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Abstract 

Contaminants of emerging concern (CECs), representing a subgroup of organic compounds of 
natural or synthetic origin, and their degradation and transformation products (TPs), with 
potentially harmful effects on humans, biota, and the environment, are the eco-exposome (EE) 
constituents of utmost importance. Their identification, quantification, and continued 
investigation into their environmental behavior significantly increase our knowledge of their 
impact on the environment. These challenging tasks require the use of state-of-the-art analytical 
techniques involving gas chromatography (GC) and liquid chromatography (LC) coupled with 
mass spectrometry (MS).  

While LC-MS is nowadays most commonly employed, GC-MS remains a powerful tool that 
offers reproducible, sensitive, and relatively low-cost identification and quantification of a broad 
array of structurally diverse compounds. The range of compounds amenable to GC can also be 
significantly extended through the derivatization of semi-volatile compounds prior to analysis. 
The most common derivatization method is silylation, which generates trimethylsilyl (TMS) or 
tert-butyl dimethylsilyl (TBDMS) derivatives. These analytical techniques, together with 
compound databases (DB), mass spectral libraries (MSL), computational workflows, and 
cheminformatics approaches, provide accurate and reliable compound annotation (CA). In 
contrast to LC-MS, however, the use of GC-MS analytical platforms in the de novo annotation of 
CECs, the resulting spectral data in the cheminformatics-assisted annotation of CECs using MS 
data, and the related challenges regarding method optimization and stability are not widely 
researched.  

This thesis investigates the annotation of semi-polar organic contaminants using both GC-
MS and machine learning (ML) approaches. The thesis is divided into three parts. The first part 
addresses the current state-of-art cheminformatics-assisted CA approaches. Here, we define 
three crucial cheminformatics tasks in eco-exposome annotation (EEA): molecular formula (MF) 
assignment, compound prioritization, and CA. A novel methodological classification of CA 
approaches is provided, along with an assessment of their ability to annotate EE constituents. 

The second part of the thesis addresses the generation of GC-electron impact ionization (EI)-
MS spectral datasets for developing, validating, and evaluating cheminformatics and ML-based 
CA approaches. A comprehensive dataset of GC-EI-MS spectra of TMS and TBDMS derivatives 
was derived from the National Institute of Standards and Technology (NIST) 17, Mass Spectral 
Library [1] and filtered by relevance, molecular weight (Mw), and the quality of the GC-EI-MS 
spectra. This classification resulted in two training datasets (1) 4,648 GC-EI-MS spectra of TMS 
derivatives and (2) 1,883 GC-EI-MS spectra of TBDMS derivatives. Further, two test datasets of 
GC-EI-MS spectra of about 100 TMS and 85 TBDMS derivatives of CEC were generated by using 
in-house GC-MS analytical methods. This work was followed by applying a supervised ML 
approach based on Input Output Kernel Regression (IOKR) for the annotation of CEC silyl 
derivatives by using GC-EI-MS spectra. The IOKR approach correctly ranked 37% and 50% of the 
tested CEC-TMS derivatives among the top 10 and 20 candidates. The satisfactory identification 
rates show that the IOKR approach can be successfully employed in reliable and faster CA 
compared to manual MSL search approaches.  

The third part of the thesis investigates silylation procedures, particularly the stability of silyl 
derivatives of CEC under different storage conditions and their associated measurement 
uncertainty (MU). We optimized the derivatization conditions of 70 CEC using N-methyl-N-
(trimethylsilyl) trifluoroacetamide (MSTFA), N, O-bistrifluoroacetamide (BSTFA) and N, O-
bistrifluoroacetamide + 1% trimethylchlorosilane (BSTFA + 1% TMCS) in 36 different 
temperature and duration experiments. Further, we tested their stability in a solvent and 
artificial wastewater (AWW) extract under relevant storage conditions (25°C, 4°C, and -18°C) for 
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up to 20 weeks, along with five cycles of freezing and thawing. Significant stability issues were 
revealed for TMS derivatives of polyhydroxy compounds and estrogen hormones, in addition to 
derivatives degraded to ≤ 85% of their initial concentration after only two freezing and thaw 
cycles. 

The results of this thesis are gathered in two published papers and two manuscripts 
submitted for peer review. They highlight the importance of silylation conditions in reliable CEC 
annotation and quantification and provide insight into the stability profiles of TMS derivatives. 
In addition, this thesis demonstrates the successful employment of ML and GC-EI-MS in 
identifying CEC as silyl derivatives for the first time. The performed work resulted in the 
generation of comprehensive datasets that are publicly available and of interest to the ML 
community for further development of ML-based CA approaches.  
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Povzetek 

Onesnažila, ki vzbujajo nastajajočo zaskrbljenost (CEC), so tipične organske spojine naravnega 
ali sintetičnega izvora ter produkti njihove razgradnje in pretvorbe (TP) s potencialno škodljivimi 
učinki na človeka, bioto in okolje. Te spojine so izjemno pomemben del eko-ekspozoma (EE). 
Njihova identifikacija in kvantifikacija ter raziskovanje njihovega okoljskega obnašanja bistveno 
večajo naše poznavanje njihovega vpliva na onesnaževanje okolja. V tem kontekstu je 
nepogrešljiva uporaba analitskih tehnik, zlasti plinske kromatografije (GC) in tekočinske 
kromatografije (LC), sklopljene z masno spektrometrijo (MS). 

Kljub temu da se najpogosteje uporablja LC-MS, je GC-MS konvencionalni analitični sistem, 
ki ponuja ponovljivo, občutljivo in razmeroma poceni identifikacijo in kvantifikacijo širokega 
nabora strukturno različnih spojin. Nabor spojin se dodatno razširi z derivatizacijo pred analizo, 
najpogosteje s silacijo, pri kateri nastanejo derivati trimetilsilila (TMS) ali tert-butil dimetilsilila 
(TBDMS). Te analitične tehnike skupaj z bazami podatkov o spojinah (DB), knjižnicami masnih 
spektrov (MSL), računalniškimi delotoki in pristopi kemoinformatike zagotavljajo natančno in 
zanesljivo anotacijo spojin (CA). 

V nasprotju z LC-MS je uporaba GC-MS pri de novo anotaciji CEC, skupaj z uporabo nastalih 
spektralnih podatkov v kemoformatično podprti anotaciji CEC ter s tem povezanimi izzivi glede 
optimizacije in stabilnosti metode, premalo raziskana. 

Doktorska disertacija raziskuje označevanje (anotacijo) delno polarnih organskih 
onesnaževal z uporabo pristopov GC-MS in strojnega učenja (ML). Disertacija je razdeljena na tri 
dele. Prvi del obravnava trenutno stanje keminformatiskih CA pristopov. Tukaj definiramo tri 
ključne naloge keminformatike pri anotaciji eko-ekspozoma (EEA): dodelitev molekulske 
formule (MF), prioritizacija spojin in anotacija spojin (CA). Podana je nova metodološka 
klasifikacija pristopov CA skupaj z oceno njihove učinkovitosti pri anotaciji komponent EE. Drugi 
del doktorske disertacije obravnava generiranje spektralnih podatkovnih naborov z GC, in sicer 
MS za razvoj, validacijo in vrednotenje pristopov CA, ki temeljijo na keminformatiki in zlasti na 
ML. Obsežen nabor podatkov GC-EI-MS spektrov TMS in TBDMS derivatov je bil pridobljen iz 
knjižnice masnih spektrov Nacionalnega inštituta za standarde in tehnologijo (NIST) 17 [1], ki 
smo jih filtrirali za kemijsko pomembnost spojin, molekulsko maso spojin (Mw) in kakovost GC-
EI-MS spektrov. Rezultat filtriranja sta dva končna nabora podatkov za učenje z ML pristopi. Prvi 
je sestavljen iz 4,648 GC-EI-MS spektrov TMS derivatov, drugi pa iz 1,883 GC-EI-MS spektrov 
TBDMS derivatov. Poleg tega sta bila z uporabo analitičnih metod GC-MS ustvarjena dva nova 
testna nabora podatkov GC-EI-MS spektrov, s približno 100 TMS in 85 TBDMS derivatov CEC. 
Temu je sledila uporaba pristopa nadzorovanega ML, ki temelji na regresijii vhodno-izhodnih 
jeder (ang. Input-Output Kernel Regression, IOKR), za anotacijo sililnih derivatov CEC z uporabo 
GC-EI-MS spektrov. Pristop IOKR je pravilno uvrstil 37 % oziroma 50 % testiranih CEC-TMS 
derivatov med 10 najboljših oziroma 20 najboljših kandidatov. Zadovoljive stopnje identifikacije 
kažejo, da je pristop IOKR mogoče uspešno uporabiti v zanesljivi in hitrejši anotaciji v primerjavi 
z ročnimi pristopi iskanja v kjnižnicah masnih spektrov. 

Tretji del doktorske disertacije raziskuje postopke siliranja, predvsem stabilnost sililnih 
derivatov širokega nabora CEC pri različnih pogojih shranjevanja, in s tem povezano merilno 
negotovost (MU). Optimizirali smo pogoje siliranja za optimalno učinkovitost derivatizacije s 
testiranjem učinkovitosti derivatizacije 70 CEC z N-metil-N-(trimetilsilil) trifluoroacetamidom 
(MSTFA), N, O-bistrifluoroacetamidom (BSTFA) in N, O-bistrifluoroacetamidom + 1 % 
trimetilklorosilanom (BSTFA + 1 % TMCS) v 36 različnih poskusih  z različnimi temperaturami in 
trajanjem. Poleg tega smo testirali njihovo stabilnost v topilu in ekstraktu umetne odpadne vode 
(AWW) pri ustreznih pogojih shranjevanja (25 °C, 4 °C in -18 °C) do 20 tednov, skupaj s petimi 
cikli zamrzovanja in odmrzovanja. Poleg drugih TMS derivatov, za katere je bilo dokazano, da se 



xii  Povzetek 

razgradijo na ≤ 85 % njihove začetne koncentracije po dveh ciklih zamrzovanja in odmrzovanja 
vzorca, so bile odkrite pomembne težave s stabilnostjo derivatov polihidroksi CEC in 
estrogenskih hormonov. 

Rezultati te doktorske disertacije so zbrani v treh objavljenih člankih in enem rokopisu, ki je 
bil oddan v recenzijo. Rezultati poudarjajo pomen silacijskih pogojev pri zanesljivi anotaciji in 
kvantifikaciji CEC ter zagotavljajo vpogled v profile stabilnosti TMS derivatov. Prav tako je v tem 
doktorskem delu prvič prikazana uspešna uporaba ML in GC-EI-MS pri identifikaciji sililnih 
derivatov CEC. Rezultat opravljenega dela so celoviti nabori GC-EI-MS podatkov, ki so javno 
dostopni in zanimivi za ML skupnost za nadaljnji razvoj pristopov anotacije spojin, ki temeljijo na 
strojnem učenju. 
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TID . . . thermionic ionization detector 
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Glossary 

accurate mass experimentally determined mass of an ion measured to an 
certain degree of accuracy and precision 

atmospheric pressure 
chemical ionization 

ionization technique in which the reactant ions are 
generated by photoionization of suitable dopant species 
and subsequent ion/molecule reactions of their molecular 
ions 

atmospheric pressure 
photoionization 

ionization technique for direct ionization of molecules at  
atmospheric pressure by electron detachment induced 
photons by forming M+ ions 

background spectrum the mass spectrum is observed when no analyte is 
introduced into the mass spectrometer 

base peak a peak in an MS spectrum that has the highest intensity 

bond dissociation energy the energy required to break a bond to generate a fragment 

chemical ionization ionization technique in which neutral molecules fragment 
by reacting with an excess of ions. The process may involve 
the transfer of an electron, a proton, or other charged 
species between the reactants 

compound database an organized online repository of chemical compounds 
containing one or more of the following: name, CAS 
number, database ID, chemical structure, molecular 
descriptors, predicted and experimentally determined 
physico-chemical properties, toxicity, environmental 
behavior, MS data, and NMR data, etc. 

compound annotation process of linking a detected mass spectrometric feature 
with a chemical identity, taking into account the detected 
chromatographic and spectrometric characteristics 

compound identification process of proving or verifying that the annotated 
compound is indeed the proposed chemical so that the 
annotation can be confirmed 

contaminant of emerging 
concern 

contaminants, either natural or synthetic chemicals that 
have been recently (de novo) detected in one or more 
environmental compartments, present as parent 
compounds or transformed into new compounds, with 
potentially harmful effects to humans, biota, and the 
environment 

cross-validation method for evaluation of predictive models by partitioning 
the original sample into a training set to train the model and 
a test set for evaluation 

data acquisition (in mass 
spectrometry) 

process of sampling signals that measure a specific sample 
and converting them into a digital form that can be 
manipulated by a computer and software 
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data processing organizing and manipulating data according to a set of 
instructions; in MS, it transforms representations of 
spectrometric signals from their original form into 
representations that would allow their further analysis (e.g., 
identification and quantification) 

derivatization a chemical reaction that yields a product that is more 
volatile and stable and that has improved gas 
chromatographic behavior over the original substance 

detection collection of compound-specific data by instrumental 
analysis; in MS, this is Rts, m/z of molecular ions, adducts, 
and possible fragment ions, the presence and relative 
abundances of fragment ions and isotopologues 

diagnostic ion product ion whose formation reveals structural or 
compositional information about its precursor ion 

eco-exposome a segment of the exposome that accounts for all 
environmental contaminants entering the human body 
through air, food, water, and dust and endogenous 
metabolites produced as a response to inflammation, 
(oxidative) stress, infections, and other natural processes, 
considering both organism and ecosystem exposure 

electron ionization ionization technique that removes one or more electrons 
from an atom or molecule through interactions with 
electrons that are typically accelerated to energies between 
10 and 150 eV 

electrospray ionization spray ionization technique in which either cations or anions 
in solution are transferred to the gas phase via formation 
and desolvation at atmospheric pressure of a stream of 
highly charged droplets that result from applying a potential 
difference between the tip of the electrospray needle 
containing the solution and a counter electrode 

exact mass the calculated mass of an ion whose elemental formula, 
isotopic composition, and charge state are known 

exposome the sum of all environmental exposures (including lifestyle 
factors) from the prenatal period onwards 

extracted ion chromatogram chromatogram created by plotting the intensity of the signal 
observed at a chosen m/z value or set of values in a series 
of mass spectra recorded as a function of retention time 

fragment ion product ion that results from the dissociation of a precursor 
ion 

fragmentation the systematic process of bond breakage in order to remove 
the excess energy, restoring stability to the resulting ion 

fragmentation pattern the sum of consecutive fragmentation reactions of a 
chemical structure during ionization, beginning from the 
parent ion, that results in the formation of more than one 
fragment ion and neutral losses; it is an ionization 
technique- and structure (class)-specific process 

fragmentation tree graph representation that models the fragmentation 
process of a compound, in which each node assigns a 
molecular formula to a fragment peak arising from a 
(hypothetical) fragmentation step, and each edge 
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represents fragmentation reaction, labeled with the 
molecular formula of the corresponding loss 

hard ionization technique formation of gas-phase ions accompanied by extensive 
fragmentation 

 
ion 

 
atomic, molecular, or radical species with a non-zero net 
electric charge 

ionization process of generation of one or more ions, e.g., by loss of an 
electron from a neutral molecular entity, by the 
unimolecular heterolysis of such an entity into two or more 
ions, or by a heterolytic substitution reaction involving 
neutral molecules 

ion source the region in a mass spectrometer where gas-phase ions are 
produced 

isomers compounds with identical elemental composition but 
different arrangement of atoms in the molecule and 
different properties 

kernel similarity measure applied on a data instance to map the 
original non-linear observations into a higher-dimensional 
space 

machine learning branch of artificial intelligence and computer science that 
focuses on the use of data and algorithms to imitate the way 
humans learn, gradually improving its accuracy 

mass accuracy the relative difference between the measured and the 
theoretical m/z value, calculated as 106 x (m/zEXP-
m/zTHEOR)/m/zTHEOR 

mass spectral library an organized collection of mass spectra of different 
compounds represented as two-dimensional (m/z and 
intensity) peak lists, with or without accompanying 
metadata related to the compound (e.g., name, molecular 
descriptors, structure, IDs, and physicochemical properties) 

mass spectrometer an instrument that measures the m/z values and 
abundances of gas-phase ions 

mass spectrometry study of matter through the formation of gas-phase ions 
that are characterized using mass spectrometers by their 
mass, charge, structure, and physicochemical properties 

mass spectrum a plot of the relative abundances of ions forming a beam or 
other collections as a function of their m/z values 

mass-to-charge (m/z) ratio the unitless ratio of the mass number of the ion to the 
number of fundamental charges z on the ion 

molecular ion the ion formed by the removal of one or more electrons 
from a molecule to form a positive ion or the addition of one 
or more electrons to a molecule to form a negative ion 

molecular fingerprint bit vectors of defined length, where each bit represents the 
presence or absence of a specific substructure in the 
chemical structure of a given compound 

monoisotopic mass the exact mass of a compound calculated using the mass of 
the most abundant isotope of each element 



xxvi  Introduction 

multiple stage mass 
spectrometry 

multiple stages of precursor ion m/z selection followed by 
product ion detection for successive nth-generation 
product ions 

neutral loss loss of an uncharged species from an ion during dissociation 

nominal mass the mass of an ion or molecule calculated using the mass of 
the most abundant isotope of each element rounded to the 
nearest integer value and equivalent to the sum of the mass 
numbers of all constituent atoms 

precursor ion an ion that reacts to form particular product ions or 
undergoes specified neutral losses 

resolution the ability to distinguish two peaks of slightly different m/z 
expressed as Δm/z for a given m/z value 

resolving power m/z value of a particular peak divided by the peak FWHM,  
i.e., RP= (m/z)/Δm/z 

supervised machine learning class of machine learning systems and algorithms that uses 
labeled datasets to train algorithms that classify data or 
predict outcomes accurately 

selected ion monitoring operation of a mass spectrometer in which the abundances 
of ions of one or more specific m/z values are recorded 
rather than the entire mass spectrum 

soft ionization technique formation of gas-phase ions without extensive 
fragmentation 

total ion current the sum of all separate ion currents carried by the ions of 
different m/z contributing to a complete mass spectrum or 
in a specified m/z range of a mass spectrum 

tandem mass spectrometry acquisition and study of the spectra of the product ions or 
precursor ions of m/z selected ions or precursor ions of a 
selected neutral loss 

total ion current 
chromatogram 

chromatogram created by plotting the total ion current in a 
series of mass spectra recorded as a function of retention 
time 

unsupervised machine 
learning 

set of machine learning systems and algorithms that use 
unlabeled datasets to analyze, discover hidden patterns or 
data groupings without the need for human intervention, 
and cluster data appropriately 

 
 
 



     

Chapter 1 

1 Introduction 

This dissertation combines approaches from environmental analytical chemistry, in particular 
gas chromatography-mass spectrometry (GC-MS) and machine learning (ML), for annotating 
contaminants of emerging concern (CECs). In this chapter, we give the background and 
motivation of this dissertation, followed by the aims of the thesis, its goals, hypotheses, and 
scientific contributions. The chapter concludes with an overview of the thesis structure. 

1.1 Background and Motivation 

Exposomics is one of the fastest developing ˈomicsˈ sciences. It arose almost two decades ago 
as a mixture of environmental research, metabolomics, and toxicology [2], [3]. The focus of its 
interest is the annotation of the exposome, which comprises all non-genetic factors that 
influence a phenotype and are responsible for a significant portion of the reisk of chronic 
diseases [2]. Of particular focus is its subarea, the eco-exposome (EE), studying both external 
and internal markers of exposure, determining exposures from the point of contact between an 
external environmental stressor and a receptor inward into the organism and outward to the 
general environment [4].  

