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Abstract

Humans are xposed to a multitude of chemicals (e.g. pharmaceutiaaticosmetics) and the safety
of these need to be demonstrated. Quantitative structwactivity relationship (QSAR) models
provide an alternative to undesired animal studies fasturpose. Howeve in practice their use is

often limited either due to insufficient model accuracy or due to a lack of model interpretability.

This thesisaddresses current limitations of QSAR models used for toxicity prediction. Firstly, it was
investigatedwhether mult-task and imputation modelling yield more accurate models compared to
standard single task QSAR models. Secondly, attempts were made to improve the interprethbility
neural networks used for QSAR modellinig. particular, a method was developed to extra

information about chemical features learned in the hidden layers of neural networks.

While no significant differences in performance were found between single task models and
traditional multitask models (using only chemical descriptors for test compsly multitask
imputation models (usingxperimental datdabels ofrelated assays for test compounds) were found

to clearly outperform single task modets in vitro toxicity datasetsimputation is therefore a

promising tool to improve the performanad QSAR models for toxicity prediction.

The novel method developet interpret neural network modelscalledIG_hidden makes use of
integrated gradients to identify neurons relevant for individual predictidrtsen, substructures found

to be relevant foractivation of these neurons are used to visualise which atoms of a compound are
responsible for the model predictions. 1G_hidden was compared to an established method for
interpreting neural networks (i.e. applying integrated gradients to input featwed)A y3 [ KI al Qa
alerts for mutagenicity as a ground truth. The overall performance of IG_hidden was found to be
comparable to the published method in terms of the quality of the model explanations that were
found. However, the approaches were complerteey with each method performing better on

certain subsets of the dataset.
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Chapter 1: Introduction

Chapter 1  Introduction

Humansare exposed to a multitude of chemicals, for instartbeough food ingredients, cosmes
andpharmaceuticals. The companies that produce and market these kinds of products need to ensure
that no unacceptable riskarisefrom the chemicals contained in these products. To that end, the
companies are required to conduct various toxicity testhe legal requirements for tests vary
between different industries and geographical regions. Historically, animal (in vivo) tests have been
the most important approach to test chemicals for toxicity and these tests are still mandatory in many
regions However, animal tests are associated with a number of drawbdokgortantly, there are
considerable differences in the biology of humans and test species (e.g. rats, raabitsyfanimal
studies may fail to detect toxic effects relevant to humavisreover, animal studies are undesirable
from an ethical perspectivand their acceptance in society is low. In addition, animal tests are very
expensive and timeonsuming. For all these reasons alternative methods to test toxicity are required.
Available altematives include in vitro testa(simple test systems like teultures) and computational

(in silicq tests.

The most common computational approaches are QSAR (Quantitative stractivéy relationship)
models, which predict the toxicity of chemicddased on their structure by using the principle that
similar chemicals tend to have similar properti@daggiora et al., 2014\While QSAR models are
widely used for screeningurposes (e.g. selection of molecules for experimental testing as potential
drug candidates), their application to predict the absence of toxicity in an approval process is limited
to few examples (e.g. mutagenicity assessment for impurities in pharmaeés)tiEuropean
Medicines Agency, 20184 reason for tfs is the limited performance of QSAR models to predict
complexin vivotoxicity endpoints (e.g. liver toxicity), which may be caused by a variety of different

biological effect§Cherkasov et al., 2014)

Strategies to improve model accuracy include using sophisticated deep lgaigorithms as well as
multi-task and imputation modelling approaches. A drawback of these approaches is the ditffculty
interpreting the predictions madeAccording to OEC{@rganisation for Economic @peration and
Developmentyules, which are follwed by many regulatory agencies, interpretability of QSAR models
should be considered (if possibiéthe models are to be used in a regulatory conté&¢ep neural
networks DNNS$, which have become very popular for QSafe,especially difficult to intpret due

to their complex structures, which is why they are often referred to as black box modelairi foe
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the work in this thesis i® address two current limitations in toxicity prediction: theited accuracy

of prediction methods; and thiack ofinterpretability of prediction models.

Chapter 2 provides an introduction to toxicity assessment of chemicals. After a general introduction,
the toxicity endpoint mutagenicity is described because mutagenicity data is used for QSAR modelling

in various egeriments throughout the thesis.

