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Abstract

Due to the increasing number of chemicals used in our daily lives, more and more chemicals end up in the environment.
Many such contaminants accumulate in water, with thousands of chemicals detected in environmental water samples
using liquid chromatography — high-resolution mass spectrometry (LC/HRMS). As a result, all water-dependent organisms
are exposed to a large number of low-concentration chemicals, while the health effects of such exposures are unknown.
Unfortunately, only a small fraction of the detected chemicals is identified and can be further investigated for their effects
on organisms.

This thesis investigated the opportunity to use experimental data of such detected but unidentified chemicals for
predicting information regarding their environmental concentration levels, toxicity, and risk - the combination of both.
Firstly, in paper I, the trends in risk estimation for chemicals detected in water samples were investigated across
the years 2019 to 2022. The analysis indicated that risk was considered in only 13% of the papers. In paper II, a
concentration prediction model, MS2Quant, was developed, allowing concentration prediction for unidentified chemicals
based on tandem mass spectra. The experimental data-based concentration predictions were comparable with structure-
based predictions. Further, in paper III, the predictions from the MS2Quant model were combined with in-house developed
MS2Tox model for adult fish acute toxicity predictions in order to prioritize features in wastewater samples. While
the feature set of the effluent samples was reduced by 73% to 99%, the subsequent structural assignment with library
matching and in silico tools could not assign a probable structure for the majority of the prioritized features, highlighting
the advantages of incorporating experimental data-based methods in the analysis. Finally, paper IV focused on the
experimental validation of mixture toxicity predictions. For this, a complementary fish embryo acute toxicity model
was developed, and the toxicity values were experimentally validated for eight chemicals. Combined with concentration
predictions, the cumulative mixture toxicity was predicted with a 3x geometric mean error.

The tools developed, investigated, and validated in this thesis showcase the possibility of using available experimental
data together with machine learning approaches for exposure and toxicity predictions of unidentified features. They allow
looking into a larger subset of detected chemicals for subsequent tandem mass spectra-based prioritization of features that
are more likely to cause harm and need immediate attention.

Keywords: non-targeted screening, mass spectrometry, liquid chromatography, machine learning, exposure, toxicity,
risk, prioritization.
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Populirvetenskaplig sammanfattning

Allt fler kemikalier anvinds dagligen. Efter de har uppfyllt sitt syfte, hamnar manga av dem i
miljon. Till exempel kan bekdmpningsmedel spridas till grundvattnet, och likemedel kan
slippas ut i ytvatten pa grund av ofullstindig avloppsrening. Vattenféroreningar undersoks
vanligtvis med hjilp av  masspektrometri, vilket kan ge information om
elementsammansittningen och funktionella grupper hos de detekterade kemikalier. Dock, dr
masspektrometri inte tillrickligt for att fullstindigt identifiera den unika kemiska substansen.
En av de storsta utmaningarna inom forskning om miljéféroreningar ir saledes att faststilla
féroreningarnas struktur — det ir inte ovanligt att endast fullstindigt identifiera nagra dussin,
eller i bista fall nagra hundra av tusentals detekterade kemikalier. Vattenberoende organismer,
inklusive minniskor, exponeras dirmed for tusentals okidnda kemikalier, vars effekter pa

organismer ir okinda.

Denna doktorsavhandling fokuserade pa utveckling och validering av nya metoder vilka
mojliggor forutsigelse av egenskaperna hos detekterade kemikalier baserat pa experimentella
data, utan att kinna till deras struktur. Med hjilp av informationen frdn masspektra har en
maskininlirningsmodell, MS2Quant, utvecklats, som kan forutsiga koncentrationen av en
okind kemikalie med ett femfaldigt geometriskt medelvirde. For riskbaserad prioritering av
okidnda kemikalier i renat avloppsvatten anvindes sedan MS2Quant tillsammans med en
tidigare utvecklad modell MS2Tox. Denna modell forutsiger den akuta toxiciteten for
fullvuxna fiskar hos en okidnd kemikalie, med hjilp av en liknande arbetsprincip som
MS2Quant. Trots att modellerna prioriterade 1% till 23% av de detekterade okinda

kemikalierna, kunde deras struktur inte fullstindigt bestimmas.

Pa grund av etiska skl utfors experiment pa fisk i allt mindre omfattning. Dirfor fokuserade
det sista projektet pa att utveckla en ytterligare modell for att forutsiga akut toxicitet for
fiskembryon, och toxicitetsforutsigelserna validerades experimentellt for atta kemikalier.
Tillsammans f6rutspidde modellerna den totala risken for blandningar bestiende av 23
kemikalier med ett trefaldigt geometriskt medelvirde, genom att kombinera koncentrations-

och dodliga toxicitetsforutsigelser hos fiskembryon for de kemiska blandningarna.

Sammanfattningsvis fokuserade detta arbete pd potentialen av maskininlirning for
riskprognoser av oidentifierade fororeningar. Modellerna som utvecklades och validerades
Oppnar upp mojligheten att inkludera fler detekterade féroreningar i riskbaserade studier och

hjilper till att prioritera fororeningar som kan utgora en 6kad risk for organismer.



Populaarteaduslik kokkuvote

Uha enam kemikaale leiab kasutust inimeste igapievaelus. Pirast oma eesmirgi tditmist
jouavad paljud neist veeringesse; niiteks voivad taimekaitsevahendid kanduda vihmaveega
pOhjavette voi ravimite toimeained ebapiisava puhastuse tttu veepuhastusjaamast pinnavette.
Vees olevaid saasteaineid uuritakse enamasti vedelikkromatograafia - korglahutus-
massispektromeetria abil, mis annab teavet detekteeritud kemikaalide voimaliku
elementkoostise ja struktuuririihmade kohta, kuid ei ole enamasti piisav kemikaali struktuuri
itheseks midramiseks. Seega on iiheks suurimaks viljakutseks keskkonnasaaste uuringutes
saasteainete struktuuri kindlakstegemine - on tavaline, et tuhandetest detekteeritud
kemikaalidest suudetakse iiheselt tuvastada vaid monikiimmend, voi heal juhul mdénisada
kemikaali. Veest s6ltuvad organismid, sealhulgas inimesed, puutuvad seetdttu kokku tuhandete

tundmatute kemikaalidega, mille m&ju organismidele on teadmata.

Kiesolev doktorit6é arendas ja valideeris uusi meetodeid ennustamaks detekteeritud
kemikaalide omadusi nende katseandmetest, vajamata seejuures kemikaalid tipset struktuuri.
Kasutades massispektrites sisalduvat informatsiooni, td6tati vilja masindppe mudel
MS2Quant mis suudab ennustada tundmatu kemikaali kontsentratsiooni viiekordse
geomeetrilise keskmise veaga. Arendatud mudelit kasutati tundmatute kemikaalide
riskipohiseks prioriseerimiseks puhastatud reovees koos eelnevalt vilja to6tatud mudeliga
MS2Tox, mis ennustab sarnasel t66pohimattel tundmatu kemikaali letaalset kontsentratsiooni
tdiskasvanud kaladele. Kuigi mudelid prioriseerisid 1% kuni 23% detekteeritud tundmatutest

kemikaalidest, ei dnnestunud nende struktuuri kindlaks mairata.

Eetilistel kaalutlustel tehakse kalakatseid itha vdhem, seega to6tati viimases projektis vilja
tdiendav mudel ennustamaks letaalset kontsentratsiooni kala embriiodele, ning letaalsuse
ennustused  valideeriti  eksperimentaalselt kaheksale kemikaalile. ~ Kombineerides
kontsentratsiooni ja kalaembriio letaalse kontsentratsiooni ennustused 23 kemikaalist
koostatud keemilistele segudele, ennustasid mudelid segude summarset riski kolmekordse

geomeetrilise keskmise veaga.

Kokkuvotvalt keskendus kidesolev t66 masinéppe voimalikkust riski ennustamiseks
identifitseerimata saasteainetele. Vilja tootatud ja valideeritud mudelid avavad voimaluse
kaasata rohkem detekteeritud saasteained esmasesse riskipohisesse uuringusse ja aitavad

prioriseerida saasteained mis voivad avaldata kérgendatud riski organismidele.

1i



List of publications included in the thesis

This is a compilation thesis based on the following scientific papers. Two papers are

published, one is submitted, and one is a manuscript.

I

I

11

v

Helen Sepman,* Louise Malm,* Pilleriin Peets, Anneli Kruve; Scientometric
Review: Concentration and Toxicity Assessment in Environmental
Non-Targeted LC/HRMS Analysis. Trends in Environmental Analytical
Chemistry, 2023, 40, e00217.

* shared first authorship

Helen Sepman, Louise Malm, Pilleriin Peets, Matthew MacLeod, Jonathan
Martin, Magnus Breitholtz, Anneli Kruve; Bypassing the Identification:
MS2Quant for Concentration Estimations of Chemicals Detected with
Nontarget LC-HRMS from MS? Data. Analytical Chemistry, 2023, 95, 33, 12329~
12338

Helen Sepman, Lisa Jonsson, Malte Posselt, Theodor Johansson, Magnus
Breitholtz, Jonathan Martin, Matthew MacLeod, Anneli Kruve; High-Risk
Contaminants Detected in Wastewater Effluent Samples Can Be
Prioritized Prior to Structural Assignment Using Machine Learning
Tools. Manuscript submitted to Water Research.

Helen Sepman, Frederic Been, Lisa Baumann, Magnus Breitholz, Matthew
MacLeod, Jonathan W. Martin, Anneli Kruve; Toxic Unit Prediction of
Mixtures Using High-Resolution Mass Spectrometric Data Combined
with in vivo Exposure of Zebrafish Embryos. Manuscript.