Characterization of the EE in environmental exposomics is a highly challenging task due to 
the immense structural and toxicological diversity of its constituents, along with our limited 
knowledge of their identity. The standard analytical platforms for selective compound 
separation are GC and liquid chromatography (LC) coupled with a wide variety of MS analyzers, 
depending on the compound- and concentration range to which the analysis has to adapt. The 
output of the mass analyzer is a mass spectrum, which plots the mass to charge (m/z) ratios of 
ions against their intensities. Mass spectra are the essential input for further compound 
identification, often regarded as a retrieval task. Given an acquired mass spectrum of an 
unknown compound, the aim is to find a set of candidate compounds from a mass spectral 
library (MSL) with similar MS spectra. The conventional approach is to match the acquired MS 
spectrum against reference MSL and rank the matching MS spectra according to their measured 
spectral similarity to the query MS spectrum. In such a way, the most probable hit, i.e., the MS 
spectrum with the highest match to the queried MS spectrum, is ranked first. The process is 
laborious and error-prone, often leading to unreliable compound annotation (CA). Additionally, 
even now, in the era of their substantial growth in size and comprehensiveness, compound DBs  
and MSLs lack a significant fraction of EE-relevant chemical information, for example, 
information on derivatives of CECs. 

Semi-volatile and thermolabile CECs are typically analyzed using LC-MS and less frequently 
by GC-MS. Apart from often requiring an additional time-consuming derivatization step, the 
main reason for the limited use of GC-MS are the limited opportunities for CA in the case of silyl 
derivatives. These compounds are poorly represented in compound DBs, and their GC-EI-MS 
spectra are rarely included in MSLs. Moreover, the cheminformatics CA approaches, mainly the 
ML-based CA approaches, are almost exclusively developed for use with LC-MS data. Therefore, 
by recognizing and resolving the limitations of the existing and developing new workflows for 
ML-based CA, with particular attention to GC-EI-MS data of silyl derivatives, it is possible to 
improve the applicability of GC-EI-MS data in CA. Additionally, the contribution of in-house 



  

generated datasets of GC-EI-MS data of silyl derivatives to existing MSLs would enrich the corpus 
of compounds available for CA by direct MSL matching. 

In order to support the role of GC-MS analytical methods in CA, research on the factors 
determining the derivatization efficiency is required. Thus, besides optimization of the 
derivatization conditions, knowledge about the stability of silyl derivatives under different 
conditions during sample preparation, storage, and instrumental analysis are needed for their 
reliable identification and quantification. The currently available scientific literature in this field 
is scarce, with limited stability data on certain CEC groups, such as estrogen hormones, 
parabens, and other endocrine disrupting CECs, including benzophenones and bisphenols. 

1.2 Purpose of the Dissertation 

This dissertation aims to investigate CA for a representative selection of physicochemically and 
structurally diverse CECs, using GC-EI-MS spectral data and ML approaches. We specifically focus 
on supervised kernel-based ML approaches. The aim is to gain knowledge of the limiting factors 
obstructing the everyday use of GC-MS in eco-exposome annotation (EEA). Motivated by the 
issues above, this work is intended to fill the existing knowledge gap related to the 
identification/annotation of CECs using GC-MS, including:  
 

• the absence of cheminformatics, and especially ML-based approaches for the 
annotation of CECs using GC-EI-MS data; 

• insufficient standardized GC-EI-MS spectral datasets, specifically of silyl derivatives;  

• the limited presence of silyl derivatives in DBs and their spectra in MSLs, which impairs 
their annotation by using CA approaches;  

• the lack of data regarding the stability of silyl derivatives of CECs in versatile matrices 
(solvent, artificial wastewater (AWW) extract) and storage conditions prior to and during 
GC-MS analysis. 

Based on the identified knowledge gap, this dissertation covers four main topics: 
 

(1) The development of a methodological workflow for generating GC-EI-MS spectral datasets 
for cheminformatics-assisted CA: The first part of the dissertation (Chapter 3) gives a thorough 
overview, and novel classification of existing cheminformatics approaches for CA, focusing on 
ML approaches. It also provides a comparison of their performance in the annotation of EE 
constituents. Based on existing publications, including comparative studies, we identified the 
lack of publicly available benchmark spectral datasets, especially GC-EI-MS spectral datasets, as 
a significant obstacle to a robust evaluation of CA performance for existing and novel 
cheminformatics approaches [5]. Chapter 4 presents a three-step filtering workflow for 
generating (or rather curating) GC-EI-MS datasets of silyl (TMS and TBDMS) derivatives from 
existing MSLs. In the first step, rule-based filtering is applied to exclude chemically illogical 
compounds, i.e., compounds containing Si atoms that are not the result of typical silylation 
reactions occurring during derivatization. In the second and third steps, Si-containing 
compounds with large molecular masses and low-quality GC-EI-MS spectra are eliminated, 
respectively. In this way, we ensure the generation of GC-EI-MS spectra datasets that adequately 
serve ML-based CA approaches' training (Chapter 4). Additionally, de novo GC-EI-MS spectral 
datasets of CEC-TMS and CEC-TBDMS derivatives are generated de novo by employing in-house 
GC-MS analytical methods and ensure they can be used to test ML-based CA approaches.  

(2) Public accessibility of the generated GC-EI-MS spectral datasets: The aim is to make the GC-
EI-MS spectral datasets of silyl derivatives generated in this thesis publicly available. The in-
house generated GC-EI-MS spectral datasets, the related metadata, and the metadata of the 
MSL-derived GC-EI-MS spectral datasets are publicly available in the Mendeley Data Repository.  

(3) Application of an ML-based approach for annotating semi-polar CEC silyl derivatives: The 
current application of ML-based approaches to annotating CECs, as EE constituents are limited 
and are much less common than in metabolomics and other “omics” fields [5]. Most EEA studies 
perform CA using workflows consisting of data processing and MF determination by vendor-
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specific software and structure elucidation by matching MS spectra against publicly available or 
vendor-specific MSLs, metadata, and expert knowledge. However, there are no studies of 
cheminformatics-and specifically ML-based approaches for identifying EE constituents using 
structural information from GC-EI-MS spectra of their silyl derivatives. For this purpose, a 
cutting-edge supervised ML approach based on Input Output Kernel Regression (IOKR) [6] is 
applied for identifying CEC silyl derivatives utilizing structural information inherent to their GC-
EI-MS spectra. Achieving satisfactory performance in our study (Section 4.2), further scientific 
efforts in applying ML-based approaches in the field of EEA are encouraged. 

(4) Investigation of derivatization conditions and stability of silyl derivatives of structurally and 
physicochemically diverse CECs: Reliable ML-based annotation of semi-polar CEC silyl 
derivatives requires generation of MS data under optimized derivatization conditions with 
maximum derivatization efficiencies. Also, appropriate knowledge of the behavior of the 
generated derivatives in the GC-MS system is required. Such knowledge includes insights into 
their stability profiles during sample storage and GC-MS analysis in different samples. Tens to a 
few hundreds of CECs are identified and quantified in complex environmental samples during 
EEA studies. CECs have versatile structures and physicochemical properties and are in different 
concentration ranges. Studies of optimizing the generic derivatization protocols and examining 
the stability of a broad range of CEC-silyl derivatives ensure knowledge upon which the behavior 
of CEC in complex samples would be predicted. To date, few studies have investigated the 
derivatization of CEC, the stability of the generated TMS derivatives, and the associated 
measurement uncertainty (MU), but only to a limited selection of CECs and under limited 
conditions that do not ensure reliable knowledge of the topic [7]–[16]. For this reason, we 
proposed a methodology for optimizing derivatization conditions for 70 CECs that employs 
numerous chemometrics tools. The optimized derivatization protocols, along with validated 
multi-residue GC-MS analytical methods and estimation of MU, are used to investigate the 
stability of 70 CEC-TMS derivatives in two matrices at the three most common storage 
temperatures (25°C, 4°C, and -18°C) for up to 20 weeks and during consecutive sample freezing 
and thawing cycles. Based on the results, CECs whose TMS derivatives are most sensitive to 
degradation are identified, and the optimum storage conditions are proposed for samples that 
contain them. 

1.3 Aims and Hypotheses 

The goals and hypotheses of this dissertation are aligned with its purposes, as described in 
Section 1.2. The goals of this dissertation are as follows: 

- To investigate the stability of silylated derivatives of CECs in relevant matrices (solvent, 
wastewater effluent (WWE)) and under relevant conditions (storage at room 
temperature – during preparation and on the autosampler tray, and storage in a 
refrigerator (4°C) and in the freezer (-18°C) 

- To develop a workflow to generate training datasets of GC-EI-MS spectra of silylated 
derivatives from existing MSLs 

- To generate in-house reference datasets of GC-EI-MS spectra of silylated derivatives; 
- To apply a ML approach for CA using GC-EI-MS spectra, identify silylated derivatives 

from CC-EI-MS spectra, and evaluate its performance. 
I believe that by investigating the stability of CEC silyl derivatives in relevant matrices and 

under relevant conditions, we will discover significant patterns of behavior of the CEC-TMS 
derivatives prior to and during GC-MS analysis. This new knowledge will guide appropriate 
sample storage and handling of complex environmental samples before and during GC-MS 
analysis. Consequently, the presence and CA of a potentially broad spectrum of CEC with 
versatile structural and physicochemical properties will be performed with increased confidence 
and accuracy. Further, we believe that applying a ML-based approach for CA using GC-EI-MS 
spectral data of silyl derivatives, which has not been attempted to date, would result in 
satisfactory performance in terms of annotation accuracy and confidence. In order to evaluate 
the performance of cheminformatics CA, especially ML-based approaches, we developed a 
workflow for the generation of training datasets of GC-EI-MS spectra of silyl derivatives from 
MSLs, which will provide curated datasets of spectra with satisfactory quality. Along with the 



  

training datasets, the intention was to generate de novo in-house reference datasets of GC-EI-
MS spectra of silyl derivatives, serving as test datasets for evaluating CA approaches. 

Based on the above dissertation goals, the research in this dissertation will test the following 
hypotheses: 
 
H1: Poor stability and chromatographic behavior (peak shape, Rt) of silylated derivatives can 
reveal patterns, which can reduce the confidence and accuracy of their identification and 
quantification of derivatized CECs. 
 
H2: Structurally diverse semi-polar and thermolabile CECs can be successfully identified through 
their silylated derivatives using their GC-EI-MS spectra in complex mixtures. 
 
H3: An ML approach using training and test datasets of GC-EI-MS spectra of silylated compounds 
will result in a higher number of correctly identified compounds than a non-ML approach. 

 
We hypothesize that poor stability and chromatographic behavior (peak shape, Rt) of silyl 

derivatives can reveal patterns in their behavior prior to and during GC-MS analysis, as well as 
during storage, which can reduce the confidence and accuracy of their identification and 
quantification. Once discovered and understood, it can be hypothesized that structurally diverse 
semi-polar and thermolabile CECs can be successfully identified by their silyl derivatives using 
their GC-EI-MS spectra in complex mixtures. In particular, we hypothesize that an ML-based 
approach using training and test datasets of GC-EI-MS spectra of silyl derivatives will significantly 
improve CA compared to non-ML approaches. 

1.4 Scientific Contributions 

The scientific contributions of the dissertation are as follows: 
 

Contribution 1: A thorough review of the currently available cheminformatics-based CA 
approaches is provided. For the first time, we defined the three crucial cheminformatics tasks 
of EEA: MF assignment, compound prioritization, and CA.  We also discussed the methodologies 
employed for each task, emphasizing the last task. CA approaches that utilize structural 
information inherent to MS data are classified into three classes: direct, indirect, and joint 
annotation approaches. We also discussed their performance in terms of the ability to annotate 
EE constituents and have discussed current bottlenecks and future directions to new CA 
strategies. Finally, performance evaluation protocols are reviewed, identifying the issues 
currently obstructing their employment in regular EEA workflows. 

  
The publication describing this contribution, included in the thesis, is as follows: 

Journal paper: Ljoncheva, M., Stepišnik, T., Kosjek, T., Džeroski, S. (2020) Cheminformatics in 
MS-based environmental exposomics: current achievements and future directions. Trends in 
environmental analytical chemistry. 28:e00099 2020, ISSN 2214-1588. DOI: 
10.1016/j.teac.2020.e00099. 

 
Contribution 2: As part of this doctoral work, we have generated datasets of GC-EI-MS spectra 
of silyl derivatives, i.e., of TMS and TBDMS derivatives, to develop and evaluate ML-based CA 
approaches. We have developed a workflow for the generation of MSL-derived datasets of GC-
EI-MS spectra that included three filtering steps. Further, we acquired GC-EI-MS spectral 
datasets in-house to test the ML approaches.  
 
The publications describing this contribution, included in the thesis, are as follows: 

Journal paper: Ljoncheva, M., Kosjek, T., Džeroski, S. GC-EI-MS datasets of trimethylsilyl (TMS) 
and tert-butyl dimethyl silyl (TBDMS) derivatives for development of machine learning-based 
compound identification approaches, Data in Brief (submitted, 4 July 2022)  

Conference paper (not included):  Ljoncheva, M., Heath, E., Džeroski, S., Kosjek, T. (2018) 
Generation of a test dataset for machine learning-assisted identification of contaminants of 
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emerging concern. In: Dežman, Miha (ed.), Proceedings. 10th Jožef Stefan International 
Postgraduate School Students' Conference and 12th Young Researchers' Day 10th and 11th May 
2018, Piran, Slovenia. Ljubljana: Jožef Stefan International Postgraduate School: Jožef Stefan 
Institute, 21. http://ipssc.mps.si/Proceedings/Proceedings_2018.pdf. 

 
Contribution 3: For the first time MSL-derived and in-house de novo acquired GC-EI-MS spectral 
datasets are used to investigate the application of the Compound Structure Identification 
(CSI):IOKR approach to the annotation of CEC silyl derivatives as an alternative to an exhaustive 
search of MSL, independent of instrumental platform and data processing software. We further 
investigated the dependence of CSI:IOKR performance on 

 several factors, including filtering of the training dataset, the overlap between 
compounds in the training and the test datasets, and the post-acquisition processing of 
the test dataset. 

The publication describing this contribution is the Journal paper: Ljoncheva, M., Kosjek, 
T., Džeroski, S. Machine learning for identification of silylated derivatives from mass 
spectra, Journal of Cheminformatics (accepted for publication, 31 July 2022)  

 
Contribution 4: An investigation of the factors potentially negatively influencing the use 
of GC-MS analytical platforms in EEA is provided. It was discovered that non-optimized 
derivatization conditions and lack of knowledge regarding the stability of the generated 
TMS derivatives might lead to low accuracy, repeatability, and reliability of results. This 
work is essential for the reliable identification of chemically and structurally diverse CECs 
in an aqueous sample without sufficient knowledge of the origin and content. As part of 
this work, we optimized the derivatization protocol of 70 structurally diverse CECs. 
Together with custom-developed multi-residual GC-MS methods, the optimized 
derivatization protocols were used to investigate the stability of the 70 CEC silyl 
derivatives under the most common storage conditions for up to 20 weeks. The 
derivatization protocols and GC-MS methods can further investigate CEC's environmental 
occurrence, fate, and behavior in different environmental aqueous compartments. 
  

The publications describing this contribution, included in the thesis, are as follows: 

Journal paper: Ljoncheva, M., Heath, E., Heath D., Džeroski, S., Kosjek, T., Contaminants 
of emerging concern: silylating procedures, evaluation of the stability of silyl derivatives 
and associated measurement uncertainty, Environmental Research (submitted, 25 August 
2022) 

Conference paper (not included): Ljoncheva., M., Heath, E., Džeroski, S., Kosjek, T. (2020) 
GC-MS analysis of contaminants of emerging concern. In: Jovičević Klug, Patricia (ed.), et 
al. Book of abstracts. 12th Jožef Stefan International Postgraduate School Students' 
Conference and 14th Young Researchers' Day, 15th May 2020. Ljubljana: Jožef Stefan 
International Postgraduate School: Jožef Stefan Institute, 22. 
http://ipssc.mps.si/BookOfAbstracts.pdf. 

1.5 Structure of the Thesis 

The remainder of the thesis is structured as follows. Chapter 2 presents the definitions 
and state-of-art related to CECs, GC-MS and LC-MS analytical techniques, and 
accompanying derivatization reactions. Chapter 3 presents a review of the state-of-the-
art cheminformatics approaches for CA, while Chapters 4 and 5 present the main body of 
our experimental work, i.e., the datasets of GC-EI-MS generated and their use for CA and 
the study of the stability of silylated derivatives of CECs. 

Chapter 2 presents the necessary background knowledge of CEC as EE constituents, 
GC-MS and LC-MS analytical techniques, and their use in the task of EEA. Here the concept 
of CECs as EE constituents is presented and describe EEA's various methodological and 
instrumental approaches. Further, the thesis focuses on the available and most commonly 
used GC-MS and LC-MS analytical platforms and describes the concept, benefits, and 

http://ipssc.mps.si/Proceedings/Proceedings_2018.pdf
http://ipssc.mps.si/BookOfAbstracts.pdf


  

bottlenecks of the employment of derivatization prior to GC-MS analysis, with a particular 
focus on the silylation of semi-volatile organic compounds. 

Insights into the task of compound identification based on structural information 
inherent to MS data are presented in Chapter 3, accompanied by a thorough survey of the 
existing cheminformatics approaches for this task and a comparison of their performance 
in terms of accuracy and confidence. This chapter is divided into two sections. First, the 
task of surveying cheminformatics approaches to CA is introduced, and in the second part, 
the paper published in the journal Trends in Environmental Analytical Chemistry contains 
our survey. 

In Chapter 4, we first present a framework for generation of training and test datasets 
of GC-EI-MS spectra for the purpose of identification of silyl derivatives of CECs using GC-
EI-MS data and ML approaches. This framework includes an efficient filtering approach in 
MSL-based GC-EI-MS spectral dataset generation that, in three consecutive steps, 
eliminates GC-EI-MS spectra of (1) chemically irrelevant compounds; (2) compounds with 
molecular mass that is over the dynamic linear range (50-1000 m/z) of the mass analyzer 
employed and (3) GC-EI-MS spectra with low quality. Second, the CSI:IOKR approach is 
applied to the task of identification of silyl derivatives of CECs using GC-EI-MS spectral 
data. We show that the three-step-filtering approach improves the quality of the training 
data and, thus, identification accuracy. Finally, MSL-curated and experimentally de novo 
acquired GC-EI-MS datasets are presented as benchmark GC-EI-MS datasets for 
performance evaluation of existing and novel ML-based compound identification 
approaches. The chapter is divided into two sections. In the first section, the problem to 
be addressed is introduced, and in the second, the paper published in the Journal of 
Cheminformatics and the manuscript submitted to Data in Brief is presented. 

In Chapter 5, we present a multi-residual method for derivatization and GC-MS analysis 
of the stability of a representative selection of 70 CECs with significant diversity in 
chemical structure and physicochemical properties. First, chemometrics methods are 
employed to select the optimal derivatization conditions (temperature and time) by 
discovering the similarities in compound behavior. Second, we develop and validate a 
multi-residual analytical method for investigating the stability of 70 CEC-TMS derivatives 
in a solvent, and artificial wastewater (AWW). The AWW was obtained from a pilot-scale 
wastewater treatment plant, and the CECs were extracted using solid phase extraction 
(SPE). Both were analyzed using GC-MS. Finally, the analytical method was used to study 
the CEC-TMS stability under the following conditions: (1) at room temperature (25°C) for 
one week in solvent and AWW extracts, (2) in the refrigerator (4°C), and (3) in the freezer 
(-18°C) for 20 weeks in solvent and four weeks in AWW extract and (4) over five freezing 
and thawing cycles in both matrices. Finally, an estimate of the associated measurement 
uncertainty (MU) was obtained. This chapter is also divided into two sections: problem 
description and the manuscript submitted to the journal Environmental Research, which 
addresses the described problem. 

