), it can provide
a useful complimentary and/or weight-of-evidence approach. It should be noted that the
dataset used in this demonstration is biased toward environmentally relevant chemicals,
many of which appear in a large number of chemical lists on the Dashboard (see the
DATA_SOURCES column in “Supplemental_Application.xlsx” for both ESI+ and ESI-).
In the case of this dataset, the amenability model predictions would underperform relative
to ranking candidates based on data source counts alone. However, typical suspect screens
of unknown mixtures may not have the advantage of data source-rich candidates, in which
case, the present models could be more useful.
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Model applicability to environmental datasets

The external validation results presented in Table 4, using the present models to predict LC—
ESI-MS amenability of ToxCast chemicals, provided an initial estimate of applicability of
the models to environmental datasets. To further anticipate differences between the chemical
compounds in the modeling dataset versus those encountered in a typical analysis of an
environmental media, we compared ToxPrint chemotype profiles for our dataset versus the
larger Tox21 compound library [48]. The Tox21 program was conceived as a cooperative
effort of multiple US government agencies to assemble a dataset of 8947 unique chemical
compounds spanning a wide range of criteria, particularly those of environmental hazard or
exposure concern.

Figure 7 shows the chemotypes with the greatest difference of frequency of occurrence
between the two datasets. There are a number of chemotypes not represented in the
modeling dataset that are prevalent in the Tox21 dataset. Two conclusions can be drawn
based on the chemotypes that are largely absent from the modeling dataset. A number of
these chemotypes are metal-containing substructures, which cannot be represented using the
current modeling methodology (QSAR-ready structures exclude organometallics and salt
components). Capturing compounds containing these substructures would require another
modeling approach, beyond the scope of this work. The remaining chemotypes are purely
organic (e.g., sample structures illustrated in Fig. 7). Analytical QC data gathered in the
course of the Tox21 programs are currently being compiled into datasets for public release
and will be represented in a future modeling dataset.

Conclusion

We have constructed models that capture the physicochemical properties of molecules
that determine their amenability to detection in different LC-ESI-MS modes of detection.
Predictions made using these models can be used to deduce the likelihood of a chemical
compound appearing in an LC-ESI-MS analysis and in what polarity of ESI. Furthermore,
these predictions can be used to rank a list of potential chemical identities in suspect
screens for further evaluation, such as in conjunction with an applicable retention time
prediction model, data source ranking scheme, and/or spectral matching in a weight-of-
evidence approach. In turn, this should result in the need for fewer chemical standards for
confirmation of identity. These amenability models have the potential to save researchers’
time and resources by better anticipating which chemicals are amenable to LC-ESI-MS.
Furthermore, additional savings can be found by prioritizing lower-confidence predictions
for follow-up analysis using other methods such as GC-MS, rather than attempting to
address whether there is a sample issue versus a method issue.

As more analytical data are acquired, these models will continue to be improved. The
models herein were trained using chemical compounds detected using a multitude of LC—
ESI-MS methods, whereas non-detects were limited to only one method. Future models
will incorporate both detects and non-detects from the various instrumentation used in
the ENTACT study. This will allow for a comparison of individual methods as well as

a consensus model similar to what is presented here. Future models will also attempt

to predict compound amenability in other instrumentation, such as GC-MS. Real-time
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predictions using these models will be available through the predictions page of the
Dashboard, https://comptox.epa.gov/dashboard/predictions/index, at a future date.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.
The distribution of Pamenable(*new) fOr the downsampled ESI+ model applied to the test set.

The quartiles of the distribution are provided as a box plot inlayed into the violin plot
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ESI- Models (Downsampled Majority Class)
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Fig. 2.
The distribution of Pymenable(*new) fOr the downsampled ESI- model applied to the test set.

The quartiles of the distribution are provided as a box plot inlayed into the violin plot
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Fig. 3.

A plot of variable importance based on the mean decrease in the Gini index gain for
the downsampled ESI+ model. Descriptors chosen for discussion in the main text are

represented as colored points on the graph
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ESI- Models (Downsampled Majority Class)
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A plot of variable importance based on the mean decrease in Gini-index gain for
the downsampled ESI- model. Descriptors chosen for discussion in the main text are
represented as colored points on the graph
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Frequency counts of candidate compounds found to be a match for an ENTACT compound
ordered by prediction rank value (with 1 being the highest confidence rank and 50 the
lowest) based on ESI+ LC-MS (a) and ESI- LC-MS (b) amenability predictions. Ranks
greater than 50 are omitted due to very low occurrence
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Fig. 6.
A plot of the percentile of correctly matched ENTACT compounds at a given scaled rank
value based on ESI+ LC-MS (a) and ESI- LC-MS (b) amenability predictions
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Fig. 7.
A plot of prevalent chemotypes in the Tox21 dataset and the model dataset used in this work,

selected based on the absolute difference of frequency of occurrence between datasets
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Confusion matrix and performance metrics for ESI- and ESI+ downsampled model predictions compared to
the subset of model datasets containing a carboxylic acid functional group

Amenable Unamenable
(prediction)  (prediction)

ESI- downsampled model Detected (experiment) 728 4
Not detected (experiment) 37 9
Sensitivity 0.95

Specificity 0.69

Balanced accuracy 0.82

ESI+ downsampled model Detected (experiment) 573 42
Not-detected (experiment) 0 10
Sensitivity 0.93

Specificity 1.00

Balanced accuracy 0.97
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Table 4

Page 27

Confusion matrices and performance metrics for ESI+ and ESI- downsampled model predictions compared to

external validation data

Amenable Unamenable
(prediction)  (prediction)
ESI- downsampled model
Detected (experiment) 323 502
Not-detected (experiment) 68 874
Sensitivity 0.83
Specificity 0.64
Balanced accuracy 0.73
ESI+ downsampled model
Detected (experiment) 423 402
Not-detected (experiment) 103 839
Sensitivity 0.80
Specificity 0.68
Balanced accuracy 0.74
Combined models
Detected (experiment) 505 320
Not-detected (experiment) 129 813
Sensitivity 0.80
Specificity 0.72
Balanced accuracy 0.76
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