Author’s contributions:

I

I

111

v

Participated in the study design, performed literature search and data analysis,
participated in the manuscript writing and reviewing.

Participated in the study design, performed data unification, modelling,
analysis of validation data, and data analysis. Led the writing of the manuscript.

Participated in the study design, performed LC/HRMS measurements, data
processing, identification and data analysis. Led the writing of the manuscript.

Participated in the study design; prepared the mixtures, performed LC/HRMS
measurements, fish embryo acute toxicity measurements, and data analysis. Led
the writing of the manuscript.

iii



List of publications not included in the thesis

\%

VI

VII

VIII

Riccardo Costalunga, Sofja Tshepelevitsh, Helen Sepman, Meelis Kull, Anneli
Kruve; Sodium adduct formation with graph-based machine learning
can aid structural elucidation in non-targeted LC/ESI/HRMS. Analytica
Chimica Acta, 2022, 1204, 339402,

Helen Sepman, Sofja Tshepelevitsh, Henrik Hupatz, Anneli Kruve; Protomer
Formation Can Aid the Structural Identification of Caffeine
Metabolites. Analytical Chemistry, 2022, 94, 10601-10609.

Mélanie Z. Lauria,* Helen Sepman,* Thomas Ledbetter, Merle Plassmann,
Anna M. Roos, Malene Simon, Jonathan P. Benskin, Anneli Kruve; Closing
the Organofluorine Mass Balance in Marine Mammals Using Suspect
Screening and Machine Learning-Based Quantification. Environmental
Science & Technology, 2024, 58, 5, 2458—2467.

* shared first authorship

Shirley Pu, James P. McCord, Rebecca A. Dickman, Nickolas A. Sayresmith,
Helen Sepman, Anneli Kruve, Diana S. Aga, Jon R. Sobus; Examining
Environmental Matrix Effects on Quantitative Non-Targeted
Analysis Estimates of Per- and Polyfluoroalkyl Substances. Analytical
and Bioanalytical Chemistry, 2025, 417, 2097-2110.

v



Abbreviations

AFT
Acc
DDA
DIA
EDA
ESI
FET
GC
HRMS
IE
InChlI
LC
ML
NTS
PaDEL
PFAS
ppm
Prec
QSAR
Rec
RF
RMSD
RMSE
RQ
SMILES
SWS
WWTP

Adult fish toxicity

Accuracy

Data-dependent acquisition
Data-independent acquisition
Effect-directed analysis

Electrospray ionization

Fish embryo toxicity

Gas chromatography

High-resolution mass spectrometry
Ionization efficiency

International chemical identifier

Liquid chromatography

Machine learning

Non-targeted screening

Pharmaceutical data exploration laboratory
Per- and polyfluoroalkyl substances

Parts per million

Precision

Quantitative structure-activity relationship
Recall

Response factor

Root mean square difference

Root mean square error

Risk quotient

Simplified molecular input line entry system
Surface water suspect list

Wastewater treatment plant



Contents

Populirvetenskaplig sammanfattning........coceveeeeeeeeuereueereenereneeseeererereeeneneseseresessesesenens i
Populaarteaduslik KOKKUVOLE.......cueueuiueueiririrtririeieeeieecectststse ettt senes ii
List of publications included in the thesis .........cccoverirreriniieninnerineerseeseereeeeeees il
List of publications not included in the thesis.........cccoeererrnrererineeeeeerennreeeeeeeeeaee iv
ADDIEVIAtIONS ..ottt v
L. IDtTOUCTION ettt ettt ettt ettt et sa bbb saenenens 1
1.1, Water CONTAMINANES .....c.ciiiiiiiriitieieeeeeiit st s s sesessais 3
1.1.1. Risk posed by water CONtaminants ........c.ceeceeeererererueresesuerenerueesessereseseesescesenes 3

1.1.2. TOXICILY TESTITIE w.euveuererenirreieteienieteseeteteatsteteaessesteesbetesesseseesassesseassessenessenes 4

1.1.3. Extent Of the Problem .. ...cccoviriririiueueeeeeniirireieieieie ettt ens 5

1.2. Screening tools and apProaChes.........coveviririeertrierenirieintrieerteeestereestesesessesesessens 5
1.3, PriOTItIZATION «uveueteetenereeteienteteiestetee et stet et see st e e ssee et sseteseseeseneseeseenessessenessens 7
1.3.1. Online PrioTitiIZAtION ....ceveeeeererereereertsreesteeesestesesessesesessesesessssesessesessssssesessesenes 7
1.3.2. Offline PrioTitiZAtION .....coceteirtrerirrereueieeeerirtrtsteeseetese e esesestsesestesese e e e eenes 8
1.3.3. Identification as PrioTitiZation ..........cococececrererererereerereueueeneseseseseseesererenenccenes 9
1.3.4. Properties of the identified features........c.coceuvurururueueueererererenerenieieee e 10
1.3.5. Experimental mass spectrometry data-based approaches...........cccccocecucncee. 13

2. ODJECHIVES. ettt iee ettt b et sttt et st ebe et e be et ebe et ebe et ebeetenenestene 15
3. EXPEriMEntal......ccccvecieirieiieieinieeesteeesteeeste e stete et e eesssessesesasessssesssesansssssannes 16
3.1, Literature SEarch ........cccvueueiririeinieieietei ettt ettt et 16
3.2. Data, descriptors, and modelling...........cceeererrreririrreseniserenineenseeenseesesseresesnns 16
3.3, ChemICALS ..veueieieieieieeteteet ettt ettt st ettt et b ettt bbb e sne 17
3.4. Samples and PreParation........ccceeeceereuererisreeersesensssesessesesssssesessesessssesesessesessssens 18

[N StIUMENEATION ...eueteieierteteerteteeetest ettt et et sre st et sre st e e ssesteseseetenessesenessens 18



3.5. Experimental fish embryo acute tOXiCity......cceevererirererereriruereeerererenesereseseeeenenene 19

3.6, SOFEWATE.....oviiiceieiecittt et s sttt sa s nes 19
3.7. EValuation MELTICS ....cceuvueieueueuereeceininerereeeeeeeneeececees e s e e seseenesesesessssenenene 19
4. Results and diSCUSSION........cccceeriiriiiieieriiiieeeerentte e sesssssaeas 21
4.1. Risk estimation trends in non-targeted screening (paper I) ......cccoccovurvrrevnene. 21
4.2. Development of MS?-based quantification model (paper II) .......cccceeevurruecnnnee 23
4.3. MS*-based prioritization of wastewater features (paper III) ..........ccccovrrreunnee. 27
4.4. Experimental validation of MS*-based predictions (paper IV) ......cccocoeeurenecee 33
5. Conclusions and future PErSPECtiVES ........ccccerererirtrerereriereueueeereseststseeeeseseseeeenenes 37
ACKNOWIEAZEMENLES....c.veueiieieiieieirieieteieeteterestete et sesesse e e ssesesassesesassesesassesesessssensass 40
REFETEIICES.....uvviieneeeieietetetrtre ettt ettt bbb bt saeneas 42

vii






1. Introduction

Increasing numbers of chemicals are produced and used in our daily lives.! Many of
these chemicals, such as pesticides and pharmaceuticals, end up in the environment
after fulfilling their intended purpose.”” Water captures many such unwanted
chemicals,* called contaminants, and can carry them to surface and ground water
through the water cycle. Under environmental conditions, contaminants can further
transform into their transformation products through processes such as
photodegradation and oxidation, creating complex mixtures with new chemical
structures.” These mixtures are further consumed by living organisms, which depend
on water for survival, including humans. Currently, only a small fraction of
environmental contaminants and their potential health effects have been

investigated.®

The global and poorly reversible distribution of chemicals can have disruptive effects
on the Earth's ecosystem.”® It is estimated that the limit for safe operating space has
already been exceeded for novel human-made chemicals overall,” and even by four per-
and polyfluoroalkyl substances (PFAS) alone,® while many other persistent

contaminants can potentially pose a threat.

Simultaneously, increasing trends in adverse health outcomes associated with
environmental pollution have been observed," yet the exact contaminants responsible
for these effects are difficult to identify. Chemical pollution is considered one of the
drivers of biodiversity loss.”™ In human populations, environmental contaminants
have been connected to diverse sublethal effects, including neurodevelopmental

15,16

disorders such as autism and attention-deficit hyperactivity disorder,”'® mental

disorders,” asthma and allergic diseases,”® and decreased fertility rates.””
Furthermore, due to the high number of low-concentration chemicals in the
environment, the focus of toxicity studies has shifted from single chemicals to

mixtures of chemicals with potential synergistic or antagonistic effects.?"**

State-of-the-art water monitoring tools, such as liquid chromatography - high-
resolution mass spectrometry (LC/HRMS), enable the detection of thousands of

contaminants by providing information on their detected mass-to-charge ratio and



fragments. The acquired data is further used to identify the detected chemical through
comparison with reference information. Still, the identification yields are generally
low (<10%)*7%; thus, high-resolution experimental data are currently underutilized
and many detected chemicals are often discarded from further risk analysis due to the

absence of structural annotation.

This thesis aims to develop and validate a workflow for predicting the risk of water
contaminants detected with LC/HRMS based on experimental mass spectrometric
data. It is hypothesized that with the help of machine learning, such high complexity
data can be used for toxicity and exposure predictions prior to identification,
providing a useful prioritization step for further analysis and identification of the

potentially harmful detected contaminants.