We conclude this dissertation in Chapter 6. We first summarize the scientific contributions  
of the performed work and we then discuss the hypotheses addressed by our research and how 
they were confirmed. Finally, we describe potential directions for extending the presented work 
in future research.  
 
 



     

Chapter 2 

2 State of the Art 

This chapter provides an overview of the state-of-art work related to the research topics this 
thesis covers: the definition and annotation of CEC as EE constituents, GC-MS analytical 
platforms, and derivatization prior to GC-MS analysis focusing on silylation. The state of art in 
cheminformatics-assisted annotation of compounds is presented in Chapter 3. 

2.1 Contaminants of Emerging Concern 

2.1.1 Definition 

CECs are defined as naturally occurring or manmade compounds, which have been recently 
discovered or are suspected to be present in various environmental compartments that could 
risk human health [17]. There remains a gap in our knowledge regarding their environmental 
behavior and toxic effects. Due to their potential toxicity or environmental persistence, they are 
of potential concern for human health and the environment. Additionally, an already regulated, 
presumed well-known environmental contaminant, such as parabens and estrogen hormones, 
can regain “emerging” status as new scientific information becomes available and thus, force 
regulatory agencies to re-evaluate their norms and guidelines [17]. This broad classification of 
CEC includes an ever-increasing number of CEC with a broad spectrum of structural, physico-
chemical, and toxicological properties, such as pesticides, flame-retardants, surfactants, 
pharmaceuticals, personal care products, fragrances, plasticizers, algal toxins, cyanotoxins, 
including their metabolites and environmental TPs, to name few. CECs are yet to be adequately 
included in environmental monitoring programs since they have been only recently identified, 
or their toxic effects or environmental impact are not yet well understood. 

2.2 Annotation of Contaminants of Emerging Concern 

2.2.1 Workflow strategies  

 
Various methodological and instrumental approaches are required to cover CEC's broad and 
dynamic range, exposure patterns, and biological responses. The following sections discuss the 
most common methods and instrumental approaches used in EEA. 

2.2.1.1 Methodological approaches 

 

In order to keep pace with the wealth of complex samples in EEA, several methodological 
approaches are developed. The general representation of an exposomics study workflow is 



  

given in 

 

Figure 2.1. All of the compounds constituting the EE are analyzed using one or more of the 
analytical platforms presented, including GC-MS, LC-MS, ion mobility-mass spectrometry (IM-
MS), nuclear magnetic resonance (NMR), and capillary electrophoresis-MS (CE-MS), using either 
targeted analysis, suspect screening (SS) or non-targeted screening (NTS).  

The most straightforward exposomics methodological approach is to investigate the 
chemical and environmental exposure by monitoring the profile of the most prominent classes 
of CEC. Such targeted approaches are limited to measuring individual compounds or compound 
classes with a high possibility of missing compounds not on the target list but present in the 
analyzed sample [18]. 

Increasing the knowledge of the complex roles of environmental exposures on human health 
has led to adopting this approach and searching for the presence of compound classes or 
individual compounds that are expected or even known a priori. Such an approach is named SS. 
Here, a library of compounds suspected to be present is generated by adding information about 
their exact mass, experimental or predicted retention time (Rt), and isotope pattern in order to 
decrease the rate of false positives and limit the number of putative annotations.  

Comprehensive NTS arises when potential EE constituents to be identified are not limited in 
their number and origin [19]. NTS are qualitative analytical experiments that identify three 
compound classes' presence. The first class, i.e., “known knowns”, consists of compounds, with 
known chemical structure, properties, and uses; the second is a class of compounds for which 
limited information is available in terms of exposure and toxicity. This class is referred to as 
“known unknowns”. The third compound class consists of compounds whose existence is 
unknown by the analyst and is commonly referred to as “unknown unknowns”. A typical NTS 
workflow proceeds in a few consecutive steps. Following sample treatment intended for 
separating analytes from the matrix and foreign substances, data acquisition is performed, 
followed by preprocessing to reduce data quantity and complexity. Preprocessing is usually 
performed through peak detection, accompanied by baseline correction and noise 
reduction/smoothing, peak deconvolution, annotation or subtraction of MS features present in 
blanks, componentization via a grouping of isotopes, adducts, multi-charged ions, and in-source 
fragments of the same compound, usually based on peak shape, intensity and isotopic 
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correlation and peak alignment across samples. Additional processing with missing values 
imputation, signal normalization, centering, scaling, and transformation can be performed. 
Statistical methods are commonly employed for data processing and analysis steps, such as 
principal component analysis, partial least squares-discriminant analysis, and orthogonal partial 
least squares [20]. In many cases, ML approaches, such as artificial neural networks, are 
employed to identify regions of interest in LC-MS data and determine the likelihood of peaks 
belonging to an authentic compound. Random forest is also employed for data normalization 
based on quality control samples and missing values imputation [21], [22]. 

 Specific peaks and peak profiles of interest are prioritized for further evaluation from all 
detected MS features characterized by m/z, intensity, and Rt. Here, data-driven approaches are 
used, which evaluate the signal intensity, occurrence frequency in a dataset, and characteristic 
isotopic pattern of MS features. 



     

 

Figure 2.1: General representation of the methodological approaches for annotation of CEC.  



     

They are further prioritized based on functional groups and mass differences, indicating 
belonging to a homologous series. Alternatively, experiment-driven approaches prioritize MS 
features based on persistence, elimination/formation over process, a reaction-based search of 
TPs to link masses before and after treatment, and e.g., biological, electrochemical, or oxidative 
TPs formation. Alternatively, effect-directed prioritization of chromatographic fractions with 
unknown compounds associated with specific toxic effects is performed [23].  

In the next step, the monoisotopic or neutral molecular mass of the prioritized MS features 
is determined, and in the final step, one or more of the CA tasks are performed: (1) MF 
assignment; (2) exact mass or MF-based candidate search in compound DB, followed by 
candidate prioritization; (3) MSL search, followed by candidate prioritization and (4) 
cheminformatics-assisted CA. Analytical equipment vendors already provide many steps in MS 
data processing. In addition, there is a wide range of cheminformatics tools performing one or 
more of the preprocessing and CA tasks 1-4. Such tools include Workflow4Metabolomics [10], 
XCMS [25], MetaboAnalyst [26], MZmine [27], enviMass [28] and Nontarget [29], to name few. 
Some are in-house software, while others are workflow management systems, only combining 
existing cheminformatics tools [20]–[22]. Recently, patRoon, an all-steps environmental NTS-
specific cheminformatics workflow was developed to overcome the lack of specific functionality 
and optimizations required for environmental NTS [30]. 

2.2.1.2 Instrumental techniques 

 
Depending on the specific type of exposure, the exposome can be measured through a wide 
array of techniques, including remote sensors, questionnaires, geographical information 
systems, and approaches using chemical technologies. focused on biomonitoring, environmental 
monitoring, and metabolome investigations. The chemical approaches measure the exposures 
directly or through early biomarkers using chemical technologies [18]. Such annotation of the EE 
constituents requires analytical platforms for comprehensive chemical surveillance screening 
that would provide sufficiently selective and sensitive compound-level data for trace level-small 
molecules in complex environmental and biological samples [31].  

Chromatography-MS analytical platforms are so far the best-established analytical tools for 
large-scale EE investigations due to their superiority in sensitivity, specificity, and dynamic range 
[5], [17]–[19], [32]. GC-MS analytical platforms are the oldest and still one of environmental 
EEA's most powerful analytical techniques [23]. Significant recent innovations include GC x GC-
MS, GC- tandem mass spectrometry (MS/MS), and GC-high resolution-accurate mass (HR-
AM)/MS, which allow the fulfillment of legal requirements (e.g., detection of organic 
contaminants in trace concentration ranges (pg/mL) in different matrices) and make data useful 
in understanding current environmental challenges [23], [31]. As a stand-alone platform, LC-
(HR/AM-)MS analytical techniques are a common choice for EEA due to improved mass accuracy 
and resolving power. They can also serve as an orthogonal analytical technique to GC-MS for 
unambiguous CA, especially for compounds that cannot be observed using GC-MS due to 
insufficient ionization or incomplete ionization separation [23]. Today, GC and LC coupled to 
MS/MS are the analytical platforms of choice for quantitative trace-level target analyses with 
high sensitivity and broad linear dynamic range. However, they do not offer exact structural 
information for detecting and identifying “unknowns”. HR-AM/MS platforms provide high-
quality mass resolution and high sensitivity in full scan mode, thus enabling the 
 detection of low abundance compounds in complex environmental and biological 
samples. This ability, in turn, allows confident CA. However, such analytical techniques are 
expensive, complex and require thorough analytical knowledge. 

Methods beyond GC/LC-MS are also used for EEA, offering important orthogonal 
information [33]. NMR is non-destructive, i.e., sample preserving structure elucidation 
technique. It has not been widely applied in EEA due to low sensitivity [23], [34]. IM-MS is 
an increasingly important analytical platform in EEA, offering effective multidimensional 
separation of ions by size, shape, charge, and thereof resulting gas ion mobility in an 
electric field in a neutral buffer gas. It provides the separation of enantiomers, chiral 
stereoisomers, diastereomers, and co-eluting matrix components [35]. Such ions with 
identical m/z are separated by the time the ion takes to traverse a gas-filled cell under the 
influence of a uniform electric field, named drift time that is directly converted to collision 
cross-section values, indicating the chemical structure and the 3D conformation of the 



  

ions. Further-depth examination of the chemical exposome employs novel variations of 
sample preparation and chromatography-MS methods. These include ultra-fractionation, 
SPE/semi-preparative (ultra) high-performance liquid chromatography (U)HPLC-HRMS, 
nano/microflow LC-nanoESI, capillary electrophoresis (CE)-MS and ion-exchange 
chromatography-MS. Each of the aforementioned methods contribute different 
compound information (e.g. H-NMR:proton position, IM-MS: separation of complex 
mixtures, resolving ions that may be indistinguishable to MS alone etc.), altogether leading 
to ubiquitous identification of unknown compounds. However, their employment in 
extensive EEA investigations is yet to be thoroughly explored. 

2.3 Chromatography-Mass Spectrometry in the Annotation of CECs 

2.3.1 Chromatographic separation methods 

 
Chromatography encompasses diverse and important methods for separating 
components in mixtures. In its basic concept, the sample is taken up in a mobile phase, 
which may be a gas, a liquid, or a supercritical fluid, and further interacts with  a stationary 
phase fixed in a column or on a solid surface. The stationary and mobile phases are 
selected so that the sample analytes distribute through sorption/desorption process 
between them to varying degrees, e.g., according to their physicochemical properties. As 
the fresh mobile phase flows through the plate or column, it carries sample analytes, and 
a continuous series of interactions between the two phases occur. Analyte partitioning 
occurs until a state of equilibrium is achieved. The ratio between the molar analyte 
concentrations in the stationary phase (CS) and the mobile phase (CG) is constant. The 
constant is defined as the distribution constant or partition coefficient (KC): KC = CS/CG = (nS 

· VS)/(nG ·VG), where nS and nG are the amounts of the compound in stationary and mobile 
phases, while the VS and VG are the volumes of the stationary and mobile phases, 
respectively. Accordingly, analytes with a high KC have a higher affinity to the stationary 
phase. It also means that they are strongly retained and move slower (elute later). Due to 
the differences in migration rates, sample analytes separate, resulting in different, specific 
elution times.  

When a concentration-sensitive detector is placed at the end of the column, and its 
signal is plotted as a function of time, a series of peaks is obtained. This plot is termed a 
chromatogram. Here, peak positions on the time axis, named Rts, are used as one of the 
parameters for compound identification, whereas peak areas provide a quantitative 
measure of each compound. 

The first, older classification divides chromatographic separations into planar 
chromatography, where the stationary phase is supported on a plate or paper, thin- layer 
chromatography (TLC), where compound separation occurs using a thin stationary phase 
supported by an inert backing, and column chromatography, where the stationary phase 
is packed in a narrow tube through which the mobile phase is forced. Based on the mobile 
and stationary phase types, three general categories of chromatographic methods are 
defined: GC, LC and supercritical fluid chromatography [36].  

2.3.1.1 Gas chromatography 

The basic operating principle of GC involves volatilizing the sample in a heated inlet of the 
gas chromatograph, from where it is flushed with an inert gaseous mobile phase, i.e., a 
carrier gas such as He, Ar, N2 or H2. Here, analyte separation occurs by partitioning 
between the carrier gas and a liquid stationary phase immobilized on the surface of an 
inert solid packing or the walls of capillary tubing. The separation occurs due to 
partitioning the analytes between the phases. A carrier gas then transports separate 
analytes to the detector. 

Multiple GC instrumental innovations have appeared since its launch in the 1940s, 
differing in size, robustness, column type and instrument control, but all have the basic 
architecture (Figure 2.2). The carrier gas is available in pressurized tanks. A sample is 
introduced in the system, mostly using an autosampler into an inert inlet at high enough 
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temperatures to volatilize all analytes. Typically, 0.1-2.0 µL of the sample are injected 
through a septum into a heated sample port located at the head of the GC column. This 
process describes the traditional splitless mode, commonly used in trace analyses. Split 
injections are often used for the analysis of compounds present at higher levels, especially 
for thermolabile compounds, as it decreases the time spent in the hot injector. Typical 
split ranges are from 1:10 to 1:100 [37]. Other sample introduction techniques are used 
for specific sample types, such as the headspace technique, solid-phase microextraction, 
or direct on-column injection [37]. 

Once introduced, the gaseous sample is transferred to the head of the GC column, 
situated in a thermostatted oven. At the initial column temperature, usually 10-15°C 
below the solvent's boiling point, analytes and solvent condense in a narrow band in the 
stationary phase. Column temperature control possibilities include an isothermal run at a 
constant temperature, a temperature-programmed run, where the temperature is 
increased at a constant rate, and a multilevel run, where the temperature rate is increased 
at different rates at different times during the GC run. During the run, analytes partition 
between the carrier gas and the stationary phase until they reach an equilibrium state and 
elute from the column as sharp peaks. In the final step, analytes arrive at the detector, 
while the solvent is concentrated and evaporated with increasing column temperature 
[37], [38]. 

 

Figure 2.2: Scheme of a typical GC instrument. After introduction through the inlet, the 
sample is passed to the column oven, where through the sample injection chamber, is 
introduced to the column and then to the detector.The column oven is connected to carrier 
gas tank with flow regulators, while the detector is connected to flow meter and data system, 
which converts the detector signals in chromatograms. (Adapted from [38]). 

GC is a suitable technique for separation of volatile and thermally stable analytes. 
Many other compounds, such as acids, amino acids, amines, saccharides, and steroids, 
require derivatization to increase their volatility and thermal stability (see  Section 
2.3.3.1.2) [37]. 

2.3.1.1.1 Gas chromatography columns 
 
The type of GC columns almost exclusively used nowadays is the fused-silica wall-coated 
open tubular columns with sufficient physical strength, flexibility, and lower reactivity 
towards sample analytes. They are usually made of specially purified silica, with a 
minimum amount of metal oxides and polyamide coating. The choice of stationary phase 
is crucial to successful separation. It is based on the volatility (preferably low), thermal 
stability and chemical inertness, and the material's polarity, which must match the 
analytes' polarities for their successful resolution [38].  



  

Nonpolar analytes, such as alkanes, steroids, and polychlorinated biphenyls, are best 
separated on 100% poly(dimethylsiloxane), poly(50% n-octyl/50% methyl siloxane) or 
poly(5% diphenyl/95% dimethyl siloxane) stationary phases. Aldehydes, ketones, and 
ethers are most efficiently separated on poly(diphenyl/dimethyl siloxane) phases, also on 
poly(50% n-octyl/50% methyl siloxane) and 100% poly(dimethylsiloxane) 
poly(cyanopropylphenyl/dimethylsiloxane due to matching polarity. Finally, the choice of 
stationary phases for polar compounds, such as amines, carboxylic acids, alcohols and diols 
is the widest, including 1,5-di(2,3-dimethylimidazolium)pentane 
bis(trifluoromethylsulfonyl)imide; 1,9-di(3-vinylimidazolium)nonane 
bis(trifluoromethylsulfonyl)imide and 1,12-di(tripropylphosphonium)dodecane 
bis(trifluoromethylsulfonyl)imide, to name few. Apart from the stationary phase, GC 
columns differ in length (which is usually 10-60 m), internal diameter (id between 0.10-
0.53 mm), and stationary phase thickness (0.1-1.0 µm), strongly influencing column 
separation efficiency, which further depends on type and velocity of carrier gas and column 
temperature. 
 

2.3.1.1.2 Gas chromatography detectors 
 
Most commonly used GC detectors include flame ionization detector (FID), electron capture 
detector (ECD), and MS analyzers, along with less used thermal conductivity detector (TCD), 
photoionization detector (PID), and flame photometric detector (FPD). Generation of ions by 
pyrrolization (FID, TID, and FPD), ultraviolet (UV) radiation (PID), or capturing of electrons 
released by radioactive β-emitter (ECD) is followed by detection through recording of current 
changes (FID, ECD, TID, PID) in thermal conductivity (TCD) or as the light emitted in characteristic 
wavelengths (FPD). FID offers universal response to neaf all organic compounds, low limits of 
detection, high acquisition frequency, wide linearity range and reduced maintenance 
necessities. In environmental analysis, is it most commonly employed for analysis of small, 
volatile, non-polar compounds, such as pesticides, polyaromatic hydrocarbons and phthalaes. 
ECD offers significant response sensitivity for compounds containing halogens and nitro groups, 
peroxides, and quinines but lower sensitivity to amines, alcohols, and hydrocarbons. ECD is used 
for pesticide and insecticide analyses in environmental samples with high sensitivity but has a 
limited linear range. FPD is widely used for analysis of air and water pollutants, pesticides, and 
coal hydrogenation products [39]. Finally, MS detectors are nowadays most commonly coupled 
to GC [38], [40]. The architecture and types of mass spectrometers are further discussed in 
Section 2.3.2. 

2.3.1.1.3 Gas chromatography-mass spectrometry analytical techniques 
 
GC-MS is a ubiquitous analytical technique for the identification and quantification of 
small organic molecules (Mw< 300 Da) in complex matrices. It has been an indispensable 
analytical method in environmental analysis, forensics, exposomics, medical and biological 
research, flavor and fragrance industry, food safety, packaging, and many others over the 
last 40 years. It offers sensitive quantification down to pg/mL level using spectral data 
acquisition modes, such as selection ion monitoring (SIM). The extensive fragmentation 
provides unique structural information that, combined with Rt data, leads to unambiguous 
compound identification [37], [38].  

Analysis of environmental matrices and biological fluids often exceeds the separation 
capacity of a single chromatographic column, producing overloaded chromatograms with 
co-elution of peaks, and decreased chromatographic resolution. Here, 2D gas 
chromatography (GC x GC) analytical techniques are successfully employed as a powerful 
and high-throughput tool for target analysis, SS, and NTS. GC-GC comprises two 
orthogonal separation mechanisms, combining the use of two GC columns with stationary 
phases that differ in polarity or chirality, connected with a modulator that transfers the 
small portions of the eluate from the first (1D) to the second column (2D), preserving the 
integrity of 1D separation. Due to high data acquisition rates, GC x GC systems are usually 
hyphenated to TOF mass analyzers. Thus, GC x GC platforms allow shorter run times, lower 
limits of detection, enhanced resolution and peak capacity, and higher mass selectivity 
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and sensitivity, which come at higher costs for equipment operation and maintenance 
[31].  

