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SUMMARY

Untargeted metabolomics explores the entirety of small molecules within
biological samples, providing insights into metabolic alterations associated with various
conditions. Standard methodologies like NMR and-M6& are pivotal in identifying
molecular markers but often fall short in fully deciphering the metabolic landscape due to
limitations in accurately annotating a vast number of metabolites. This gap irmt@mmot

hampers the diagnostic application and biological interpretation of metabolomic data.

lon mobility spectrometry (IMS) offers a solution by providisgmiorthogonal
data that enhances metabolite annotation. IMS separates ions based on their collision cross
section (CCS), a property influenced by an ion&ss shape, charge, and external factors
like temperature and pressure. When integrated with mass spectrometry (MS), IMS aids in
resolvingi o no$ €imilar or identicalmassto-charge ratio rf/2, offering a refined

approach to metabolite characterization.

This thesis focuses on employing computational strategies withiiVL-®1S
workflows to facilitate rapid metabolite characterizatidBhapter 1 outlines the
challenges in metabolomics, specifically the limitations of curreaMSworkflows and
the concept of the "dark metabolome." This introductory chapter provides the theoretical
framework to better understand ion mobility and the use of qaawéstructural activity
relationships to predict molecular properties. The chapter also discusses xer@biotics

external compounds impacting hedlthnd their characterization challenges.

XX



Chapter 2 introduces Collision Cross Section Predictor 2.0 (CCSP 2.0), a machine
learningbased tool for predicting ion mobiligerived CCS values. CCSP 2.0, developed
to improve the accuracy and ease of CCS prediction, is evaluated for its efficacy in
enhancing @anotation accuracy in L®IS workflows. It utilizes a suppoktector
regression model and incorporates a comprehensive library of molecular descriptors,
demonstrating superior prediction accuracy and utility in reducing false positive

annotations.

Chapter 3 presents a workflow for automated detection of polyhalogenated
xenobiotics in biological samples using 4K -MS. This approach combines CCSndz
ratios, Kendrick mass defect analysis, and CCS prediction to filter isomeric candidates. A
case study on the detection of pand polyfluorinated alkyl substances in human serum

exemplifies the workflow's effectiveness.

Chapter 4 describes an analytical chemistry experiment for undergraduate
students, focusing on laseduced breakdown spectroscopy (LIBS) and its application in
data science education. This chapter emphasizes enhancing students' programming literacy
and analyticaskills through handsn experiments and analysis using Jupyter Notebooks.
The experiment, adaptable to various curricula, showcasesvoddl applications of

LIBS, including its use in space exploration.

Chapter 5 summarizes key findings from the research, discussing the implications
of integrating computational methods in metabolomics and the potential advancements in
ion-mobility mass spectrometry. Future research directions are proposed to further explore

and rdine these methodologies.

XXi



Appendix A explores a ongoing project aimed at predicting analyte
concentrations without standard calibration curves using machine learning. This approach
predicts relative ionization efficiencies of lipids from their structural properties,
demonstrating the potential of machine léagnin streamlining quantitative analyses in

metabolomics.

In conclusion, this thesis underscores the importance of computational approaches in
enhancing metabolite annotation and characterizing xenobiotics, contributing valuable

tools and methodologies to the field of metabolomics.
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CHAPTER 1. INTRODUCTION

1.1 Abstract

Metabolomics, the study of small moleculesbiological systems, is a dynamic
field offering insights into physiological states, disease mechanisms, and environmental
effects. While its potential is vast, from disease studies to environmental research,
metabolomics faces challenges, particularly dentifying the vast array of detected
compounds through netargeted approaches. Higbsolution mass spectrometry, despite
its capabilities, leaves a significant "annotation gap," with a large portion of detected

compounds remaining unidentified.

lon Mobility Mass Spectrometry (INMS) introduces an additional dimension to

metabolomics by distinguishing molecules based on their shape and charge, aiding in the
differentiation of isomers and isobars. However, the utility ofN18 is limited by the

spase availability of Collision Cross Section (CCS) values necessary for comprehensive
metabolite annotation. Here, machine learning (ML) methods emerge as powerful tools for
predicting CCS values, offering efficiencies in computational resause@ndenhancing
prediction speed. Yet, these advancements underline the necessity for programming
literacy within the metabolomics field, emphasizing the integration of computational tools

and data science topics into educational curricula.

This thesis presents a series of advancements to address these challenges. Chapter
2 introduces the Collision Cross Section Predictor 2.0 (CCSP 2.0), a flexibleabtid

method for CCS prediction, allowing customizable training sets to suit various researc



needs. Chapter 3 details an integrated workflow for xenobiotic detection, showcasing the
practical applications of CCSP 2.0 in environmental metabolomics. Chapter 4 presents a
laboratory experiment utilizing laserduced breakdown spectroscopy, aimed at

introducing students to data science topics within an analytical chemistry framework.

Together, these contributions not only tackle the pressing challenges of
metabolomics but also prepare the ground for future researchers by emphasizing the

importance of computational proficiency in advancing the field.

1.2 Traditional Metabolomics Workflows and Limitations

Metabolomics refers to the quantitative examination of the complement of small
molecules present in a biological system of interest. Spanning a diverse chemical space,
theseanalytes are the products of endogenous metabolism and/or transformation following
environmental exposure. Targeted metabolomics is used to study known compounds of
interest, while noftargeted approaches maximize metabolite coverage and are useful for
gererating new hypotheses. Though a wealth of information is collected iargeted
metabolomic studies, only-P0% of the detected compounds are annotated, the rest
remaining unknowdiMet abol omi cs is being used to ove
critical challenges, including food security, the detection of environmental exposure
patterns, emerging pathogens, and the diagnosis and treatment of disease, including
COVID-192% Unfortunately, a large fraction (>90%) of the information collected in these

studies is practically unusable.



One enduring challenge in metabolomics is the reliable identification of spectral
features resulting from larggcale mass spectrometry (MS) studies. For each molecule
detected, hundreds of candidate matches are plausible, even with the best instrurfientatio
Chemical annotation of the measured species is currently the mostoimseming step of
a metabolomics study, significantly slowing scientific advancement, and greatly hindering

biological interpretation of the results.

In classic nortargeted metabolomics workflows, analytes are first separated via
liquid chromatography (LC), prior to MS detection and fragmentation (MS/MS). LC
separations are based on the chemical interactions of each species with a stationary phase
mateial, resulting in the measurement of a specific retention time (RT). Recent innovation
aims to improve the separation of chemicaligilar molecules such as those with the
exact same molecular weight, known as isobars. Current approaches seek tdidtiéeren
these molecules using MSvhere fragmentation patterns add orthogonal information to
help narrow down candidate annotations. Unfortunately? Bt8abases are sparsely

populated, and computational efforts to predict fragmentation patterns lack high aécuracy.



1.3 Principles of lon Mobility Spectrometry

The study of ion mobility through an ambient atmosphere has roots extending back
to 1906, with a recognizable precursor to the modern drift tube being developed th 1928.
The essential design of the drift tube ion mobility setup has largely remained unchanged.
Initially, ions are introduced into the drift cell, where an electric field aligns them along
the cell's central axis and propels them towards a detector at thescelle nd, t ypi c al
ambient or reduced gas pressures. As ions traverse the drift cell, they encounter neutral gas
molecules. The rate of these collisions affects their speed; ions experiencing more
collisions move more slowly. This principle facilitatdhe separation of isomers by altering
the molecular surface area, affecting their collision rate. Molecules with larger collision
cross sections, indicating greater surface areas, undergo more collisions and thus move
slower through the drift tube. Theqzess concludes with the analytes being sorted as they

reach the detector.

The MasorSchamp equation is crucial for analyzing an analyte's ion mobility in a

drift tube setug?® !

c aQ "
m pH L QY

It incorporates variables such as the reduced mass of the ion and neutral gas nfodecules
the Boltzmann constan(kp), temperature(Terr), charge(q), the density of drift gas
moleculeg0 ) (which correlates with gas pressure), and the average collision cross section
(m). This allows for the calculation of the collision cross section from the ion mobility

measurements, serving as a molecular identifier.



A basic drift tube setupitilizes a simpleFaraday plate as the detectblowever, this
configuration provides limited chemical information and may not resolve all analytes.
Substituting the Faraday plate with a mass spectrometer allows for the collection of
orthogonal data on collision cross section and r@sbarge ratios athe analytes. Since
its inception in 1962, various versions of ion mobility mass spectrometers have been

developed and commercializ&d.

In addition to drift tube ion mobility, other methods such as traveling wave ion
mobility, cyclic ion mobilityand trapped ion mobility spectrometry have been developed,
offering different approaches to ion mobility measurement and expanding the analytical

capabilities of researchets.

1.4 Collision Cross Section Prediction Methods

To facilitate the identification of metabolites, researchers often compare retention
time (RT) and collision crossection (CCS) values against entries in specialized databases.
This comparison aids in pinpointing potential metabolite candidates or gefiménlist of
possibilities. However, the sparse nature of these databases highlights the importance of
predicting these properties to enhance the identification process of unknown substances

and reduce the likelihood of false positives.

A number of recent publications\efocused on the prediction ¥ CCS values.
These predictions can be categorized into théased computational approactiés
(molecular dynamics, trajectory methods, projection models, quantum mechanics
modeling) and machine learning (ML) methods. Thdmmged approaches attempt to

directly predict CCS values based on simulated interactions between analytes and buffer



gases but require intensive computational resources. Tools such as MOBCAL, ISICLE and
HPCCS require hours of processing time to make CCS predictions yet yield median errors

above 3% for some small moleculést®

In the realm of quantitativstructural activity relationships (QSAR) machine
learning (ML) methods represenm afficient approach to predicting CCS values. These
ML -based techniqued|ustratedby CCSbasé’ LipidCCS?® MetCCS!® and AICCSZ°
leverage prexisting CCS measurements to construct predictive models for the CCS values
of novel molecules. The core of these methods lies in molecular descriptors (MDs), which
are mathematical properties translating molecular identifiers into qualgtifiata such as
molecular weight, volume, atom and ring counts, and average atomic electronegativity.
These descriptors are instrumental in CCS prediction through ML algorithms, including
partial least squares regression (PL'SRY 22 support vector regression (SR> 23 and

artificial neural networks (ANNY.

However, the accuracy of ML models is closely tied to their training phase, where
the size and structural diversity of the training set play crucial tol&he efficacy of
PLSR, SVR, and ANN models, for instance, depends on the composition of their training
sets for CCS value predictions. To integrate ion mobiligss spectrometry (INS)
more widely into metabolomics research, thisra need for customizable training sets
tailored to specific analytical requirements. For targeted compound classes, optimizing ML
algorithms with data frononly those classes enhances predictive accuracy. Conversely,
for diverse compound sets, the construction of extenand varied training sets is

paramount.



Alongside MLl-based QSAR methods, the existence of experimental CCS
repositories like the McLean Compendiu@CSbase, andETLIN -CCSoffers invaluable
reference points” 2 These repositories provide a wealth of experimentally derived CCS

values, serving as a critical resource for the calibration and validation of predictive models.

1.5 Exogenous Chemicals in the Metabolome

A successful ML workflow would allow the rapid prediction of CCS values for
datasets of biological importance. This is particularly true for unknown molecules in what
is called @%?eThecexppsome emeompasses all the environmental
exposures an individual encounters throughout their lifetime, including chemicals, lifestyle
factors, and natural occurrences. It aims to measure the impact of external and internal
exposures on human healtbxtending beyond the genetic influences to provide a
comprehensive view of disease causation. Examples of exposome analyte classes where
CCS prediction could help identify unknowns of biological importance includeaper
polyflorinated alkyl substances(PFAS), polychlorinated biphenyls (PCBs),

polybrominated diphenyl ethers (PBDES) and polycyclic aromatic hydrocarbons.

PFAS include thousands of mamade chemicals with extensive use in indu$try.
Though there is great diversity in the functionalization of these chemicals, they each share
a backbone of repeating €Enits. Their dual hydrophobic and lipophobic nature make
them resistant to degradation, which ls&lpplain their popular usage in multiple consumer
goods like norstick cookware and fire extinguishers. Certain PFAS have been linked to
detrimental health effects, including low birth weight and cafitéTheir propensity for

adverse health effects, structural longevity and risk for environmental accumulation caused



the U.S. Environmental Protection Agency (EPA) to increase the regulation of PFAS
manufacturing and dispos&lAdditionally, the EPA has issued directives to improve the

screening of drinking water for the presence of fourteen PFAS. The scarce commercial
availability of PFAS standards makes it difficult to compile a comprehensive PFAS dataset

for LC-MS analysis ofirinking water and other types of samples.

PBDEs and PCBs are two additional categories of polyhalogenated compounds
with health implications. Both contain two halogenated aromatic rings, though the PBDE
set contains an oxygen bridging the two rings. Both PBDEs and PCBs can have up to ten
halogen abstituents, leading to a high number of compounds or congeners in each group.
Under the strict definition of PCBs and PBDESs containing only their namesake halogens
as substituents, 209 distinct congeners exist for both sets. These numbers are greatly
increased when additional functional groups are considered, includingG*CBnd

PBDE-OH compounds.

More than 1.5 billion pounds of PCBs were synthesized in the United States prior
to a production ban in 1979. PCBs were desirable compounds in manufacturing due to their
resistance to acibdase chemistries, ultraviolet degradation and waterproofness.
Additionally, their electrical insulation abilities inspired their primary use as a dielectric
fluid in transformers® Because PCBs are lipophilic and lelagting, they can
bioaccumulate in the fatty tissue of mamntalddditionally, PCBs and their metabolites
have been linked to a number of toxicological effects such as diminished immune response,
skin conditions, and liver damagfe.Certain congeners also readily disrupt natural

hormonal signaling in humans, including the inhibition and imitation of estr¥dfBThis



disruption provides a causal link for the carcinogenic nature of PCBs and explain the

categorization of PCBs as persistent organic polluténts.

PBDEs display similar properties to PCBs, including durability and lipophilicity.
PBDEs are commonly employed as flame retardants, finding use in the automotive, textiles
and electronics industries. Though PBDEs have received less attention than PCBs,
evidence suggests that they can cause similar hormonal disrépEarthermore, studies
have found that PBDEs reduce fertility in humans and induce neurotoxicity in animal
models*> “3The structural similarity between the congeners of these analyte sets and their

functionalized derivatives make them excellent candidates for CCS predictions.

PAHSs are a class of hydrocarbons consisting of two or more fused aromatic rings.
They are present in deposits of fossil fuels and can be produced as a byproduct of
combustion, especially during wildfiré$PAHs have been shown to be carcinogenic in a
number of animal studies and are linked to lung and skin cancers in himféds a
result, the EPA has set strict limitations on the concentrations of certain PAH species
allowed in air and water. Isomeric PAH are typically differentiated using spectroscopic
methods in conjunction with mass spectrométr§fbut the differing connectivity of these
nontpolar molecules and their oxidized derivatives make them prime candidates for

separation via IMMS 49
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CHAPTER 2. USING ION-MOBILITY DERIVED COLLISION

CROSS SECTIONS TO AID METABOLITE ANNOTATION

Adapted from

Rainey, M. A.,; Wat son, cC. A.; Asef, C. K. ; Fo
Predictor BoQGrcéadnJoOpehner Notebook Tool for F
Met abol oAmalsy ti cal 20RRem®ids ¢ 59) , -1714866 DOI :

10. 1021/ acs. analchem. 2c03491.

M.R. and C.W. developed and optimized the CCSP 2.0 machine learning algorithm. C.K.A.
and M. F. provided input on the platfor mds
prediction quality and completed performance comparisons across CCS prediction
platforms. F.M.F. and E.S.B. supervised the algorithm development and performance

evaluations, and M.R. arilM.F. wrote the manuscript.
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2.1 Abstract

Metabolite annotation continues to be the widely accepted bottleneck in non
targeted metabolomics workflows. Annotation of metabolites typically relies on a
combination of high resolution mass spectrometry (MS) with parent and tandem
measurements, isotomduster evaluations, and Kendrick mass defect (KMD) analysis.
Chromatographic retention time matching with standards is often used at the later stages
of the process, which can also be followed by metabolite isolation and structure
confirmation utilizing miclear magnetic resonance (NMR) spectroscopy. The measurement
of gas phase collision cross section (CCS) values by ion mobility (IM) spectrometry also
adds an important dimension to this workflow by generating an additional molecular
parameter that can hesed for filtering unlikely structures. The millisecond timescale of
IM spectrometry allows the rapid measurement of CCS values and allows easy pairing with
existing MS workflows. Here, we report on a highly accurate machine learning algorithm
(CCSP 2.0)n an opersource Jupyter Notebook format to predict CCS values based on
linear support vector regression models. This tool allows customization of the training set
to the needs of the user, enabling the production of models for new adducts or previously
unexplored molecular classes. CCSP produces predictions with accuracy equal to or greater
than existing machine learning approaches such as CCSbase, DeepCCS and AIICCS, while
being better aligned with FAIR (Findable, Accessible, Interoperable and Reusatale) d
principles. Another unique aspect of CCSP 2.0 its inclusion of a large library of 1613
molecular descriptors via the Mordred Python package, further encoding the fine aspects
of isomeric molecular structures. CCS prediction accuracy was tested ustgall@s in

the McLean CCS Compendium with median relative errors of 1.25, 1.73 and 1.87% for the
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170 [M-H]", 155 [M+H]" and 138 [M+Na] adducts tested. For superclasatched data
sets, CCS predictions via CCSP allowed filtering of 36.1% of incorrect structures while
retaining a total of 100% of the correct annotations usiBgcathreshold of 2.8% and a

mass error of 10 ppm.
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2.3 Experimental Methods

2.3.1 CCSP 2.0 Package Dependencies

CCSP 2.0 was developed as a notebook in JupyterLab V2.2.6 (*.ipynb) using
Python V3.8.5 and the following dependencies: RDKit V2020.09.1, PubChemPy V1.0.4,
Pandas V1.1.3, Numpy V1.19.2, Matplotlib V3.3.2, and Plotly V4.14.3. The full CCSP 2.0
Jupyter notebok is publicly available ahttps://github.com/facundof2016/CCSP2A
Google Colabcompatible notebook (*.ipynb) is also available in the same Github folder,
for users that are not familiar with Python or prefer not to conduct the calculations in a

local Python instance.