Paper I investigates the recent trends in toxicity, concentration, and risk assessments
in non-targeted screening of environmental water samples analyzed with LC/HRMS

over the years 2019-2022 as a scientometric review.

Paper II focuses on the development of the concentration prediction tool MS2Quant,
which enables exposure estimation for detected chemicals prior to structural

assignment.

Paper III investigates the applicability of MS2Quant together with a complementary
adult fish acute toxicity prediction model, MS2Tox, for the prioritization of high-risk
contaminants in the influent and effluent samples from three wastewater treatment

plants in Sweden.

Paper IV focuses on the experimental validation of the risk prediction models. In
order to experimentally validate the toxicity predictions, a complementary fish

embryo acute toxicity model is developed.



1.1. Water contaminants

Organic water contaminants largely arise from man-made chemicals that enter the
aquatic environment through diverse pathways, which reflect their intended use.”®
This group of chemicals captures a wide variety of chemical structures, and includes
pesticides, chemicals in consumer products, and industrial chemicals which can be
carried to surface and ground water by the water cycle. Environmental processes, such
as photodegradation and abiotic and biotic oxidation reactions, can further alter the
structure of the original water contaminant, resulting in new chemical structures, so-
called transformation products.””>' Contrary to expectations, complexity is also
introduced by the water cleaning processes, where biodegradation and advanced
treatments, such as ozonation and chlorination, also result in new transformation

products.’*~

Suspect and non-target screening enables the detection of thousands of chemicals in
environmental water samples. For example, monitoring of European rivers has
revealed the presence of hundreds of known contaminants, many of which have been
estimated to be present at concentrations potentially causing chronic long-term
effects.””?® Still, only a fraction of the detected chemicals with experimental data
available are successfully annotated, leaving the unidentified chemicals completely out
of any chemical-based risk estimations. Simultaneously, monitoring environmental
water samples with bioassays provides a comprehensive overview of the effects, such

8 oxidative stress,* and mutagenicity,” caused by surface

as endocrine disruption,
water and wastewater effluents. Yet, the chemicals identified in the analysis rarely fully
explain the observed effects. Thus, pinpointing the chemicals causing the observed

effects is a major current scientific challenge for ecotoxicologists.

1.1.1. Risk posed by water contaminants

Any chemical in excess can cause harmful effects. For example, one tablet containing
500 mg of paracetamol administered to an adult can relieve pain and reduce fever,
while exceeding the recommended daily dose of 4000 mg can cause severe liver
damage.” The same chemical can have widely different effects on different species.
For example, paracetamol is highly toxic to cats as they lack the key enzyme

responsible for its safe metabolism.* In other words, every chemical will cause an



adverse effect if its dose/concentration exceeds the safe dose/concentration of that

chemical, which in turn depends on the species and the considered effect.

The aquatic toxicity of a chemical is expressed as a concentration at which a certain
effect can be observed. Often, lethal concentration to 50% of the species (LCso) or the
concentration causing toxic effects to 50% of the species (ECsy) are used to
quantitatively describe the toxicity of a chemical.”” The chemical can cause harm if the
organism is exposed to this chemical at a concentration close to or exceeding the
LCso/ECso values. This allows to express the risk quotient (RQ) of a chemical as
follows:

__ exposure

(1)

toxicity

In case RQ>1, the exposure levels exceed effect levels, meaning that adverse outcomes
may occur, indicating a high-risk scenario. The exposure to aquatic organisms can be
difficult to estimate as it depends on the uptake, bioavailability, and bioaccumulation;
however, environmental concentration is often used in initial risk screening as an

approximation.*®*

In the case of environmental contaminants, many chemicals are present at the same
time, and the toxic effects can already be seen at very low concentrations.*® Neither the
toxicity nor the exposure of these contaminants is simple to determine. The classical
approach for risk assessment requires the concentration to be determined with target
chemical analysis that can further be compared with experimental or guideline effect
values. However, this approach fails in the absence of analytical standards or ambiguity
in structural assignment, which is the case for the majority of the environmental

contaminants detected with non-targeted screening.

1.1.2. Toxicity testing

In order to determine the acute or chronic aquatic toxicity, test organisms of one
species are exposed to various concentration levels of the test chemical to obtain the
concentration-response curve. The sigmoidal curve is used to derive the effect
concentration values, such as LCso and ECso. Historically, aquatic toxicity testing was
performed in vivo on whole organisms such as fish and invertebrates. For ethical
considerations, unicellular and small organisms or in vitro molecular and cell-based

bioassays are increasingly used.” For example, acute toxicity tests on adult fish have

4



been replaced with more resource-effective and ethical fish embryo toxicity testing,

which correlates well with toxicity values derived from adult fish.*

As the toxicity testing of single chemicals is resource-consuming and requires
analytical standards, this approach does not provide a comprehensive picture of
complex environmental mixtures with low identification yields. Additionally, single
chemical testing does not account for the mixture effects of the chemicals, even though
at low concentration levels, concentration addition is considered a suitable

3152 Instead, the effect-based

approximation for mixture toxicity estimation.
monitoring of the whole sample can be used to provide an overview of the combined

effects of all contaminants, albeit without the information on the toxicity drivers.*!

1.1.3. Extent of the problem

Over 350,000 chemicals and mixtures are registered for production globally," which
can further undergo structural transformations, increasing the chemical complexity.
The largest chemical databases, such as PubChem, currently consist of more than
119,000,000 chemicals.” Not all of these chemicals are equally likely to be detected in
environmental water samples, yet databases focusing on chemicals that organisms are
more likely to be exposed to, such as PubChemlLite’*** and SusDat,* with
approximately 120,000 and 560,000 entries, respectively, highlight the scale of the
problem. There is a clear need for high-throughput methods to speed up the risk

estimation for emerging contaminants.

1.2. Screening tools and approaches

Water analysis and monitoring are predominantly carried out using a
chromatographic system for the separation of chemicals coupled to a mass
spectrometer for their detection. For separation, liquid chromatography (LC) is
suitable for monitoring non-volatile or semivolatile contaminants. LC is often the
preferred method for water samples as it requires minimal sample preparation
(filtering, enrichment), allows (almost) direct injection, and is suitable for separating
polar water contaminants.”’” For the separation of volatile and non-polar chemicals,
gas chromatography (GC) is a suitable technique.’®* For the detection of the separated

chemicals, high-resolution mass spectrometers, such as time of flight and Orbitrap,



are widely used due to their excellent resolving power (resolution from 60,000 to

1,000,000) and high mass accuracy (<5 ppm).*’

In order to analyze the chemicals with HRMS, the chemicals separated with LC need
to be transferred from the liquid phase to the gas phase and be positively or negatively
charged. For this, electrospray ionization (ESI) is commonly used to couple the LC to
HRMS. ESI is considered a soft ionization technique where the chemical is either
protonated in positive mode (ESI+) or deprotonated in negative mode (ESI). Excess
charge is produced by electrochemical reactions under high voltage, and charged
droplets are emitted from the ESI capillary. As the solvent evaporates, the droplets
concentrate, and the gas-phase ions of the analyte are formed.®*' In the presence of
other charged species, such as Na*, Ka*, NH4*, and CI’, corresponding adducts beyond

protonation/deprotonation can be formed.**'

The charged analyte can be detected, but also separated from other ions for further
fragmentation by colliding the selected ion with neutral gas molecules. The
fragmentation spectrum (MS?) of a chemical carries structural information, as the
high-resolution measurements enable the suggestion of the elemental composition of
the fragment ions, which in turn can indicate the presence of functional groups in the
structure. Additional ionization techniques used with LC include atmospheric
pressure chemical ionization (APCI) and atmospheric pressure photoionization
(APPI), which are suitable for less polar chemicals but are limited to thermally stable
analytes with molecular masses below 3000 Da. Thus, ESI remains the most common

ionization method of choice in non-targeted screening with LC/HRMS.

Prior to data analysis, the acquired LC/HRMS data needs to be pre-processed to obtain
a set of relevant features with retention time, mass-to-charge ratio (m/z), signal
intensity, and MS? (if acquired) information. This step usually includes feature
detection and alignment over replicates, subtraction of blank features, and
componentization, i.e., grouping different adducts, isotopes, and in-source fragments

corresponding to the same chemical.

Even after pre-processing, thousands of chemical features are detected per sample,

resulting in large amounts of data. Specific chemicals of interest can be monitored

using optimized analytical methods and confirmed with reference standards - a

strategy known as targeted screening. A broader way of analyzing the sample is by

looking for m/z matches with a list of expected contaminants, also known as suspect

screening. This approach is especially useful for monitoring previously reported or
6



suspected, potentially emerging contaminants. Still, completely unknown chemicals,
such as new transformation products, would be overlooked with target and suspect
screening methods. The broadest screening method, non-target screening, considers
all detected features as potentially important. Due to the large number of features
analyzed in NTS, experimental data-based prioritization is generally performed to
focus the resources on the features of highest importance. The choice of prioritization

approach in an NTS study is critical for determining the subset of features that are

1.5962.63

further analyzed in more detai

1.3. Prioritization

Separation HRMS & online prioritization Pre-processing

RT MS' Ms?

N1

Features Identification Chemical properties

Statistical
methods

Chemistry-  Effect-
based based

Offline prioritization

Figure 1. Non-targeted screening workflow.