2.3.1.2 Liquid chromatography 

In LC, separation occurs in a column with a stationary phase, on which samples are 
introduced through the mobile phase, consisting of one or more solvents. The analytes are 
separated by a selective distribution between the mobile and the stationary phase, leaving 
the column as detectable narrow bands. Here, distribution occurs as a result of one of the 
following mechanisms: partitioning between the mobile and stationary phase (liquid-liquid 
chromatography), adsorption (liquid-solid chromatography), ion-exchange, size-exclusion, 
selective separation of compounds covalently bonded to an affinity ligand and 
enantioselective separation (chiral chromatography) [41], [42]. 

The basic configuration of an HPLC instrument is shown in Figure 2.3. The mobile phase 
solvents are kept in glass reservoirs. The isocratic or gradient flow process introduces the 
single solvent or solvent mixture through a hydrodynamic pumping system. One µL to 1 
mL samples are introduced through an automated sampling loop at controlled 
temperature and pressures up to 7000 psi to the head of the LC column (usually heated), 
where data acquisition begins. The system may also contain either a scavenger precolumn 
between the mobile phase reservoir and injector or a guard column between the injector 
and the analytical column to prevent contamination and prolong its lifetime. Typical HPLC 
instruments over time evolved to UHPLC, with decreased particle sizes (sub-2 µm particles) 
at ultrahigh pressures (up to 20,000 psi), yielding fast analyses and narrow 
chromatographic peaks [33], [41], [42]. 

 

2.3.1.2.1 Liquid chromatography columns 
 

HPLC columns have porous particle packing, with microparticles (d=3-10 µm, <2 µm for UHPLC 
columns), composed of:  

 

Figure 2.3: Diagram of a typical HPLC instrument. 

. 



  

• porous oxides: native silica, alumina, titania, zirconia, porous (graphitized) carbon, 
hydroxyapatite; 

• cross-linked organic polymers: polyacrylamides, polystyrene divinylbenzene, 
polymethacrylates, polysaccharides, polyvinylalcohols; and 

• silica-organo hybrids: polyacrylamide-polystyrene-coated silica composites, silica-
organic composites. 

Normal-phase separation occurs on polar coatings, such as silica, diol, cyanopropyl-, nitro-, 
aminopropyl- and dimethylamino- silica stationary phases. Reverse-phase separation is used in 
¾ of the cases, on nonpolar stationary phases, such as n-octadecyl- (C18), n-octyl- (C8), n-butyl- 
(C4), n-methyl- (C1) and n-triacontyl- (C30) silica, phenyl, phenyl-hexyl or pentafluorophenyl. 
Enantiomers are separated on chiral stationary phases, such as polysaccharides, human serum 
albumin, and cyclodextrins. Ion exchange separation of easily ionizable analytes occurs on anion 
or cation exchange resins. In contrast, size-exclusion, typically of high molecular species, occurs 
by trapping in the pores of the adsorbent silica- or polymer-based (e.g., sulfonated 
divinylbenzenes or poly(acrylamides) stationary phases. 

2.3.1.2.2 Liquid chromatography detectors 
 
LC detectors are designed with flow cells to measure the analyte concentrations in liquid 
streams. Most commonly used are:  
(1) UV-visible absorption detectors, able to isolate single wavelengths (fixed-wavelength 
design) or scan over a defined wavelength range (variable wavelength design);  
(2) infrared absorption detectors, seldom used due to poor sensitivity;  
(3) fluorescence detectors, offering the highest selectivity and sensitivity;  
(4) refractive index detectors that are general-purpose detectors, analogous to FID or TCD 
for GC, but with inferior sensitivity;  
(5) evaporation light scattering detector, a newer type, detecting analytes by scattering of 
light from a laser excitation source;  
(6) electrochemical detectors, performing selective reduction or oxidation of analytes and 
measurement of electrochemically generated current; they are based either on 
amperometry, voltammetry, coulometry, or conductometry and  
(7) MS detectors (further discussed in Section 2.3.2); today, LC-MS and LC-MS/MS are 
recognized as the ideal merger of separation and detection [41].  

2.3.2 Mass spectrometers 

2.3.2.1 Basic principles of mass spectrometers 

 
A mass spectrometer is an instrument that generates ions and separates them according 
to their m/z ratios. The principal components of a mass spectrometer are shown in Figure 
2.4. The sample is introduced through the inlet and travels first to the ion source. Here, 
ionization of neutral molecules occurs through electron ejection, electron capture, 
protonation, deprotonation, adduct formation, or transfer of charged species from a 
condensed phase to the gas phase. The output of the ion source is a beam of charged ions 
that are accelerated into the mass analyzer for separation based on their m/z. Separated 
ions are headed to the ion transducer that converts the beam of ions into an electrical 
signal that can then be processed through the signal processor, stored in a computer, and 
displayed. All the mass spectrometers' components, except the signal processor and 
readout (and, in some cases, the inlet), are in a low-pressure vacuum system (10-2 to 10-7 

Pa). Such a system ensures that infrequent collision in the mass spectrometer occurs and 
produces and maintains free ions and electrons [43]. 
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Figure 2.4: Scheme of a mass spectrometer (Adapted from [43]). 

2.3.2.2 Types of ion sources and ionization techniques 

 
The most commonly used types of ion sources are [44]:  

• Gas-phase ion sources, in which the sample is first vaporized and then ionized by 
bombardment with electrons, photons, ions, or molecules. EI and chemical 
ionization (CI) ion sources are only suitable for gas-phase ionization. Such sources 
are restricted to ionizing thermally stable compounds with boiling points less than 
500°C, thus to compounds with molecular masses of less than 103 Da. 

• Liquid-phase ion sources, where the liquid sample is nebulized into droplets, from 
which ions are generated at atmospheric pressure; such are the electrospray 
ionization (ESI), atmospheric pressure chemical ionization (APCI), atmospheric 
pressure photoionization (APPI) ion sources, applicable to analytes with Mw as 
large as 105 Da. 

• Solid-state ion sources, in which analytes are in a solid or viscous fluid, which is 
then irradiated by energetic particles or photons that desorb ions near the matrix 
surface, which are extracted by an electric field and focused towards the mass 
analyzer; such are matrix-assisted laser desorption/ionization (MALDI), plasma 
desorption and field desorption ion sources. 
 

The ionization techniques are classified as soft and hard ionization techniques. Both 
are useful in EEA and are frequently combined for orthogonal structural information that 
would aid compound identification and quantification [43]. A typical hard ionization 
technique is EI, which involves the interaction of a low-pressure (~10-1 Pa) gas cloud with 
electrons accelerated through a 70eV electric field. This gives enough internal energy to 
analyte molecules to leave them in highly excited vibrational and rotational energy states, 
resulting in extensive fragmentation of the molecular ions (M+·) while aiming to achieve a 
lower energy state. This multitude of fragments and their abundances produce a 
characteristic EI-MS spectrum, referred to as the “EI fingerprint” of the compound [37]. 
The EI-MS spectrum can provide important information for structural elucidation of 
unknown compounds, except if fragmentation is so complete that the molecular ion is not 
detected. 



  

Soft ionization techniques including ESI, CI, APCI, APPI, and MALDI are widely 
applicable to thermally labile, ionic, high MW compounds. They impart little residual 
energy to the analytes, insufficient for extensive fragmentation generating structurally 
specific ions. They also offer valuable qualitative and quantitative information combined 
with chromatographic separation. 

ESI is the first-choice ionization technique for analysis of small organic compounds and 
biomolecules (proteins, polypeptides), usually when LC is used for compound separation 
and thus, the most employed technique in ˈomicsˈ sciences. It is based on sample spraying 
by strong electrical fields, leading to the formation of charged droplets that move towards 
the oppositely charged electrode, with simultaneous size decrease due to solvent 
evaporation and break up due to electrostatic repulsion. Finally, ionic species of analytes 
are desorbed into the gas phase [45]. 

In CI, that together with EI are most commonly employed ionization techniques when 
compound separation is performed with GC, ions are generated by the collision of gas 
analyte molecules with electrons accelerated through a 70eV electric field. The reagent 
gas, most frequently methane, is ionized by electron impact, and its ionization products 
(CH5

+, C2H5
+ and C3H5

+) are strong proton donors and generate excited AH·+ ions that 
fragment further [46]. APCI is considered the natural evolution of the CI sources operating 
under reduced-pressure conditions. Here, low-energy electrons emitted by a radioactive 
beta source or corona discharge ionize a reagent gas (N2, O2, H2O), which subsequently 
ionizes the analyte using frequent collisions and several complex ion-molecule reactions 
[41]. For instance, APPI uses an intense UV light source to ionize the analyte, directly or 
through a dopant gas, at atmospheric pressure [43]. APCI and APPI are mainly used to 
analyze medium to low polarity organic compounds and synthetic polymers. The 
compound range of APPI extends more to less polar species. Simultaneous analysis with 
ESI is used to detect polar and non-polar analytes in high-throughput screening. Finally, 
MALDI is most selective to proteins, glycoproteins, and oligonucleotides (Mw>1000 Da). 
Thus it is seldom used in small organic molecules analysis [43]. It involves the co-
crystallization of an analyte and a matrix and further irradiation by a UV or an infrared 
laser, with simultaneous analyte vaporization and ionization by protonation, 
deprotonation, or cationization [47]. 

2.3.2.3 Types of mass analyzers 

 
There are many different designs of mass analyzers available. The choice of the mass 
analyzer depends on several factors that include, but are not limited to: (1) 
physicochemical properties of the compounds to be analyzed (e.g., chemical structure, 
Mw, volatility, and polarity); (2) the desired m/z range to be analyzed; (3) the required 
resolving power and (4) the required sensitivity.  

According to their configuration, mass analyzers can be classified as single analyzers 
and tandem/hybrid arrangements, known as MS/MS systems. The most commonly used 
mass analyzers in environmental exposomics are given in Error! Reference source not 
found., along with their resolving power at full width half maximum (FWHM), resolution 
(Δm/z), mass accuracy, and typical mass ranges. 

Tandem mass spectrometry is the “golden standard” in quantitative analysis of 
complex environmental and biological samples [43]. The basic architecture of MS/MS 
spectrometers is shown in Figure 2.5. The sample is introduced through the inlet to the ion 
source, where compound ionization occurs to i.e. “original” or “parent” positively charged 
ions (ABC+, ABCD+, ABCDE+). They are introduced to the first mass analyzer, in which ions 
are sorted and weighed, and the precursor ion (ABCD+) is selected and further introduced 
to the collision cell. Here, precursor ions are  fragmented to product ions (A+, AB+, ABC+) 
by bombardment with an inert gas (Xe, Ar, etc.). Product ions continue to the second mass 
analyzer for further fragmentation, after which are detected in the ion transducer. Finally, 
signals are processed and modificed in the signal processor and represented as MS/MS 
spectra. The ion source, mass analyzers and ion transducer are in a vacuum system, 
maintaining pressure of 10-6 to 10-9 torr. 
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The process occurring in a tandem mass spectrometer is represented in three steps 
[48]: 

1) generation of ions in the ion source of mass analyzer 1 and selection of the 
ionic species of interest, i.e., the precursor ion; 

2) collision of the precursor ion with molecules or atoms in the interaction cell, 
either by: spontaneous decomposition; collision-induced dissociation (CID),  
i.e., ion fragmentation by collisions with chemically inert collision gas (typically 
argon or nitrogen) at low pressure (~103 torr); electron-capture dissociation, 
where precursor ions capture a low-energy electron to produce an 
intermediate that rapidly dissociates or photo-induced dissociation,  i.e., 
fragmentation initiated by interaction with an intense laser beam to product 
ions; 

3) mass analysis of product ions based on their m/z in mass analyzer 2, with 
further processing and storage of the digital signals. 

 
The three steps can be separated in space, so each step occurs in different regions. 

This tandem-in-space approach is achievable by a triple quadrupole (QQQ), quadrupole-
time-of-flight (Q-TOF), and TOF-TOF mass spectrometers. In the tandem-in-time approach, 
all three steps occur in the same spatial region but in separate time intervals, such that 
the process can be repeated n times (MSn). This approach is used in a quadrupole ion trap 
and Fourier transform ion cyclotron resonance (FT-ICR) [41], [43]. 

 

 

 Figure 2.5: Diagram of a tandem mass spectrometer (Adapted from [43]). 



  

Low-resolution (LR) mass analyzers include single quadrupole (Q), QQQ, and ion trap (IT) mass 
analyzers (

 

Figure 2.6). LR-MS mass analyzers typically have mass accuracy of ≤ 50 parts per million (ppm), 
but this is insufficient for determining elemental composition. High mass accuracy (1-5 ppm) is 
required to exclude candidates with complex elemental compositions (C, H, N, S, O, P, F, Cl, Br 
and Si) and derive an accurate list of elemental compositions for the measured monoisotopic 
mass, along with high resolving power [49]. They are compact, easy-to-use, rugged, reliable, 
benchtop configured instruments with reasonable cost, selectivity, and sensitivity that make 
the LR-MS the “workhorse” in targeted exposome research. Their low accuracy limits their 

employment in the identification of unknown compounds. The single quadrupole (

 

Figure 2.6) is the simplest one, acting as a mass filter, i.e., separating ions according to their 
m/z while radio frequency and direct current potentials are applied on the quadrupole’s rods. 

It is a significantly rugged mass analyzer with minimum requirements for maintenance and 
excellent stability over long periods that easily interfaces both GC and LC instruments [50]. In IT 
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analyzers (

 

Figure 2.6), gaseous ions are formed by an EI or CI source and are confined,  i.e., 
“trapped” for extended periods by electric and magnetic fields, and selectively ejected 
axially or radially [43], [50]. It provides excellent sensitivity for product ion measurements 
but at low resolving power. Also, it has a lower linear dynamic range and precision, with 
more matrix interferences and worse robustness when compared to QQQ [33].  

 

 

Figure 2.6: Basic architecture of the most commonly used mass analyzers. I. Single quadrupole, 
adapted from [50]; II. IT analyzer, adapted from [43]; III. QQQ analyzer, adapted from [50]; IV. 
Q-TOF analyzer, adapted from [50]; V. Orbitrap analyzer. Adapted from [43]. 



  

Table 2.1: Most commonly used mass analyzers in EEA and their properties: resolving power 
at FWHM, mass accuracy and mass range [22], [31]. 

Mass analyzer 
resolving power 

(FWHM defined at 
m/z) 

resolution 

(Δm/z) 
mass accuracy 

(ppm) 
mass range (Da) 

Q ~ 1,000 (m/z 200) 0.5 - 1.0 ~ 50 50-1,000 

QQQ 
5,000 – 10,000 

(7,500 at m/z 200) 
0.07 - 1.0 ~ 50 50-2,000 

IT ~1,000 (m/z 508) 0.1 0.5 ~50 50-4,000 

TOF 
2,500 – 22,500 

(22,500 at m/z 956) 
0.04 - 0.1 5-10 20-500,000 

LIT-TOF 10,000 (m/z 1000) 0.1 3-5 50-5,000 

Q-TOF 
5,000 – 60,000 

(maXis 4G, Bruker 
Daltonics, m/z 1222) 

0.02 – 0.05 ~ 2-10 50-2,000 

Orbitrap ~100,000 (m/z 200) 0.002 < 2 50-4,000 

Q-Orbitrap ~150,000 (m/z 200) 0.001 <1-5 50-4,000 

LTQ-Orbitrap 
>150,000 (m/z 

400) 
0.001 ~ 2-5 50-4,000 

LIT-Orbitrap 240,000 (m/z 400) 0.0002 <1-3 50-4,000 

FT-ICR 
200,000 – 1,000,000 

(750,000 at m/z 
400) 

0.0005 < 1 50-10,000 

Q-ICR (SolariX 15T, 
Bruker Daltonics) 

2,500,000 (m/z 400) 0.0002 <0.25 100-10,000 

 

 

The unit resolution of single quadrupoles and IT is slightly improved in the other LR-
MS analyzers, but at the cost of lower ion transmission and, therefore, lower sensitivity 
[33]. In a QQQ, three quadrupole analyzers are used in sequence (Figure 2.6); the first 
analyzer (Q1) scans across a range of m/z values or selectively filters ions of a selected 
m/z, and Q2 acts as a collision cell to fragment the selected ions from Q1, while Q3 can 
scan all ions of a certain m/z or can be fixed to monitor a particular ion. QQQ can operate 
in several modes - product ion scan, precursor ion scan, neutral loss scan, selected reaction 
monitoring (SRM), or multiple reaction monitoring (MRM). In all modes, CID occurs in Q2, 
while the difference is in m/z at which Q1 and Q3 operate. In product ion scan mode, Q1 
scans at fixed m/z and Q3 scans full m/z range. In precursor ion scan mode, Q1 scans in 
full m/z range, while Q3 at fixed m/z, while in neutral loss scan mode Q1 also scans in full 
m/z range, while Q3 scans in the range of Q1 minus the m/z of the neutral loss of interest 
(Q3=Q1-Δm/z). Finally, in SRM and MRM, Q1 and Q3 scan both at fixed m/z value for the 
reaction(s) of interest [50]. Therefore, SRM and MRM modes offer high sensitivity, 
precision, accuracy, and good linear dynamic range, thus becoming the “golden standard” 
in targeted analysis.  

HR/AM-MS analyzers offer high (<5 ppm) or very high (<1 ppm) mass accuracy, high 
resolving power - up to 1,000,000 at FWHM at defined m/z (Table 2.1), wide linear 
dynamic range, and high sensitivity in full scan mode. HR/AM-MS analyzers are most 
commonly used for reliable compound identification across a broad mass and 
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concentration range. They can employ different ionization techniques and data acquisition 
modes, e.g., data-dependent acquisition, data-independent acquisition, and all ion 
fragmentation (MSall). Most commonly used HR-AM/MS analyzers include time-of-flight 
(TOF), Orbitrap, FT-ICR, and hybrid MS configurations, such as quadrupole-Orbitrap (Q-
Orbitrap), linear trap-quadrupole (LTQ)-Orbitrap and linear IT (LIT)-Orbitrap, and TOF 
hybrids. 

In its simplest form, the TOF analyzers consist of a flight tube and an acceleration grid 
that accelerates a “packet” of ions from the ionization source to the MS detector. Here, 
two ions of different m/z accelerated from the ion source with the same kinetic energy 

and are allowed to drift through a field-free region of the flight tube to arrive in the 
detector at different times. As the initial kinetic energy (Ek) of the ions and the length of 
the flight tube (d) are constant, mass is strictly a function of the time it takes for the ions 

to be detected after initial acceleration[43], [50]. TOF analyzers today also employ 
reflectron, which reflects the ion path in the direction of the ion source before being 

detected. This allows for corrections in the slight differences in initial kinetic energies of 
the ions that may occur during acceleration [51]. TOF analyzers are suitable for separating 

ions in the widest mass ranges of all mass analyzers, as it is virtually unlimited ( Table 2.1), and 
thus, for elucidation of as comprehensive sample profiling as possible [50]. Q-TOF analyzers (

 
Figure 2.6) are regarded as QQQ in which the third quadrupole is replaced by an orthogonal 

TOF, such that the ions filtered through the quadrupole are injected orthogonally into the TOF 



  

analyzer as a packet using a set of pusher and puller plates between the two analyzers (

 

Figure 2.6) [52]. They are popular as they offer high accuracy measurements in both 
full scan and MS/MS modes. LIT-TOF analyzers perform isolation and dissociation of the 
parent ions in the LIT, followed by product ion analysis with an orthogonal TOF analyzer 
[53]. 