2.3.2 Data Selection and Scrubbing

All drift tube collision cross section measurements utilized for model creation and
evaluation were obtained from the McLean Unified CCS Comperfdil@omplete data
sets were downloaded for fM]", [M+H]", and [M+NaJ ions in the form of separate
Microsoft Excel spreadsheets containing all corresponding entries in the Compendium
(Supplemental Tables-3). In cases where duplicate entries existed in the McLean
database, these were replaced with a single entry usiraydénage of the provided CCS
values. Databasentrieswere excluded if the mags-charge ratiorf/2 corresponding to
the provided IUPAC International Chemical Identifier (InChl) and specific ionic species
deviated from the listed theoreticalzby more han 1 mDa, which typically resulted from
the improper representation of isotopicdlypeled compoundfatabase enes were also
excluded if they contained a chemical element found in fewer thamlditedase enes.

Additionaldatabasentrieswere excluded if they were not compatible with the mass ranges
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set in the ML algorithms used by DeepCCS, AIICCS, or CCSBase. Following these data
cleaning steps, 567 singly deprotonated ions, 518 singly protonated ions and 461 singly

sodiated ions remained.

2.3.3 Matrix Representation of Molecules and Further Data Preparation

Each molecule in the McLean database was initially represented by its neutral InChl
string, which was then converted to the corresponding isomeric simplified moleqauar
line-entry system (SMILES) specification using the Identifier Exchange Service
(PbChem service). RDKit was used to encode molecular data (MOL) files for each
SMILES. Each MOL file was used to calculate 1613 2D molecular descriptors using the
Python package Mordred V1.2.0. Each iteration of the ML algorithm randomly assigned
70% of themolecules in the data set to a calibration (training) group for building models
and the remaining 30% were withheld for external validation (testing). Molecular
descriptors that were constant across all calibration molecules were discarded and any
descripbr not applicable to one or more molecules in the calibration or validation sets was
excluded. The most common category of inapplicable descriptors attempted to find the
average of a value across bond paths; smaller molecules often lack bond pathisfihat sat
the desired bond count, causing these molecular descriptors to return a diyigeno
error. The remaining descriptors weFetransformed using the mean and standard
deviation of each descriptor in the training set. Any descriptor with a test datapoint that

exceeded 1000 standard deviations from its mean was excluded.
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2.3.4 Model Development and Evaluation

The three data subsets M, [M+H]", and [M+Na]) were next used to train linear
kernel support vector regression (SVR) models. Two hyperparameters were tuned in model
development: (1) the regularization paramélemwhich determines the penalty gradient
associated with nemero residuals and (2) the radius of an epsilembe in which no
penalty is accrued for nerero residuals. Hyperparameter tuning followed a grid search
approach, wher€ and® were evaluated pairwise usingf@d crossvalidation.C was
selected from seven options (0.00390625, 0.0078125, 0.015625, 0.03125, 0.0625, 0.125,
and 0.25), and from three options (0.5, 1, 5). Hyperparameters yielding the lowest root
mean squared error of cregalidation (RMSECV) were selected for the construction of
the initial SVR model. Linear SVR model construction and hyperparameter tuning were
performed umg the SVR and GridSearchCV modules of Scikatarn V0.23.2 (scikit
learn.org), respectively. The initial SVR model provided features weightsvdratused
to rank the importance of each molecular descriptor. Recursive Feature Elimination (RFE)
with 5-fold crossvalidation was used to simplify the SVR models by reducing the number
of molecular descriptors utilized. The Sciitarn RFECV module wassed to iteratively
remove the five loweatanked molecular descriptors until the RMSECYV increased. A final
SVR model was constructed by repeating the hyperparameter tuning process using only
the RFEselected descriptors. Model validation was performed ebgluating the
calibration, croswalidation, and validation errors through the median relative error

(MRE), root mean squared error (RMSE), and coefficient of correlati§n (R
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2.3.5 Comparison of CCS Prediction Tools

Each adduct data set was repeatedly sampled, selecting 30% of a data set in each
iteration for comparison between AIICCSCSbase, DeepCCS and CCSP 2.0. The same
isomeric SMILES specifications were used as inputs for each tool, and the predicted CCS
values of the metabolites from each tool were compared to the experimemakyred
values in the McLean Compendium. AIICCSda@CSbase predictions were completed
with the corresponding web server, while DeepCCS predictions were performed using its
built-in command line model. CCSP 2.0 was trained with the remaining 70% of each data
set. All three adduct types were tested 10lesinto provide an estimate of sampling

variability in terms of MRE and RMSE.

2.3.6 Evaluation of CCS Filtering Efficacy for Chemically Diverse Data Sets

To evaluate the efficacy of filtering metabolite annotation candidai@sCCS
predictions based on diverse training sets, a single 70:30 split of thi [fata set was
utilized. A total of 397 compounds were allocated to model calibration, while 170
compounds were utilized for model validation and filtering assessment. For each
compound in the validation set, a list of candidate annotations was obtained by querying
PubChem usinghe Entrez Global Query Crefsatabase Search System. The annotation
candidae list for each standard consisted of all PubChem compounds with an exact mass
within 10 partspermi | | i on (ppm) of the standardbés ex
The querying process was automated using the Entrez module of the Biopython project,
where the results listed each candidate using its PubChem Chemical Identifier (CID). The

PubChem file for each CID was obtained using the Python module PubChemPy V1.0.4,
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and the corresponding isomeric SMILES was used to calculate their molecular descriptors.
Nine of the validation compounds did not return exact PubChem matches and were
excluded from filtering analysis. The remaining candidate sets were then used fogfilter

evaluation and receiver operating characteristic curve (ROC) analysis.

2.3.7 Evaluation of CCS Filtering Efficacy for Superclddatched Data Sets

To evaluate the efficacy of filtering metabolite annotation candidai@sCCS
predictions based on a superclasatched training set, a single 70:30 split of theHIW
lipid and lipidlike molecular superclass was utilized total of 93 compounds were
allocated to model calibration, while 36 compounds were utilized for model validation and
filtering assessment. For each compound in the validation set, a list of candidate
annotations was obtained by querying PubChem usingeitrez Global Query Cross
Database Search System. The annotation candidate list for each standard consisted of all
PubChem compounds with an exact mass within 10 -parsiillion (ppm) of the
standardébés exact mass as calculated by Mol
using theEntrez module of the Biopython project, where the results listed each candidate
using its PubChem Chemical Identifier (CID). The PubChem file for each CID was
obtained using the Python module PubChemPy V1.0.4, and the corresponding isomeric
SMILES was use to calculate their molecular descriptors. Three of the validation
compounds did not return exact PubChem matches and were excluded from filtering
analysis. The remaining candidate sets were then used for filtering evaluation and receiver

operating charderistic curve (ROC) analysis.
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2.4 Results and Discussion

2.4.1 CCSP Performance Evaluation and Comparison Against Other Algorithms

CCSP 2.0 provides a ML approach to predicting CCS values easily and accurately in a
flexible and usemodifiable environment aslustrated inFigure 2-1. CCSP uses the
Mordred package to calculate a rich set of molecular descriptors (MD) that is more
comprehensive than the MD sets obtainable using either Rdkit or Cdkit. The number of
MD produced by Mordred, Rdkit and Cdkit is 1613, 115 and 258, respgct8ahe prior
ML CCS prediction approaches have relied on commercial packages such as Dragon 7 for
MD calculations, but these packages can be costly and not supported by the vendors
following release. Another key aspect of CCSP 2.0 is the reliance on a linear kernel SVR
model rather than a radial basis one, making the results less prone to overfittiag, mor
easily interpretable, and faster to calculate. The use of a faster linear kernel approach allows
the user to train SVR CCS predictive models on demand, which would otherwise be time
prohibitive with a more computationally expensive approach. The SVRIsMiodECSP
2.0 use L2 regularization to penalize those models with higher MD weights against simpler
models with lower weights overall, with the net effect being less chances of overfitting.
The userds ability of-buidihgaS8vgmodals for thedriowni n g s ¢
unique applications, also results in repeating the grid search step for each new SVR model
built, leading to optimized epsilon)(and cost | hyperparameters that can compensate for

higher noise values in a given data $et.
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Figure 2-1| CCSP 2.0workflow. Graphical illustration of CCS prediction methods using
userselected training sets with a linear suppaettor regression (SVR) algorithm: (a)
obtain reference records and prepare training and test matrices; (b) optimize model
hyperparameters and perform cresdidation; (c) simplify model using recursive feature
elimination with crossvalidation; (d) perfon model validation on withheld test set; (e)
apply model to predict CCS of novel targets.
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As a first step in measuring the performance of CCSP 2.0, we conducted a detailed
CCS prediction accuracy study under both cnradglation and test set validation
conditions. A total of 101 SVR models were created for the data sets of each adduct ion
type using a different allocation of molecules for both the training (calibration) and test
(validation) sets. These data sets were highly heterogeneous in terms of chemical classes,

as shownn Figure 2-2.
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Figure 2-2 | McLean Unified CCS Compendium super class count by adduct ie
type. CCSP 2.0 was used to predict CCS values of three chemicaligterogeneou
data sets obtained from the McLean Unified CCS CompendiumThese data se
were the singly deprotonated ions (top pardkH , &€ v @)xthe singly protonate
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M+ Na, & Tt @)pPie charts represent the super class composition of eact
determined by ClassyFf&
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The root mean squared error of validation (RMSEV) was calculated for each model
and models with the median RMSEV were selected for further anakygisré 2-3).
Because the differential allocation of moleculesaming and test sets can lead to different
apparent prediction accuracies, the data split yielding the median RMSEV was selected for
closer inspection to ensure fair assessment. To summarize the prediction accuracies for
CCSP 2.0, global performance wasgaluated using RMSEV and median relative error
(MRE), while cumulative probabilities within 3 and 5% errors were used to describe the
spread of prediction errors. The {N]- model yielded a median prediction error of 1.251
% with a RMSEO®fthe I70 compduhds in the [M] validation set, 78 %
of predictions fell within 3 % error, and 92 % of predictions were within 5% error. In the
[M+H]*SVR model , a median prediction ?wereror of
observed. Of the 155 validation compound predictions, 70 % fell within 3 % error and 92
% were within 5 % error. Finally, the median prediction error and RMSEYV for the [M+Na]
validation set weZ respettivey70f thed38[M-cNajélidaiah 2
predictions, 74 % felivithin 3 % error and 90 % were within 5% error. Our previous
version of CCSP using partial least squares regression (PLSR) Mgastied MRE and
RMSEV values of 2for ;MEH] %6ns,awhite it proddcéd MRE and
RMSEV values of 2fbr[\s+#]"iehs. Tromgd CGSP ®.Bwas evaluated
using a more comprehensive CCS library than CCSP 1.0, CCSP 2.0 consistently
outperformed its predecessor for similarly heterogeneous data sets. The primary advantage
of CCSP 2.0 over its predecessoitsscomposition using one coding language (Python)

and its containment to a single environment (Jupyter Notebook) for all calculations.
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Figure 2-3 | Evaluation of CCSP 2.0 prediction performance for three types of ionic

speciesA 5-fold crossvalidation scheme was used to evaluate the performance of adduct
specific SVR modelfor [M-H]", [M+H]*, and [M+NaJ specieqa-c). Then, independent

test sets were used for the external validation of such modélsTde median relative
percent error (AMREO), root mean square er.i
(R) or goodnes®)ofarpr endbitcetdi dcmor( fek@ch evalu

represent ideal lines of best fit, and the colored lines represent regression lines for the data
set.

Although CCSP 1.0 had some of the best reported CCS prediction accuracies when
compared to its contemporary approaches, its reliance on several commercial software
platforms such as Dragon (Kode Chemolnformatics), Matlab (MathWorks) and the PLS
Toolbox (Egenvector) decreased its usability, as the implementation cost could be outside
of what is realistic for many academic laboratories. It also required the manual download

and curation of structure data files for each molecule in the training set. An ag@esglect
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of several current CCS prediction tools such as CCShase and AIICCS is the availability of
web servers that only require the user to input a SMILES specification to obtain a predicted
CCS value. Unfortunately, the training sets are typically not-selecable and many
times the results for the individual ML models are not easily accessible for critical
inspection. While Deep CCS is very flexible and allows the user to select a training set, its
commanedine Python interface is not the most ufeendly, particularly with trainees
taking their first steps in this field. To quantitatively compare the various ML approaches
in existence, we conducted a slofeside comparison of CCSP 2.0, CCSbase, AIICCS and

DeepCCS in terms of predicted CCS MRE and RMSgUre 2-4).
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Figure 2-4 | Comparison of machine learningbased CCS prediction algorithms. The
performance of CCS prediction by CCSP 2.0 was compared to that of three
alternative algorithms in the literature. Three data sets- 4 h- ( PAT A

. A were obtained from the McLean Unified CCS Compendiunu filtered based on

their compatibility with all tested algorithms. The median relative percent error (MRE)
and root mean square error (RMSE) were then calculated between the experimental CCS
values and the CCS values predicted by each algorithmpiidsess was completed 101
times for each adduct ion type, each using a randsalcted test set. Violin plots for the
distribution of the MRE (&) and RMSE (ek) values are provided, with the colored dots
representing the results of the individual sial
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Overall, CCSP 2.0 outperformed CCSbase, AlICCS and DeepCCS according to

MRE and RMSE for the [MH] data set for most of the 101 data splits tested. The ranking
according to median MRE was CCSP 2.0 (1.251%), CCSbase (1.427%), AlICCS (1.855%),
thenDeepCCS (1.871%). According to median RMSE, the ranking was CCSP 2.0 (4.876

) DeepCC%, (€ECG68s), (t7Th8’B 9AIl I).CCudderstand 9 1 9
the reasons behind these differences in CCS prediction accuracy, we computed the
prediction accuracy for each chemical super class in each test set. The results of such
analysis are presentedhigure 2-5, indicating that the main chemical super class where
CCSP outperforms the closest competitor, CCSbhase and other algorithms such as AlICCS
and DeepCS for [M-H]  ions is the benzenoid superclass. The reason behind the better
performance of CCSP vs. CCSbase for this chemical class seems to be the lack-of shape
dependent MD as discussed below. Other chemical classes where CCSP 2.0 performed
very well were the lipid and lipidlike compounds and organic acids and derivatives
(Figure 2-5). Because these three chemical classes comprised 59% of all compounds in
the data sets, CCSP had an overall better performance when compared with the other

algorithms teted here.