1.3.1. Online prioritization

Due to instrumental limitations, it is currently impossible to gather high-quality MS?

data for all detected features. Therefore, the first prioritization step is already
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performed when the approach for MS? acquisition is chosen (Figure 1). In general, the
approaches can be divided into two subcategories — data-dependent acquisition (DDA)

and data-independent acquisition (DIA). ¢

In the case of DDA, specific ions are selected based on each full scan, which are further
isolated and fragmented, resulting in high-quality MS?* spectra. The disadvantage of
the DDA approach is that, due to time limitations, only a fraction of the detected ions
is fragmented. The ions that will further be fragmented are selected either based on
signal intensity, e.g. top N m/z with the highest signal intensity per full scan, or the
m/z match with the chemicals in the user-provided inclusion list. Often, the inclusion
list approach is complemented by the intensity-based acquisition when no precursors

match the inclusion list.>*¢>¢*

The DIA aims to fragment all ions detected in the full scan, followed by the
deconvolution of the MS? spectra based on the retention time profile and m/z. The
fragmentation in DIA can either be performed for all ions detected in full scan at the
same time (all ion fragmentation), or by using the Sequential Window Acquisition of
all Theoretical Mass Spectra (SWATH), where sequential m/z ranges are used after
each full scan to reduce the complexity of the data for deconvolution. The frequently
observed disadvantages of DIA are the lower quality and reliability of the

deconvoluted MS? spectra.®**

1.3.2. Offline prioritization

After data acquisition and pre-processing, thousands of features detected in the sample
can remain relevant for the data analysis. Numerous offline prioritization techniques

can be applied depending on the objectives and the research question.*”**

Chemistry-based methods include suspect screening by matching detected m/z with
suspect lists or databases, depending on the aim of the research.®®®” Additionally,
unique compound properties can be searched for in a full scan, such as isotopic
patterns and negative mass defects for halogenated chemicals.®®*”° Similarly, MS? data
can be used. For example, the patterns in the fragmentation spectra can indicate the
presence of toxicity-related structural alerts, i.e., functional groups that have been

related to higher toxicity of a chemical.”



The detected features can also be prioritized based on the known process, event, or
site, often with the help of statistical analysis. In such cases, additional data about the
samples must be available, for example the influent and effluent sample of the same

wastewater treatment plant® or site-specific samples over certain time intervals.”

Effect-based methods are guided by the experimental toxicity of the sample. While the
effect-based monitoring of the whole sample helps to prioritize samples of interest,
the further analysis of such samples can also be guided by toxicity. Effect-directed
analysis (EDA) is a commonly used approach for the prioritization of chemical
features.” The contaminants are separated with chromatography and simultaneously
analyzed with a mass spectrometer and fractionated for toxicity analysis. Fractions
with adverse effects are related back to the chemicals detected with the mass
spectrometer in the retention time range. While EDA is a powerful method for
narrowing down the features of interest, the observed toxicity is generally not
explained by the contaminants identified in the chemical analysis due to low
identification yields and higher sensitivity of the bioassays that can result in
LC/HRMS signals below the limit of detection.***#73-76

1.3.3. Identification as prioritization

Prioritization helps to direct focus to a subset of detected features, which need to be
identified in order to draw conclusions regarding chemical-specific properties or risk.
While mass spectrometric data is informative, this alone is generally insufficient to
unequivocally determine the structure of the contaminant; therefore, different
identification approaches can be used, often in parallel.””’® Firstly, the fragmentation
spectrum of a detected feature can be matched against experimental spectral libraries.
Many such libraries, such as MassBank,”” GNPS,** METLIN,* etc., have been compiled
through collaborative efforts and include experimental spectra for thousands of unique
chemicals. Gathering experimental data is resource-intensive; thus, experimental
spectral libraries only cover a fraction of known chemical space. In the effort to expand
the annotatable chemical space, in silico generated spectral libraries have been created,
which aim to imitate experimental spectra.®>® The in silico spectra can suffer from
generating noise and missing important fragments and are thus less reliable than the
experimental reference spectra. Alternatively, identification approaches extracting
structural information from the MS? spectra with the help of machine learning (ML)

have proven effective for compound identification. Software such as
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SIRIUS+CSI:FingerID* and MIST®* allow the comparison between MS?-based
predicted structural information with database structures for which the same
information can be calculated, removing the need for experimental data and
expanding the explorable chemical space. As these methods still need structural
databases to suggest candidate structures, the recent trends in chemical space
expansion include generative modelling for elucidating the structure of novel

chemicals.?38

Even though the identification methods are constantly being improved, currently,
only a fraction of features with available MS? data are structurally annotated, and many
suggested candidate structures can have low confidence.”” Thus, the identification
process that depends on the existing databases can also be interpreted as prioritization
based on current knowledge of potential environmental contaminants. As further
steps rely on structural annotation, large numbers of detected features are completely

discarded from further analysis.

1.3.4. Properties of the identified features

In order to investigate the risk (or other relevant chemical properties) of the detected
features, different approaches can be applied depending on the reliability of structural
annotation. The highest confidence in structural annotation, that is, level 1 on the
widely used NTS annotation confidence scale,” can only be achieved if the
experimental data of the detected feature matches the measured data of an analytical
standard. On the same scale, MS* match with the experimental spectral libraries can
bring the annotation confidence to level 2, while the in silico and ML-based methods
provide a list of candidate structures with varying confidence scores and can therefore

only achieve level 3 on the 5-level annotation confidence scale.

In the best-case scenario, when an analytical standard is available, the relevant toxicity
can be experimentally determined, and the environmental concentration of a chemical
can be determined by constructing a calibration graph. However, this approach is
resource-intensive and impossible if standards are not available. Furthermore, for the
majority of the detected features in environmental samples, the annotation confidence
remains at level 3 or lower. With the expanding list of emerging contaminants that

require investigation, standard-free approaches are needed to speed up the process.
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Toxicity (standard-free)

192 can be used to screen for

For structurally annotated features, toxicity databases
toxic effects; however, the data is largely missing for newly detected contaminants and
transformation products. Alternatively, computational tools offer a possibility to
estimate toxicity from the structure in a rapid and high-throughput manner. Many
prediction models have been trained for numerous species and endpoints.”? For
example, the widely used Ecological Structure Activity Relationships (ECOSAR)
Predictive Model predicts acute and chronic effect levels for fish, daphnid, and algae.”
The prerequisite of training such models is relevant training data availability,

preferably including a wide variety of chemical structures.

Concentration (standard-free)

Determining the concentration of a chemical detected with LC/ESI/HRMS is not
trivial. The chemicals need to be ionized for the analysis and detection with a mass
spectrometer, and the fraction of the analyte molecules that will be ionized, also
known as ionization efficiency (IE), differs widely between chemicals.”* The IE is
affected by both the chemical properties, such as hydrophobicity,” pK,,* and gas-phase
proton affinity,'” and the conditions during elution, such as aqueous pH,"" organic
modifier percentage,'®” and presence of NH," ion.'” Differences of more than 7 orders
of magnitude in IE have been observed between different chemicals, and thus, the
signal/peak area alone cannot be used for concentration estimation of detected

chemicals.”

Several approaches have been developed to estimate the concentration of a detected a
priori unknown chemical without an analytical standard. A recent interlaboratory
study investigated commonly applied strategies — using a close eluting calibrant,
surrogate standard, and IE prediction models for quantification.”® The best
concentration estimations were achieved by using the IE prediction models,
showcasing the utility of machine learning modelling in understanding chemical
processes. All tested approaches relied on the structural annotation, except for the
closest eluting calibrant approach, which also performed the worst out of all tested

approaches.

The surrogate standard approach has proven useful in specific cases, such as PFAS

quantification with a standard from the homologue series. Usually, the surrogate
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standard would consist of the same hydrophilic head group but would differ in the
fluorinated alkyl chain length. The differences in the performance of the surrogate
quantification and [E prediction model approach were shown to be statistically
insignificant for PFAS.'” The advantage of the latter is the applicability in the absence

of suitable surrogate standards.

In order to train a general IE prediction model, high-quality calibration data for a wide
range of chemical structures is needed. Several IE prediction models, typically focusing
on specific chemical classes, have been developed using training datasets of up to 100
chemicals.'”™ Only a limited number of more general models have been trained on
datasets containing a few hundred chemicals.”*"?° As the functional groups that play
a crucial role in the ionization process differ between positive and negative mode ESI,

separate models are generally trained for the two modes.

Concentration prediction models and workflow

The IE prediction models predict the extent of chemical ionization relative to a
reference chemical. In other words, the predicted IE value is on a relative scale and
does not consider the experimental conditions, such as source cleanliness, instrument,
software, etc., which affect absolute signal intensities in the LC/ESI/HRMS run. In
order to predict the experiment-specific response factor (RF), i.e. the slope of the
calibration graph, for the chemical of interest, the IE predictions need to be calibrated.
For this, calibration graphs for a set of calibrants with varying IEs are measured in the
same run with the chemical(s) subject to quantification, and the RFs in the linear range
are determined. As the structures of the calibrants are known, the IE values can be
predicted, and the linear regression is used to relate the predicted IE values to
experiment-specific RFs. The latter is used to convert the predicted IE to the
corresponding RF for the chemical subject to quantification. The concentration

estimation is obtained by dividing the signal area by the predicted RF (Figure 2).%

=
g '
__Area
RF
— ogRF
Structure Prediction Calibration Concentration

Figure 2. Concentration prediction workflow using an ionization efficiency prediction model (left to right).
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1.3.5. Experimental mass spectrometry data-based approaches

Currently, the main requirement for predicting the risk and chemical properties of the
detected features in NTS without an analytical standard is the structural annotation of
the chemical. If the structure cannot be assigned, identification becomes a bottleneck
in risk evaluation. In most cases, the unidentified features are discarded from further
analysis, and high-quality mass spectrometry (MS) data that include structural

information of the detected features are ignored.