Using FT-ICR analyzers, MW of analytes are determined by first exciting the ions with a limited 
frequency sweep of a broad-band radiofrequency field, placing them in a higher cyclotron orbit 
and allowing them to be detected by measuring their angular (cyclotron) frequency in the fixed 
magnetic field [50], [54]. FT-ICR analyzers have the highest resolving power and mass accuracy 
of all mass analyzers and thus perform best at compound identification but at a high cost and 
slow scan speeds. Similar to FT-ICR analyzers, Orbitrap analyzers use an electric field to induce 

axial oscillations of the ions around the inner electrode of the electrostatic trap that is 
proportional to the m/z ratio of the injected ions (

 

Figure 2.6). Finally, an image current is generated, recorded, and decoded from time 
to frequency domain by Fourier transform [43], [50], [55]. Due to the high resolving power, 
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Orbitraps are used as a replacement for FT-ICR analyzers and often have better resolving 
power at higher m/z [56]. The hybrid mass analyzers, which combine an Orbitrap with a 
quadrupole or a LIT, are Q-Orbitrap, LTQ-Orbitrap, and LIT-Orbitrap and offer higher 
resolving power and mass accuracy due to the mass filtering prior to orbital trapping. 

2.3.2.4 Mass spectra 

 
A mass spectrum can be considered a digitalized ion-current signal that underwent 
considerable processing before display, normalization, and m/z peak assignments. The 
coordinates for each MS peak are the m/z value and the abundance of that ion, 
represented by a vertical line from their position on a two-dimensional Cartesian 
coordinate system to the x-axis [37]. The highest peak in the MS spectrum termed the 
base peak, is often assigned the value of 100, and the intensities of all other peaks are 
normalized as a percentage of the base-peak height. 

The appearance of an MS spectrum for a given compound strongly depends on the 
ionization technique employed. 

 

Figure 2.7 illustrates two MS spectra of ibuprofen, with an exact mass of 206.131 
Daltons (Da). In order to obtain the first (A) spectrum, ibuprofen was bombarded with an 
electron stream that led to the formation of the ion C13H17O2-, i.e., its deprotonated form 
[M-H]-, with an exact mass of 205.123 Da. To relax from the excited state after the collision 
with energetic electrons, the molecular ions further fragment to produce ions of lower 
masses. For example, because of the loss of the CH2O group, the major product C12H17· is 



  

formed, along with other smaller negatively charged fragments. The second spectrum (B) 
was obtained on GC-EI-TOF by bombarding the molecules with a beam of energetic 
electrons, resulting in extensive fragmentation. The base peak corresponds to a fragment 
ion, C12H17

+ with m/z 161; also, other smaller fragments are formed, such as C11H14
·+ with 

m/z 160, C9H9
· (m/z 117), and C7H7

+ (m/z 91), but the molecular ion is absent due to the 
extensive fragmentation. The ions then exit through the slit of the mass spectrometer, 
sorted according to their m/z ratio, and displayed as an MS spectrum. 

 

Figure 2.7: Examples of mass spectra from the Fiehn Library with a corresponding structure 
(left) and peak list (right). A) LC-ESI(-)Q-TOF MS/MS spectrum of ibuprofen; B) GC-EI-TOF MS 
spectrum of ibuprofen. 

 

2.3.3 Derivatization  

 
The concept of chemical modification of compounds to improve their physicochemical 
properties and thus amenability to qualitative or quantitative GC/LC-MS analysis has been fully 
recognized for many decades. Multiple properties are altered by modifying certain functional 
groups of a compound, such as their polarity, volatility, thermal stability, solubility, and 
ionization efficiency during MS. In turn, chromatographic behavior is improved, with improved 
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peak resolution, symmetry, and detector response. Consequently, sensitivity and selectivity of 
quantification are improved. The generated MS data provides valuable structural information 
for analyte identification. While the potential of derivatization in LC-MS analysis has been 
realized only recently [47], [57], its role in GC-MS analysis is well established. The main aims of 
derivatization prior to chromatography-MS analysis are [47], [58], [59]: 
A. Conferment of volatility, by increasing the volatility of compounds due to mutual 

association of molecules through hydrogen or ionic bonds or by decreasing the 
excessive volatility of compounds (e.g., low Mw amines), and thus separating the 
compound peak from the solvent front; 

B. Improvement of thermal and catalytic stability: reducing the number of reactive 
sites, thus avoiding decomposition and accompanying reactions - decarboxylation, 
dehydration, formation of cyclic structures, etc.; 

C. Improvement of ionization efficiency: only for LC-MS of compounds that do not have 
high proton or cation affinity by improving surface activity (e.g., hydrophobicity) or 
introducing fixed-charge groups; 

D. Improvement of chromatographic behavior [58]–[60]: 
i. improving the compatibility with the chromatographic environment. Free 

carboxylic acids and amines form strong hydrogen bonds with the -SiOH 
groups from the chromatographic system or sample residues left in the 
injector or column, resulting in system contamination, peak loss, or tailing 
caused by irreversible or reversible adsorption, respectively; 

ii. facilitating the separation of closely related analytes; 
iii. improving peak shape and symmetry and preventing peak tailing; 
iv. improving the linearity of chromatographic response, especially in low 

concentration ranges; 
v. improving selectivity and sensitivity by giving rise to an abundance of parent 

or high mass ions, thereby improving the signal/noise (S/N) ratio; 
vi. prolongation of Rt out of a region with a “high” background to a less 

contaminated, higher mass region; 
vii. improving separation of enantiomers by forming diastereomers. 

E. Improvement of spectrometric behavior: 
i. generation of ions for more sensitive quantification; 

ii. generation of MS spectra with more favorable diagnostic fragmentation 
patterns for MS-based structural elucidation; 

iii. generation of mass shifts, that provides valuable structural information for 
determining the number and type of functional groups. 

 
Despite all benefits, introducing the derivatization step prior to chromatographic-MS 

analyses is often considered the most time-consuming, error-prone step introducing by-
product formation, ionization suppression, chromatographic system interferences or 
contamination and derivatives degradation, thus negatively influencing speed, sensitivity, 
selectivity, and accuracy of the analyses.  

Derivatization prior to LC-MS analysis was introduced in the 1980s to improve 
separation, sensitivity, selectivity, and overall data quality. Aldehydes, ketones, alcohols, 
carboxylic acids, amines, and thiols are derivatized using versatile derivatization agents, 
primarily to achieve improved ionization efficiency, as in the case of alcohols and phenols, 
to decrease an analyte’s polarity, as in the case of amines, or to prevent oxidation of thiols 
during sample preparation [57]. Conversely, derivatization prior to GC-MS analysis has 
been well established for over seven decades, successfully expanding its application in 
various research fields, such as metabolomics, exposomics, pharmaceutical analysis, and 
food safety evaluations. Here, the most diversely applicable and popular derivatization 
methods are based on silylation, acylation, alkylation, and formation of cyclic derivatives, 
along with less common chiral derivatization [47], [60]. 

2.3.3.1 Silylation 

2.3.3.1.1 Chemical aspects of silylation 
 



  

Silylation is the simplest, quickest, and most versatile derivatization method for enhancing GC-
MS performance [61]. The basic concept relies on the stoichiometric replacement of the active 
hydrogen atoms bound to electronegative elements (O, N, S, and P) with the electrophilic group 
-SiR1R2R3 by nucleophilic substitution (SN2). Many silyl groups are tested or employed, such as 
dialkylsilyl, alkyldimethylsilyl, aryl substituted silyl, aloxydimethylsilyl, and other alkoxy-
substituted silyl, cycloorganosilyl, dialkyldimethylsilyl, halocarbon(di)methylsilyl and cyclic silyl 
groups. Of them, the trialkylsilyl -Si(CH3)3 and Si(CH3)2C(CH3)3 groups are most commonly used 
to form TMS and TBDMS derivatives, respectively [62]. The reaction mechanisms are shown in 
Figure 2.8. Silylation usually gives quantitative yield under relatively mild conditions by adding 
an excess of silylating agent to a dry sample residue. More vigorous conditions are required for 
the silylation of more hindered functional groups by proceeding with the reaction at elevated 
temperatures (40-120C̊) and the addition of catalysts (further discussed in Section 2.3.3.1.3), 
depending on the nature and steric hindrance of the functional groups of interest.  

 

Figure 2.8: Representative examples of silylation mechanisms: A) trimethylsilylation, B) tert-
butyldimethylsilylation (X denotes the leaving group). 

Silylation is performed in aprotic solvents, dissolving the sample and the formed 
derivatives [63], such as ethyl acetate (EtAc) and acetonitrile (ACN) [64], dichloromethane, 
tetrahydrofuran, pyridine, and dimethylformamide [14]. Alternatively, previously dried 
samples are reconstituted in the silylating agent with/without the presence of a catalytic 
solvent, such as pyridine, driving the chemical equilibrium towards product formation 
[65]. However, the use of pyridine can lead to the formation of secondary products and 
chromatographic anomalies [14]. Silylation requires anhydrous conditions, as even trace 
amounts of water or protic solvents, such as methanol (MeOH), ethanol (EtOH), and 
isopropanol, can react with silylating agents and the silyl derivatives. Usually, silylating 
agents are added in excess so that the amount of water and protic solvent(s) becomes 
negligible [47], [66]. TMS derivatives are usually formed in sealed vials directly before 
analysis; however, silylation can also be carried out on solid phase microextraction 
sorbent, in injector or on-column, although rapid methods are not appropriate for 
silylation of hindered groups. 

The formed silyl derivatives have improved volatility, thermal and catalytic stability, 
and chromatographic and spectroscopic behavior. Generally, silyl derivatives containing 
fluorinated groups at the silicon atom are more volatile and mobile in the GC system than 
the corresponding nonfluorinated analogs and form sharp and symmetric 
chromatographic peaks [47]. In general, the MS spectra of the TMS derivatives show much 
more fragmentation than the corresponding TBDMS derivatives due to the ease of 
elimination of stable radicals from their M·+ ions, suppressing competitive decomposition 
processes [47]. 

The MS spectra of trialkylsilyl derivatives are very characteristic in that they usually do 
not exhibit a M·+ peak (abundant only for phenylsilyl groups) but a distinctive [M-15]+ peak, 
corresponding to -CH3 loss in the case of TMS derivatives, or [M-57]+ peak, corresponding 
to -C(CH3)3 loss in case of TBDMS derivatives, which frequently is the base peak. In the case 
of aliphatic alcohols, phenols, and carboxylic acids, this is the very stable siloxonium ion 
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(R-O+=Si(CH3)2), characterized by reasonably intense X+1 and X+2 peaks due to the 
presence of Si. In the case of amines and amides, the [M-15]+ peak represents a 
silimmonium ion [37]. Other characteristic fragmentation pathways are well established, 
such as β-cleavage with charge retention on the silicon-containing moiety of silyloxy 
derivatives, N,N-di-TMS and N,O-di-TMS derivatives, elimination of silyloxy molecule 
(R1R2R3SiOH) from both molecular and product ions and rearrangement reactions [47]. 

Silylation, however, has several disadvantages. TMS derivatives are susceptible to 
hydrolysis in the presence of moisture, given in descending stability order: TMS ethers > 
TMS esters > TMS amines [62]. Thus, their exposure to the atmosphere must be limited 
[59]. In contrast, the second most commonly used TBDMS derivatives are about 104 times 
more stable to hydrolysis, hydrogenolysis, reduction, and oxidation than the 
corresponding TMS derivatives, because the bulky TBDMS group protects the remaining 
compound structure from moisture [47], [61]. Silylation bears few risks, such as undesired 
degradation, rearrangement reactions, artifact formation, undesirable side reactions of 
polyfunctional compounds due to incomplete conversion, and unexpected reactions of the 
silylation agent with other small molecules formed in the course of the reaction (e.g., 
mineral and organic acids). The formation of by-products is also common that can strongly 
interfere with chromatographic analyses,  causing column contamination and interfering 
with detectors, thus, affecting the stability of the formed derivatives [47]. Finally, the high 
MW of the silyl derivatives, especially of polyfunctional compounds, may surpass the 
instrument's linear range. In such a case, the derivative may not elute from the GC column 
even at maximum working temperatures and significantly contaminate the GC-MS system. 

2.3.3.1.2  Compounds amenable to silylation 
 
Compounds containing active hydrogen functional groups, such as hydroxyl (-OH), 
carboxyl (-COOH), primary amine (-NH2), secondary amine (-R1R2=NH), or thiol (-SH) are 
most commonly silylated prior to GC-MS analysis, together with less commonly silylated 
aldehyde (-CHO) and keto (-CO) functional groups. Alcohols, phenols, carboxylic acids, 
oximes, sulpho-acids, phosphorous acids, enols, amines, amides, imines, thiols, and 
thiocarboxylic acids [47]. Compounds containing phosphate (-POH), (-SOH), amide (-NOH), 
and aldehyde/ketone (-CH2RC=O) functional groups undergo silylation less readily. BSTFA 
with potassium acetate, BSTFA, and TMCS, HMDS, and TMCS in pyridine, in the presence 
of bases or acids, can convert carbonyl groups into enolic tautomers, followed by the 
formation of enol silyl ethers. 

The ease of reaction (Figure 2.9) is generally in the order of alcohols > phenols > 
carboxylic acids > amines > amides and is higher for primary than for secondary amines 
[62]. 

 

Figure 2.9: Compounds amenable to silylation (listed in the approximate order of decreasing 
ease of silylation).  

 



  

2.3.3.1.3 Silylation reagents 
 
Most commonly used silylation reagents are silyl chlorides, derivatives of acetic or trifluoroacetic 
acids and silyl derivatives of some amines and amides, including: N-methyl-N-
trimethylsilylacetamide (MSA), N,O-bis(trimethylsilyl)acetamide (BSA), MSTFA, 
hexamethyldisilazane (HMDS), BSTFA, TMCS, trimethylsilylimidazole (TMSI), N,N-
diethyltrimethylsilylamine (TMS-DEA) for TMS derivatization, and N-(tert-Butyldimethylsilyl)-N-
methyltrifluoroacetamide (MTBSTFA) and tert-butylchlorodimethylsilane (TBDMCS) for TBDMS 
derivatization. TMCS and TMSI, together with trifluoroacetic acid, are commonly added as 
catalysts to HMDS, MSA, BSA, MSTFA, and BSTFA, as well as TBDMCS to MTBSTFA. Their chemical 
structures and their application are given in Table 2.2Table 2.2: Commonly used silyl reagents 
(*- usually employed as a catalyst) in descending order of their silyl donor activity. Carboxylic 
acids, unhindered alcohols, including carbohydrates and polyols, and unhindered phenols may 
be silyl with most of the listed silylation reagents. Also, mixtures of reagents can be used, such 
as BSTFA + TMSIM + TMCS, BSTFA + TMS-DEA + TMCS or MSTFA + TMCS + TMSIM. Seldom, TMS 
groups can also be introduced by N-TMS derivatives of piperidine, pyrrolidine, morpholine, 
N,N’’-bis(trimethylsilyl)urea, and N-trimethylsilylacetanilide [47]. 

Table 2.2: Commonly used silyl reagents (*- usually employed as a catalyst). 
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2.3.3.2 Other derivatization methods 

 
Other derivatization methods are successfully employed in GC-MS analysis. Such is 
acylation, a standard method for derivatization of polar compounds, often used as an 
alternative to silylation [47]. It is most applicable for derivatization of primary and 
secondary amines and compounds with an alcoholic or phenolic hydroxyl group, 
producing stable derivatives, but it is not applicable to carboxylic acids, thiocarboxylic 
acids, sulphonic-, phosphonic- and phosphoric acids [47], [61].  

Acyl derivatives are formed by a nucleophilic, electrophilic, or free radical 
displacement of an active hydrogen atom from OH, -NH2, -NH, -SH groups by an acyl group 
(-CO-R). Numerous acylation reagents are used, such as: 

(a) acid anhydrides: acetic anhydride, trifluoroacetic anhydride, pentafluoropropionic 
anhydride, heptafluorobutyric anhydride, pentafluorobenzoyl anhydride; 

(b) perfluoroanhydrides and their derivatives, e.g., N-hepraflurobutyrylimidazole; 
(c) alkyl chloroformates, e.g., pentaflurobenzyl chloroformate; 
(d) acyl halides and acyl derivatives (acylimidazoles, acylamides, acylated phenols).  



  

Reactions are carried out in tetrahydrofuran or chloroform in the presence of a basic 
catalyst, such as pyridine, substituted pyridines, lower tertiary amines, NaOH, or sodium 
acetate can scavenge a halogen acid or carboxylic acid produced in the course of acylation 
[47]. 

A further common derivatization – alkylation (arylation), includes the nucleophilic 
replacement of an active hydrogen atom by an alkyl or an aryl group. Common reagents 
for phenols, thiols, carboxylic acids, sulphonic acids, and phosphonic acids include: 

(a) N,N-dimethylformamide dialkyl acetals: 
(b) diazoalkanes homologous to diazomethane (e.g., trimethylsilyldiazomethane); 
(c) higher alcohols and halogen-containing alcohols, usually in the presence of Lewis-

acid catalysts (e.g., HCl, H2SO4, BF3, BCl3, PCl3, POCl3, CF3COOH, and C6H5SO3H); 
(d) alkyl (methyl, ethyl, and propyl) bromides or iodides and benzyl bromide and its 

substituents or fluorinated analogs in the presence of K2CO3, BaO, AgNO3, or Ag2O;  
(e) methylation with tetramethylammonium hydroxide or trimethylsulfonium 

hydroxide under thermal conditions. Permethylation with formaldehyde (in the 
presence of NaBH4 and H2SO4) or CH3I and NaH is most common for amines, 
amides, and carbamates [47].  

The formation of cyclic derivatives, such as acetals, ketals, esters, cyclic boronates, 
cyclic siliconides, cyclic carbotanes, or various cyclic derivatives, is less frequent. 
Compounds containing two or more -OH, -NH, and -SH groups in close proximity (1,2-, 1,3- 
or 1,4- positions in an alkyl chain or ortho position on an aromatic ring) react 
stereospecifically with appropriate aldehyde or ketone, monoesters of boric acid, 
methyl/ethyldichlorosilanes or phosgene/thiophosgene, respectively. Chiral separation 
and quantification of enantiomers rely on converting a racemic mixture of enantiomers to 
diastereomers using chiral derivatization agents, such as R-(+)-L-phenylethyl isocyanate. 
Other group-specific derivatization methods are very seldomly used, following the general 
trend in “omics” sciences to devote research efforts to developing multi-residue screening 
methods [47]. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 



     

Chapter 3 

3 Cheminformatics Approaches for MS-Based 
Compound Annotation 

Accurate, confident, and reliable compound annotation (CA) during environmental 
analysis is crucial for identifying as many eco-exposome (EE) constituents as possible in 
complex environmental matrices. In the era of intense instrumental and computational 
development, CA evolves at a surprisingly rapid pace from the conventional approaches 
of manually matching the acquisition results to compound DB and MSL to 
cheminformatics approaches at all steps, from experimental design to CA. This chapter 
aims to overview the most recent developments in cheminformatics-assisted CA 
approaches, utilizing structural information inherent to MS spectra and their 
performance. To this end, the chapter proposes a new classification of cheminformatics-
based CA approaches and summarizes the results of all recent performance evaluation 
studies for the first time. The chapter is divided into two sections. We first give the 
problem description (3.1) and then present the paper published in Trends in 
Environmental Analytical Chemistry (Section 3.2) that addresses the described problem. 