For the [M+H] data set, the ranking according to median MRE was CCSbase
(1.291%), CCSP 2.0 (1.729%), AlICCS (1.748%), then DeepCCS (2.084%). According to
medi an RMSE, the ran3ingC8#s 2°A03ASIE636716%B. 315

2, 't hen De e? EvaSnoledthatwhi® CCSbase minimized the MRE for
most compound super classes investigated, the better prediction of outlier compounds by
AIICCS led to a better RMSE. CCSP 2.0 balanced the two objective functions, coming in

second in bothankings.
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Predictions for sodiated adducts generally produced the highest prediction errors
for the tools investigated, with CCSbase being the most successful. The ranking according
to median MRE for the [M+Na]data set was CCSbhase (1.477%), CCSP 2.0 (1.874 %),
DeepCCS (2.193%), then AIICCS (2.227%). According to RMSE, the ranking was CCSP
2.0 (6.556CSbhas®, (PeBPpBCY , ( &.hen3 Al HCCS (7
Notably, both CCSP 2.0 and CCSbase perform better on these species than AIICCS, the

most popular CS prediction tool.
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Figure 2-5 | Heatmap comparison of the performance (MRE & RMSE) of CCS prediction algorithms by adduct ion type and
chemical super classThe performance (MRE & RMSE) of CCS prediction by CCSP 2.0 was compared to that of three alternative
algorithms in the literature. Three data sets were obtained from the McLean Unified CCS Compendium and filtered based on thei
compatibility with all testd algorithms. TheM-H ion set contained v ¢ gompounds, theM+ H ion set contained v p Y
compounds, and thé/1+ N a ion set contained T @ pompounds. In a single run, the CCS values of 30% of a given data set was
predicted using CCSP 2.0, CCSbase, AlICCS, and DeepCCS. The median relative percent error (MRE) and root mean square error
(RMSE) were then calculated between the experimental @®s/and the CCS values predicted by each algorithm. This process was
completed 101 times for each ion type, with each trial using a randomly selected test set. The algorithms were pagsseviero th
super classes of moleculgsat comprisedmore than 5% of the data set. Heat maps display the median relative expen¢aroot

mean square errors-@J; the labels of each pane show the mean * standard deviation of the 101 trials, while the colors are normalized
asZ-scoreaccording to row.
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2.4.2 Effect of Molecular Descriptor Set Composition on CCS Prediction Accuracy

The SVR models used for the predictions described above were based on a selection
of MD through RFE. For the [NH]", [M+H]*and [M+Na] ion types, the model RMSECV
exponentially decreased until approximately 50 or more descriptors were included in the
calculations Figure 2-6). The average number of descriptors Réefected under cross
validation conditions for these ion types were 370, 303 and 414, respectively. These MD
were selected from the larger set of 1613 MD calculated by the Mordred pdGkdde
2-1). Although the optimum SVR models used 30D descriptors on average, it was
noted that many of these descriptors were assigned low feature weights due to the
regularization scheme selected. These results explain the robust nature of the models

produced i CCSP.
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Tablel | Mordred descriptor modules, counts and basic meaning.

Module number Module name Number of
descriptors

1 ABClIndex 2
2 AcidBase 2
3 AdjacencyMatrix 13
4 Aromatic 2
5 AtomCount 16
6 Autocorrelation 606
7 BCUT 24
8 BalabanJ 1
9 BaryszMatrix 104
10 BertzCT 1
11 BondCount 9
12 CPSA 2
13 CarbonTypes 10
14 Chi 56
15 Constitutional 16
16 DetourMatrix 14
17 DistanceMatrix 13
18 EState 316
19 EccentricConnectivitylndex 1
20 ExtendedTopochemicalAtom 45
21 FragmentComplexity 1
22 Framework 1
23 HydrogenBond 2
24 InformationContent 42
25 KappaShapelndex 3
26 Lipinski 2
27 LogS 1
28 McGowanVolume 1
29 MoeType 53
30 MolecularDistanceEdge 19
31 Molecularld 12
32 PathCount 21
33 Polarizability 2
34 RingCount 138
35 RotatableBond 2
36 SLogP 2
37 TopoPSA 2
38 TopologicalCharge 21
39 Topologicallndex 4
40 VdwVolumeABC 1
41 VertexAdjacencylnformation 1
42 WalkCount 21
43 Weight 2
44 Wienerindex 2
45 Zagreblndex 4
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Figure 2-6 | Representative recursive feature elimination curves for CCSP 2.0 model
calibration. Support vector regression models were built to predict the collision cross
sections of three iotypes using 2limensional molecular descriptors (MD) calculated by
the Python package Mordred. A total of 101 models were constructed for eagpaon
where each iteration was trained using a different subset (70%) of the corresponding
McLean Unified CCS Compendium entries. To reduce model complexity, each iteration
employed recursive feature elimination to select the optimum number of MD that
minimized the root mean square error of cross validation (RMSECV). The first ten feature
selection curves are presented for the (aHM (b) [M+H]", and (c) [M+Na] ion-types.

Plots (d), (e) and (f) highlight the rapgkponential decay of RMSECV observed for the
first ~50 features.
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The most prominent descriptor classes used in SVR models mapped the relative
position of atoms and bonds in space, particularlyMoeeauBroto autocorrelation of
topological structure (ATS)escriptors, weighted Barysz Matrix descriptors, and molecular
symmetry descriptors. ATS descriptors are based on graph theory and describe the
distribution of atomic properties along the topological structure of a moléBarysz
Matrix descriptors summarily describe a topological, vedisxance matrix represeion
of heterosystems?® Both ATS and Barysz Matrix descriptor classes can be weighted on
the basis of multiple atomic properties, including electronegativity, mass, polarizability,
and ionizability. The most conserved Barysz descriptors aggregated Barysz matrix
eigenvectors (VEand VE series) or Randitike*® eigenvectors (VRand VR series),
while the most retained ATS descriptors described the distribution of atomic properties for
atoms close in space (A, ATS:, ATS, and ATS series). The Kappa Shape Index (Kier)

31 and Total Information Content (TI®) descriptors, which encode molecular symmetry,
were also highly conserved in SVR models and enabled CCSP 2.0 to consider positional
isomerism in CCS predictions. Descriptors that predict the bulk volenge\(an der

Waals volume (Mec) and McGowan Volume (M:)) and those that describe bulk
polarizability €.g.CrippenWildman molar refractivity (SMR) and atomic polarizability
(apol)) were also often conserved. The last higbtgined set of descriptors belonged to

the Mordred constitutional module, which included the sum of atomic properties relative
to the'?C properties. Notably, these descriptors were previously found to be critical to our
previous CCS prediction approach, CCSP 1.0, which used a different ML approach and

employed licensed software to calculate >5000 descripfors.
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To examine if the set of most conserved Mordred descriptors would be sufficient
to produce robust and highly accurate SVR models to predict CCS values, we investigated
three separate variable selection scherragife 2-7) . A set of Aconsens
was created by selecting those MD that were conserved in at least 95% of SVR models
tested for each iotype. Results indicated that the consensus MD set did not provide
significantly better CCS accuracies when compaagainst the set containing all
descriptors, or the set of RF&elected descriptar3he list of consensus descriptors tested
in these models is provided as a supplemental spread$habét ). Though smaller MD
sets may make for simpler models if desired, these results show that they do not afford
better prediction accuracy. In conjunction with the similar errors between the cross
validation and validation rounds, these results show that tmedL2arization scheme was
able to avoid overfitting, which may be a concern when using amargéer of molecular

descriptors.
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Figure 2-7 | Evaluation of CCSP 2.0 prediction performance using three molecular

descriptor selection schemesCCSP 2.0 was used to predict the collision cross sections

for subsets of three ietype data sets ([MH], [M+H]", [M+Na]") from the McLean

Unified CCS Compendium using three different molecular descriptor selection schemes.

In the first scheme, support vector regression models were constructed using all applicable
2-dimensional molecular descriptors calculated by the Pyfhenc k age Mor dr ed
Mor dr e ¥ Inth® éecond scheme, each model was tuned using recursive feature
elimination (RFE) and wutilized a varying s
+ RFEO) . The | ast selection scheme buil't
conserved (>95%hithe RFE trials for each ietype; the number of MD used in HH]",
[M+H]", and [M+NaJft r i al s were 75, 101 and 87, respe
trial represents a prediction of 30% of a data set using the remaining 70% for training, and

101 preditions were performed for each combination of-igpe and MD selection

scheme. Violin plots showing the distribution of the median relative percent ecpaifd

root mean square error-fflare presented.
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Table 2 | Consensus feature subsets selected for each adduct type.

Descriptor Name Descriptor Construction [M-H]- | [M+H]+ | [M+Na]+

nC At omCount (O n n n
nBonds BondCount (06an n n n
nAtom At omCount ( O0A n n n
mZagreb?2 Zagreblndex (251) n n n

apol APol (False) n n n
Xp-0dv Chi (o6patho, O n n n
VMcGowan McGowanVolume () n n n
VE1 Dzv BaryszMatrix ( n n n
VE1_Dzse BaryszMatrix ( n n n
VE1 _Dzpe BaryszMatrix ( n n n
VE1 Dzp BaryszMadVEkXo) n n n
VE1 _Dzm BaryszMatrix ( n n n
VE1_ Dzi BaryszMatrix ( n n n
VE1 Dzare BaryszMatrix ( n n n
VE1 D Di stanceMatri n n n

Sv Constitutiona n n n

Sp Constitutiona n n n

Sm Constitutional n n n

Si Constitutiona n n n

SZ Constitutiona n n n
SMR SMR () n n n

MW Weight (True, False) n n -
MID_C Mol ecul ar | d-1@Q) 6 C n n n
LabuteASA LabuteASA () n n n
ETA_alpha EtaCoreCount (False, False) n n n
AXp-0dv Chi (o6patho, n - -
ATS1v ATS (1, o6vb n n n
ATSOv ATS (0, O6v©b n n n
ATSOp ATS (0, O6pbo n n n
Xp-1d Chi (o6patho, 1 n n n
VR2_Dzse BaryszMatrix ( n - n
VR2_Dzpe BaryszMatrix ( n - n
VR2_Dzm BaryszMatrix ( n - n
VR2_Dzi BaryszMatrix ( n n n
VR2_Dzare BaryszMatrix ( n n n
VR2_DzZ BaryszMatrix ( n - n
VR2_D Di st anceMatr.i n - n
VE3_Dzv BaryszMatrix ( n n =
VE3_Dzp BaryszMatrix ( n n =
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Table 2 (continued): Consensus feature subsets selected for each adduct type.

Denglnp;or Descriptor Construction [M-H]- | [M+H]+ | [M+Na]+
VE1 DzZ BaryszMatrix ( n n n
Sse Constitutiona n n n
Spe Constitutiona n n n
MATS3d MATS (3, od n - -
JGI9 Topol ogi cal Char n - -
ETA eta RL EtaComposEcigti«;x (True, True, . i i
ATS1p ATS (1, op6o n n n
ATS1i ATS (1, o6i 6 n n n
ATSOi ATS (0, Oi 6 n n n
nHeavyAtom At omCount (OHe n - n
SpAbs_A Adj acencyMatri n - -
SpAD_A AdjacencyMatr.i n - -
Sare Constitutional n n n
SaaaC At omTypeESt at e n = =
MID Molecularld( 6 any 6 ,-10F a n - n
ATSCOv ATSC (0, oOv n n n
ATS3Z ATS (3, 06z6 n - -
ATS2p ATS (2, Opb n n n
ATS1se ATS (1, O6se n n n
AATSCOs AATSC (0, 05 n - -
ZMICO ZModifiedIC (0) n n -
VR2_Dzv BaryszMatrix ( n - n
TIC1 TotallC (1) n n -
PEOE_VSAG6 PEOE_VSA (6) n - n
ATS1pe ATS (1, 6pe n n n
Xp-1dv Chi (6pat ho, 1 n n n
Kierl KappaShapelndex1 () n n n
ATS3m ATS (3, 06mb n - -
AATSCOc AATSC (0, 0c n - -
piPC9 PathCount (9, True, False, True) n - -
nBondsKS BondCount (6si n n n
VR3 Dzm BaryszMatrix ( n - n
VR3 Dzz BaryszMatrix ( n - n
VE3_Dzi BaryszMatri x n n =
NsCH3 At omTypeESt at e n - -
ATS2v ATS (2, O6v©b n - n
Vabc VdwVolumeABC () - n n
VE3_Dzse BaryszMatrix ( - n -
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Table 2 (continued): Consensus feature subsets selected for each adduct type.

DeNs;:lnpéor Descriptor Construction [M-H]- | [M+H]+ | [M+Na]+
VE3_Dzm BaryszMatrix ( - n =
VE3 _DzZ BaryszMatrix ( - n =
VE3_D Di stanceMatr.i - n =
TIC2 TotallC (2) - n n
ETA eta L EtaComp05|;t:eaIIIr18(§x (False, True, ) - .
ATS2se ATS (2, 6se - n -
ATSlare ATS (1, 6ar - n -
ATSOse ATS (0, 6se - n n
ATSOpe ATS( 0, 6ped) - n n
nH At omCount (0 - n n
nBondsS BondCount (6si - n -
VE3_Dzpe BaryszMatrix ( - n -
VE3_Dzare BaryszMatrix ( - n -
TIC5 TotallC (5) - n n
TICO TotallC (0) - n =
SpMAD_Dzi Bar ysz MadtSp A O(0 - n -
SlogP_VSA5 SlogP_VSA (5) - n n
Kier3 KappaShapelndex3 () - n =
ATSCOm ATSC (0, Om - n -
ATS2pe ATS (2, 6pe - n -
ATS2i ATS (2, oi § - n n
ATSOare ATS (0, 6ar - n -
VR3 _Dzv BaryszMatrix ( - n -
VR3 Dzse BaryszMatrix ( - n n
VR3 _Dzpe BaryszMatrix ( - n n
VR3 Dzare BaryszMatrix ( - n n
TIC4 TotallC (4) - n n
SlogP_VSA11 SlogP_VSA (11) - n -
C2SP3 CarbonTypes (2, 3) - n n
ATSCO0Z ATSC (0, o0z - n -
ATS3i ATS (3,61 06) - n n
ATS2are ATS (2, ©o6ar - n -
Xp-0d Chi (o6patho, - n -
VR3_Dzi BaryszMatrix ( - n n
TIC3 TotallC (3) - n n
SpMAD_Dzare BaryszMatrix (09 - n -
ATS8v ATS (8, O6v©b - n -
ATS3se ATS (3, O6se - n -
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Table 2 (continued): Consensus feature subsets selected for each adduct type.

DeNs;:lnpéor Descriptor Construction [M-H]- | [M+H]+ | [M+Na]+
ATS3pe ATS (3, Ope - n -
VR3_D Di stanceMatr.i - n =
SpMAD_Dzpe BaryszMatrix (¢ - n =
Kier2 KappaShapelndex2 () - n -
BCUTm-1h BCUT ( 6 mé, - n -
ATS3are ATS (3, 6ar - n -
VR3 _Dzp BaryszMatrix ( - n -
VE2_A AdjacencyMatr.i - n n
SMR_VSA5 SMR_VSA (5) - n -
BCUTZ-1h BCUT (62606, - n -
ATS8p ATS (8, 6ép6b - n -
Xp-2dv Chi (6pat hd, 2 - - n
VR2_Dzp BaryszMatrix ( - - n
ATS3p ATS (3, 6ép6b - - n
VR3 A AdjacencyMatr.i - - n
EState_VSA6 EState_VSA (6) - - n
NssCH2 At omTypeEState ( - - n
LogeEeE_A AdjacencyMatr.i - - n
ATSC6m ATSC (6, Om - - n
nBondsD BondCount (6do - - n
TMWC10 WalkCount (10, True, False) - - n
ATSC6Z ATSC (6, 0z - - n
AETA beta_ns_¢ EtaVEMCount (6 - - n
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2.4.3 CCSP Applications tMetabolite Annotation

As a first test of the capabilities of CCSP 2.0 to predict CCS values for the purposes
of filtering false positive annotations of metabolites and other small molecules, we chose
an ion with a relatively smalin/z value (isoorotic acid,- 4 p L& 1T QrdThe
PubChem database was then searched for all candid4te ions that matched tha/z
within a 10 ppm tolerance. The choice of database was motivated to simulaterskhe
case scenario where the general chemical class of the analyte being annotated is completely
unknown. We chose PubChears more focused databases such as HMD® as to test
the CCS filtering approach in the most adverse conditions. We chose a mass error of 10
ppm for database searches to a) compare against previous work with DeepCCS and similar
algorithms and b) accommodate the realistic everyday mass acafréygyical mass
spectrometers coupled with IM, such as tiofidlight (ToF) MS.Figure 2-8 sumnarizes
the results obtained for this case study. The PubChem queryZ&65.0093 returned a
total of 221 singleeompound candidates within a 10 ppm mass window. CCS values for
all these 221 candidates were predicted with CERRi(e 2-9), and only those candidates
(¢ o qwithin a £2 % window were retained, demonstrating the power of CCS filtering
to remove false positive matches (86 %) to an unknown compound being annotated. As
expected, when the mass search threshold was decreased from 10 ppm $etibvessy,
the number of compounds matching the unknown also decreased, emphasizing the
importance of simultaneous good accuracy in botmtheand CCS dimensions. As the
mass tolerance was made smaller, a lower percentage of candidates was filtered by CCS.

The experimentalymeasured CCS value for isoorotic acid was 120.224d the CCSP

predicted value was 119.322{\# #‘VSQDAOE‘@#@MUEA%A‘?[M X ¥ ). In terms of
#HBOAAEAOAA
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CCS confidence threshold to keep the correct annotation candidates, we chose a 2% limit,
with literature values ranging4%. The MRE for the SVR model used for prediction of
CCS values was 1.25 %i@ure 2-2), so the +2% threshold is somewhat conservative.