Thus, this thesis focuses on the development and application of tools that bypass the
identification bottleneck. These tools enable estimating properties of the still
unidentified chemical corresponding to the detected feature based on relevant
structural information extracted from the MS' and MS* spectra. Importantly, this
work focuses on investigating the utility of such information for risk prediction rather

than developing new tools for extracting structural information from MS? spectra.

The high-resolution MS data is high-dimensional (every potentially separable m/z can
be thought of as one dimension), with a sparse data population. Thus, dimensionality
reduction for capturing the most relevant structural information is often needed to
reduce noise and computational cost. In addition to direct spectrum-based feature
extraction, such as fragments and neutral losses, ML algorithms, including deep
learning models and fragmentation tree-based approaches, have been shown to
successfully capture chemically relevant information from MS data (Figure 3). For
example, SIRIUS+CSI:FingerID* software predicts the presence or absence of
substructures in a detected chemical. These substructures are predefined, and for each
substructure, a support vector machine model has been trained to predict the
probability of a substructure from the MS data.'"'** The vector with presence/absence
information of substructures, known as the structural fingerprint of a chemical, can

also be calculated for a known structure.

These approaches have been used for mapping chemical space,'’” improving spectral
matching,”?* predicting chemical properties such as logP,'*® and allowing identification
based on structural databases and de novo generated structures.*>* In the context of
environmental monitoring and risk predictions, the structural fingerprints extracted
from MS? spectra have been successfully used for predicting adult fish acute toxicity,'*
and bioassay activity for endocrine disruption.””’"” Additionally, fragments and

neutral losses have been used to pinpoint potentially hazardous chemicals.”® A few
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studies have combined the MS?-based toxicity and concentration predictions for risk

predictions.®"!
A) B) C.HNSO
C;HsN;0
i P CeHeN,O;
- L
Fragments Neutral losses
m/z  Intensity m/z
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Figure 3, Methods for extracting information from MS data. A) Spectrum-based feature extraction summarizing
all fragments and neutral losses, and B) fragmentation tree-based structural fingerprint prediction (working
principle of SIRIUS+CSI:FingerID).
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2. Objectives

The state-of-the-art analytical tools provide high-quality data for thousands of
detected contaminants in the environmental water samples. At the same time, only a
fraction of this information is used, as the strategies applied in NTS require a
successful structural assignment as a basis for risk estimation. It is hypothesized that
the mass spectrometric data that carry structural information can be used for risk
prediction, even without successful structural assignment. Therefore, the objectives

of this doctoral thesis were to:

1) Review the recent trends in assessing the toxicity, concentration, and risk for
chemicals detected in environmental water samples with the NTS workflow.

2) Develop and improve experimental mass spectrometric data-based
quantification and toxicity prediction tools that increase the number of
features subject to risk predictions.

3) Apply and validate the developed tools in NTS workflows for the

prioritization of high-risk contaminants.
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3. Experimental

3.1. Literature search

For the scientometric review (paper I), the literature search was conducted using the
Web of Science search engine. We aimed to gather all research papers that applied
non-target screening on water samples published over the years 2019 to 2022. The
exact search query was: “(TS=(non-target) OR TS=(nontarget) OR TS=(untarget))
AND (TS=(water) OR TS=(wastewater) OR TS=(groundwater)) AND DT=(Article)
AND PY=(2019-2022)". As the Web of Science search engine screens abstracts and
not full texts, we excluded keywords relating to LC and MS from the search, as they
would have excluded many relevant papers. The usage of the LC system was manually

checked for all papers resulting from the query.

3.2. Data, descriptors, and modelling

In paper II, 13 datasets of calibration graph slopes from different sources were unified
to compile the training data for the IE prediction model in ESI+ mode. In total, the
dataset consisted of 6049 datapoints corresponding to 1191 unique chemicals. The data
was divided into training and test sets with a ratio of 80/20 based on the unique
International Chemical Identifier (InChI) of chemicals, ensuring that all the datapoints
corresponding to the same chemical would be in either training or test set. The
structural fingerprints were calculated in R with an in-house function corresponding
to fingerprints of the SIRIUS+CSI:FingerID (version 4.9.15). For comparison with the
structure-based quantification method, Pharmaceutical Data Exploration Laboratory
(PaDEL) descriptors, Mordred, extended-connectivity fingerprints (ECFP), and
minHashed atom-pair fingerprints (MAP4) were calculated and used in IE model
training. Different extreme gradient boosting-based algorithms (xgbTre, xgbLinear,
xgbDART) were used for model training with five-fold cross-validation for

hyperparameter tuning.

In paper IV, the dataset from the ECHA report analyzing relevance of fish embryo
acute toxicity test guidance™ was used as the basis for model training. After data
cleaning, 752 chemicals with LCso values measured under differing experimental

conditions remained in the dataset. To enable experimental validation of the model
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based on OECD Test Guideline 236, a dataset of LCs, values was compiled by
transferring data to experimental conditions corresponding to the test guidelines
based on linear regression analysis, resulting in 209 unique chemicals. Additionally,
the adult fish LCs, data used in MS2Tox modelling were added to the dataset based on
the linear regression of common chemicals (N=51, R* = 0.83) to increase the data for
model training. The 23 chemicals used for validation were removed from the training
data. Structural fingerprints were calculated for all chemicals based on Simplified
Molecular Input Line Entry System (SMILES) using the fingerprinter function from
SIRIUS+CSI:FingerID software (version 5.8.7). The final dataset consisted of 988
unique chemicals, and the final toxicity prediction model was trained with xgbTree
algorithm using five-fold cross-validation. Additionally, the MS2Quant model for
ESI+ was retrained on datasets where the chemicals used in validation were removed
from the training. The data was re-standardized, removing some duplicate chemicals.
Final training data consisted of 1140 unique chemicals. The MS2Quant for ESI- was
trained on a dataset of 268 unique chemicals. The models were trained on the whole

dataset using the xgbTree algorithm and five-fold cross-validation.

3.3. Chemicals

104 \were used for

In paper II, chemicals used in a NORMAN interlaboratory study
model validation. For model calibration, the calibration graph slopes of 36 chemicals
were used, and the concentration was predicted for 39 chemicals spiked in lake water

at two concentrations.

For the development of the prioritization approach in paper III, a mixture of 159
environmentally relevant contaminants was prepared and spiked into methanol/water
(20/80, v/v) with a final concentration of 50 pg/L, and into influent and effluent
samples from one WW TP at three concentration levels (final concentrations of 50, 5,
and 0.5 pg/L).

The risk predictions in paper IV were validated on the set of 23 chemicals, which
were used to prepare different designed mixtures. These chemicals were selected from
the dataset of the ECHA report for Zebrafish embryo LCs values and were removed
from model training. The MS2Quant positive and negative mode IE models were
calibrated by using calibration graph slopes of 28 and 19 calibrants for ESI+ and ESI-

mode, respectively.
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3.4. Samples and preparation

In paper III, influent and effluent samples from three WWTPs in Sweden were
investigated. The samples were stored at -20 °C until the analysis. Before the
measurements, the samples were allowed to thaw at room temperature and filtered

using 0.45 um pore size syringe filters.
Instrumentation

The measurements in papers II, III, and IV were performed using Dionex UltiMate™
3000 UHPLC liquid chromatography system (Thermo Fischer Scientific) coupled to
Q Exactive Orbitrap HRMS (Thermo Fischer Scientific).

For paper III, ACQUITY UPLC HSS T3 column (1004, 1.8 pm, 2.1 mm x 100 mm,
1/pk, Waters) and ACQUITY UPLC HSS T3 VanGuard pre-column (100 A, 2.1 mm x
5 mm, 3/pk, Waters) were used. Both the aqueous mobile phase and methanol as
organic mobile phase contained 10 mM acetic acid. The flow rate was held at 0.4
mL/min, column temperature at 40 °C, and autosampler temperature at 5 °C. The
content of organic mobile phase was increased linearly from 5% to 95% over 10 min,
was held constant for 2 min, decreased back to 5% in 0.1 min and kept at 5% for 2.9
min for equilibration before the next injection. The injection volume of 100 uL was
used for all samples. The measurements were performed in ESI+ mode and
fragmentation spectra were acquired using three acquisition methods: top 5 highest
intensity features per full scan, inclusion list based on expert curated suspect list, and
data-independent acquisition where every full scan measurement was followed by five

sequential window acquisitions of all theoretical mass spectra (SWATH-MS).

For papers II and IV, Kinetex EVO column (2.6 pm, C18, 100 A, 150 mm x 3.0 mm,
Phenomenex) was used. Aqueous phase with 0.1% formic acid and acetonitrile as
organic mobile phase were used in ESI+ mode measurements. Additionally, ESI- mode
measurements were performed in paper IV with the aqueous phase with 5 mM
ammonium acetate. The flow rate was kept at 0.35 mL/min, column temperature at
40 °C, and autosampler temperature at 5 °C. The content of organic phase was
increased linearly from 5% to 100% over 20 min, was held constant for 5 min,
decreased back to 5% in 0.1 min and was kept at 5% for 2.9 min for equilibration before
the next injection. The injection volume of 10 pL was used for all samples. The

fragmentation spectra were acquired using the inclusion list combined with acquiring
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MS? for top 5 most intensive peaks in the absence of precursor mass matches with the

inclusion list.