3.1 Problem Description 

Determining the structural identity of MS features is the bottleneck in conventional non-
target screening (NTS) workflow [5], [34], [67] and is even more complicated in eco-
exposome annotation (EEA) due to the complexity, diversity, and dynamics of the 
“chemical space” to be identified. Moreover, the most commonly employed GC-MS and 
LC-MS analytical platforms in EEA investigations increase the quality and amount of 
structural data available for CA and the study duration and complexity. Thus, ideal CA 
approaches have to address all aforementioned challenges. Traditional CA approaches 
rely on simple compound DB and MSL search. In the first case, the exact mass and MF of 
the unknown compound are first determined from MS data. They are then used to search 
for structure candidates across one or more DB, including large repositories (e.g., CAS, 
PubChem, ChemSpider), more minor, domain-specific DBs (e.g., Human Metabolome 
Database [68], Toxin and Toxin Target Database [69], Comptox Chemistry Dashboard [70]) 
or their combination. In the second case, MS data is directly searched against one or more 
MSL, such as the open access METLIN [71], MassBank [72], MoNa [73], Fiehn Lib [74], and 
the commercially available NIST Mass Spectral Library [1] and Wiley Library [75], providing 
means for assigning possible structure annotations to an MS feature. Despite that 
constant growth in size and scope, MSLs still cover only a tiny fraction of exposomics-
relevant chemical information, equivalent to MS data for only 0.6-3.6% of the compounds 
present in compound DB. This lack of data results from inherent limitations, i.e., limited 
availability of reference standards and the lack of standardization in the field. Both DB and 
MSL search approaches are ineffective for EEA, as they cannot provide holistic and 
comprehensive coverage of the EE-relevant chemical space. Instead, they require manual 
expert knowledge-based visual inspection of the candidate lists for annotation of “known 
unknowns” and thus impair the identification of “unknown unknowns”. Also, the DB and 
MSL search approaches are highly susceptible to errors-false positives, especially when 



  

considering the allowed mass error for the queried compound, where the mass or 
molecular formula (MF) is correct, but the assigned structure is incorrect. They are also 
susceptible to false negatives, where no candidate compound falls within the allowed 
mass, MF, or metadata range [32]. As a result, many MS features, i.e., two-dimensional 
entities, such as an isotope pattern as m/z values and elution profile as Rt, correspond to 
compounds absent from DB and MSL, i.e., are yet to be included [67]. Consequently, most 
EEA studies have a low yield of correctly annotated compounds, and more than 70% of 
the MS features remain unidentified [34]. 

Novel cheminformatics-assisted CA approaches have been introduced and intensively 
used in many “omics” sciences in the last two decades. Most of them have been 
developed for metabolite annotation, but they are, in principle, applicable to identifying 
any small molecules. However, data regarding their use in the CA task using MS spectra is 
only recently publicly available. However, a few extensive reviews have given a critical 
insight into the basic principles, limitations, and achievements of CA approaches from the 
analyst's perspective, i.e., the end-user. Data regarding their use in EEA is based on 
publications of very few research groups, while the performance evaluations are based on 
the results from the recent Critical Assessment of Small Molecule Identification (CASMI) 
contests. In the paper included in this chapter, we address the lack of recent 
methodological classification and overview of cheminformatics-based CA approaches and 
their performance in the EEA task. Additionally, we discuss the obstacles to their use in 
EEA workflows and offer directions for further development, especially towards 
promoting their use in EEA and using GC-MS spectral data. 

3.2 Related Publication 

Journal paper 

Ljoncheva, M., Stepišnik, T., Kosjek T., Džeroski, S., (2020) Cheminformatics in MS-based 
environmental exposomics: current achievements and future directions. Trends in 
environmental analytical chemistry. 28:e00099 2020, ISSN 2214-1588. DOI: 
10.1016/j.teac.2020.e00099 

This publication contains the following contributions: 

• An overview of the eco-exposome (EE) concept and the task of eco-exposome 
annotation (EEA). 

• A review of the basic principles of cutting-edge cheminformatics CA approaches 
by proposing a novel, methodology-based approach classification. 

• A critical assessment of the annotation accuracy and confidence of the 
cheminformatics-assisted CA approaches by reviewing the results of recent 
performance evaluation studies on EE constituents. 

• An identification of the main obstacles to further advancement of the field that should 
be tackled to improve further the capabilities of cheminformatics CA approaches is 
performed. 
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Chapter 4 

4 Machine Learning in the Annotation of CEC 
Silyl Derivatives 

Herein are presented novel methodological workflows for the generation of datasets of GC-EI-
MS spectra of silyl (TMS and TBDMS) derivatives of CEC for the purpose of training and testing 
of ML-based CA approaches. A three-step workflow is proposed for the generation of spectral 
datasets of silyl derivatives from mass spectral libraries (MSLs). The three steps correspond to 
filtering criteria that ensure the presence of good quality GC-EI-MS spectra of chemically logical 
silyl derivatives, generated as described in Section 2.3.3.1. Next, we generate two test GC-EI-MS 
datasets of CEC-silyl derivatives using GC-MS acquisition that follows optimized derivatization 
protocols. Finally, a ML approach based on IOKR methodology for CA of CEC is applied using GC-
EI-MS spectral data of their silyl derivatives and achieves good CA accuracy. The CA performance 
of the ML approach is then compared to the performance of a non-ML approach, and finally, the 
CA of CEC-TMS derivatives in complex environmental matrices is carried out. The results confirm 
the second (H2) and third (H3) hypotheses. In particular, using their GC-EI-MS spectra, 
structurally diverse semi-polar and thermolabile CEC are successfully identified through their 
silyl derivatives. Also, it is shown that an ML approach using training and test datasets of silylated 
compound GC-EI-MS spectra provides more accurate CA than non-ML approaches. 

The chapter is divided into four sections: problem description (Section 4.1), two journal 
papers that address the described problem (Section 4.2), a comparison of the CSI:IOKR approach 
with a non-ML CA approach (Section Error! Reference source not found.), and CEC-TMS 
identification in complex matrices (Section 4.4). 

4.1 Problem Description 

Chapter 3 provides a survey of the recent trends in cheminformatics-based CA in the last two 
decades and points out numerous cheminformatics, and especially ML-based approaches for CA, 
using MS spectral data [5], [34], [76], [77]. It also highlights the lack of ML-based approaches for 
CA via GC-EI-MS data. This chapter also presents the challenges in the field to be tackled by 
future advancements in cheminformatics approaches in EEA. In this context, it is directed toward 
the following: 

• generating publicly available benchmark datasets of high-quality GC-MS spectra that, 
apart from establishing a standardized system of evaluation metrics, would significantly 
contribute to the standardization of methods for performance evaluation of CA 
approaches. 

Every novel CA approach is typically compared to other available CA approaches. Such 
comparison is made using user-defined datasets, evaluation metrics, and executables for 
automated evaluation, which give variable and seldomly objective results. The only statistically 
robust comparison of cheminformatics-assisted CA approaches, the 2012-2017 CASMI contests, 
was performed on datasets of LC-ESI-MS spectra. An exception is the 2012 CASMI contest, where 
GC-EI-MS datasets were assigned challenges for best MF assignment and compound 
identification. Moreover, MS spectra of TMS and TBDMS derivatives are poorly represented in 
compound DB and MSL. This under-representation is potentially one of the issues hampering 
the employment of cutting-edge CA approaches in CEC annotation through the GC-EI-MS spectra 



  

of their silyl derivatives. We believe that, by generating and publishing datasets of GC-EI-MS 
spectra and providing them as stand-alone MSL or as a subset of already available MSL, we would 
encourage the employment of cheminformatics, specifically ML-based CA approaches.  

• Stimulating further development of DB-based CA approaches, rather than MSL-based 
ones, and their use in CA based on GC-EI-MS spectral data. 

Out of the 37 cheminformatics-based CA approaches in the CASMI contests [5], 20 
approaches were DB-based: ACD/MS Fragmenter [78], Mass Frontier [79], MS FINDER [80], the 
Rasche method of compound identification by aligning fragmentation trees [81], MetFrag v.1.0-
v.3.0 [82]–[84], MAGMa [85], MolFind [35], Database Assisted Structure Identification (DASI) 
[86], MIDAS [87] and MIDAS-G [88], fragment set enrichment analysis (FSEA) [89], MetExpert 
[90], FingerID [91], and all the IOKR-based approaches [6], [92]–[95], SIMPLE and L-SIMPLE [76] 
and DeepEI [96]. Of these, MS-FINDER [80], MetFrag [82], and CSI:IOKR [6] were the best 
performing approaches in the CASMI 2016 contest, while MS-FINDER [80] + metadata and 
CSI:FingerID [92] were best performing approaches in the CASMI 2017 contest. Interestingly, 
only 12 approaches, out of all 37 evaluated approaches were designed and tested on GC-EI-MS 
data: MSClass [97], MassFrontier [79], ACD/MS Fragmenter [78], MOLGEN-MS [98], Golm 
Metabolome Database algorithm [99], Hufsky method [100], MetExpert [90], DeepEI [96], CFM-
ID v.1.0 [101] and the Quantum Chemistry Electron Ionization Mass Spectra approaches [102]–
[104]. The latter three [102]–[104] were not properly used in real-throughput analyses due to 
their long computation times. The current cutting-edge methodologies, based on IOKR, are ML 
models trained and tested exclusively on LC-ESI-MS/MS data and are yet to be challenged 
against GC-EI-MS data. We opt to achieve satisfactory CA performance by adapting and applying 
IOKR approaches to GC-EI-MS spectral data. The reason is that under EI compounds fragment 
following predictable and thoroughly studied fragmentation patters, resulting in highly 
reproducible EI spectra suitable for CEC annotation [64].  

This chapter also addresses two aforementioned issues - the generation of publicly available 
benchmark datasets of high-quality GC-MS spectra and the stimulation of further development 
of DB-based CA approaches. The first issue is addressed by developing methodological 
workflows for generation of MSL-derived GC-EI-MS spectral datasets and de novo generation of 
GC-EI-MS datasets of silyl derivatives of a representative selection of CECs. Both are intended to 
serve as benchmark datasets for the development, training, validation, and performance 
evaluation of ML-based CA approaches. The second issue is addressed by applying the IOKR-
based ML approach to annotating CEC-silyl derivatives. Finally, the performance of the IOKR-
based ML approach with the performance of manual MSL search is compared, and the 
annotation of CEC-TMS derivatives in complex environmental matrices is performed.  

4.2 Related Publications  

Publication 1 

Journal paper 

Ljoncheva, M., Kosjek, T., Džeroski, S. GC-EI-MS datasets of trimethylsilyl (TMS) and tert-butyl 
dimethyl silyl (TBDMS) derivatives for the development of machine-learning based compound 
identification approaches, Data in Brief (submitted 4 July 2022).  

This publication contains the following contributions: 

• A methodology, i.e., a three-step filtering approach for generating GC-EI-MS spectral 
datasets of silyl derivatives from MSL, ensures reliable and accurate CA. 

• GC-EI-MS spectral datasets of CEC TMS and TBDMS derivatives are given along with their 
metadata in universal ready-to-use formats for further cheminformatics-based 
processing. The GC-EI-MS spectral datasets are publicly available in the Mendeley Data 
Repository at the following link: https://data.mendeley.com/datasets/j3z5bmvmnd/3. 
They are free to use in performance evaluation and validation of other existing ML-based 
CA approaches and develop and optimize novel ML-based CA approaches. 

https://data.mendeley.com/datasets/j3z5bmvmnd/3
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• The generated GC-EI-MS spectral datasets are of significant value for the environmental 
and exposomics research communities, as they can be used as a stand-alone MSL or 
joined with other MSL in the task of eco exposome annotation (EEA). 
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Publication 2 

Journal paper  

Ljoncheva, M., Stepišnik T., Kosjek, T., Džeroski, S. Machine learning for identification of silylated 
derivatives from mass spectra, Journal of Cheminformatics (accepted, 31 July 2022)  

This publication contains the following contributions: 

• ML-based CSI:IOKR approach has been used to identify CEC silyl derivatives from their 
GC-EI-MS spectra. 

• The impact of several factors on the identification performance of CSI:IOKR has been 
investigated. The factors include the use of filtering approaches in generating MSL-
derived spectral datasets, the overlap between training and testing datasets, and the 
post-acquisition processing of the test dataset. 

• Confirmation that the identification rates of the IOKR-based approaches largely depend 
on the quality of the training MS spectral dataset, with a crucial improvement of 
identification rates achieved by expert-driven curation of training datasets. 

• Confirmation that the performance of the IOKR model is not influenced by the size of the 
compound’s candidate set. 

• Confirmation that the IOKR approach has identification rates for TMS derivatives outside 
the training dataset comparable to the rates for those inside the training dataset. 

• Confirmation that the IOKR approach can be successfully employed in CA of CEC using 
the GC-EI-MS spectra of their silyl derivatives as a viable alternative to MSL(s) search. 
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4.3 Comparison of Machine learning-based with non-machine learning-
based CA 

 
This section compares the CSI:IOKR approach's performance for identifying CEC-TMS derivatives 
through their GC-EI-MS spectra to a non-ML-based identification approach. The latter matches 
the acquired GC-EI-MS spectra of CEC-TMS from the test datasets RAW and BS described in the 
two papers in Section 4.2 to the NIST 17 MSL [1]. The resulting GC-EI-MS spectra were first 
extracted as mzXML files from the Agilent Mass Hunter Qualitative Analysis software v.B.07.00 
and matched against NIST 17 MSL [1], using the MS Search Program v.2.3.  

The results of the NIST 17 MSL [1] matching of the RAW and BS GC-EI-MS spectra of 106 CEC-
TMS derivatives are given in Table 4.1.1. They are represented by ranking the correct CEC-TMS 
derivatives in the top 100 library hits, the match factor (MFR), and the reverse match factor 
(RMFR). The MFR for the unknown and the library spectrum is calculated by directly matching 
peak m/z values and relative intensities. The RMFR is a match factor for the query spectrum and 
the library spectrum, ignoring any peaks in the unknown not in the library spectrum. Both scores 
are derived from a modified cosine of the angle between the spectra (normalized dot product). 
A perfect MFR result would have a value of 999, whereas two spectra with no m/z in common 
would have a value of zero. As a general guide, 900 or higher MFR and RMFR values mean an 
excellent match; 800-900 is a good match, 700-800 is a fair match, and ≤ 600 is a poor match 
[105].  

For almost a third (28 %) of the studied CEC-TMS, there was no corresponding GC-EI-MS 
spectrum in the NIST 17 MSL [1]. Matching the GC-EI-MS spectra for the remaining 72 % CEC-
TMS from the TMS RAW test dataset against NIST 17 MSL [1] (Table 4.1: NIST 17 MSL search 
results for TMS RAW and BS GC-EI-MS test dataset.) resulted in ranking the correct CEC-TMS at 
#1 for 98 CEC-TMS derivatives; thus 89.61% of the CEC-TMS derivatives were ranked first. 99.05 
% of the CEC-TMS were ranked among the top 20 hits, and 97.17% were among the top 10 hits. 
The average absolute ranking position (ARP) and the average relative ranking position (RRP) of 
the correct CEC-TMS, calculated according to the equations given in the second paper in Section 
4.2, are 2.36 and 0.014, respectively. The average MFR and RMFR are 882.325 (308-990) and 
904.857 (322-922), respectively. 

For many of the CEC-TMS derivatives whose GC-EI-MS spectra are not present in NIST 17 
MSL [1], TMS derivatives of structurally similar compounds were ranked in the top hits. For 
example, for both 5-NG-TMS and 6-NG-TMS, the first hit is 2-methoxy-5-nitrophenol TMS (MFR 
986/RMFR 993 for 5-NG-TMS and 716/759 for 6-NG-TMS). For 6-HP TMS, the #1 hit is pregn-5-
en-20-one, 3.17-bis[(trimethylsilyl)oxy]-, O-methyl, which has the identical sterol ring backbone. 
Further, 11-HT-TMS is #5 and #1 hit for 11-HAD-TMS and 17-HP-TMS, respectively. Also, BPA-
2TMS, the correct compound, is ranked #2, while at #1 is 3,4’-isopropylidenediphenol, bis 
(trimethylsilyl) ether, which has the two -OH groups at m- and p- positions at the two phenyl 
rings, instead of p-/p- in BPA. ERY-4TMS is ranked #2 (835/864), while #1 is 1,2,3-butanetriol 
3TMS (842/886). The same is true for E3-3TMS, ranked #2 (945/948), while #1 is the 
stereoisomer 16β, 17β-estriol 3TMS (968/971). For IbuPb-TMS, not included in NIST 17 MSL [1], 
the GC-EI-MS spectrum of BuPb-TMS is ranked #1 (956/956). Another example is BP-8-TMS, for 
which {4-methoxy-2-[trimethylsilyl)oxy]phenyl}{2-[(trimethylsilyloxy]phenyl)methanone is 
ranked #1 (969/969). The top hit has the two TMS groups attached to the ortho position of the 
two phenyl rings. Finally, for DH-BP 2TMS, which is not in NIST 17 MSL [1], the GC-EI-MS 
spectrum of 2,4'-dihydroxybenzophenone 2TMS is ranked #1 (851/914), and the one of 2,2'-
dihydroxybenzophenone 2TMS is ranked #2 (796/865). 

For other CEC-TMS derivatives whose GC-EI-MS spectra are not included in NIST 17 MSL [1], 
most top 10 hits have an identical MF to the queried derivatives. Examples are MePb-TMS, for 
which the top 9 hits share the MF (C11H16O3Si), and EtPb-TMS, whose top 4 hits had the MF 
(C12H18O3Si3), including acetovanillone-TMS, acetoisovanillone-TMS, and ethyl vanillate-TMS. In 
contrast, none of the top 10 hits shares the correct MF for KET-TMS (C19H22O3Si). Interestingly, 
for one CEC-TMS derivative, 9-HF-TMS, underivatized compounds structurally similar to the 
parent CEC appeared among the top 10 hits. Such are 9-benzylfluorene ranked #4 (554/650), 
and 9H-fluorene-9-carboxylic acid, ethyl ester, ranked 6 (524/871). 
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For some of the CEC-TMS whose GC-EI-MS spectra are not included in NIST 17 MSL [1], the 
top 10 hits are chemically illogical Si-containing compounds with different MFs and low 
MFR/RMFR. Such is MEC-TMS, where the match scores of the top 10 hits ranged from 516 to 
563, and the #1 hit is a compound with a C-Si bound. Also, for CBDA-3TMS, many inappropriate 
matches are found between the top 10 hits, for example, siloxanes or even arsenic-containing 
compounds. Likewise, for BPBP-2TMS that is not part of NIST 17 MSL [1], the top 20 matches do 
not include TMS derivatives of any other bisphenols present. Also, for CBC-TMS, none of the 
cannabinoids included in NIST 17 MSL [1] is listed in the top 100 hit list, except Δ9-THC-TMS, 
ranked #53 (438/447).  

For 4,4'-BP-2TMS, the resulting hit list is also unsatisfactory. Although its GC-EI-MS spectra 
are in the library, the correct compound is ranked #78 (308/322). Interestingly, for the 
compound with three stereoisomers, coumaric acid (o-, m- and p-), only one of all three 
stereoisomers is ranked #1 (m- 901/960), while the o- isomer is ranked #12 (638/651), and the 
p-isomer is ranked #13 (640/660). For OCA-2TMS, the p- isomer is ranked #1 (936/968) and vice 
versa, i.e., the o-isomer is ranked #1 for PCA-2TMS (981/985), with identical values for both RAW 
and BS spectra. 

Matching the background-subtracted GC-EI-MS spectra of CEC-TMS against NIST 17 MSL 
[1] did not result in any crucial changes in the CSI performance (Table 4.1). The ARP of the correct 
CEC-TMS remained the same – 2.36, with average MFR and RMFR of 882 (308-990) and 903 (332-
992), respectively. 