Interestingly, CCS measurements for the two isobaric species orotic and isoorotic acid,

with predicted CCS values of 119.3 dnd 121.7 A #WD#A#‘Z;A%#,@QAAFA%A‘?[ It
AEA A

p& d» ) may not be adequately distinguished with a 2% threshold, depending on

rounding, but would be distinguished well with a less conservative threshold of 1.5%, for

example.
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Figure 2-8 | Effect of mass and CCS accuracy on the number of filtered metabolite
annotation candidates.The use of CCS in ion mobilignass spectrometry studies for the
purpose of filtering candidate molecules was evaluated by treating isoorotic acid
(CsH4aN204) as an unknown species. A PubChem query returned 221 candidate molecules
with monoisotopic masses within 10 ppm of the theoretical monoisotopic mass of isoorotic
acid. The CCS value of each of the 221 queried molecules was predicted using a SVR
model deviped wth CCSP 2.0. The green shaded box depicts the joint £10 ppm and £2
% CCS interval surrounding the experimental CCS of isoorotic acid (129i8 the [M-

H] form.
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Figure 2-9 | Predicted CCS values for all PubChem candidates queried for the

example presented in Figure2-8. A support vector regression model was trained to

predict collision cross sections with a calibration set of singly deprotonated ions from the
McLean Unified CCS Compendiund ( o w)x Crossvalidation using a Bold scheme

yielded a root mean square error cross validation of 4.823@da median relative percent

error of 1.221 %. The model was then tested on an external validation set from the
Compendiumg p x)mand yielded a root mean square error validation of 5.222n4

a median relative percent error of 1.466 %. Green shaded region: experimental CCS value

+ 2%; Gold star: predicted CCS value of isoorotic acid; Color scale: mass error (ppm)
bet ween the standardds monoi sotopic mass a
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To evaluate the impact dfie CCS filtering threshold¢cs) on the percentage of
filtered compounds for various mass accuracies, the workflow used in the isoorotic acid
case study was applied to 162 deprotonated test compounds. At a mass tolerance of 10
ppm, PubChem searches for each test compound returned hetbeand 18,399
candidates for a combined total of 598,208 candidktgare 2-10illustrates the decrease
in the percent of filtered annotation(s) as the CCS filtering threshold is increase@ from
15%. Conversely, as tHa-csis made smaller, more incorrect annotation candidates are
filtered, but the risk of oveiiltering the right annotation also increasesDAts3%, 76.5%
of the true annotations for the test compounds were retained, and a median of 47.3% of the
candidates were filtered for lists generated withOgppm mass window. The median
percentage of candidates reduced drops to 24.9% when the candidates are restricted to only
those with the same chemical formula as the true species.amhlysis reveals that the
choice ofDccsthreshold for filtering purposes depends on several factors and that there is
a tradeoff in the number of correct annotations retained and false positive reduction. For
the data irfFigure 2-10, no single CCS filtering threshold appears effective enough to retain
100% of the correct annotations for the diverse chemical data set involved in this case

example.
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Figure 2-10| Effect of CCS accuracy on the number of filtered metabolite annotation
candidates for a test set consisting of 162 W] speciesA test set ok p @ €CS

values for M-H ions was used to evaluate the filtering efficacy of CCS (Supplemental
Table 4). Each compound in the test set was treated as an unknown, with only its
monoisotopic mass and experimental CCS value being utilized. For each validation
compound, all entries ilPubChem with monoisotopic masses within 10 ppm of its
monoisotopic masgr() were retrieved. The CCS value of each PubChem candidate was
predicted with CCSP 2.0, usidg o X tmaining molecules and the whole set of Mordred
descriptors. The grey dashed linepresents the percentage of the correct compound
structures in the test set whose predicted CCS value fell within the G&tS/olerance.

The remaining traces represent the median percentage of candidates that were filtered from
each candidate list at a specified % CCS at a given mass tolerance. The experiment was
performed for candidate lists generated with 10 ppm (red)n¥(ppange), 5 ppm (gold),

3 ppm (green), 1 ppm (blue), and 0 ppm (purple) mass thresholds.
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A more comprehensive approach to examine annotation success by combining CCS
and accurate mass values is using receiver operating characteristic (ROCftRatber
than rely on individuaDccsthresholds, the ROC curve plots true positive discovery rates
vs false positive discovery rates at multipte-sthresholds. The area under the ROC curve
(AUC) is a metric for the algorithmbds filt
method capable of rejecting all incorrect annotations while retaining all correct
annotationsFigure 2-11 reveals that decreasing the mass window used to generate the
annotation candidate lists generally reduces the AUC, with CCS filtering failing to
meaningfully differentiate correct annotations from incorrect annotations with the same
chemical formula. The WC scores for catidate lists based on 10 ppm, 7 ppm, 5 ppm, 3
ppm, 1 ppm, and 0 ppm mass windows were 0.657, 0.633, 0.622, 0.616, 0.593, and 0.589,
respectively. These results suggest thatM® systems likely afford little CCS filtering
capacity if used in conjunction thi CCS prediction algorithms that are built on chemically
diverse training sets. These chemically diverse training sets produce CCS predictions that
may not be accurate enough to filter sufficient candidates. However, if the CCS prediction
accuracy is immved using a training set that is structurally closer to the analyte, then CCS
filtering produces more satisfactory results, as seen in prior predictions for strueturally
similar xenobiotic®. Prediction of unknown analyte superclass is indeed possible using
IM-MS coupled to machine learnitfg Notably, the effectiveness of CCS filtering also
depends on the mass accuracy afforded by the-d&ratkmass spectrometer. For highly
accurate mass spectrometers, lower CCS prediction errors and more accurate CCS
experimental measurements are required to make the CCS filtering approach more

valuable.
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Figure 2-11| Receiver Operating Characteristic (ROC) curves depicting true positive
versus false positive rates for metabolite annotations using CCS prediction with the
complete M-H training and test sets.

A data set of CCS values foM-H ions was obtained from the McLean Unified CCS
Compendiumé v L)wA total of 397 measurements were used to train support vector
regression models to predict CCS values for new deprotonated species, while 162 were
retained for ROC analysiEach compound in the test set was treated as an unknown, with
only its monoisotopic massnf and experimental CCS value being utilized. For each
validation compound, all entries in PubChem with monoisotopic masses within 10 ppm of
its monoisotopic mass were retrieved. Combined, the 162 validation compounds yielded
598,208 annotationandidates. The correct annotations for the 162 validation compounds
were considered actual positives (true positives + false negatives), while the remaining
598,046 annotations were considered actual negatives (true negatives + false positives).
CCSP 2.0was used to predict the CCS value of each candidate, and the relative percent
error between the candidatebs predicted CC:
calculated. Various %CCS thresholds were investigated; correct annotations within the
thredold were considered true positives (TP), while correct annotations outside of the
threshold were considered false negatives (FN). Incorrect annotations within the threshold
were considered false positives (FP), while incorrect annotations outside gheltingere
considered true negatives (TN). The ROC curve represents true positivéYiatd (

"YOF "YO "O0 as a function of the false positive rat®f 'Y "O0 "O0 "Y0). This
process was repeated for annotation candidate lists generated with 7 ppm, 5 ppm, 3 ppm,
1 ppm, and 0 ppm mass windows. An ideal ROC curve would discover all correct
candidates without discovering incorrect candidates, leading to an area undewéhe cur
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(AUC) of 1. Equal true and false positive rates (grey dashed line) would show CCS cannot
discern the correct annotation, leading to an AUC of 0.5.

To illustrate the utility of CCS prediction using a structurally similar training set,
we investigated deprotonated species of the lipid andliigdsuperclass. This superclass
includes molecular classes such as fatty acyls, prenol lipids, glycerplipids
glycerophospholipids, sphingolipidsteroids,and steroid derivatives:igure 2-12 and
Figure 2-13 depict a case study involving a lipid species, leukotriene E4. In this case,
CCSP was trained only with molecules in the lipid superclass, leading to more accurate
CCS predictions than if the model was trained with a more diverse range of molecules. Out
of the 4,980 molecules queried from PubChem within a 10 ppm window of the analyte,
only 806 remained using a £2 % CCS filtering interval. This candidate space could be
further reduced by improving mass accuracy, as discussed bé&lgure 2-13
demonstrateshat the presence of halogen atoms such as chlorine or fluorine reduce the
predicted CCS of the annotation candidates, while the presence of silicon increases the
predicted CCS values. These atom types frequently appear in lipid candidate lists generated
by mass and may contribute to the improved filtering of annotation candidates in lipid case
studies. Though chlorinated, fluorinated antteihated species made up 5%, 21%, and 2%
of the annotation candidates in this case study, respectively, the impspeacialized
training set extended even to isobaric lipid candidates. Approximately 57 % of the isomers
of leukotriene E4 could be filtered with a +2 % CCS filtering interval, demonstrating that
CCS prediction could improve confidence in the isobaric atinataf the lipid mediator
in addition to rapidly rejecting false positive matches to halogenated and siliconated

species.
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Figure 2-12 | Predicted CCS values for all PubChem candidates queried for the
example presented irFigure 13.

A support vector regression model was trained to predict CCS values with a calibration set
of M-H ions obtained from members the lipid superclass in the McLean Unified CCS
Compendiunfe  w & Crossvalidation using a#old scheme yielded a root mean square
error cross validation of 5.268%4nd a median relative percent error of 1.066 %. The
model was then tested on an external validation set selected from the Compendium (

o § yielding a root mean square error validation of 3.46afdl a median relative percent
error of 0.862 %. Green shaded region: experimental CCS value * 2%; Gold star: predicted
CCS value of i soorotic acid; Col or scal e:
monoisotopic mass and the mass of the candidate. Beédunarker opacity to improve
visualization of overlapping points.
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Figure 2-13 | Effect of mass and CCS accuracy on the number of filtered metabolite
annotation candidates for the case of a lipid molecul@he use of CCS in ion mobility

mass spectrometry studies for the purpose of filtering candidate molecules was evaluated
by treating one randomigelected compound in the validation set, leukotriene E4, as an
unknown species. The only information utilizeat this compound was the theoretical
monoisotopian/zof the [M-H] ion (CG3H3sNOsS) and the experimental C@8lue (213.2

A?) listed in the McLean Unified CCS Compendium. A PubChem query returned 4980
candidate molecules with monoisotopic masses within 10 ppm of the theoretical
monoisotopic mass of leukotriene E4. The CCS value of each of the 4980 queried
molecules was predideusing a SVR model developed with CCSP 2.0. This model was
trained with 93 [MH] ions in the lipid superclass of the McLean Compendium
(Supplemental Table 5). The green shaded box depicts the joint +10 ppm and 2 % CCS
interval. The varios PubChem candidates are colored based on the presence of various
types of atoms other than CHNOPS in their structures.
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Figure 2-14 shows the effect of CCS filtering threshold on the percentage of
retained correct annotations and % of candidates filtered when CCSP SVR models were
trained with 93 [MH]  ions in the lipid superclass of the McLean CCS Compendium and
tested on 33 compounds in that class. At a mass tolerance of 10 ppm, PubChem searches
for each test compound returned between 43 and 13,984 candidates for a combined total of
136,940 candidate#t aDccsthreshold of 2.8%, a total of 100% of the correct annotations
were retained, again emphasizing the importance of using a struwdtrbed training set
in ML CCS prediction. At thisDccsthreshold, a median of 36.1% of candidates generated
with a mass tolerance of 10 ppm could be filtered without accidently filtering any correct
annotations. At the sani&csthreshold, 19.3% of isomeric species (0 ppm error) could be
filtered. These results indicate that CCS can be used as a preliminary filter to rapidly reject
a large number of potential candidates and that eugnisiobaric species can benefit from

CCS prediction.
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Figure 2-14 | Effect of CCS accuracy on the number of filtered lipid annotation
candidates for a test set consisting of 33 [M] lipid species.A set of¢ p ¢ @CS

values for M-H ions was obtained from the lipid superclass of the McLean Unified CCS
Compendium (Supplemental Table 5). The data set was randomly split with 70% being
allocated to the training of SVR models. The remaining 30% of the data was retained for
evaluation of te number of lipid candidates filtered through CCS matching. Each
validation compound in the test set was treated as an unknown lipid, with only its
monoisotopic mass and experimental CCS value being utilized. For each validation
compound, all entries inUbChem with monoisotopic masses within 10 ppm of its
monoisotopic masgr() were retrieved. The CCS value of each PubChem candidate was
predicted using CCSP 2.0 with the whole set of molecular descriptors. The grey dashed
line represents the percentage of the correct compound structures in the test set whose
predicted CCS valutell within the set %CCS tolerance. The remaining traces represent
the median percentage of candidates that were filtered from each candidate list at a
specified % CCS at a given nsa®lerance. The experiment was performed for candidate
lists generated with 10 ppm (red), 7 ppm (orange), 5 ppm (gold), 3 ppm (green), 1 ppm
(blue), and 0 ppm (purple) mass thresholds.
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An ROC analysis for the case of lipid analytes is shoviAigare 2-15. AUC scores
for candidate lists based on 10, 7351, and 0 (isobaric) ppm mass windows were 0.776,
0.754, 0.748, 0.768, 0.756, and 0.756, respectively. Notably, this AUC analysis shows that
CCS filtering for the lipid class is similarly effective for candidate lists generated with
differing mass window, making the superclassatched approach more robust towards
deviations in accurate mass measurements. These results contrast the sharp decline in
filtering effectiveness for narrower mass windows in the chemically diverse data set and
suggest that CCS manake an adequate classifier to differentiate true positives from false

positives in superclagsatched metabolite annotation.
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Figure 2-15| Receiver Operating Characteristic (ROC) curves depicting true positive
versus false positive rates for metabolite annotations using CCS predictions with
M-H lipid training and test sets.

A setofé¢ p ¢ @GCS values forM-H ions was obtained from the lipid superclass of

the McLean Unified CCS Compendium. The data set was randomly split with 93 being
allocated to the training of SVR models, while 33 were retained for ROC analysis. Each
compound in the test set was treatedragr&known, with only its monoisotopic mass) (

and experimental CCS value beiatjized. For each validation compound, all entries in
PubChem with monoisotopic masses within 10 ppm of its monoisotopic mass were
retrieved. Combined, the 33 validation compounds yielded 136,940 annotation candidates.
The correct annotations for the 38lidation compounds were considered actual positives,
while the remaining 136,940 annotations were considered actual negatives. CCSP 2.0 was
used to predict the CCS value of each candidate, and the relative percent error between the
candi dat e 6 €S gna thal dorcespendliing @xperimental CCS was calculated.
Various %CCS thresholds were investigated; correct annotations within the threshold were
considered true positives (TP), while correct annotations outside of the threshold were
considered false negatives (FN). Incorrect annotations within the threshold were
consideed false positives (FP), while incorrect annotations outside the threshold were
considered true negatives (TN). The ROC curve represents true positivéYiatd (

"YOF "YO "O0 as a function of the false positive rat®f 'Y "O0f "O0 “Y0). This
process was repeated for annotation candidate lists generated with 7 ppm, 5 ppm, 3 ppm,
1 ppm, and 0 ppm mass windows. An ideal ROC curve would discover all correct
candidates without discovering incorrect candidates, leading to an area undarvthe c
(AUC) of 1. Equal true and false positive rates (grey dashed line) would show CCS cannot
discern the correct annotation, leading to an AUC of 0.5.
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2.5 Conclusions

In this chapterwe present CCSP 2.0, a new Python algorithm in the Jupiter
environment that enables CCS predictions that are better aligned with FAIR principles.
Extensive testing of the CCS prediction accuracy was conducted under both cross
validation and test set valtion conditions. The CCS predictionedian relative errors
were 1.25, 1.73 and 1.87% for {M]", [M+H]* and [M+Na] adducts using linear support
vector regression models. The performance of the new algorithm was compared against
three popur machine learning CCS prediction methods reported in the literature using
101 randomlyselected test sets that were kept consistent across all algorithms. Results
showed that in most cases, CCSP 2.0 performed better than or equally well as other
approabes, with the advantages that the training set can be easily customizable for the
specific application in mind and that a larger set of molecular descriptors is available to
explain more subtle structural differences in the tested analytes. Furtherrecsmgie
environment nature of CCSP 2.0 allows for high volume predictions to be completed on a
local computer, which circumvents the need to submit smaller batches of CCS prediction
requests through a wdiased interface. Despite the outlined advantaQ€SP 2.0 still
suffers from some drawbacks. One drawback of most machine learning methods is the need
to define the specific training set to be used prior to predicting CCS values. Current training
sets allow the prediction of the most common adduct ipestyncluding [MH]", [M+H]",
[M+Na]* and [M+K]" but not dimers such as [2M+Hr [2M-H]", or other less common

adducts or irsource fragments found in ESIS experiments.