3.5. Experimental fish embryo acute toxicity

In paper 1V, fish embryo acute toxicity testing was performed for 8 chemicals
following the OECD Test Guideline No. 236. The fertilized wild-type zebrafish (Danio
rerio) embryos were placed into pre-incubated 24-well plates, one embryo per well,
and exposed to the test chemical. All 24 embryos per plate were exposed to the same
concentration level of the test chemical. Similarly, positive and negative control plates
(24 embryos each) were analyzed in parallel. Lethality was assessed at 96 hours post
fertilization based on endpoints listed in the OECD guideline (coagulation of the
fertilized egg, lack of somite formation, lack of detachment of the tail-bud from the

yolk sac, and lack of heartbeat).

3.6. Software

In papers II, ITI, and IV, MS-DIAL"*"** (versions 4.80 and 5.5.250820) was used for
feature alignment, integration, and deconvolution of DIA data. Further processing of
the data was performed using R (versions 4.1.3, 4.2.2, 4.3.2, and 4.4.2) and RStudio
(versions 2022.12.0 and 2024.12.0). SIRIUS+CSI:FingerID* software (versions 4.9.15
and 5.8.7) was used for the prediction of probabilistic fingerprints for the detected
features and in silico structural assignment. MetFrag® (version 2.6.1) was used for in

silico structural assignment in paper III.

3.7. Evaluation metrics

In papers II, III, and IV, the squared Pearson correlation coefficient R*> was used for
correlation analysis. Additionally, in paper III, the squared Spearman correlation
coefficient was used for MS*-based priority score and risk quotient analysis. The
prediction errors were analysed using root mean square errors (RMSE), and

prediction fold errors were calculated as follows:
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Additionally, for the candidate structures assigned by in silico models in paper III, the
root mean square difference (RMSD) was calculated for MS? and candidate structure-

based predictions.

The validation of piority score approach using binary classification in paper III was
evaluated based on precision (Prec), recall (Rec), and accuracy (Acc) calculated as
follows:

TP
L 3)
Prec = 5 Fp (
TP
- (4)
Rec = TP TN
TP + TN
Acc = (5)

TP + TN + FP + FN

The metrics are calculated using the number of predicted true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN).
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4. Results and discussion

4.1. Risk estimation trends in non-targeted screening (paper I)
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Figure 4. Graphical overview of paper L.

Suspect and non-targeted screening are needed to discover chemicals of emerging
concern that are overlooked by targeted methods. Often, new chemicals
are detected in the samples, yet the potential risk of these chemicals is unclear from
the analysis. Simultaneously, new tools and workflows are emerging that can help to
provide such information for detected chemicals. Thus, this paper aimed to review the
trends over the years 2019 to 2022 in considering concentration, toxicity, or the risk,

i.e., the combination of the two, estimations for the water contaminants detected in
NTS.

Firstly, a growing trend in papers applying non-target screening was observed: in
total, 35, 52, 60, and 83 papers applied NTS on water samples in 2019, 2020, 2021, and
2022, respectively. Over all 238 relevant papers, 158 (66%) included quantification, and
108 (45%) included toxicity in the analysis of the detected chemicals.

The vast majority of the quantification was performed with an analytical standard,
either for predefined target chemicals or by acquiring a standard for the identified
feature(s). In 40 papers, alternative standard-free methods were considered for

quantification, most commonly, a surrogate standard based on structural similarity
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(including parent-TP relation) or retention time. Alternatively, an isotope-labelled

standard was used for quantification.

Toxicity estimation in environmental water monitoring gained popularity in this
period. In 2019, every fourth paper considered toxicity estimation, while in 2022, it
had increased to every second paper. Most commonly, databases and literature
searches were used to find toxicity information for detected (identified) chemicals. In
addition, approximately every third paper included in silico toxicity predictions for the
identified features in the analysis. Experimental toxicity, mostly with in vitro bioassays,
was also performed in every third paper for effect-based monitoring of the whole

sample or effect-directed analysis.

The risk was considered in 30 papers out of 238. In 19 papers, risk quotients were
calculated for detected features based on the environmental concentration level
obtained through target quantification, and literature-derived or in silico predicted

toxicity values.

While the number of applicable tools for risk estimation has increased, the majority
of the research is still either qualitative or highly dependent on the availability of
analytical standards for risk estimation. The deeper investigation, validation, and
performance comparison of recently developed risk estimation tools could increase
their usage and thereby increase the overview of the risk of the detected features.
Additionally, as the majority of the tools used in the literature depend on structural
assignment, emerging MS*-based tools could be helpful for pinpointing high-risk

chemicals.
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4.2. Development of MS*-based quantification model (paper II)
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Figure 5. Graphical overview of paper I1.

The aim of paper II was to develop a machine learning model that can be used to
quantify detected features, either based on the structural fingerprints calculated from
the assigned structure or predicted from the fragmentation spectrum. The latter can
be done by using SIRIUS+CSI:FingerID, which can predict a probabilistic fingerprint
of a detected chemical based on its MS? spectrum.

Unification

The calibration graph slopes are specific to the used instrument and experimental
conditions; thus, to compile a dataset of chemicals on a relative ionization efficiency
scale, the calibration graph slopes from different sources were unified. For this, the
dataset from Liigand et al. (hereafter referred to as “dataset 1) was used as a basis since
this dataset contained relative ionization efficiency values for 399 unique chemicals

measured under different experimental conditions (Figure 6).

As the slope and IE values can differ multiple orders of magnitude, the data were log-
transformed. In order to unify a new experimental dataset, chemicals measured under
similar experimental conditions were used to construct a linear regression model
between dataset 1 and a new dataset. The linear model was then used to transfer all
calibration graph slope values from the new dataset to the IE scale. In total, 13 datasets

were unified, resulting in 6049 datapoints corresponding to 1191 unique chemicals.
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Figure 6. Unification process for obtaining loglE data for modelling. First, common chemicals loglE dataset and
new dataset subject to unification were selected and filtered based on experimental conditions (such as pH and
organic modifier percentage during elution). These chemicals were used for fitting a linear regression and
transferring the RF values from the dataset subject to unification to the loglE scale. Chemicals outside of the linear
range were discarded.

Model training

The unified dataset was divided into a training and test set based on unique chemicals
with an 80/20 ratio. Structural fingerprints were calculated based on SMILES notation
for both training and test data. The training dataset was cleaned by removing missing
values and highly correlated or low-variance features. The remaining features and
eluent composition features (surface tension, viscosity, polarity, NH4* presence) were
used for model training. Out of the tested extreme gradient boosting algorithms,
xgbTree outperformed the other tested algorithms. Complementary structure-
dependent models based on different molecular descriptors were trained, with the
Pharmaceutical Data Exploration Laboratory (PaDEL) descriptor-based model
outperforming others. Thus, the PaDEL-based model was used in the performance
comparison with the structural fingerprints-based model, further referred to as
MS2Quant.

Based on the MS2Quant predicted IE values, the root mean squared error (RMSE) of
0.55 (3.5x) and 0.80 (6.3x) log-units were observed on the training and test set,
respectively. In comparison, the RMSE of the IE values predicted by the PaDEL-based
model were 0.56 (3.6x) and 0.81 (6.5x) log-units for the training and test set,
respectively, indicating similar performance of structural fingerprints and molecular
descriptors-based models. Here, all predictions were performed based on the structure.
For the validation of the MS2Quant model on MS*-based IE predictions, new
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MS2Quant and PaDEL-based models on all available data (training + test set) were

trained using the optimized hyperparameters.

Validation

The samples from the NORMAN interlaboratory comparison of quantification
approaches in NTS were used for validation.'™ The concentration was predicted for
39 suspect chemicals spiked into lake water at two concentration levels. In order to
convert the predicted [E values to experiment-specific RFs, the linear regression
between experimental calibration graph slopes and predicted IE values of 36 calibrants
was used. The IE values predicted based on the MS? spectra of the suspects were then
converted into predicted RFs using the IE-RF linear regression model of calibrants.
The concentration could then be predicted by dividing the peak areas of the suspects

by their corresponding predicted RFs.
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Figure 7. Samples from the NORMAN interlaboratory comparison were used for model validation. A) In total, 39
suspects spiked at two concentration levels were quantified based on experimental MS? spectra. For this, structural
fingerprints were calculated using SIRIUS+CSI:FingerID software and were used as input to MS2Quant. B) The
predicted concentrations showed good correlation with spiked concentrations (R? of 0.46, RMSE of 0.77 log-units).

The observed RMSE for the 39 suspect chemicals was 0.77 log-units (5.9x), which was
comparable with the error observed on the test set (Figure 7). For the structure-based
predictions comparison, highest ranked structure assigned by SIRIUS+CSI:FingerID
software was used. The structure-based concentration predictions resulted in RMSE
of 0.86 (7.3x) and 0.87 (7.4x) log-units with MS2Quant and PaDEL-based model,
respectively. However, the differences in quantification errors with MS*-based
MS2Quant and PaDEL-based model were statistically insignificant (pair-wise

Wilcoxon ranked sum exact test, p = 0.13). In the case of the 39 suspects, 34 were
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correctly identified as highest ranked structure. The prediction fold error on the five
incorrectly identified features was 4.2x and 6.0x for MS*-based MS2Quant and PaDEL-
based model, respectively, though the differences were statistically insignificant (pair-
wise Wilcoxon rank sum exact test, p = 0.44). The MS?-based predictions were
comparable to structure-based predictions, suggesting that MS? does not have a large

impact on the predictions and most of the uncertainty originates from the model.