Still ranked #1, but with lower MFR/RMFR are the GC-EI-MS spectra of TMS derivatives 
of STA, NX, L-TYR, EE2, and CBN, while BPCL-2TMS has only lower MFR for BS. The MFR/RMFR 
are higher for the BS GC-EI-MS spectra of the TMS derivatives of SA, PAA, MAMPH, COD, BHT, 
BZECG, 4,4’-BP, and AMP (778/852 vs. 879/948) and 6-MAM (681/682 vs. 780/781). Only the 
RAW GC-EI-MS spectrum of 3-MT-2TMS is ranked #1, and the BS spectrum is ranked #2, as the 
positional isomer 4-MT-2TMS is ranked #1 (986/991). 

Comparison of the performance of the CSI:IOKR approach and the NIST 17 MSL [1] manual 
search approach in terms of identification accuracy reveals higher top 1, top 10, and top 20 
rankings and average ARP for the NIST 17 MSL manual search, compared to CSI:IOKR. The 
average RRP for the NIST 17 MSL manual search was 25.7 times lower than for CSI:IOKR. Lower 
RRP values indicate better rankings [106], meaning that compounds are more correctly ranked 
in the case of the NIST 17 MSL manual search approach. However, the results of the NIST 17 MSL 
manual search include only the TMS derivatives whose GC-EI-MS spectra are present in the MSL, 
while the CSI:IOKR approach performs CA for all TMS derivatives, not considering the 
presence/absence of their GC-EI-MS spectra in the NIST 17 MSL. Despite this issue, the NIST 17 
MSL manual search approach has more disadvantages. The MS Search Program v.2.3 allows 
import of spectra in limited file formats (.mzXML, .mzData, .MSP, .JDX, .SDF, .MOL, .KCF, .DTA, 
.PKL), while the Agilent Mass Hunter Qualitative Analysis v.B.07.00 allows export of MS spectra 
in other file formats (.xls, .txt, .csv, .xml, .mzData, .emf and .bmp). Therefore, GC-EI-MS spectra 
must first be extracted from Mass Hunter Qualitative Analysis v.B.07.00 as .mzData files and 
then imported into NIST MS Search Program v.2.3. As the NIST MS Search Program does not 
allow batch import and search of .mzData MS files, a search was performed manually, one by 
one for each GC-EI-MS spectra. 



     

 

 Table 4.1: NIST 17 MSL search results for TMS RAW and BS GC-EI-MS test dataset. 

CEC-TMS 
CEC-TMS 

present in 
NIST 17 MSL 

ARP RRP MFR RMFR 

RAW BS RAW BS RAW BS RAW BS 

2AA-TMS no - - - - 

3M5NC- TMS no - - - - 

3-MC-TMS yes 1 1 0 0 923 921 926 924 

4,4’-BP-2TMS yes 1 1 0 0 826 841 971 972 

HPP-TMS yes 1 1 0 0 963 967 965 968 

H-BP-TMS yes 1 1 0 0 921 921 969 969 

4-NC-TMS no - - - - 

4-NG-TMS no - - - - 

4-NS-TMS no - - - - 

4-NP-TMS no - - - - 

4-OP-TMS yes 1 1 0 0 894 894 991 991 

5-AD-TMS yes 1 1 0 0 823 823 826 826 

5-AD-2TMS yes 1 1 0 0 970 970 975 975 

5-NG-TMS no - - - - 

6HP-TMS no - - - - 
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6-MAM-TMS 
yes 

2 2 0.01 0.01 681 780 682 781 

6-NG-TMS no - - - - - 

8-HQ-TMS  yes 1 1 0 0 929 930 958 959 

9-HF-TMS 
no 

- - - - 

11-HA-TMS  no - - - - 

11HT-TMS no - - - - 

11-OH-THC-TMS 
yes 

1 1 0 0 891 891 892 892 

11N9CTHC-TMS 
yes 

1 1 0 0 751 751 786 786 

EE2-TMS yes 1 1 0 0 762 588 770 572 

17HP-TMS 
no 

- - - - 

E2-2TMS  yes 1 1 0 0 975 975 981 981 

22BPF-2TMS 
yes 

1 1 0 0 971 971 972 972 

24BPF-2TMS 
yes 

1 1 0 0 963 963 971 971 

AA-2TMS  yes 1 1 0 0 985 985 988 988 
AMPH-TMS  yes 1 1 0 0 778 879 852 948 

BA-TMS  yes 1 1 0 0 967 967 983 983 

BP-8 2TMS no - 
- 

- - - 

BZECG-TMS yes 1 1 0 0 751 776 904 921 

BzPb-TMS  yes 1 1 0 0 888 888 913 913 

BD-TMS yes 1 1 0 0 955 955 963 963 
TMBA-2TMS yes 1 1 0 0 954 954 956 956 

BPA-2TMS yes 2 2 0.01 0.01 968 968 969 969 



  

BPAF-2TMS yes 1 1 0 0 926 926 935 935 

BPAP-2TMS  no - 
- 

- - - 

BPB-2TMS yes 1 1 0 0 933 933 934 934 

BPBP-2TMS no - - - - - 

BPCL-2TMS yes 1 1 0 0 935 925 939 939 

BPC-2TMS yes 1 1 0 0 951 951 951 951 

BPE-2TMS yes 1 1 0 0 949 949 952 952 

BPF-2TMS yes 1 1 0 0 941 941 943 943 

BPFL-2TMS no  - 
- 

- - - 

BPM-2TMS no - 
- 

- - - 

BPP-2TMS no - 
- 

- - - 

BPPH-2TMS no - 
- 

- - - 

BPS-2TMS no - 
- 

- - - 

BPZ-2TMS yes 1 1 0 0 924 924 926 
 

926 
 

BHT-TMS 
yes 1 1 0 0 742 818 776 882 

BuPb-TMS yes 1 1 0 0 965 965 973 973 

CBC-TMS no - - - - 

CBD-TMS yes 1 1 0 0 812 791 837 842 

CBDA-3TMS no - - - - 

CBN-TMS yes 1 1 0 0 959 959 963 963 

CBZ-TMS yes 1 1 0 0 869 869 868 898 

CAT-TMS yes 1 1 0 0 977 977 977 977 

CLP-TMS yes 1 1 0 0 949 949 952 952 

CA-4TMS yes 1 1 0 0 965 965 967 967 

CLA-TMS yes 1 1 0 0 969 969 984 984 

COD-TMS yes 1 1 0 0 799 855 801 857 
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DH-BP-TMS no - - - - 

DHDPE-2TMS yes 78 78 0.77 0.77 308 307 322 321 

DF-TMS yes 1 1 0 0 940 890 961 919 
ERY-TMS yes 2 2 0.01 0.01 835 835 864 863 
E3-3TMS  yes 2 2 0.01 0.01 945 945 948 948 
E1-TMS yes 1 1 0 0 939 939 946 946 
EtPb-TMS no - 

- 
- - - 

ET-TMS yes 1 1 0 0 955 965 968 968 
IB-TMS  yes 1 1 0 0 982 982 992 992 
IBuPb-TMS  no - 

- 
- - - 

IprPb-TMS yes 1 1 0 0 968 969 973 974 
KET-TMS  no - 

- 
- - - 

L-AA-4TMS  yes 1 1 0 0 961 961 961 961 
L-LEU-TMS yes 1 1 0 0 931 931 961 961 
L-SER-3TMS yes 1 1 0 0 969 969 981 981 
L-TYR-3TMS yes 1 1 0 0 629 616 686 674 
MCA-2TMS  yes 1 1 0 0 901 901 960 960 
OCA-2TMS yes 12 12 0.11 0.11 638 638 651 651 
PCA-2TMS yes 13 13 0.12 0.12 640 640 660 660 
MEC-TMS  no - 

- 
- - - 

MAMPH-TMS yes 1 1 0 0 893 910 933 944 
MePb-TMS  yes 1 1 0 0 990 990 992 992 
MORPH-2TMS yes 1 1 0 0 772 772 774 774 
NAP-TMS yes 1 1 0 0 960 960 992 992 
NX-TMS  yes 1 1 0 0 900 829 947 932 
NL-2TMS yes 1 1 0 0 987 987 990 990 
PAA-TMS yes 1 1 0 0 955 983 973 985 



  

Prpb-TMS yes 1 1 0 0 971 971 971 971 

QA-5TMS yes 1 1 0 0 861 861 934 934 

RES-TMS yes 1 1 0 0 980 980 985 985 

SA-TMS yes 1 1 0 0 864 863 923 933 

SA-2TMS yes 1 1 0 0 956 956 992 992 
SHA-4TMS yes 1 1 0 0 673 673 707 707 

STA-TMS yes 1 1 0 0 987 974 988 977 

STA-2TMS yes 1 1 0 0 839 839 875 875 

SFA-TMS yes  1 1 0 0 764 764 934 934 

SFA-2TMS yes 1 1 0 0 625 625 672 672 

SYR-TMS yes 2 2 0.01 0.01 982 981 988 988 

Δ9-THC-TMS  yes 1 1 0 0 931 931 936 936 

Δ9-THCA-TMS yes 1 1 0 0 669 669 670 670 

T3HC-TMS  yes 1 1 0 0 838 838 862 862 

TCS-TMS no - 
- 

- - - 

UA-2TMS yes 1 1 0 0 947 947 961 961 
 

 
 



     

The time required for manual GC-EI-MS spectra extraction, NIST 17 MSL search, and exporting 
and analyzing the results was approximately 18 hours for each TMS RAW and BS spectral dataset. 
Compared to CSI:IOKR, for the same dataset, it requires approximately 50 times more of the 
analysts’ time, which would be the most time-consuming step during high-throughput analyses.  

4.4 Identification of CEC-TMS Derivatives in Complex Environmental 
Matrices 

 
In order to evaluate the ability to identify CEC-TMS derivatives in complex environmental 
samples, an identification exercise was carried out of a representative sub-selection of 56 
CEC-TMS from the TMS RAW and BS test datasets. In this frame, four different complex 
environmental samples were collected: grab samples of wastewater (WW) influent (WWI) 
and WW effluent (WWE) from a municipal wastewater treatment plant and grab samples 
from two rivers (A and B) in central Slovenia. Each 200 mL sample was spiked with 600 µL 
1.2 µg/mL group working solution of the selected CEC. The samples were analyzed using 
the procedure described in the manuscript Ljoncheva M., Heath E., Heath D., Džeorski S., 
Kosjek T., Contaminants of emerging concern: silylating procedures, evaluation of the 
stability of silyl derivatives and associated measurement uncertainty (Section 1045.2). This 
includes solid phase extraction (SPE) on Oasis HLB Prime cartridges, derivatization of 0.5 
mL sample with 30 µL N,O-bis trifluoroacetamide (BSTFA) + 1% trimethylchlorosilane 
(TMCS) at 70°C for 45 min, and GC-MSD analysis in full scan mode. The samples were 
prepared in triplicate (n=3), and blanks were prepared to monitor the influence of the 
matrix effect. The resulting GC-EI-MS spectra were extracted as .mzXML files from the 
Agilent Mass Hunter Qualitative Analysis v.B.07.00 software and matched against the NIST 
17 MSL [1], using the MS Search Program v.2.3. 

The NIST 17 MSL search metrics sum is given in Table 4.3, while the detailed results of 
the NIST 17 MSL matching are given in Error! Reference source not found.. CEC-TMS 
derivatives whose GC-EI-MS spectra are not included in NIST 17 MSL [1] and CEC-TMS 
derivatives, which were not among the top 100 hits, were excluded. This exclusion 
resulted in 30.36%, 28.57%, 28.57%, and 37.50% of CEC-TMS missing in river water (RW) 
A, RW B, WWE, and WWI, respectively. For the remaining, we calculated the top 1, top 10, 
average ARP, average RRP, average MFR, and average RMFR. The average values of ARP 
and RRP indicate the most accurate and confident compound structure identification (CSI), 
in descending order, in RW A, RW B, WWE, and WWI (Error! Reference source not found.). 
Average MFR and RMFR were highest for RW A, WWE, RW B, and WWI, all in the range of 
a fair match (700-800). Generally, the ARP and RRP values in the case of surface waters 
were better than in solvent (Table 4.1), while for wastewaters, they were lower. Finally, of 
the remaining CEC-TMS derivatives after the exclusion, 82.05%, 87.50%, 72.50%, and 
57.14% were ranked first in RW A, RW B, WWE, and WWI, respectively. All CEC-TMS 
derivatives were ranked among the top 10 hits for RW A and RW B, while 95.00% and 
88.57% were ranked among the top 10 for WWE and WWI. 

The results were unsatisfactory for some of the CEC-TMS derivatives, whose spectra 
are included in NIST 17 MSL [1], as the spectra of the correct CEC-TMS were not in the top 
100 hits. The same was true for NAP-TMS in RW A in WWI, 11OHTHC-TMS, and 11N9THC-
TMS in WWI and DHDPE-2TMS in the four matrices. The GC-EI-MS spectrum of DHDPE-
2TMS was ranked #78 when both RAW and BS test GC-EI-MS spectra were searched 
against NIST 17 MSL [1]; therefore, low identification accuracy was expected. For SFA-TMS, 
the GC-EI-MS spectrum was not among the top 100 hits in RW, while no peak was 
observed in WWE and WWI, while SFA-TMS had a low chromatographic response and 
significant peak tailing and was therefore excluded from further stability studies (Section 
5.2). 

According to the presented results,  manual matching of acquired GC-EI-MS spectra of 
CEC-TMS derivatives to the NIST 17 MSL [1], despite being time-consuming, is an efficient 
approach for their identification in complex environmental samples. Careful examination 
of the top 10 hits must be performed since, in some cases, they contain the correct match 



  

or structurally similar TMS derivatives, which would further ease the structural elucidation 
of the queried CEC-TMS derivatives. 

 
 
 



     

Table 4.2: Metrics of NIST 17 MSL search in environmental matrices. Top 1, top 10, and top 20 are expressed as the percentage (%) of the remaining CEC-
TMS derivatives (total – total missing). 

Matrix 
type/parameter 

not in 
NIST 
17 

MSL 

not in 
top 100 

hits 

total missing 
(%) 

top 1 
(%) 

top 10 
(%) 

top 20 
(%) 

ARP RRP MFR RMFR 

River A 14 3 17 (30.36%) 32 (82.05%) 39 (100%) 
39 

(100.00%) 
1.316 <0.001 835.160 871.421 

River B 14 2 16 (28.57%) 35 (72.50%) 40 (100%) 
40 

(100.00%) 
1.821 0.008 798.615 825.231 

WWE 14 1 16 (28.57%) 29 (72.50%) 38 (95.00%) 
39 

(97.50%) 
3.921 0.029 801.605 836.051 

WWI 14 4 21 (37.50%) 35 (57.14%) 31 (88.57%) 
32 

(91.43%) 
5.794 0.042 709.59 763.176 

 

Table 4.3: Results of manual NIST 17 MSL identification of CEC-TMS from complex environmental matrices, N/A - GC-EI-MS spectra not found. 

CEC-TMS 
River A River B WWE WWI  

ARP RRP MFR RMFR ARP RRP MFR RMFR ARP RRP MFR RMFR ARP RRP MFR RMFR 

BA-TMS 4 0.03 591 680 1 0 703 788 12 0.12 555 646 1 0 737 816 

RES-2TMS 1 0 938 951 1 0 939 952 1 0 905 919 2 0.01 926 945 

MePb-TMS 1 0 703 762 1 0 938 955 2 0.01 660 714 2 0.01 640 748 

8-HQ-TMS 1 0 846 917 1 0 774 875 1 0 647 793 27 0.27 454 477 

EtPb-TMS not in NIST 17 

IPrPb-TMS 3 0.02 790 813 3 0.02 790 813 3 0.02 803 812 2 0.01 852 905 

IB-TMS 2 0.01 652 905 1 0 798 874 10 0.09 674 798 46 0.45 455 489 

MEC-TMS not in NIST 17 

4-OP TMS 5 0.04 791 986 5 0.04 791 986 6 0.05 752 992 16 0.15 714 983 

PrPb-TMS 1 0 718 762 1 0 887 912 1 0 917 943 1 0 887 941 



  

iBuPb-TMS not in NIST 17 

BuPb-TMS 1 0 768 818 1 0 928 952 1 0 958 970 1 0 789 857 

9-HF-TMS not in NIST 17 

HPP-TMS 1 0 970 977 1 0 966 971 1 0 982 986 1 0 900 921 

CLP-TMS 1 0 956 965 1 0 946 960 1 0 966 975 1 0 723 779 

4-NP-TMS not in NIST 17 

22BPF-2TMS 1 0 953 954 1 0 937 937 1 0 930 931 2 0.01 840 850 

BPAF-2TMS 1 0 949 961 1 0 945 956 1 0 965 975 1 0 712 743 

H-BP-TMS 1 0 902 935 1 0 858 906 1 0 954 973 1 0 624 640 

24BPF-2TMS 1 0 981 983 1 0 974 977 1 0 984 987 1 0 929 936 

NAP-TMS not among top first 100 hits 25 0.24 563 497 76 0.75 665 543 not among top 100 hits 

TCS-2TMS not in NIST 17 

DHDPE-2TMS not among top first 100 hits not among top first 100 hits not among top first 100 hits not among top first 100 hits 

DH-BP-2TMS 1 0 890 909 1 0 844 880 1 0 816 895 1 0 772 818 

4,4’-BP-2TMS 2 0.01 852 962 1 0 718 735 2 0.01 841 866 4 0.03 701 889 

BPF-2TMS 1 0 940 953 1 0 595 630 1 0 895 915 64 0.63 522 584 

SFA-2TMS not among top first 100 hits not among top first 100 hits N/A N/A 

BzPb-TMS 1 0 983 988 1 0 879 788 5 0.04 784 885 N/A 

BPE-2TMS 1 0 935 947 1 0 891 907 1 0 854 874 1 0 860 885 

BPA-2TMS 1 0 969 973 1 0 973 975 1 0 980 980 2 0.01 598 636 

BP-8-TMS not in NIST 17 

CBD-2TMS 1 0 866 895 1 0 793 843 1 0 793 843 1 0 731 785 

CBZ-TMS 1 0 967 985 3 0.02 635 774 5 0.04 404 568 N/A 

BPC-2TMS 1 0 975 981 1 0 941 949 1 0 944 956 1 0 826 861 

BPB-2TMS 1 0 972 980 1 0 935 958 1 0 978 983 1 0 882 936 

CBC-2TMS not in NIST 17 

Δ9-THC-TMS 1 0 850 863 1 0 721 735 1 0 897 909 1 0 573 639 

TMBA-2TMS 1 0 883 911 1 0 794 825 1 0 931 945 2 0.01 757 847 
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BPCL-2TMS 1 0 957 964 1 0 933 939 1 0 970 975 1 0 858 875 

CBN-2TMS 1 0 922 946 1 0 940 964 1 0 940 964 1 0 697 790 

COD-TMS 1 0 489 524 1 0 568 556 1 0 317 354 3 0.02 177 192 

BPZ-2TMS 1 0 972 973 1 0 906 910 1 0 875 878 1 0 903 923 

6-MAM-TMS 1 0 718 720 1 0 528 534 2 0.01 640 657 3 0.02 551 574 

11OHTHC-2TMS 1 0 810 824 1 0 624 645 1 0 793 800 not among top 100 hits 

E1-2TMS 1 0 886 900 1 0 873 893 1 0 816 826 1 0 821 850 

Δ9-THCA-2TMS 2 0.01 310 340 1 0 426 450 1 0 385 417 not among top 100 hits 

BPS-2TMS not in NIST 17 

E2-2TMS 1 0 748 760 1 0 593 613 1 0 711 732 2 0.01 658 724 

BPAP-2TMS not in NIST 17 

EE2-TMS 1 0 782 793 1 0 712 727 1 0 713 728 1 0 541 582 

11NOR9THC-2TMS 1 0 552 654 1 0 587 643 1 0 670 699 1 0 516 528 

BPM-2TMS not in NIST 17 

BPP-2TMS not in NIST 17 

BPBP-2TMS not in NIST 17 

BPPH-2TMS not in NIST 17 

BPFL-2TMS not in NIST 17 
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Chapter 5 

5 Chemometrics-Based Evaluation of the 
Stability of TMS Derivatives and Related 
Issues 

This chapter presents the optimization of derivatization procedures, chemometrics-based 
evaluation of the stability of TMS derivatives, and evaluation of the associated MU. The 
chapter is divided into two sections. First, the problem is introduced, and then the work 
that addresses it is presented. The results have been submitted for publication to the 
journal Environmental Research. The work presented in this Chapter confirms the H1 
hypothesis of this dissertation and that if samples are not stored correctly, poor stability 
and chromatographic behavior, including peak shape and Rt of silylated derivatives, can 
arise. This problem can have a significant impact on the confidence and accuracy of their 
identification and quantification, 

5.1 Problem Description 

 
Analytical efforts in EEA mainly focus on the characterization of the chemical exposome in 
terms of occurrence, fate, and effect on CEC in versatile environmental compartments. As 
previously discussed, GC-MS, LC-MS, and NMR are the most commonly employed 
analytical techniques [18] that can successfully handle the chemical diversity of CEC to be 
identified. LC-MS platforms have become more readily available in the last decade, 
providing validated and reliable quantification even at ultra-trace levels. LC-MS is 
preferred as it does not require special derivatization. Due to its sufficient mass accuracy 
and resolving power at lower cost, GC-MS remains a widely employed instrumental 
method in EEA [11]. It helps address the ever-growing demand to provide thorough 
chemical information of as many analytes of interest as possible [31]. They are appropriate 
analytical tools for various anthropogenic pollutants [107] and offer greatly reproducible 
structural information inherent to EI spectra that follows predictable and thoroughly 
studied fragmentation patterns and broad internal energy distribution [64].  