Our filtering studies suggest that carefully superefaasched models may

improve the confidence of a structural annotation, but that currently available tools afford
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minimal orthogonal information for diverse data sets with highly accurate mass
measurements. As IM technology and calibration methods improve, more accurate CCS
measurements are expected to become available and will allow the production of even more
accurae predictions. Future work will include an exploration of CCS predictions across
multiple IM-MS instrument types, such as drift tube and travelling wave IM platforms, and
an indepth investigation of the effect of experimental sources of variance ohdice of

CCS threshold chosen for filtering annotation candidates. Additional future work will
include the use of mutadduct predictions to evaluate CCS filtering and the CCS

prediction of fragment ions in tandem mass spectrometry.
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CHAPTER 3. DEVELOPING A STREAMLINED WORKFLOW
FOR THE DETERMINATION OF XENOBIOTICS IN

BIOLOGICAL TISSUES

Adapted from

Fostér,, RMf.neywWatMon, C.; Dodds, J. N.; Kirkwoo
S. Uncovering PFAS and Ot her Xenobiotics i n
Spectrometry, Mass Def ectEnAvniarloynsniesn,t aaln dS cMaecnhci en
20252¢ 12) /9 194133.3 DOI : 10.1021/ acs.est.2c00201.

¢ Equaly contributing first authors

M.F. and J.N.D. measured the PFAS CCS values witHNMLIE-MS and performed the

NIST serum instrumental and targeted datelysis. M.R. and C.W. developed and
optimized the machine learning algorithms for PFAS, PCBs, PAHs, and PBDEs. F.M.F.
and E.S.B. supervised the machine learning and experimental evaluations and M.F., M.R.,

F.M.F. and E.S.B. wrote the manuscript.
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3.1 Abstract

The identification of xenobiotics in nontargeted metabolomic analyses is a vital
step in understanding human exposure. Xenobiotatabolism, excretion, and <o
existence with other endogenous molecules however greatly complicate nontargeted
studies While mass spectrometry (M®8psed platforms are commonly used in
metabolomic measurements, deconvoluting endogenous metabolites and xenobiotics is
often challenged by the lack of xenobiotic parent and metabolite standards as well as the
numerous isomerpossibé for each small moleculm/z feature. Here, we evaluate a
xenobiotic structural annotation workflow using ion mobility spectrometry coupled with
MS (IMS-MS), mass defect filtering and machine learning to uncover potential xenobiotic
classes and species in large metabolomic featsts. IXenobiotic classegxamined
included those of known higtoxicities including per and polyfluoroalkyl substances
(PFAS), polycyclic aromatic hydrocarbons (PAH$olychlorinated biphenyls (PCBs),
polybrominated diphenyl ethers (PBDESs) and pesticMégen applied to pinpoint PFAS
in NIST serum,the workflow reduced the 2,423 detected HI@S-MS metabolomic
features to 80 possible PFAS with 17 confidently identified through targeted analyses and

48 additional features correlatitgpossibleEPA CompTox entries.
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3.2 Introduction

Measuring chemical exposuseextremely challenging due to the range and number of
anthropogenic molecules encountered in our daily Jivass well as their complex
biochemicaltransformations throughout the bodyletabolomic measurements host an
abundance of exposure information as theycaraposed of xenobiotics originating from
diet, lifestyle, andenvironmental exposur@ addition to information abowgndogenous
moleculedrom primary pathwayssecondary signaling, amacrobial communities within
our bodies (Figure 3-1).1% With all these considerations, millions of molecules are
estimatal in the human metabolomiecluding more thanl16,000 known endogenous
metabolites, 1500 drugs,22,000 food constituentsand thousands of xenobiotics from
environmental exposuseSpecifically,over 882,000parentchemicalsare present in the
EPA CompToxdatabase alorfe), not evenincluding all the xenobiotic degradants and
metabolites. These xenobiotics and their degradants and metabolites are also included in
theexposomewhich wasfirst introduced by Dr. Christoph&¥ild in 2005 and defineds
ithe totalifyomfcexpopiiSee xenobiotaexmhsus
known toaffects a persontsealthand various epidemiological studies hageealedinks
betweerenvironmentakxposures anchany different infections, conditions, and diseases
including variougancerand Al zhei mer 6s di sease, evaluat

studies iessential?

To date, direct measurements of xenobiotics in biofluids and tissues are performed to
attain exposure data.idogical responseare also commonly used to infére extent of
chemical exposuras many xenobiotics can be cleared from the body prior to any observed

perturbations. Omibased measurements (e.g., genomics transcriptomics, proteomics, and
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metabolomics) are therefore extremely valuable for gaining insight into the molecular
disruptions. While genomic, transcriptomic, and proteomic analyses have rapidly
progressed over the last two decatfesxenobiotic and endogenous metabolite
measurements have not advanced to nearly as great a degree even though they are essential

for the directevaluationf chemical exposure.
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Figure 3-1 | Molecular constituents in the metabolome External environmental
exposures, xenobiotic metabolisrandogenous metabolisnand gut microbiotaall
contribute to thenetabolome.

To gain a better understanding of the molecules in the metabolome and exposome,
numerous analytical strategies have beaployedt! Unfortunatelydespite advances in
nuclear magnetic resonance (NMR) spectroscopy, chromatography, and mass spectrometry
(MS), only ~10% of the tens of thousands of small molecule featnir@éate areeliably
annotated:*> These unknown molecules, together with thibeg arenot detected by the

specific analytical platform usedre collectiveljknownast he fdar k 2Mus, abol or
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our ability to better understand this unexplored fraction of the metabatonsé improve

in order to draw more informativeeonnectios between human health and the
environmeng'2Unfortunately there an@many challengemvolved in these measurements.
For example, &nobiotic compounds pesticides, cosmetics, and air pollutacés be
taken into the body by a variety of avenuéth the metabolomeeflecting both chronic

and acute exposure to suslibstance$>4 Additionally, the various molecular properties

of these compounds require bofolar and nonpolarsample extractions, specific
concentration steps, and analytical platfolraging dualonizationmethodsand different
chromatographyypes. Furthermore, the resulting complex datasets require alignment and
mining by sophisticated computational tools, which often demand machine learning (ML)
capabilitiest® !’ However, as automated analytical capabiliies and computational
approaches advance, our ability to address these challenges continues to grow with each

year.

Computational approaches are extensively leveraged to map xenobiotics within the
complexity of thedark metabolomé:1® Xenobiotics of great interest due to their known
high toxicities include perand polyfluoroalkyl substance@PFAS)2%2! polycyclic
aromatic hydrocarbons(PAHs)??%*  polychlorinated biphenyls (PCB$}?°> and
polybrominated diphenyl ethe(EBDESs)?% 28 Each of these classes includes a variety of
subclasses aralsounknownsfrom metabolism and degradation. The numerous resulting
species therefore requingrogressively more sophisticated techniques to detect their
presencegnablestructural charactergion and evalua their temporalevolution and
distribution Since many of these xenobiotic classes have characteristic molecular and

structural traits, such as PFAS all sharing the presenceFob@hds and PCBs having
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chlorinated biphenyl moieties, these can be exploited to incdessetionspecificity. For
example, Kendrick mass defect (KMD) analysis has been important for distinguishing
different molecular classes as it can probe repetitive patterns in complex datasets by
normalization to specific atomiar functional groupcomponents. In the case of PFAS,
KMD analysis with a CF repeating unit pinpoints molecules with and without, CF
functional groups?°?* Furthermore, since PFAS have varying head graupHinkages
including hydrocarbon regions (fluorotelomer sulfonate (FTSs)), ether bonds
(Perfluoroalkyl Ether Carboxylic AcigBFECAs) and branched & backbones?!?
subclasdlistinctionis possibleeven within thissingle xenobiotic clas$?*®> Orthogonal
separation dimensiorsave also shown utility for PFAS analysés.a study coupling
liquid chromatography, ion mobility spectrometry and MS {MS-MS), the
multidimensional evaluationancoveed specific PFAS trends as the m/z versus INB
collision cross section (CCS) plots disuishedeach PFAS subclassudied®®?” These

CCS andn/zevaluations are progressivdiging utilized in morenknown small molecule
identification effortswith specific utility in databasenatching®®-3® However if standards

are not availableCCS prediction wittML as a structural filteis necessary antas been
readily appliedwith several groupshowcasingheoreticaland experimemt CCS value
differences of lesthan 2%°¢:3%4°As such, CCS prediction througiL has great promise

in elucidatng information forthe many metabolites and xenobiotiighout standard$%4*

In this chapter we presenta xenobiotic structural annotation workflawat utilizes
mass defects and CCS values to filter down large metabolomic feature lists and elucidate
potential detectedenobioticclasses and specid3ue to its recent linkages to significant

health impacts, PFAS were of particular interest for this evaluation, howaeeranly a
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few PFAS experimental CCS values were available, initially we evaluated 88 different
PFAS standards with drift tube IMS. These values were utilized to create a targeted library
that we uploaded to the free repository Panofamvihin the opersource software tool
Skyline® so that it is available to the research community. Next, the PFAS CCS values
and PCBs, PBDEs, and PAHSs values available in the Unified@D$endiurff' 46 were
inputted into theopensourceML CCS predictiortool, CCSP 2.0to calculate theoretical

CCS values since many standards are not available for xenobiotics in these classes. Finally,
a xenobiotic annotation workflow utilizing the CCS values and mass defect filtering was
applied to a nontargeted metabolomic featureftistNIST serum to discover potential

PFAS.
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3.3 Experimental Methods

3.3.1 Xenobiotic Chemical Standards and PFAS Serum Extraction

Eighty-eightPFAS standards were characterized withIMS-MS to obtain CC&nd
m/z values Examples of thaifferent PFAS subclasses studied include perfluoroalkyl
carboxylic acids, perfluoroalkyl sulfonic acids, and Nafion byproducts. PFAS standards
were obtained from Wellington, EPA, Chemours, SynQuest, 3M, Acros Organics, ASM,
and Alfa AesarEach standard was diluted in water (Thermo Fisher, Waltham, MA) or
methanol (Thermo Fisher, Waltham, MA) tel8 pg mL? for LC-IMS-MS analyss and
CCS IMS measurementss outlined below. The dilution solvent was chosen baséukeon
solubility of the target compound atite degradation properties of each PFAS standard
For PAHs, PCBs and PBDEs, CCS values were obtained from the CCS Compendium and

other literature sources.

PFAS were extracted from NIST human serum 909c (Gaithersburg, MD). In this
extraction, 50 L of thawed serum was mixed with 1 uL ottbavylabeled PFAS mixture
MPFAC-C-ES (Wellington Laboratories, ON, Canada) and 2 pL of ktieavy labeled
standara(M3HFPO-DA or GenX Wellington Laboratories, ON, Canada) quantitation
The serum mixture was then vortexed fors3@ollowed by protein precipitation with 300
pL of cold (-20°C) acetonitrile (Thermo Fisher, Waltham, MAhe sample was vortexed
againfor 30s and chilled for 30 min aR0°C, followed by centrifugation at 12,500 g for 5
min. After centrifugation, 200 pL of the acetonitrile supernatamtsivansferred to a
microcentrifuge tube and placed in $peed/ac until dry. The residue was then

reconstituted in 100 pL of a 40% methanol (Thermo Fisher, Waltham, MA) and 60% water
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(Thermo Fisher, Waltham, MAgolution containing 2 mM ammonium acetate (Thermo
Fisher, Waltham, MA). Finally, the sampleaswvortexed for 30 s and transferredaaC

vial for analysis.Blanks containing methanol were also used in the study to determine
extraction and instrumental PFAS contaminates. All blanks underwent the same extraction

procedure as the NIST serum.

3.3.2 LC-IMS-MS Analyse

The reverse phase LC method utilized for measuring monoisotopic masseé€&nd
values forthe PFAS standards and serum extracts has been previously described. Briefly,
this method uses an Agilent 1290 Infinity LC system (Agilent Technologies, Santa Clara,
CA) equipped with a C18 column (Agilent ZO
The mobilephases util i ze-dm watenftom amE.GA Pu@lab Nrgx
purification system (High Wycombe, UK), ammonium acetate (Fisher Scientific,
Waltham, MA), anébr LC-IMS grade methanol (Fisher Scientific, Waltham, MA). The
composition of Mobile Phase A (MPA) was 5 mM ammonium acetate in water, while
Mobile Phase B (MPB) consisted of 5 mM ammonium acetate 95% methanol and 5%
water. The LC gradient was as follows (% MRABNe (min)): 10%:0 min, 10%:0.5 min,

30%:2 min, 95%:14 min, 100%:16.5 min, followed by 6 mieqgilibration at 10% MPB.

For IMS-MS analyses, an Agilent 6560 HQTOF MS (Agilent Technologies, Santa
Clara, CA) was utilized in negative ion mode with an electrospray ionization (ESI) source
(Agilent Jet Stream). Since negative maahalyses were performeithe deprotonated ion
species of all PFAS were monitor@a addition to the [MCOOH] decarboxylated species

for PFAS containing carboxylic acid functionalities suchtlaes polyfluoroalkyl ether
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carboxylic acids and perfluoroalkyl carboxylic acids. Following ionization, the ions were
pulsed into the drift tube, containing ~3.950 Tog gés every 60 ms, with 100 ps ion
gating to minimize peak broadening and obtain the highest possible resolving power. An
electric field of 17.2 V cm was utilized in the drift tube and the TOF was operated in the
50-1700 m/z range. IMS-MS nested spectra were acquired using the MassHunter
Acquisition Software B.09, and data were analyzed usingM& Browser Versior10.0
preceding spreadsheet exportation (Microsoft Excel) for further data analySiSCE&I6.

values were calculated using a sinfidd method that has been extensively tested by
multiple laboratoriesThis method utilizes Agilent tune mix ions BS calibrantsand
triplicate CCS values are measufedthe different iongn separate experiments over three
days to confirm both method reproducibility and instrument stability. The CCS values
collected with this method were all highjyrecise,with an RSDlower than 0.3%.
Additionally, no unexpected or unusually high safety hazards were encountered during

these studies.

3.3.3 Machine Learning CCS Prediction

For the ML analyses, PFAS, PCBs/PBDEs, and PAdse utilized to develop a
Pythonbased ML CCS prediction approach for xenobioticprevious version aheCCS
Predictor (CCSPwas useds a starting pointand newCCSP 2.0 code was prepared in
JupyterLab V2.2.6 using Python V3.8.5 and the following dependencies: RDKit
Vv2020.09.1, PubChemPy V1.0.4, Pandas V1.1.3, Numpy V1.19.2, Matplotlib V3.3.2, and
Plotly V4.14.3 For the PFAStudyset 102 PFASexperimentaCCSvaluesobtainedrom
drift tube IMS were utilized Seventyeight of these CCS values corresponded to

deprotonatedpeciesand he remaining were fgrolyfluoroalkyl ether carboxylic acid and
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perfluoroalkyl carboxylic acid subclasseshich can also bedetected in ther
decarboxylated forn{M -COOHY). For ML, all species wer@eutralized through proton
addition in ChemDraw Professional V16.0 (Perd&tmer, Waltham, MA). The
PBDES/PCBs set consisted dif6 parentPBDEs, 20hydroxidePBDEderivatives23 PCBs

and 13 PChBhydroxide derivativesThe 72 CCS values were obtained from the Unified
CCS Compendiughand included compounds detected irirtfid -Cl+0] and [M-Br+O]J
forms.Again, all ions were neutralized usi@hem Draw Professiondfinally, the PAH
datasetonsisted 026 parenfPAHs and 4 PAH ketone derivativeddere 29 PAHs were
obtained from the Unified CCS Compendiamd one wasetrieved from CCSBas&ach
detected protonated PAH ion was neutralized through deprotonation prior to ML
Additionally, dructural representatienfor each moleculevere encoded as a MOL file
based on its IUPAC Internathal Chemical ldentifier (InChl) using RDKit. When
availabl e, the 1 nChl was obtained from th
without a PubChem entry was drawn in ChemDraw Professional and its InChl exported.
For each InChl, 1613 2D molecular degtors were calculated with the Python package
Mordred V1.2.0'' Evaluation of eachML algorithm randomly assignedhalf of the
molecules in each stt a calibration (traininggroupfor model constructioand the other

half were held for validationMolecular descriptorsremaining constant across all
calibrationsetswere discardedndany descriptor not applicable to one or mm@ecules

in the calibration or validation sets was excluded. The remaining descriptorszwere

transformed using the mean and standard deviation of the descriptors in the calibration set.