The developed concentration prediction model MS2Quant enables high-throughput
concentration estimations without the need for structural assignment. The main
limitation in concentration prediction is the availability of the probabilistic
fingerprints predicted by SIRIUS+CSI:FingerID.
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4.3. MS*-based prioritization of wastewater features (paper III)
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Figure 8 Graphical overview of paper II1.

The discovery of emerging contaminants posing a high risk mostly relies on the often
inaccurate and low-yield structural identification process. Thus, this paper aimed to
investigate the applicability of the two MS?-based concentration and toxicity
prediction models, MS2Quant and MS2Tox, for risk-based feature prioritization. For
this, the MS?-based predictions were combined into a priority score (PS):

Area /
1010g1Epredicted
10]0gLC50 predicted

PS = (6)

The Area corresponds to the integrated signal area from full scan measurements,
loglEpredictea corresponds to log-scale IE predicted with MS2Quant, and logL.Cso predicted
corresponds to lethal concentration to 50% of the adult fish (log-mM) predicted with
MS2Tox.

The applicability of the MS?-based priority score was first validated on a mixture of
159 contaminants spiked in influent and effluent samples of one WWTP, and applied
to influent and effluent samples from three WWTPs in Sweden. Additionally, the
effect of the data acquisition method used for collecting fragmentation spectra was

investigated.

Evaluation of the priority score

The manual investigation of full scan measurements resulted in 90 mutually detected

chemicals that were used in the further investigation. Three different data acquisition
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approaches for acquiring MS? spectra were tested: (1) top 5 highest intensity features
per full scan (Top5); (2) a target inclusion list compiled based on a surface water
suspect list (SWS); and (3) data-independent acquisition (DIA). The number of
acquired MS?, successfully predicted probabilistic structural fingerprints, and the

correct formula and ranking of the correct structure were investigated.

Obtaining the predicted fingerprint with SIRIUS+CSI:FingerID primarily depended
on the concentration of the spiked contaminants and not on the data acquisition
method. However, the correctness of the predicted formula and candidate structure
was higher for both DDA methods compared to DIA, suggesting lower spectral quality

for the deconvoluted fragmentation spectra from DIA measurements. (Table 1)

Table 1. The percentage of correctly predicted molecular formulas and structural assignments, calculated based on
the number of chemicals with predicted structural fingerprints for the three investigated MS? acquisition.

MS?
L Correct structure Correct structure as
acquisition =~ Correct formula (%) ]
among candidates (%) rank 1 (%)
method

Top5 51-71% 72-86% 59-77%
SWS 33-77% 56-100% 56-83%
DIA 11-38% 49-65% 21-43%

For all features with predicted probabilistic fingerprint, PS was predicted from the
fingerprint and from the SMILES notation of the chemical and compared. Over
influent and effluent samples spiked at three concentration levels, the best agreement
between MS* and SMILES-based PS was observed for Top5 and worst for DIA
acquisition method (Figure 9Figure 1). Interestingly, the features with predicted
probabilistic fingerprint but without any candidate structure suggestions showed good
agreement with the SMILES-based PS (R* of 0.18 to 0.72). Approximately 20% of the
features with predicted fingerprints yielded no candidate structures, thereby

showcasing the advantage of using MS?-based methods for risk predictions.
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Figure 9. The priority score (PS) predicted based on correct SMILES compared to the PS predicted based on
probabilistic fingerprint from MS? for three acquisition methods. The data is categorized based on the availability
of candidate structures assigned by SIRIUS+CSI:FingerID.

Risk quotient equivalent priority scores

The developed PS was compared to the risk quotient (RQ) to investigate its
applicability in the environmental context. The experimental LCs, values from three
fish species (bluegill, fathead minnow, rainbow trout) were available for 23 spiked
chemicals out of 90; thus, the RQs were calculated by dividing the spiked
concentration by the experimental LCs, value for the influent and effluent samples
spiked at three concentration levels. The PS corresponding to RQ=1, based on the
linear fit (PSrq-1) and PS corresponding to the lower limit of the 95% prediction
interval at RQ=1 (PS,recautionary), Were defined using SMILES-based PS comparison with
RQs (Figure 10A).

In order to validate the prioritization approach, binary classification was used on the
features with predicted probabilistic fingerprints. Chemicals with RQ>1 were
classified as “ground truth” high-risk chemicals, and the chemicals that exceeded PSrq-1

29



were classified as predicted high-risk chemicals. Similarly, features exceeding

PSprecautionary Were predicted as precautionary risk features.

More than half of the high-risk features (>PSrq.1) were prioritized by Top5 and DIA,
resulting in respective recall values of 0.55-0.68 and 0.55-0.74, over different fish
species. Using the PSjrecautionary, the recall values were 0.97-1.00 and 0.94-1.00 for Top5
and DIA, respectively (Figure 10B). The correlations between PS and RQ were
statistically insignificant for all SWS measurements and for all correlations with LCso
derived from fathead minnow fish species. Additionally, as the SWS approach did not
acquire data for contaminants exceeding RQ=1, the calculated binary evaluation
metrics were uninformative. The recall values from Top5 and DIA measurements
from realistic exposure scenarios indicate that PSrq-1 and PSprecautionary Capture the

majority of the high-risk features and can substantially reduce the feature set.
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Figure 10. A) The PSro-1 and PSyrecautionary are defined based on the SMILES-based priority score (PS) and risk quotient
(RQ) correlation. B) Binary classification using PSro-1 for Top5 and DIA acquisition methods, as no features
surpassed RQ=1 for the SWS method. Here, LCso values from one fish species (bluegill) are shown.

Applying the priority score approach to wastewater samples

The PSro-1 and PS;recautionary Were applied to the influent and effluent samples from three
WWTPs in Sweden. In total, 9,751 to 15,923 features were detected per W W TP.
Features detected in full scan were joined with the respective MS? information from
the three data acquisition methods based on retention time (< 0.2 min) and m/z (< 10
ppm) agreement. For 45% to 51% of the features per WWTP, at least one MS?

spectrum was assigned from the applied data acquisition methods. The probabilistic
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fingerprints were successfully predicted for 81% to 86% of the features with MS* data,
enabling further risk predictions for 38% to 43% of all detected W'W TP features.

For influent samples, 32% to 35% of the features with predicted risk exceeded
PSprecautionary, and 2% to 3% exceeded PSrq-i. Similarly, 20% to 27% of the effluent
features exceeded PSprecautionary, and approximately 1% exceeded PSgq-1. Thus, depending

on the prioritization approach, the feature set could be reduced by 65% to 99%.

All features in influent and effluent samples over the three WWTPs exceeding
PSprecautionary Were subject to library matching with GNPS. A library match was found
for 557 (11%) features out of 4,963. As the effluents are released to the environment,
the focus further shifted to effluent features exceeding PSrq-1 and PS;recautionary. On the
example of WWTP2, a library match was found for 67 features out of 775 exceeding
PSprecautionary. Comparing the SMILES-based PS to the MS?-based PS for the library
matched features, the MS*-based risk was generally slightly higher, which is suitable
for the precautionary approach, and the majority of the predictions (81%) were within
a 10x difference (RMSE of 0.79, R? of 0.28, Figure 11A). In total, 29 features detected
in the effluent sample of WWTP2 exceeded PSrqi and were subject to in silico
matching with MetFrag and SIRIUS+CSI:FingerID. While plausible candidates were
suggested within the top 10 candidate structures, the two in silico tools rarely agreed.
Additionally, the PSs predicted for the candidate structures varied widely for both
methods, and the evidence was insufficient for confident annotation (level 2 or 1) of

any feature with the in silico tools (Figure 11B).

Based on the analysis of the spiked contaminants and library-matched features, the
MS?-based PS approach can be useful for prioritizing high risk features. However,
assigning one probable candidate structure for the high-risk features prioritized in the
effluent samples remains challenging. The ambiguity of structural annotation using in
silico tools, which yielded candidates with a wide range of structure-based predicted
priority scores, further highlights the importance of using experimental data in

prioritization.
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Figure 11. Correlation between MS*based probabilistic fingerprint priority score (PS) compared to the PS of A)
library matched structures, as well as from B) MetFrag and C) SIRIUS+CSI:FingerID in silico assigned candidates.
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4.4. Experimental validation of MS?-based predictions (paper IV)
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Figure 12. Graphical overview of paper IV.

The developed MS*-based IE and LCs, prediction models can be applied for
prioritization as demonstrated in paper III. In addition, these models provide estimates
that can be combined into toxic units (TU), representing the contribution of
individual chemicals to mixture toxicity. TUs are calculated similarly to RQs as a ratio
of concentration to a toxicity value (Eq. 1); however, TUs are mainly used in the
context of mixture toxicity. To evaluate the accuracy of predicted TUs and the
cumulative mixture toxicity, designed mixtures were prepared and analyzed with
LC/HRMS. The MS2Quant model was applied for predicting concentration.
Furthermore, to enable experimental validation of predicted toxicity values, a
complementary fish embryo acute toxicity (FET) model was trained and applied to the
LC/HRMS data of the mixtures.

Designed mixtures

In total, 23 chemicals were used in designed mixtures. These chemicals were selected
to cover a wide range of logKoy and LCs, values, and be detectable in positive and/or
negative mode electrospray ionization. The mixtures were designed to represent
different mixture scenarios, including mixture toxicity driven by one chemical as well

as an equipotent mixture.