Chapter 3 introduces general principles of machine learning (ML) techniques, asairagle basis
of QSAR modelling. This includesiescription of a typical ML workflow with a focus on model

evaluation as well as an owgew of relevant ML algorithms.

Chapter 4 describes the use of QSAR models for toxicity prediction. It begins with a description of the
key concepts in chemoinformatics and QSAR modelling: chemical representation and molecular
similarity. The chapter algarovides an overview of factors determining the success of QSAR models,
summarissthe current use of QSAR models in regulatory toxiaityl describehow neural networks

have been used for toxicity prediction.

Chapters 5 and Bhvestigatethe use of miti-task and imputation models for toxigitprediction. In
Chapter 5traditional multitaskmodels(no experimental toxicity data for test compounds available)

and multitask imputation moded are developedfor two multi-target in vitro toxicity datasetsAfnes
mutagenicity and Tox21 data) and compared to single task QSAR models. Furthermore, the impact of
chemical similarity, sparsity and assay relatedness on the performarte ohputation models is
investigated. Chapter 6 exteathe methods from Chapte5to an in vitro toxicity dataset of larger

scale ToxCastseveral hundred assayw®) see if the findings are generalisable

Chapter7 provides anoverview of approaches used to interpret QSAR models based on neural
networks. Chapters 8 to 11 describeetwork carried out to develop and test a novel strategy to
interpret neural networks by leveraging chemical features learned in hidden layers of neural networks.
Due to their reduced complexity, initiaixperiments (Chapter 8 to 10) we conducted on new
networks consisting of a single hidden layer. The rationale behind this was to use relatively simple

models as a proof of concept before moving on to more complex architectures.

Chapter 8nvestigates whiclthemical features are learned in hidden layefsieural networks. This
includes an analysisf the compoundsthat most strongly activate a neuron as well the input
featuresthat are assigned high weights with respect to a given hidden neuron. A neural network

trained to predict Ames mutagenicityas used for this analysis.

In Chapter 9, the development of a method to automatically extract chemical substructures

responsible for the activation of hidden neurons is described. The method uses both information

2
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about compounds strongly activating a nearand learned network weights. Formal Concept Analysis

(FCA) is used to systematically combine the information sources.

In Chapter 10, the usefulness of automatically extracted substructures to explain predictions made by

neural networks is evaluated hesubstructures areombined with a measure of how important a

neuron is for a given prediction using integrated gradients (IG). The developed method (called
IG_hidden) is compared to an established way of interpreting neural nesmd@k applied to input

features which is referredtodsD @A y LJdzi 0 ® [ KI &+ Qa 5SNB] |t SNIa | NS5

the quality of model explanations.

In Chapter 11, the suitability of the developed method for interpretdgNs i(e. neural networks

with more than one tdden layer) is investigated.

Finally, Chapter 12 summarises the findings of the different experimental chapters, points out
limitations in the conducted studies and provides suggestions for future steps to build on thesresult

presented in this thesis.
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Chapter2  Toxicity assessment of chemicals

2.1 Introduction to Toxicology

Toxicology is defined as the scientific discipline that studies adverse effecteemicals on living
organismgKlaassen, 2008pue the complexity of biological processesusdng in organisms, a vast
number of adverse effects caused by chemicals may potentially occur. These may include local effects
at the site of chemical contact (e.g. skin irritation caused by acids) or systemic effects after a chemical
has entered the bogl Systemic toxic effects generally are the result of a chemical interacting with one
or more target biomolecules. Biomolecules of toxicological relevance include proteins (involved in
signal transduction, metabolism, biosynthesis), lipids (forming cefhlbonanes) and nucleic acids
(genetic information). The interaction of a chemical with biological targets and the resulting effects

I NE RSAONAROSR o0& | OKSYAOItQa (G2EAQ2ReylYAOaD !\
I NB | OK S Y hefick. fTis&erniidederbés 2he fate of a chemical within the body including
absorption, distribution, metabolism anedxcretion, often summariseds ADME properties of a
chemical. ADME properties determine (i) if and to what extent a chemical enters the (i which
compartments of the body are reached by the chemical, (iii) if the chemical is metabolised (which may

decrease or increase its toxicity), (iv) how quickly a chemical is excreted to terminate its effect.