The PFAS, BDE/PCB and PAHsetswere next used to trainthe support vector

regression models employing a linear kernel. Two hyperparameters were tuned in model
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development: (1) the regularization paramélemwhich determines the penalty gradient
associated with nemero residuals and (2) the radius of an epsilembe in which no
penalty is accrued for nerero residuals. Hyperparameters were selected using a grid
search approach, whe@and" were evaluated pairwise usingfdd crossvalidation.C

was selected from nine options (0.015625, 0.03125, 0.0625, 0.125, 0.25, 0.5, 1, 2, 4), and
* from five options (0.01, 0.05, 0.1, 0.5, 1). The hyperparameter jgddling the lowest

root mean squared error of cressidation (RMSECV) was chosen for further evaluation.
LinearSVR model construction was performed using the SVR module of the Python
project SciKitLearn V0.23.2 (scikitearn.org), and the grid search usedGhnielSearchCV
module of the same project. Feature selection was carried out using Recursive Feature
Elimination (RFE) to reduce the feature (molecular descriptor) space. Features with the
lowest model weight were iteratively removed until RMSEC\Wéasedand RFE was
performed using the RFECV module of SckK#arn.The full CCSP 2.0 Jupyter notebook

is publicly available alttps://github.com/facundof2016/CCSP2.0
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3.4 Results and Discussion

3.4.1 CCS versus m/z Separation of Biomolecules and Xenobiotics

In this study, 8 PFAS standards were characterized witlSIMS to evaluate their
CCS values mass defects and various KMDs (available at
https://pubs.acs.org/doi/full/10.1021/acs.est.2c0@28T alite SD). The IMSCCSvalues
were utilized bothto populae a targeted Skyline databased for ML prediction of
theoreticalCCSvalues since standards are not available for many of the possible 9000+
PFAS proposed by the EPAThe Skyline database can be foummhline at
https://panoramaweb.org/PFASLibrary.url Due to both  deprotonation and
decarboxylation of some PFAS species such as thos¢héopolyfluoroalkyl ether
carboxylic acid and perfluoroalkyl carboxylic acid subclasseg, utique PFAS CCS
values werabtainedfrom the IM S-MS analyses. CCSevsis m/zplotsfor the measured
PFAS showed linearitgand distinction for the different subclassepasriously observed
in a smaller PFAS stud¥y (Figure 3-2A). The trendswere then further evaluated
relation to other biological and xenobiotic moleculgasingCCS values from thenified
CCS Compendiuff for fatty acids, phosphatidylcholines, bile acids, nucleosides,
nucleotides, carbohydrates, PCBs, PBDEs, and Phitésestingly the bianoleculeshad
higherslopes in the CCS versu®/zplotsthanmolecules withmore halogen atonsuch
as thePFAS and PBDEgFigure 3-2B). One exception was for the bile acids as they had
a flatter slope than all the other biomolecules studied since they have a common steroid
backbone, but because they were initially shifted up in the graph due to the steroid atomic
composiion, they a higher CCS pan/z relationship compared to the halogenated

molecules. The’CBtrend was also notable as PCBs with fewer chlorines were initially
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observedbetweenthe biological and halogenatedgions however as the@umber of
chlorines grewthey dipped into the halogenated regidpon investigation, the observed
separatiorbetween biomolecules and halogenated xenobietassattributed to the fact
thathalogens have a much larger miwss thehydrogers in biomoleculesbut their atomic
size is not as massiveéhus, when a hydrogen is replaced by a halogen, anaigghange

is noted, but the molecular size change is not of the same maghitudexample, a 1 Da
hydrogen atom replaced by a 19 Da fluorine atom greatly increasegzbithe molecule
but does not significantly increage structural size as the van der Waals radius of fluorine
is ~1.47 whi | éTHisgfibateonphasizsthie power bf utdizthg IMS
MS for the detectionof xenobioticsas it allowedclear separation of halogenated species
which is particularly powerful ilPFAS and lipidsstudies as they both cdme extracted

from the same sample and iordae negative ESimode
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Figure 3-2 | Massto-charge versus ion mobility size separations for classes and
subclasses of xenobiotics and biomolecule&) In an nvestigation of the 8 PFAS
studiedtrendlineswere notedor each of thalistinctPFASsubclasses(g.,FTSA, PFCA
and PFSA) allowng their identification and separation byMS-MS. SeveralPFAS
subclasses are highlighted to illustrateirtimeain structuralcharacteristicand trendsB)
Biomolecules andheavily halogenatedenobioticsalso showed clear distinction in their
m/zversus CCS plots due to the greatly increasédof halogens versus hydrogen, but
small size differenceAll notedCCS values ar€"CCSy.
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3.4.2 Utilizing CCS, Mass Defect, KMD and nfisle PFAS Identification

Mass defect and KMRnalysesverenext performedor 201 PFASfrequently found
in the environment and of particular interest to the Environmental Protection Agency

(EPA) (Figure 3-3).

To evaluate the mass defect and KMDisthe xenobiotics studied&quations 1through

3 were utilized?? 33.35:4951

0QE QDD YOOEDOYD D®OI 60 O Equation 1
YOO Equation 2
VDO 0é&aQdPa QIO QY QE QIDED D Equation 3

The scalar factoin Equation 2 is obtained as the nominal mass of the target compound
divided by its exact mas®it variesfor each repeating unit or functional group of interest.
Forexample, folCR: it is 50/49.9968 and for CHit is 14/14.0156 (showing the exact mass

to 4 decimal points)Furthermoremass defect is based &€, therefordts scalar factor

is equal to one since the nominal and exact masses of carbon are both defined @s 12 Da

12/12)

Since evaluation of mass defects only requires accovaiealues Equations 1-3), no
IMS experimental measurements or standards were necessary for these calculations. The
290 resulting values are therefore based on the evaluation of both deprotonated and
decarboxylated ions for PFAS containing a carboxylic acid headgroup. Fh#iA® have

such a high number of fluorirgomsand CFE repeat units, KMBECF values were studied
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first. In the analyses afi/zversusKkMD -CF spacea slope of zeravas observed for the
PFASIn the plotsand each distinct homologoseries separated into different KMCR

values depending on the composition of their headgroup (left siiigafe 3-3A). All

mass defects and KMDs are reported in parts per thousand (ppt) for optimal visualization.
To further illustrate this separation, 3D plots of the KI@B,, m/zand CCS values are
shown for PFSA, PFCA and FTSA subclasses on the right sklguk 3-3A. KMD-CH>
analyses were performed next to understand if any relationships existed for the studied
datased. As illustrated irFigure 3-3B, the PFAS separated into two lines with a distinct
slope in the KMBCH: versusm/zplots. Finally, the mass defect evaluations showed very
similar plots to the KMBCF, analyses since the KMDF; scalar was extremely close to

1, Equation 2, however a slight slope was observed for each mass defect homologous

series Figure 3-3C).
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Figure 3-3 | Evaluation of PFAS homologous seriesSpecific homologous series
corresponding to 201 PFAS including PFSA, PFCA and FTSA were assessed hy
comparingm/zvalues, mass defects, KMDs and CCS valuesin the2D evaluations of
m/zversus KMDCF (left), the PFAS fall on horizontéihes with a slope of zero. The 3D

plots of m/z CCS andKMD-CF plots (right) alsoillustrated the flat KMD slope but
showcased different CCS values for each PFAS. These relationships were also explored
for B) KMD -CH. andC) mass defect. While two sloped lines were obseé for the PFAS

with KMD-CH,, the mass defect analyses were similar to the KB plots.

81



The specific mass defect versogz relationships observed for the PFAS subclass
analyses warranted examination of other molecular types to understand if PFAS were
distinct and could be determined from nontargeted analysEgure 3-4, the mass defect
and KMDs for PFAS, fatty acids (FAs), bile acids (BAs), pesticides, PCBs, PBDEs, and
PAHs were plotted against/z In them/zversus KMDCF; plots Figure 3-4A), the PFAS
were all positioned betweeh00 ppt and 100 ppt on the KMOF; axis for the whole mass
range examinedF{gure 3-4A). Since the other molecules studied did not have a high
amount of CEfunctional groups, they illustrated different mathematical relationships with
some having specific slopes (e.g., PCBs and PBDES) and others being scattered throughout
the graph (e.g., FAs and pesticides). Innifeversus KMDCH; plots, the two lines for
the PFAS intersected with the other molecule types making the simlalue PFAS
difficult to distinguish Figure 3-4B), while the highem/z PFAS were well separated.
Finally, in them/zversus mass defect plots, all molecules behaved similar to the-KMD
CR plots as previously observed in the PFAS only studiggute 3-4C). Overall, the
KMD and mass defect molecular evaluations showed K& and KMD-CH: had the
most orthogonality and potential for adding confidence to PFAS annotations, while mass
defect and KMBCF, values greatly overlapped and did not provide additional confidence
for the molecular identifications. Furthermore, the unique trend lines observed in these
plots and the CCSersusm/zanalyses illustrated their potential for distinguishing PFAS.
However, since only a few hundred PFAS chemical standards are available and the EPA
estimates over 9,000 PFAS exist due to metabolism and degradation, this lack of standards

greatly limits idemification capabilities if only experimental values are utilized. In this
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context, the prediction of CCS values is essential for aiding in the identification of features

suspected to be new PFAS from mass defect filtering and accurate mass measurements.
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Figure 3-4 | KMD and mass defect evaluations of different molecule typeKMD and
mass defect separate PFAS from other molecular classes when plotted ragaiisin

the m/zversus KMDCF2 plots, all 88 PFAS standards studied were observed between
100 and 100 ppt on the KMDF2 axis, while other molecular types had different
mathematical relationships. B) In th#zversus KMDCH2 plots, the PFAS have a distinct
slope and C) in the mass defeetsusm/zplots, the PFAS behaved similar to the KMD
CR plots.
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3.4.3 CCSPrediction forXenobiotics via Machine Learning

A number of quantum mechanical aMlL approaches have been reported
predict CCS values, but xenobiogipplicationshave been largely lackirig this ared!>?
>’ Thoughaccuraten/zmeasurementandvarious types oKMD analysesan be used to
narrow down chemical classes, many isobaric or isomeric sytitliesist within the same
class. For example, the CompTox databdists 39 PFAS with thesamechemical formula
of CgHF1502, therefore it isindistinguishable byitherKMD or accurate mass analysis
Although tandem MS experiments can potentially distinguish some of these species, many
chemically related compounds exhibit similar fragmentation patterns or are present in such
low concentrations that even MS/MS analysis is not feasihile experimentally
measured CCS values could be used to filter false positives by matching against a database,
CCS databasdsnd to bedrgely incomplete due to the lack of available standdiuiss,
ML prediction ofCCS valuess an essential tool in filling in for the lack of standards and

providing a way tdilter out false positivanatcheguring structural assignments

Our implementation of ML CCS predictionglies on alinear support vector
regression $VR) mode| first trained on a set of known xenobiotic CCS values using
molecular descriptoras thanput (Figure 3-5). Thesamolecular descriptorare functions
that accept molecular identifiers as an input and output numerical data such as molecular
weight and volume, atom and ring counts, and average atomic electronegatégudr
descriptorsare used t@redict CCS valuesia multiple ML algorithms including partial
least squares regressitLSR)>>°358SVR, and artificial neural networks (ANNjOnce

a ML model is accurately trained with low errors, it is used to compute predicted CCS
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values for all possible xenobiotic candidate structures matching accurate mass and KMD

values, and filtering out those falling outside experimental CCS value tolerances.
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Figure 3-5| Schematic illustration of the CCSP 2.0 workflow for machine learning
CCS predictions.
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To evaluate the accuracy of predicted xenobiGt2S valuesPFAS, PBDE,PCBs
and PAH were studiedue to similarities in structure, PBDEs and PCBs were combined
in a PCB/BDE group A total of 1001 ML SVR models were created for egatupusing
a different allocation of molecules for the training (calibration) st (/alidation sets
The nodels producing the median root mean square errorogkvalidation(RMSECV)
were then selected for further examinatiarigure 3-6). The PFAS model yielded a
median prediction error of 1.0% withraot mean square error of validatidRMSEV) of
4 . 6. Of the50 PFASIn thevalidation set, 70% of predictions fell within 3% error, and
90% of pedictions were within 5% erradowever five predictions were within 8% error
consising of four fluoroether species and one cycloalkdreese errors were explained by
the steric hindrance of bulky fluorinated alkyl substituemi@using systematic
overprediction of fluoroethers, and the lackboth fluoroethers andyclic compounds in
the PFAS training sdeading topooter predictiors. In the PBDE/PCBSVR model| a
medi an prediction error 0ere®bsdn®@dof therB&l a RM
validation compound predictions, 75% fell within 1% error, 92% were within 2% error,
andall predictionswverewithin 3% error Finally, the median prediction error and RMSEV
for the PAH validation setare0 . 7 9 % anrespetively Of thel5 PAH validation
predictions, 93% fell within 3% error and all predictions were within 4% error. The only
xenobioticstandard outside of the 3% error range wanene likely due to itslarge
planar structure thahduces enhanced aromatici®verall,thepredic i on err or s of
for all three SVR models compared favorably to other-bélsed CCS prediction
methods2%3%657For examplethe MetCCSSVR approachusinga radial basis function

has been reported to haweedian prediction errors of ~3% a deep learning model
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producedpredictions with median errors of 2.6%and a partial least squares approach

prediced CCS values with median errarse t02%.52>3
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Figure 3-6 | CCS predictions for PFAS, PBDEs/PCBs and PAHs using CCSP 2.0.
Three sets of xenobiotics including PFAS ( p )¢a combination of PBDES/PCBS (

X ¢, and PAHs{ o jJtwere evaluated with CCSP 2.0. Predictions were made for each
set 1001 times with each iteration randomly allocating 50% of the molecules to calibration
and 50% to validation. The allocation producing the median root mean squared error
(RMSE) of crossvalidation is illustrated for each set in their calibration, cneaglation,

and validation studies. Calibration and validation points are shown by markers and the ML
and 1:1 fits are shown by the colored and dotted lines.
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The ML modelingapplied heralso gives insight into which molecular descriptors are
most critical for predictions of each xenobiotic class. Because RFE selects different subsets
of molecular descriptorsvhen the train/test allocation is varied, the conservation of
descriptors across different allocations indicates their importance in the CCS prediction of
a xenobiotic class. The most conserved molecular descriptor classes across these datasets
included dstance matrices, Barysz matrices, and autocorrefatiotopological structure
Each descriptor class also utilizes information about the relative positions of atoms or sites
of unsaturation to describe molecules, enabling this ML approach to produce accurate CCS
predictions even among constitutional isomers. Furthermore, the cahsanlecular
descriptors often utilized weighing schemes based on electronegativity, ionizability and
volume, rather than simply mass or elemental formula, which is identical for isomeric

species.

The high accuracy of our ML approach combined with its potential to discriminate
isobaric species makes it a powerful tool for the structural identification of xenobiotics in
the absence of standards. Furthermore, CCS predictions can help detect falssidssc
based on exact mass alone. To aid in the annotation of PFAS species not measured in our
Skyline library, we used CCSP 2.0 to populate a database of predicted CCS values for a
subset of the CompTox PFAS Master List
(https://comptox.epa.gov/dashboard/chemical_lists/pfasmastbe predicted database
includes 6138 [M-H]" and 506 [MCOOH] CCS predictions gvailable at
https://pubs.acs.org/doi/full/10.1021/acs.est.2c002tderin Ta bl es S806 and AT

The model evaluations are availabiid-igure 3-7 andFigure 3-8.
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Figure 3-8 | CCSP 2.0 was used to predict the collision cross sections of 506 PFAS in
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3.4.4 Xenobiotic Structural Annotatioworkflow

The potential to greatly reduce nontargeted metabolomic feature lists using ML CCS
predictions and mass defect filtering prompted us to develop a comprehensive xenobiotic
structural annotation workflowin this workflow, feature information fromonargeted
experimentalnalyses including CC#)/z KMD-CF,, KMD-CH: and mass defect values,
were utilized to narrow down thousands of features to those specifically matching
xenobiotic properties. Additional information such as GC or LC retention time and
fragmentation can also be incorporated at the end of the workdlmerease identification
confidence Figure 3-9). To showcase the application of this xenobiotic annotation
workflow, we chose PFAS due to their important toxicological properties antnited
structural properties. The workflow was then implemented as follows. First, following
instrumental analysis and creation of the feature list through peak alignment and detection,
mass defect filtering was utilized to focus on features belongitigetspecific class or
classes of interesFigure 3-9A.1). Here, specific tolerances for the mass defect, KMD
Ck and/or KMD-CH; are set to either include or remove a feature from the list of
candidates. Since PFAS mainly occur betwd@®® ppt and 100 pptMD -CF, (Figure 3-
9B) and have specific slopes in the KMIH: versusm/zplots, tolerances can be set to
remove other molecular classes. Additional class filtering can then be achieved by utilizing
subclassspecific relationships between CCS ami, based on either experimental or ML
predicted CCS value§igure 3-9A.2 andFigure 3-9C). Finally, the set of target features
is evaluated with KMBCF, homologous series to determine their formé&ligre 3-9A.3)

with further validation using GC or LC dimens®and fragmentation if necessary.
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Figure 3-9 | Xenobiotic structural annotation workflow applied to serum. The
xenobiotic structural annotation workflow includes A.1) mass defect filtering to
discriminate molecular species and homologous series, A.2) CCS filtering with either
experimental or ML values to determine class and subclass matches, and A.3) homologous
series molecular annotations. To illustrate how selective the first two steps BIeAS,

KMD -CF filtering based on A.1 is shown in B) and CCS filtering (A.2) is shown in C).