Out of 23 chemicals, 16 were detected in the positive ESI mode and 12 in the negative
ESI mode. Seven chemicals were detected in both modes, while two chemicals were
not detected in either mode. In addition to the MS? spectra acquired for each mixture
separately (further referred to as “mixture-specific spectra”), the MS? spectra were
acquired over a range of collision energy values (CE 10 to 90 eV with a step of 10 eV).

These spectra were merged, resulting in one spectrum per chemical and ESI mode and
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are further referred to as “merged spectra”. The spectral quality was investigated based
on the the
SIRIUS+CSI:FingerID. The merged MS? spectra improved correct formula prediction

compared to the mixture-specific MS? spectra.

agreement of correct molecular formula suggested by

Concentration and toxicity predictions

The concentrations and toxicity were predicted based on SMILES notation, mixture-
specific MS? spectra, and merged MS? spectra. As expected, the highest agreement with
the spiked concentrations was observed for the concentration predictions from
SMILES (RMSE of 0.54 and 0.69, for ESI+ and ESI-, respectively; Figure 13); however,
the differences between structure and MS*-based predictions were small, and over 80%
of the predicted concentrations were within 10x error, indicating reliable

concentration predictions.
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Figure 13, The spiked concentration comparison to the concentration predicted in ESI+ and ESI- mode based on A)
SMILES notation of the chemical, B) mixture-specific MS? spectrum, and C) merged MS? spectrum.

The LCso values of the chemicals in the designed mixtures were obtained under
different experimental conditions. Thus, similar to the training data, data unification
was needed to transfer the LCso values to experimental conditions corresponding to
the test guidelines. Additionally, the FET LCs, was experimentally determined for
eight chemicals in this work and used as ground truth values instead of the dataset
values. In total, LCso values were unified for 20 chemicals out of the 23. The three
chemicals with LCso values measured under different experimental conditions that did

not allow unification were excluded from all statistical analyses.

The mixture-specific MS? yielded multiple predictions per chemical and mode, which

were averaged prior to calculating R* and RMSE. Compared to concentration
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predictions, higher prediction errors were observed for predicted LCs, values, as the
RMSE above 0.9 log-mM for both structure and MS’-based methods in both
electrospray modes (Figure 14) was observed. The lowest prediction errors were
observed for merged spectra (RMSE of 0.90 and 1.07 log-mM, for ESI+ and ESI-,
respectively) and the LCs, predictions for positive ESI mode always outperformed
negative ESI mode. This was also observed for SMILES-based predictions, which are
unaffected by the ESI mode, although the differences may be driven by the small

chemical set size.
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Figure 14 FET LCs values compared to the LCs values predicted in ESI+ and ESI- mode based on A) SMILES
notation of the chemical, B) mixture-specific MS* spectrum, and C) merged MS* spectrum. While SMILES-based
and merged spectra-based approaches yield one prediction per chemical and mode, the mixture-specific MS*based
approach includes multiple spectra from different measurements and therefore results in more predictions.

Toxic unit predictions

Toxic units were predicted to evaluate how well the developed models capture the
contribution of individual chemicals to mixture toxicity based on SMILES and MS?
data. The prediction fold errors for chemicals were estimated using the ratio of
predicted TU over theoretical TU. Considering that uncertainty factors of 10x or 100x
are often used in risk assessment, predictions within a 10x error were considered
acceptable. The prediction error was within 10x in at least one ESI mode for 60-70%
of the chemicals over the three approaches (Figure 15). The geometric mean of fold
errors ranged from 6x to 8x across all modes and approaches, except for mixture-
specific MS? in negative ESI mode, where a geometric mean of 21x was observed.
Generally, lower prediction errors were observed for merged MS?, confirming that
the spectral quality affects the prediction accuracy. Still, both structure and MS*-based
methods resulted in a similar magnitude of prediction errors, indicating that there is

room for improvement in the mixture toxicity prediction models.
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Figure 15. Theoretical toxic units (TU) compared to the predicted toxic units predicted based on mixture-specific
MS? spectra. The perfect alignment (dark grey vertical line) and 10x error (light grey box) are plotted and chemicals
detected in ESI-, ESI+, or both modes are divided by horizontal lines.

Additionally, predicted cumulative mixture toxicity was investigated based on
cumulative TU ratios for predicted and theoretical cumulative TUs. The predicted
cumulative mixture toxicity values agreed well with theoretical values over all
approaches, as the geometric mean of fold error ranged from 2x to 3x, and 77% to 97%
of the predicted cumulative TUs were within 10x error, depending on the method.
These results indicate that the predicted toxic units capture general risk trends and can

be useful for prioritization.

Larger prediction errors were observed for the FET LCs, prediction model, which may
be attributed to the intrinsic biological variability in LCsy measurements and the
complexity of the underlying mechanism, a slightly smaller training dataset compared
to the [E dataset, or the limitations of the structural fingerprints in representing the
structural features relevant to toxicity. While caution should be taken when
interpreting the cumulative mixture toxicity predictions, the first experimental
validation shows promising results and provides a basis for further development and

validation in future studies.
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5. Conclusions and future perspectives

Non-targeted screening (NTS) detects thousands of emerging environmental
contaminants. In order to focus on the chemicals posing the highest risk, feature
prioritization plays a crucial role in NTS. This thesis aimed to develop and validate
prioritization models that rely on mass spectrometric data instead of structural
assignment and thus, increase the subset of detected features considered in risk-based

prioritization.

As seen in the NTS trend analysis in paper I, even when some emerging contaminants
are identified in NTS, the subsequent risk estimation of these features is often lacking.
At the same time, many structure-based prediction tools for identified features have
emerged that do not require matching reference standards, enabling high-throughput
estimation of concentration and toxicity. More recently, MS?-based prediction models
have emerged, mostly for predicting toxicity of the unidentified features. Systematic
evaluation of model predictions against benchmark datasets can help to reveal the

strengths and limitations of the developed tools and support their application.

The findings of this thesis show that mass spectrometric data can be used to predict
exposure levels of unidentified chemicals. While concentration prediction models that
do not rely on reference standards have been developed and used before, paper II
showcases for the first time that the concentration can also be predicted based on MS?
spectra without structural assignment. Furthermore, similar accuracy to structure-
based predictions can be achieved. For this purpose, a model named MS2Quant was
developed to predict ionization efficiency of a chemical and convert the peak area to

concentration based on this prediction.

Combining MS2Quant with the complementary toxicity prediction model MS2Tox
was useful for feature prioritization. On the example of wastewater influent and
effluent samples in paper III, the structure-based priority score correlated well with
the MS2-based priority score, especially for spectra measured in data-dependent mode.
Furthermore, the MS*-based methods covered up to 20% more of the detected
LC/HRMS features. In the effort to identify features exceeding priority score
equivalent to RQ=1, in silico tools SIRIUS+CSIL:FingerID and MetFrag were used.
However, the suggested candidate structures rarely agreed, and the structure-based
priority scores had high variation for both methods, highlighting the advantage of

MS?-based prioritization methods.
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The MS*-based concentration and toxicity predictions can also be combined into toxic
units, which show the chemicals’ contribution to the overall cumulative toxicity. The
cumulative toxic units can be used to estimate the overall mixture toxicity, as the
concentration addition model is considered a suitable approximation for complex
mixtures of low concentration contaminants. To enable experimental validation of the
predicted toxic units, a complementary FET LCso model was developed in paper IV.
The error in toxic unit predictions was primarily driven by the toxicity predictions,
with root mean square errors reaching 9x in positive and 36x in negative electrospray
ionization mode. Although the models need further improvement to accurately
predict toxic units for chemicals, the predicted toxic units show potential for

prioritization.

The observed model errors highlight the difficulty of the toxicity modelling. There
could be many explanations for this; for example, the LCso values have an intrinsic
experimental variability due to differences between organisms. Also, the training data
gathered for chemicals over multiple decades might not sufficiently represent
emerging contaminants. Additionally, in real-life applications, the single chemical
toxicity data might not translate to the same behaviour in a complex mixture. Further
investigations are needed to understand how and to what extent the toxicity models

can be improved.

In this thesis, predicted lethal concentrations for adult fish and fish embryos were
applied. These endpoints were investigated as proof of concept and were considered
applicable in prioritization as they provide a continuous value that enables comparison
of two chemicals based on their toxicity. The further development of this work could
expand to additional endpoints, including sublethal effects, which often occur at lower
exposure levels. Regardless of endpoint, including more high-quality data and the

mechanistic understanding of toxic effects could improve the toxicity predictions.

Many chemicals remain undetected in NTS depending on the used instrumentation.
The subset of detected chemicals highly depends on the experimental conditions and
instrumental limitations. For example, the concentrations that cause an effect in living
organisms may be lower than the limit of detection of the analytical instruments.
Additionally, some of the relevant structural information cannot be acquired with MS.
For example, MS cannot capture information about, e.g., chirality, which, due to
differences in metabolic, pharmacokinetic, and toxicological profiles, can change the

toxicity of a chemical.
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The analysis of detected features can be complicated by the overlapping features, in-
source fragments, and adducts. As the models used in this thesis all rely on the
SIRIUS+CSI:FingerID for extracting structural information from MS? the
uncertainties in structural fingerprint prediction further contribute to the model
prediction error. In addition to input data quality, a further limitation in model
performance is related to training data, which can have high variation or insufficient
chemical coverage. Furthermore, the selected modelling approach, including the
selection of features such as molecular descriptors or structural fingerprints, affects

the performance if the training data is insufficiently described for the task.

For the models to be practically useful, the uncertainties in predictions need to be
evaluated. Therefore, the experimental validation of the developed models is essential
to both confirm the performance and provide an overview of the expected prediction

errors in real-life applications.
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