GC-MS analytical systems carry several limitations when it comes to EEA, among which 
most important are the inability to cover polar or semi-polar analytes and the frequent 
generation of GC-EI-MS spectra of extensive fragmentation, with the parent ion missing 
[18]. Derivatization, in particular silylation, in conjunction with GC-MS and GC-MS/MS, 
provides a highly sensitive and selective method for semi-volatile and thermolabile 
compounds. The result is improved volatility, thermal and catalytical stability, and 
chromatographic and spectrometric behavior in peak shape and response [47]. As 
discussed in Section 2.3.3.1.2, such compounds have moieties with acidic protons, such as 
-OH, -COOH, NH2, and -SH, as well as -CHO and -CO groups [108]. Silylation shifts 
compound peaks, especially of low Mw, from lower mass, noisy to less contaminated, 



  

higher-mass chromatographic regions, empty of interfering peaks, which results in 
separation that is more satisfactory. TMS derivatives have improved ionization efficiencies 
and undergo more extensive fragmentation during EI than parent compounds [109]. The 
resulting GC-EI-MS spectra contain significantly more structural information, more 
suitable for cheminformatics-assisted CA.  

For high-throughput annotation of CEC using GC-MS analytical platforms, the 
introduction of a rapid, mild-condition, single-step derivatization reaction is required. This 
step would result in a high and reproducible yield of stable silyl derivatives. In the best 
case, by-products that would interfere with the chromatogram or harm the GC column 
should not be generated [47], [59]. In order to achieve this for structurally diverse CECs, 
thorough optimization of the derivatization conditions according to the reaction kinetics 
of the investigated CEC is required. Optimization includes the selection of derivatization 
agent, derivatization agent-to-sample ratio, and derivatization conditions, such as 
temperature and duration. Although of great importance, the aforementioned issues 
affecting the stability of CEC-TMS derivatives have not been thoroughly studied in a 
representative CEC collection. Instead, method development in CEC identification and 
quantification studies usually does not focus on optimizing derivatization conditions and 
investigating the stability of the resulting silyl derivatives. 

Upon derivatization, silyl derivatives are susceptible to hydrolysis, potentially resulting 
in irreversible degradation and transformation during sample preparation, storage, and 
analysis, indicating unsatisfactory stability. The irreversible degradation and 
transformation may negatively influence the accuracy, linearity, reproducibility, and 
measurement uncertainty of their quantification, finally leading to false information 
regarding their presence and occurrence in different environmental compartments.  

Chapter 5 also investigates the effect of the most important variables, i.e., the type of 
silylating agent, derivatization temperature, and time, on derivatization efficiency and 
yield. Their optimization was performed using chemometrics-based tools, such as contour 
plotting of relative response factors (RRF), principal component analysis, and hierarchical 
clustering analysis. The representative selection of 70 CEC included active pharmaceutical 
ingredients, steroid hormones, illicit drugs, their metabolites, cannabinoids, preservatives, 
UV filters, plasticizers, and other industrial chemicals.  Stability was studied in EtAc, and 
AWW extracts for 20 weeks at 25°C, 4°C, and -18°C and during five consecutive 
freeze/thaw cycles at -18C̊. Finally, we estimated the measurement uncertainty (MU) 
during the stability examination in order to determine the influence of MU on the results. 

5.2 Related Publication 

 

Submitted manuscript 

Ljoncheva, M., Heath, E., Heath D., Džeroski, S., Kosjek, T., Contaminants of emerging concern: 
silylating procedures, evaluation of the stability of silyl derivatives and associated measurement 
uncertainty, Environmental Research (submitted, 25 August 2022) 

This publication describes the following scientific contributions: 

• Confirmation that the derivatization conditions for a representative selection of CEC with 
significant structural and physicochemical diversity can be efficiently optimized by using 
chemometrics tools. 

• The TMS derivatives of polyhydroxy CEC and estrogen hormones exhibit the highest 
instability among the 70 CEC-TMS studied. 

• Confirmation that environmental samples analyzed for the presence and quantification 
of numerous chemodiverse CEC using silylation and GC-MS are safe to be stored at -18C̊ 
for up to 20 weeks in solvent and AWW extracts. 

• Confirmation that environmental samples analyzed for the presence and quantification 
of certain CEC via their TMS derivatives should not be frozen and thawed more than two 
times to maintain losses of TMS derivatives below 20%. 
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• It is possible to use a measurement uncertainty scheme for stability analyses that can be 
used in general, not only for the specific compounds we consider. 

• Confirmation that CEC-TMS that had concentration deviations during stability studies 
could not be attributed to the measurement uncertainty. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



  

 



5.2. Related Publication 111 

 



  

 



5.2. Related Publication 113 

 



  

 



5.2. Related Publication 115 

 



  

 



5.2. Related Publication 117 

 



  

 



5.2. Related Publication 119 

 



  

 



5.2. Related Publication 121 

 



  

 



5.2. Related Publication 123 

 



  

 



5.2. Related Publication 125 

 



  

 



5.2. Related Publication 127 

 



  

 



     





     

 



  

 



5.2. Related Publication 133 

 



  

 



5.2. Related Publication 135 

 



  

 



5.2. Related Publication 137 

 



  

 
 
 

 

 

 

 

 

 

 



6.1. Scientific Contributions of the Thesis 139 

Chapter 6 

6 Conclusions 

This thesis has explored multiple aspects of using GC-MS and machine learning (ML) in 
annotating semi-polar organic contaminants of emerging concern (CECs) through their 
silyl derivatives. Chapter 6 provides a summary of the scientific contributions of the thesis. 
It then revisits our hypotheses from Chapter 1 and discusses to which degree they were 
confirmed and presented in Chapters 3, 4, and 5. The thesis is concluded with an outline 
of several possible directions for further work. 

6.1 Scientific Contributions of the Thesis 

The thesis presents contributions to solving three problems related to the use of GC-MS 
analytical platforms and ML-based compound annotation (CA) approaches in eco-
exposome annotation (EEA), particularly the annotation of semi-polar organic CEC.  

1. The development of a methodological workflow and the generation of GC-EI-MS 
spectral datasets for cheminformatics-assisted CA: In Chapter 4, we proposed methods for 
the generation of training and test datasets of GC-EI-MS spectra for ML-based CA. The 
training data derived by MSL search and testing data (acquired analytically) were used 
with the ML-based CSI:IOKR approach to annotate CEC through their silyl derivatives from 
GC-EI-MS spectra. Notably, the generated GC-EI-MS datasets and the accompanying 
metadata are now publicly available on the Mendeley Data Repository. The intention is to 
encourage their further use as benchmark datasets for developing, validating, and 
evaluating existing and novel cheminformatics, particularly ML-based CA approaches. In 
such a way, we intend to encourage their use in GC-MS-based EEA. 

2. Application of a ML-based approach for annotating semi-polar CEC through their 
silyl derivatives: We adapted the CSI:IOKR approach [6] and used it for CA based on GC-EI-
MS spectral data. Here, the CSI:IOKR approach was trained on different NIST 17 MSL-
derived GC-EI-MS spectra, obtained after three filtering steps, and tested on raw and 
background-subtracted GC-EI-MS spectra. The highest identification rates were achieved 
by training the CSI:IOKR model using the finally filtered GC-EI-MS training dataset and the 
raw GC-EI-MS dataset. The correct solution in the top 1, top 10, and top 20 hits in 10.6%, 
37.5%, and 51.0% of the cases, respectively, were achieved by training CSI:IOKR with the 
GC-EI-MS training dataset obtained after three filtering steps and the raw testing GC-EI-
MS dataset. Careful curation of training datasets of (GC-EI-)MS spectra, involving analytical 
knowledge in selecting the compound and spectra, is crucial for accurate and reliable ML-
based CA. CSI:IOKR represents an efficient approach to prioritizing candidates and 
shortens the time required for CA compared to manual MSL search by a factor of 50. To 
our knowledge, this study is the first to investigate the application of sophisticated ML-
based CA approaches for CEC identification utilizing GC-EI-MS spectra. 

3. Investigation of derivatization conditions and stability of silyl derivatives of 
structurally and physicochemically diverse CECs: detection and recognition of the 
importance of derivatization reactions prior to GC-MS analysis and the stability of the 
generated CEC-TMS derivatives on the overall determination and quantification 
performance is vital. In such a way, it is possible to enhance the accuracy and confidence 
of CEC identification and quantification. Chapter 5 introduced a methodology for 
optimizing derivatization using chemometrics tools, such as contour plotting, principal 
component analysis (PCA), and hierarchical clustering analysis (HCA). It also presents a 
robust analytical procedure for quantification of 70 CEC using solid-phase extraction (SPE), 
followed by trimethylsilylation and GC-MS analysis. Method validation proved the 



  

method's appropriateness for studying the stability of CEC-TMS derivatives in solvent and 
artificial wastewater (AWW) extracts. The method can also be successfully employed in 
quantifying selected CECs in aqueous environmental compartments. Significant stability 
patterns were discovered, some of which revealed stability irregularities of certain CECs, 
especially after consecutive freezing and thawing of the sample. In particular, TMS 
derivatives of polyhydroxy CECs (ERY, CA) and estrogen hormones (E2, E3, and EE2) 
showed the most irregularities. ERY-TMS and CA-TMS were unstable in a solvent at 25°C 
and 4°C when stored for up to 28 days. E2-TMS and CA-TMS exhibited unexpected 
increases in concentration, while EE2-TMS and E3-TMS degraded significantly in AWW 
extracts stored at 25°C and 4°C for 20 weeks. For the first time, nine and six CEC-TMS 
derivatives were identified that degrade during three freezing and thawing cycles in 
solvent and AWW extracts, respectively. Based on the generated knowledge, for most 
tested CEC-TMS derivatives, it is recommended to store samples (solvent and AWW 
extract) at -18˚C for up to 20 weeks. After more than two cycles of sample freezing and 
thawing, performing analysis should be strictly avoided. 

6.2 Research Hypotheses and Their Confirmation 

 
According to the dissertation goals, the research in this dissertation tested the following 
hypotheses: 
 
H1: Poor stability and chromatographic behavior (peak shape, Rt) of silylated derivatives 
can reveal patterns, which can reduce confidence and accuracy of their identification and 
quantification. 
 
In Section 1.3, it was hypothesized that poor stability and chromatographic behavior (peak 
shape, Rt) of silyl derivatives of semi-polar CEC could reveal patterns in their behavior prior 
to, during GC-MS analysis, and during storage, which can reduce the confidence and 
accuracy of their identification and quantification (H1). Reliable knowledge of the stability 
and associated chromatographic behavior patterns of silyl derivatives of semi-polar CEC 
should be gained through investigation in different experimental conditions and matrices, 
using optimized derivatization procedures and validated GC-MS analytical method with 
satisfactory accuracy, linearity, and repeatability. These issues are addressed in Section 
5.2, which presents a workflow for the optimization of derivatization conditions and 
stability evaluation for a representative selection of semi-polar CEC silyl derivatives. For all 
70 CEC, BSTFA + 1% TMCS gave the highest derivatization yield, while according to the 
derivatization conditions, CEC were grouped into three derivatization protocols. Regarding 
the stability of the generated CEC-TMS derivatives,  the degradation of several CEC-TMS 
derivatives was identified, either estrogen hormones or polyhydroxy CEC (≥ 3 -OH groups). 
Stability irregularities were observed during storage of ERY and CA TMS derivatives at 4°C 
and ERY at -18°C in a solvent. TMS derivatives of EE2 and E3 significantly degraded at 25C̊ 
and 4C̊ in AWW extracts, while TMS derivatives of the compounds CA and E2 exhibited 
unexpected concentration increases. Noticeable degradation was also observed during 
freezing and thawing, such that nine and five CEC-TMS derivatives degraded in solvent and 
AWW extracts, respectively, to ≤ 85% of the initial concentration after two freeze and thaw 
cycles. Finally, MU estimation showed that the uncertainty of the calibration curve is the 
most significant source of uncertainty. However, observed deviations in CEC-TMS 
concentrations during the stability studies are attributed solely to their unsatisfactory 
stability but not to MU. Based on the findings above, the H1 hypothesis was confirmed.  
 
H2: Structurally diverse semi-polar and thermolabile CEC can be successfully identified by 
their silylated derivatives using their GC-EI-MS spectra in complex mixtures. 
 
The second hypothesis (H2) was that structurally diverse semi-polar and thermolabile CEC 
could be successfully identified by their silyl derivatives using their GC-EI-MS spectra in 
complex mixtures. Structurally diverse CEC silyl derivatives in different environmental 
matrices were identified (Section 4.4), including river water (RW), wastewater effluent 
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(WWE), and wastewater influent (WWI). On a subset of 56 CEC-TMS derivatives, we 
performed NIST 17 MSL search and excluded CEC-TMS whose GC-EI-MS spectra were not 
in NIST 17 MSL and were not among the top 100 hits. Of the remaining CEC-TMS 
derivatives, it was possible to correctly identify (as top 1 hit) 82.05%, 87.50%, 72.50%, and 
57.14% of the CEC-TMS whose spectra are present in NIST 17 MSL [1] in RW A, RW B, 
WWE, and WWI, respectively. Based on the findings above,  hypothesis H2 was confirmed.  
 
H3: ML approach using training and test datasets of GC-EI-MS spectra of silylated 
compounds will result in a higher number of correctly identified compounds than non-ML 
approach. 
 
The third hypothesis (H3) was that using a ML-based approach with training and test 
datasets of GC-EI-MS spectra of silyl compounds and CA would significantly improve, 
especially compared to non-ML approaches. We addressed the issues of generating GC-
EI-MS datasets and applying the IOKR-based approach in annotating semi-polar CEC as silyl 
derivatives in Section 4.2. It shows that the IOKR approach correctly ranks 37% and 50% 
of the tested CEC among the top 10 and top 20 candidates, respectively, and thus provides 
efficient candidate prioritization and reduced time required for CA. Additionally, we 
compared the performance of the IOKR-based approach with a non-ML approach,  i.e., 
with manual MSL search in Section Error! Reference source not found.. A manual search 
of NIST 17 MSL [1] ranked 96.10% of the CEC-TMS present in NIST 17 MSL in the top 10 
and 89.61% in the top 1 hits. Despite the high identification rates, the manual NIST 17 MSL 
search requires conversion of the MS spectral data to various data formats, potentially 
leading to the loss of critical structural information for CA. Additionally, the manual non-
ML approach requires more (approximately 50-times more) of the analysts’ time to 
accomplish the same task compared to the ML approach. Based on these findings, the 
third hypothesis was confirmed. 

 

6.3 Further Work 

The results obtained in this thesis can be extended by employing the presented 
approaches to become valuable tools for the task of thorough eco-exposome 
investigation. Due to the broadness of the derivatization-SPE-GC-MS approach employed 
in stability investigation, it can be further upgraded to an automated analytical pipeline. 
Together with the cheminformatics advances and minimal human effort, the parent CEC 
would be identified from complex environmental samples in a “vial-to-list” approach. The 
developed approach can be further used for the investigation of the stability of other silyl 
derivatives of CEC, such as TBDMS derivatives. Used together with TMS silylation, TBDMS 
silylation can broaden the CEC coverage of GC-MS analytical methods for suspect and non-
target screening. Additionally, stability profiles of silyl derivatives of structurally and 
physicochemically diverse CEC selections should be examined in other complex matrices 
in order to discover stability patterns important for accurate and confident annotation 
during eco-exposome annotation (EEA) studies.   

In this thesis, we showed that the IOKR-based ML approach could be very successful 
in candidate prioritization and CA of CEC silyl derivatives. Further work should focus on 
fully automating all steps of collecting the required data through a user-friendly GUI 
interface that would include modules for model training, model testing, and data analyses. 
In that way, the CSI:IOKR approach would be successfully used by environmental and 
exposomics analysts with no prior ML and programming knowledge. Also, apart from the 
CSI:IOKR approach, other ML CA approaches based on IOKR methodologies, such as MP-
IOKR [94], IOKRFusion [95], as well as SIMPLE [110], and ADAPTIVE [111], should be used 
in GC-MS-based CEC annotation. Unsupervised ML, which is expected to discover 
potentially meaningful substructures from MS data (also known as substructure prediction 
and classification, discussed in the paper in Section 3.2), should also be considered in 
future work. Finally, a combination of direct and indirect annotation approaches should 
be considered, each with a classification approach, DB search, heuristics, and filtering 
approaches. They would serve for retrospective analysis of results from each CA tool for 



  

confirmation of the presence of structurally similar compounds. The data insufficiencies 
in compound DB and MSL in regards to EE data, and especially in regard to the presence 
of silyl derivatives of CEC must be overcome for further implementation of the 
cheminformatics tools in EEA, especially ML approaches, including the approach we used 
in this thesis, that employ DBs for candidate retrieval.  

Finally, we note the lack of standardized methods for performance evaluation of 
compound identification approaches along relevant metrics/parameters (e.g., specificity, 
sensitivity, positive predictive value, negative predictive value, accuracy, and false 
discovery rate) and the lack of benchmark datasets of high-quality GC-MS and LC-MS/MS 
spectra acquired on different analytical platforms as a significant limitation in the use of 
MS-based cheminformatics CA. In that spirit, we have provided the cheminformatics 
community with a valuable collection of datasets of GC-EI-MS spectra of TMS and TBDMS 
derivatives and have made significant effort to encourage the cheminformatics and EE 
communities toward their use. A worthwhile direction for future work is the generation of 
a cheminformatics platform that will integrate all open access cheminformatics 
approaches/software for compound identification. It should also allow analyst-friendly 
parameter optimization, performance evaluation, and results analysis using the versatile 
collection of GC-EI-MS and LC-MS datasets curated at the research group for Organic 
Analysis using a standardized set of evaluation metrics. We believe that the 
cheminformatics, exposomics, and metabolomics communities will significantly benefit 
from the implementation of the findings of this doctoral study.
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