Al collision cross sections aRECCSuo.
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To evaluate the xenobiotic selection workflow, it was applied to a Psp&Sific
metabolomic extract from NIST human serum (909c). Since PFAS have been observed in
the blood of over 98% of Americans, it was expected that PFAS would be found in this
specific reference serum sampffl After evaluation with the L&EMS-MS platform, the
resulting serum dataset was assessed with our Skyline targeted PFAS database containing
LC, IMS and MS information. The raw dataset is available on MassIVE
(https://massive.ucsd.edu/) with the accessianbar of MSV000088215. In the targeted
data analysis, 17 PFAS were detected at levels significantly higher than those in the blank.
These PFAS included 6 perfluorocarboxylic acids, 7 perfluorosulfonic acids, 2
fluorotelomers, 1 perfluoroethercarboxylic aedd 1 perfluoroethersulfonic acid. Upon
comparison with other studies in serum, we observed 7 PFAS that have also been noted in
multiple serum studies. These PFAS include perfluoroheptanoic acid (PFHpA),
perfluorooctanoic acid (PFOA), perfluorononanoicdda@®FNA), perfluorodecanoic acid
(PFDA), perfluoroundecanoic acid (PFUNDA), perfluorohexane sulfonate (PFHxS), and
perfluorooctane sulfonate (PFO%)We were also able to identify 10 additional species in
the targeted analyses, which may result from the serum or could be coming from the NIST
serum storage conditions as PFAS contaminants are common in vials and storage

containers.

The complete set of nontargeted -M@S-MS features were next assessed with our
annotation workflow to determine additional PFAS not included in our targeted Skyline
library. A total of 2,423 LEIMS-MS features having an absolute abundance greater than
500 were illustrated with Mass Profiler 10.0. This number was then reduced to 129

potential PFAS features using the various mass defect filtering steps desciiigualrén
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3-9A.1 as features with mass defects exceedia@0 ppt or having KMBCF: exceeding

80 ppt were discarded. Of the remaining features, those located within two specific
regions of a KMBCH. versusm/zplot were investigated; the first regiobetween 0 Da
and 550 Daincluded features in the area bounded® , p& Mm@ o @ Tand ®
p& T o' @ @ Ywhile the second regiométweerd50 Da and 1000 Da) was bounded
by® p® xw@ witq a@and®w pH xw@ p 1T @K The 129 potential PFAS features
were then further reduced to 80 using the CCS vengmglot described ifrigure 3-9A.2,

where features abov® T x W; w @ L Were discarded.

To evaluate the efficacy tie filtering steps to select potent®AS, theB0 remaining
features were compared to the sulodeéhe CompTox PFAS Masteist selected for CCS
prediction In this comparisor48 features had masses that matched at leasMaiséer
List entry within an error of 20 ppnTo increase our confidence in the number of PFAS
features discovered, the experimental CCS of each feature was compared to the
experimentally measured or Maredicted CCS values of their annotation candid&és.
the48features with candidateatches based on mass, onlyha®e CCS values withid?o
of their candidates. These observations suggest that, though the feaaydse PFAS,
their exact structural isomenay not bepresentin the dathase Thus, additional work
utilizing NMR or novel fragmentation approaches such as ultraviolet photodissociation
(UVPD) and electron activated dissociation (EAD) is needed to validate potential isomers.
Challenges, howevestill occur in these fragmentation analyses as they favor positive

mode ionization and PFAS are mainly observed in negative mode.
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To help assign structures for the remaining features, we utilized auto@&ted
homologous series analygsélere a series was defined as any set of two or more molecules
with KMD values matching within 0.0005 and with masses that differ by multiples.of CF
(also within 0.0005 Da error). Sixteen serum features matched homologous series
identified within the EPA Priority List and PFAS Master List, though most matched entries
in the lists and did not require the homologous series analysis. Pnes@usly
unannotated features belonged to homologous series, allowing tentative chemical formula
annotation of GF¢O, Ci1HsCIF1402 and G4H1sF11INOsS,. The potentiathemical formula
of C14H18F11INOsS, was of particular interest as it had a mass of 536.0431 Da and KMD
CR of -77.34ppt. These values placed it within the range of therbtelomer thioether
amido sulfonic acigFtTAoS) homologous series (KMIZTF of  -77.1 ppt). Though this
mass does not match any PFAS in the EPA Priority List, it falls directly bet&@en
FtTAoSand 62FtTA0S The f eatur eds ma2fFgAo8witkiml.5mat c he
ppm and its experimental CCS deviates from the predicted CC2 BfFAoS by 1.7%,
supporting this annotation. The potential presence of this molecule in serum is howeve
particularly interesting as FtTAoS are typically observed with an even number.of CF
repeats due to their synthesis protocols, however metabolism could cleave a single CF
unit. While this approacprovidesnew information of possible PFAS, one caveat to using
the homologous series, is that it does not provide information for any PFAS not containing
CF repeat units. Therefore, further investigations are taking place for the other features
that survived all filtering steps except the homolagearies to determine potential new

species of possible interest to the EPA.
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3.5 Conclusion

In this chapterwe evaluated the ability of IMS CCS values and mass defect
filtering techniques in a xenobiotic annotation workflow to narrow large metabolomic
feature lists to uncover detected xenobiotics of interest. Due to recent connections between
exposure and signdfant health impacts, PFAS were initially studied with the workflow,
but it was also extended to PAHs, PCBsPER and pesticides to show its utilitgitially,
we analyzed 88 PFAS standards usingIMS-MS to develop a Skyline library drvalues
for ML since very few CCS values for PFAS are currently availakie. experimental
PFAS CCS andn/z values were then compared to other biomolecule and xenobiotic
classes, illustrating clear differentiation between the biomolecules and the halogenated
xenobiotics.ML was then applied to predict CCS values for PFAS, PCBs, PBDEs and
PAHSs due to the lack of numerous standards for these xenobiotics. Mediesof OL.0%
were illustrated for all the xenobiotics CCS values derived from ML when compared to
their experimental values. The xenobiotic annotation workftowtaining experimental
and theoretical CC8alues and mass defects was then applied to features obtained for the
nontargeted analysis of NIST serum to discover potential PFAS. From the 2,423
metabolomic LEIMS-MS detected features, the targeted xenobiotic workflow identified
17 PFAS and the nontgated workflow illustrated 48 potentiahknownPFAS candidates.

Many of these candidates are being investigated, but one feature matched the formula and
ML CCS value for 5:2 FtTA0S, which @urrentlynot on the EPA Priority List but could
be a PFAS of fture interest. Since this workflow is also applicabl&dnobiotics such as

PCBs, PBDEs, and PAHSs, it shows great promise in targeting other xenobiotics as
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industries and manufacturers continue to release new chemicals, and the need to evaluate

their presence and toxicity, often without standards, is imperative.
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CHAPTER 4. INTEGRATING DATA SCIENCE INTO THE
UNDERGRADUATE ANALYTICAL CHEMISTRY

CURRICULUM

4.1 Abstract

LaserInduced Breakdown Spectroscopy (LIBS) stands antieesection of atomic
emission spectroscopy, laser physics, and data science, offering a unique approach to the
gualitative and quantitative analysis of samples in all states of matter. Despite its
advantages, including high sensitivity and esf$éctiveness, LIBS is often overlooked in
undergraduate chemistry curricula, primarily due to perceived complexity and concerns
over equipment costs. This study introduces a comprehensive LIBS laboratory experiment
designed for uppedivision instrumental analystourses, focusing on handa learning,

data science applications, and realrld analytical challenges.

Students engage in experiments to determine the elemental composition of metallic
alloys and minerals, utilizing Jupyter Notebooks for data andlysigool that has
significantly improved learning outcomes and reduced misidentifications. The integration
of Python programming enhances students' analytical capabilities and their perception of
coding, equipping them with essential skills for handling large datasets. Furthermore, the
experiment includes a depth profiling activity, emphasizing sample handtingeparing

students for advanced spatial analyses.

This adaptable experiment, supported by a range of preparatory materials, can

easily be integrated into different institutions' curricula and offers dathrpption. By
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enabling the analysis of unprocessed samples and demonstrating LIB®onidal
applications, such as its use on the Mars Rover, this study underscores the technique's
relevance and potential, advocating for its inclusion in the chemistry curriculuntéo bet

prepare students for the demands of modern chemical analysis.
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4.2 Introduction

Laslemduced Breakdown Spectroscopy (LI BS)

at the intersection of -abwmredemiaserophype
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instrument al analysis |l ab course. The expe
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4. Depth analysis and el emental compositi
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chemical anal ysi s. Furthermore, t he guant
experi mantstwidlelntai in future spectroscopic
to any introductory spectroscopy sequence.
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4.3 Instrumentation and Materials

Experiments were performed on a LIBS spectrometer consisting of a laser, sample
chamber, optical fibers, and a spectrometer rackchematic of the instrumentation is

shown inFigure 4-1.

LIBS Instrumentation:

. Power supply

. Compressed argon
. Sample holder
Nd:YAC laser

. Sample

. Focusing lens

. Z-axis control

. Fiber optics bundle
. Spectrometer rack
. Computer display

CLTNDU R WN

250 nm {300 nm (330 nm [390 nm (470 nm 590 nm |690nm (850 nm

200 nm-| 250 nm- | 300 nm- |330 nm- | 390 nm- |470 nm- |590 nm- 690 nm-
o o o o o o o o

—— @

Figure 4-1| Graphical Representation of the Lasetfinduced Breakdown Spectroscopy

(LIBS) System.Thisfigure presents a schematic diagram of the LIBS system. It includes

a Nd:YAG laser and its power source, a safety enclosure housing the sample, and a sample
stage withz-axis control for precise positioning. The collection lens captures the laser
induced plasma light, while the fiber optics bundle directs the light to a rack of eight
spectrometers, each assigned to a different spectral region. The captured spedsral data
relayed to a computer, which displays an example spectrum.



Thel00 mJ Ultral00 GRNNd:YAG laser Lumibird, Bozeman MT) emits at 1064
nm and is TTL trigger controlled by theAvaSoft spectrometersoftware (Avantes,
Lafayette CO). The laser beam is collimated and directed to the sample which sits on a
stage inside a sample chaml@cean Optics, Dunedin FL) constructefllaser safety
viewing panels (Kentek, Boscawan NH) allow visual observation of the sample and
plasma while blocking the highowered laser beam. The chamber is sealed to allow for it
to be filled with argon gaand the chamber door is interlocked to automatically stop power
to the laser power supply upon openiAgcollection lenscoupled to an optical collection
fiber is mounted on a linear translation stage. The optical fiber is then split into a bundle
of eight identical optical fibers, and each is coupled to one of the AighSpee
ULS4096CL (Avantes, Lafayette C@pectrometers on the rack also controlled by the
software. Each spectrometer is set to collect a separate wavelength range of the output light
as follows: 206250 nm, 256800 nm, 306830 nm, 336890 nm, 396470 nm, 476690 nm,
590690 nm, 698850 nm.These spectrometers collect data at a set detapad to the

laser pulse, which is adjustable in the software.

Samples used for analysis in this experiment are metal shietis Electrodes 7
Piece SetAluminum, Copper, Zinc, Nickel, Tin, lron & Carbofrom Eisco Labs
Rochester NY), mineral samplesnierals purchased asStrategic Industrial and Ore
Mineral Resources Collectiokit from Avantor), and US pennies (pi®82 and post

1983).

10¢



4.4 Hazards

The Nd:YAG laser used in the LIBS instrumental setup is a Class 4 system. As such,
safety procedures must be followed to remove the possibility of laser exposure, particularly
to the userodés eyes. Al l students undergo
I nstituteds Environment al He a |ttt bertifcatedof Saf et
completion before performing the LIBS experimeAs a passive safety device, the laser
is mounted onto a sample chamber constructed ffrear safety viewing paneld he door
to the chamber is interlocked to shut off laser power ugmening. As an additional
protection layer, students must wear laser safety gléBaes# KWL-YAGSAFE, Kentek

Corporation, Boscawan NHRyhich block the wavelength emitted by the laser.



4.5 Experimental Procedures

4.5.1 Pre-laboratory Activities

Prior toentering the laboratory, students complete a prelab assigdesghed to
both provide them background on the LIBS technique and to introduce them to the data
analysis needed to compapectra to the NIST database without the use of thieoRyt
script. The prelab quiz is included in tHeupporting Informationsection. An
accompanying prelab video is also provided to introduce the instrumentation and details of
the experiment to be performdtttps://youtu.be/OpwOXegX4Fo Students are also

provided with an online copy of the protocBlupporting Information

Students are also required to complete a laser safety training provided by Georgia
Tech Environmental Health and Safety. While laser interlocks and other passive safety
devices lower the risk sufficiently to allow student use of our laser system withining,
we find this to be an ideal opportunity to introduce these safety concepts into the
curriculum. This training includes information about eye covering, engineering controls,

and laser exposure risks.

4.5.2 Laboratory Procedures

Upon entering the lab, a course instructor introduces them to the instrumentation
and reviews general concepts. They are then providedawitbtal alloy and mineral
sample (these samples are labeled with a code letter aimddéetity is unknown to

students) along with a pi#E982United Statepenny, and post983 United Statepenny
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The prel982 penny is a copper and zinc alloy mixed in a 95:5 ratio, while thel p83t

penny is a coppetoated zinc coré&> 16

This experiment was developed for the laboratory section accompanying the
Georgia Institute of Technology analytical chemistry laboratory course CHEM 3216L.
Students typically take the course in the third or fourth year of their undergraduate studies.
A LIBS experiment has been a part of our curriculum for the past fifteen years. This current
version including the Pythebased data analysis was first implemented in Fall 2022. In
our laboratory sections, we typically have one or two groups of studentsnpi@dahe
experiment at a time, with two students per group. From start to finish, the total required
time for this experiment is about three hours. Students generally spend arouthduss
completing parameter optimization and data collection. Stadanely spend more than
an additional hour performing the data analysis and identification of their unknown

samplesThe four hand®n experimental activities are illustratedrigure 4-2.
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Figure 4-2| Graphical Representation of the Lasetfinduced Breakdown Spectroscopy
(LIBS) Experimental Activities. This figure presents illustrations for the four activities
performed in this experiment: (a) students optimize data acquisition by altering power
level, gaseous matrix effects, and thaxis location of the collection optics; (b) students
identify the elemental composition of simple alloys using the NIST Finding List, then
confirm the identification using a Pythdrased analysis; (c) students perform a depth
ablation analysis of preandpost1983 pennies; and (d) students determine the elemental
compositon of an unknown mineral using a PytHomsed analysis.
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The first experimenat activityis the optimization othe LIBS system by adjusting
several parameters: laser povzeaxis positionandsample chamber matri$tudents tend
to quickly observe that the higher laser power vyields increased signal, spending
significantly more time on the investigation of the matrix arakis position. Since the
fiber optics mechanism is affixed to th@xis control, lower heights bring the collection
lens closer to the plasma source; students must balance the increasenumtber of
photons collected with the risk of misalignment. To aid in the alignment, students use a
tungsterhalogenlight sourceto observe the view of the fiber optics collection lens. Once
the power setting armaxis height are fixed, students collect a spectrum under the ambient
atmospheric matrix (predominantly nitrogen and oxygen). Students then displace the
atmospheric gases using argon gas and collect a new spectrum for comparison; argon gas
tends to form mee luminous plasmas with reduced spdctmsses and improved
repeatabilityt’ yielding increased signdab-noise ratios.The optimizationtrials are
performedusing aknownmetal sampleand studentsnanually annotate their samples by

referring to the persistent lines lists of tHEST Atomic Lines Databasg.

In the second activity, students are provided with a metal alloy and tasked with
determining its composition. Students must reoptimize their instrument for this new
sample, and then must manually determine the composition of the alloy. The samples
providedtypically have four or fewer components, with one component in the majority.
Students are instructed to use the Finding List tool of the NIST Atomic Lines Database to
aid in this manual determination. Students will compare the results of this manual
detemination with a more sophisticated programmatic analysis performed in the post lab

assignment.
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The third activity performed isa depth analysistudy of pennies. A US penny
produced before 128was made of solid copper (with a small percentage of zinc) while
one produced after 1983 is composed of a zinc core with copper gfatth§tudents are
provided with one of each type of penny and asked to fire a series of laser shots to analyze
the composition of the penny at various depths as material is ablated by the laser allowing
material deeper beneath the surface to be testedhe prel982 penny is relatively
homogeneous, students are not expected to see significant alterations in the spectra as a
function of depth. The podt983 penny shows the appearance of zinc lines and diminishing
copper lines with continued ablation, #® @pper coating is only ~20 microns thick.
Students are directed to contrast two neighboring peaks in th21218m region during
this analysis: the first is persistenCu Il peak (2139 nm) andthe second is persistent
Zn | peak (21385 nm). Students are asked to count how many ablation events are required
to penetrate the coating, which is marked by the sharp increase in the zinc peak relative to
the copper peak. Students use the number of shots required and the literature value for the

thickness oftie copper coating to estimate the ablation depth per shot.

In the final activity, students are provided with a mineral and instructed to obtain
an optimized spectrum. The irregular surface of the minerals provides an additional
challenge for the alignment of the optical components. Because the composition of the
minerals can be highly complex, students analyze this sample exclusively using the

programmatic approach.
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4.5.3 Postlaboratory Analysis

TheGoogle Colab environmergtleveraged to engage students in analyzing atomic
spectra vid.IBS. Google Colal3? a platform facilitating interactive Python programming,
simplifies the execution of complex code and allows students to perform analysis without
installing packages on their computers.ptsnary functions are to compile the multiple
data files outputted from the AvaSoft software and to help stuakamsfy the constituent
elements in given sample¥he code also helps expedite the creating of professional
guality tablesand graphical representat®of the findings This Google Colab notebook,
repletewith embedded instructions, gugistudents through the different analysis stages,
demanding minimal Python programming expertisegure 4-3 summarizes the function
of the code, and a video tutorial is available

(https://www.youtube.com/watch?v=F19UQA3sVICE
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Figure 4-3 | Graphical Representation of the Pythorbased Elemental Analysis of
Atomic Emission Spectra.This figure illustrates the major steps students complete within
Python notebook during their pdstb analysis: (a) raw data is imported in the form of
Excel (.xIsx) files and merged into a cohesive data set; (b) baseline correction is optimized
using a nediarbased boxcar approach; (c) the resolution of the instrument is estimated
from the sampling interval;, (d) a conservative element search is performed drased
stringent requirements; (e) a comprehensive annotation is performed using more relaxed
search parameters, and (f) search results are exported in tabular and graphical formats.
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The LIBSAnalyzer notebook was developed in Google Colab using Python
V3.10.12 with the following dependencies: astropy V5.2.2, astroquery V0.4.6, numpy
V1.22.4, pandas V1.5.3, pip V23.1.2, plotly V5.13.1. The full LIBSAnalyzer notebook is

publicly availabé athttps://github.com/mrainey7/GTCHEM3216

The Google Colab notebodist importscommon Python packageisicluding
pandag® numpy?! and plotly,?? all of which are readily available in the Google Colab
environment. These packages contain prewritten code indispensable for data management,
mathematical operations, statistics, and data visualization. The Astroquery package was
also used for querying tfrom the NIST Atomic Lines Databa$eAstroqueryallows
usersto fetch atomic lines corresponding to specific elements within a given wavelength
range. Demonstration code includedwith the notebooko illustrate how to query for

atomic lines of particular elements within defined wavelength boundaries.

The notebook then promptudentgo upload theiraw Excel(.xIsx) data files and
then merges théndividual Excel sheets containing data for different electromagnetic
spectrum ranged he notebook theproduesa unified, merged Excel workbodkat can
be saved by the student if desir@thissection of thenotebook also containedso allows
students to generate interactive plots of their data, offering a comprehensive view of the

full spectrum, and included options for saving graph images for fuegteeence.

The notebook's buiin functionality thenaddressebaseline correctiarBecause
each sample spectrum is a collection of spectra taken with eight different spectrometers
with different gains, this section is crucial in enabling automatic annotation. The notebook

employs a median baselinglter correction approach, involving the creation of boxcars


https://github.com/mrainey7/GTCHEM3216

centered on each data point, each encompassing the 40 nearest neighbors on each side. The
median of these 81 points provitereliable baseline estimation, whistthen subtracted

from the center point. Alternatively, higher multiples of the boxcar mediag be
subtracted (e.g., 1.8) enable better signal isolatiahany of the corrected valuegould
benegative, theyareassigned a value of zero instead. Studarggiven the flexibility to

visually explore and adjust the baseline correction via a stiieiGoogle Colab text tasks
students to determine the impact of evand undeircorrection on their spectra. After
inputting their preferred correctiolevels, the notebookwill subsequently generate a

comparison plot of the raw and baselocwrected data.

Before annotating their newly corrected peaks, students must determine a
wavelength tolerance for their matching proto@tle spectrograph resolutiscalculated
by evaluating the difference between successive wavelength values recorded in the dataset,
and a plotis generated to visualize the resolution across various wavelengths. This
evaluationallows students to observe patterns in the distribution, including jumps between
spectrometers in the rack, and allows them to select the worst resolved pagiras

wavelength tolerance.

An element search function, “find_elements§ established for determining the
elements present in each sample. Itsube Astroquery process to search for matching
peaks for each element amldesigned to accommodate a high number of elements
typically observed imtomicspectroscopyStudents then practice using the function while
learning about false discovery by searching for iron in a sample that contains no iron; many
false matches are returned when searchinglféines of iron (~6000), but nmatches are

returned when searching exclusively for the 10 most intense iron lines.
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Students then completecamprehensive analysis of theample by scanning all
elements on the NIST websit®jth stringent matching requirements; the default setting
requires all three of the three most intense lines of an element be present in the sample to
be considered a matchhd functionis thenrerunin amore relaxed search, incorporating
up to25 lines for elements identified in the initial search. Hpproach allows for a more
comprehensive annotation of spectral lines while mitigating the aisfalse element

discovery.

A report oftheirfindings, comparing expected and observed spectral lines for each
element,is then prepared. The report incledeetailed tables for each found element,
presenting the reference wavelengths, measured wavelengths, reference intensities, and

measured intensities.

The element listare subsequently combined into separate comprehensive lists,
converted into a Pandas DataFrame, and then organized based on elemental assignment
and measured intensity. This combined table seage a unified view of all peaks
associated with the elemsrand may be exported for use in post lab assignments. The final
step of the analysis involves the creation of plotly graphs that annotate the inputted
spectrum with the line assignments determined in the penultimate step; these graphs may

also be exported for inclusion in a post lab assignment.



Results and Discussion
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Figure 4-4 | Instrument optimization in laser-induced breakdown spectroscop
(LIBS) analysis of brass.Panel A shows the LIBS spectrum of brass in an ambie
environment. Panel B depicts the spectrum in an argon matrix, highlighting the apg
of argon peaks and enhanced peak intensities. Panel C displays spectra at varic
settings to demonstte the effect of power setting on peak intensity. Panel D zoon
the 210 nm to 225 nm range from Panel C to help better illustrate the impact o
settirg.
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Figure 4-5 | Exploration of compositional heterogeneity within a vanadinite sample

via laserinduced breakdown spectroscopy (LIBS)Panel A depicts the vanadinite ore
sample, with Sites 1 (white), 2 (black), and 3 (red) delineated to guide spectroscopic
analysis. Panel B details the LIBS spectrum from Site 1, revealing a composition
dominated by calcium, indicative of a specific mingriaase or alteration product. Panel

C illustrates the spectrum obtained from Site 2, which is characterized by a complex
mixture ofcalcium and lead as the primary components, enriched with traces of manganese
and iron. Panel D presents the spectrum from Site 3, the red section, where vanadium and
lead exhibit pronounced signals alongside calcium and atmospheric gases (argon and
oxygen), directly reflecting the mineralogical content of "vanadinite".
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Figure 4-6 | Annotated laserinduced breakdown spectroscopy (LIBS) spectra of
example minerals.Panel A displays Galena, highlighting the spectrum rich in lead peaks.
Panel B illustrates Beryl, detailing peaks for beryllium, oxygen, aluminum, and silicon,
reflecting its complex composition. Panel C showcases Malachite, with a focus on multiple
peaksfor oxygen and copper. Panel D features Molybdenite, predominantly showing
molybdenum peaks. Note that these spectra omit trace metals and components of the
gaseous matrifor simplicity.
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Figure 4-7 | Analysis results from two cohorts of studentsThe preintervention cohort
performed their composition determination by manually comparing their aloyy ¢
and mineral { ¥ to the NIST Atomic Lines database, while the gogtrvention
cohort € ¢ utilized a Python notebook to perform composition determination.
Performance outcomes are illustrated by color.
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Manual group studentypically identified all key elements present in the alloy
sample correctly (97% of 70 students). However, 50% also included extraneous elements
which were not present. The most common element which was not present but was
included by manual group studsnwas iron, which has a relatively large number of
spectral lines and shows up in searches for many lines. Among the code group students,
99% identified all key elements in the alloy with only 4% including additional extraneous
elenments. For mineral samples, all the manual group students were able to identify all key
elements present in the sample. However, 62% of the students also included additional
elements which were not present. Among the code group, 97% identified alékeynés

with only 1 % including extraneous elements.
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Figure 4-8 | Results from a comprehensive laseénduced breakdown spectroscopy
analysis of a post1983 U.S. pennyPanel A presents the spectrum of the penny's surface,
highlighting the copper coating and the presence of external calcium contamination along
with argon, nitrogen, and oxygen from the sample chamber atmosphere. Panel B provides
the spectrum of the pennygere, which is characterized by the emergence of zinc and the
reduced signals of copper, indicating the transition from the caymaded surface tthe

zinc core. Panel C compiles 50 spectra obtained from consecutive ablations, illustrating the
progressive increase in zinc intensity alongside the diminishing copper signal. Panel D
shows a scatter plot that quantifies the change in the intensityoetti@en a persistent
copper peak (213.59 nm) and a persistent zinc peak (213.85 nm) across the shot count.

131



Based on their penny depth study data, students are asked to find the thickness of
the copper coating on a new penny (by a simple web search) and use this value to determine
the ablation depth of each laser pulse. This is determined by the number sinedded
to begin observing strong zinc spectral lines due to material in the penny core. The number
of laser pulses needed depends on the laser power, focusing, etc. but is typically between
10 and 20 shots with our optical setup giving an ablation ddgpgéss than 1 micron. The
concept of a depth study is not often included in an undergraduate analytical lah setting

and students find this example to be very engaging and enjoyable.
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4.6 Conclusions
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CHAPTER 5. CONCLUSIONS AND OUTLOOK

5.1 Abstract

This chapter summarizes the conclusions presented in each major project in this
thesis. A summary of collision cross section (CCS) prediction efficacy is examined, and
the tools currently available are contrasted. The applicability of CCS prediction as a
filtering tool in metabolomics is examined. A review of the integrated xenobiotics
determination workflow using iemobility and mass defect analysis provided. The
development of data science training materials for future scientists via adratetser
induced breakdown spectroscopy (LIBS) experiment is described. Future work for each of

these major projects is also discussed.

5.2 Major Accomplishments and Impacts

5.2.1 Prediction of loaMobility Derived Collision Cross Sections

Chapter 2 describes the development of Collision Cross Section Predictor 2.0
(CCSP 2.0). CCSP 2.0 marks a significant advancement in the field of metabolomics,
particularly in the application of machine learning to predict CCS values with high
accuracy. & integration of the comprehensive Mordred package for molecular descriptor
calculation positions it as a superior alternative to traditional tboffgring an expansive
set of over 1613 molecular descriptors. This feature, combined with its lineal kern

support vector regression model, ensures predictions are not only fast and interpretable but



also minimizes the risk of overfittidga common challenge in machine learning

applications.

The flexibility offered by CCSP 2.0, allowing users to tailor training sets to specific
research needs, is notable amongst currently available tools. It empowers researchers to
refine models based on unique dataset characteristics, enhancing the pradmtraey
for a wide array of molecular classes. The exhaustive performance evaluation of CCSP 2.0,
conducted through both cresalidation and test set validation, attests to its robustness and
reliability. Achieving median relative errors below 2% acressious adduct types

underscores the precision of CCSP 2.0 in handling chemically heterogeneous datasets.

In comparing CCSP 2.0 with other prevalent algorittiisCCSP 2.0 not only
meets but often surpasses the predictive accuracy of its counterparts. This success is
particularly notable in the prediction of benzenoid superclass, where CCSP 2.0's detailed
molecular descriptors play a pivotal role. Notably, CCSlegdn strike the best balance
between median prediction errors and average errors, meaning that it is less susceptible to

outliers in the training and test sets.

Despite its merits, CCSP 2.0 is not without its faults. The need for precise training
sets and the limitation in predicting less common adductsswunce fragments points to
areas for future development. Enhancing the tool's versatility to encompassiarlyvange
of compound types will undoubtedly solidify its position as an indispensable resource in
metabolomics research. As we look forward, the potential for further refinement and

expansion of CCSP 2.0 promises exciting advancements in the accachttign of CCS
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values, contributing to the broader understanding of metabolite structures and their

biological significance.

5.2.2 InvestigatingMolecular Descriptor<ritical to CCS Prediction

Chapter 2 additionally investigates the physical parameters that impact the collision
cross sections of moleculéghe SVR models developed for CCS prediction in CCSP 2.0,
leveraging RFEselected molecular descriptors (MD) from the Mordred package,
demonstrate an optimal balance between complexity and accuracy. With an average of 300
400 descriptors chosen from a pb#si 1613, the models exhibit robust predictive
capabilities with minimal overfitting, as evidenced by the regularization scheme's
effectiveness. This approach results in exponential decreases in RMSECV with the
inclusion of 50 or more descriptors, highlighting the efficiency and precision of the selected

MD in capturing the essential molecular features for CCS prediction.

The ATS and Barysz Matrix descriptotkey to CCSP 2.0's predictive accuracy,
utilize various atomic properties such as electronegativity and ionizability for weighting.
Notably, the Barysz descriptors focus on eigenvector aggregation, while ATS descriptors
analyze atomic property distributisfior closely spaced atoms. Additionally, the inclusion
of the Kappa Shape Index and Total Information Content descriptors facilitates the
consideration of molecular symmetry and positional isomerism in CCS predictio
Conserved descriptors also emphasize the prediction of molecular volume and
polarizability, further enhancing the model's robustness. Because these descriptors have

been previously documented as potentially important parameters in CCS prediction, our
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results validate these findings. Still, improvements in MD calculations are required to
increase the applicability of Mbased CCS predictions. Notably, the description of
isomerism beyond positional isomerism is still an open challenge in quantgatictural

activity relationships’

5.2.3 Evaluating the Efficacy of CCS Filtering

Chapter 2 also investigattee use of CCS asunique filter to reduce false positive
annotations imntargeted studies. This method's efficacy significantly varies depending on
whether the analysis involves heterogeneous or homogeneous sets of molecules. For
instance, in a case study involving isoorotic acid, a CCS filtering approach within a +2%
CCS windav successfully excluded 86% of false positive candidates from a pool of 221
potential matches identified within a-ppm mass error range. This highliglthe method's

robust capability to discern relevant from irrelevant candidates in heterogeneous scenarios.

The precision of CCS as a filtering tool is further demonstrated when applied to
homogeneous datasets, such as lipid molecules. Training the CCS prediction model (CCSP
2.0) with a structurally similar set resulted in the filtering of 36.1% of false caedida
without excluding any correct annotations, underlining the importance of matched training
sets for accurate predictions. This approach not only enhances the reliability of metabolite
annotations but also underlines the necessity of-tigility CCS mesurements and

predictions to leverage this filtering capacity fully.

Moreover, the effectiveness of CCS filtering shows a nuanced-¢fadetween
the number of false positives reduced and the retention of correct annotations. With a

conservative +2% CCS window, the method proved capable of distinguishing closely
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related isobaric species, thereby improving annotation confidence. However, the
performance varies with the chemical diversity of the dataset and the mass accuracy of the
underlying mass spectrometric measurements. Receiver operating characteristic (ROC)
analysis further elucidates this balance, with area under the curve (AUC) values offering a

guantitative measure of the filtering method's overall efficacy.

In summary, CCSased filtering emerges as a powerful tool in metabolomics,
particularly when tailored to the specificities of the dataset at hand. Its utility is pronounced
in reducing false positives among highigterogeneous candidates, with the caveat that its
success hinges on the precision of both mass and CCS measurements. In homogeneous
scenarios, especially with matched training sets, CCS predictions offer a refined filter that
substantially aids in the ao@te annotation of metabolites. Further computational work is
needed, however, to enable improved differentiation of sterecisomers, which was a major
limitation in the lipid superclass filtering case study. Likewise, the ground truth accuracy
and precisia of the training CCS values must be improved further to better differentiate
the similar CCS valuefespite these limitations, this work stands out as a template for the

evaluation of CCS filtering as iemobility technology advances.

5.2.4 Developing a Screening Workflow for the Determination of Xenobiotics

Chapter 3 presenthe integration of ion mobility spectrometnyass spectrometry
(IMS-MS) and machine learning (ML) in a novel workflow for the structural annotation of
xenobiotics, particularly PFAS (peand polyfluoroalkyl substances). By leveragldGS
values, mass defectmalyses, and precise mdsscharge /2 measurements, the study

effectively distinguishes PFAS from a broad range of environmental contaminants. This
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