Chemicals of toxicological relevanae any that humans or other organisms may be exposed to. This
includes both deliberate exposure (e.g. pharmaceuticals, food additives, cosmetics) and unintentional
exposure €.g.natural or synthetic food contaminants, industrial chemicals at a work Jiteprevent
adverse effects caused by chemicals, their toxicity needs to be determined. A fundamental rule of
toxicology states that th#oxicity of a chemical is determined by the dose an organsexposed to.
Thisrelationship was first described ine¢hl8" century byParacelsuin his famous quoté & ! £ f G KA Y
are poison and nothing is without poison, the dosage alorekes it so a thing is no poisbn
(Paracelsus, 1965Jhis statement is supporteloy the finding that even water, a chemical generally
considered as harmless and essential for life, may cause deatmatwally high dose¢Gardner,

2002) Hence, it is impossible to universally tafiguish toxic from non-toxic chemicalsinstead, it
needs to be determined whether the exposure to a certain chemical is assteidtte unacceptable

risks. The process of chemical risk assessment is described in the following section.
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2.2 Chemical risk assessment

2.2.1 Traditional risk assessment

Toassess the risk of a chemical, one has to consitee distinct aspects namehazard,the dose
regponse relationship and exposure as stated in thecalted risk assessment paradig@menn,
1995) This widely recognised framework will lbescribed briefly in the following paragraphs
according to the NRC (United States National Research Council)samdnigrised visually in Figure

2-1 (NRC, 1983, 1994)

1. Hazard

2. Dose-response

characterisation analysis

4_Risk
assessment

3. Exposure
assessment

Figure2-1 Risk assessment of chemicals.

Hazard qualitativly describespotential adverseoutcomes (e.g. skirsensitisation liver fibrosis,
bladder cancerraused bya chemical and is an inherent property obabstance A doseresponse
relationship desdbes whatdose of a chemical is necessary to cause a cediectin a human
However, itmust be stated that the susceptibility of a human toward a chemfsablddition to the
dose)is determined by many factoiacludingsex, age, genetics, medical conditions or presence of
other chemicals. Therefore, the eglonship between dosend response may vary substantially
among different individuals and this eés to be taken into account the risk assessment. Tygily,
hazard and doseesponse relationshipare studied in animal experimenteesulting in a quaktive
description of potential hazards and a NOAEL (No Observed Adverse Effect Level), which describes the
highest tested dose that did not cause any adverse effect. To account for uncertainties arising from
different susceptibilities among different indduals (see above) and from potential biological

differences between the experimental animal species and humans, the NOAEL is dividezhlbgdso
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uncertainty factors to obtain a risk value, which describes the dose considered to be safe for the

human poplation.

Exposure means the amount of a chemical an organism comes in contactuvitih can happen via
different routes (mainly orally, dermally or via inhalatioBxposure to harmful chemicals may result

in local effects (i.e. at the site of exposueeg. skin irritation) or in systemic effects if the chemical
passes the barriers of the human body (skin, lung, stomach/intestine). Systemic effects may occur in
any part of the organism according to the distribution of the chemical within the body. sirttygest

case, the amount an individual is exposed to may be kn@agn dose of a drug), whereas, in other
cases, the exposure needs to be estimated using analytical measurements and models. For instance,
to determine the exposure of a worker to a gasegent at a working site, the exposure can be
estimated with calculations taking into account the concentration of the gas at the site, the time of

exposure and the volume of air inhaled per time interval by the worker.

Arisk assessmenhvolves first evalating whethera chemical possesses a concerning hazard profile
(hazard characterisation). If this is the case, in the next $tefknown or estimated exposure the
chemical is comparedbdtthe risk value obtained from hazard characterisation and desponse
analysis|f the exposure tdhe chemical exceedhe risk valugthe outcome of the assessment is that

a risk of toxicological effects existdowever, itmust be stated that this is a serguantitative
approach that does not allow the calculatioh the probability that a given individual will develop
symptoms in a particular exposure scenario. On the other hand, if there is no or negligible exposure,

there will be no risk, even though a chemical may be hazardous.

The range of toxicity studies thaeed to be conducted is legally defined and varies between different
industries and countries. A common principle is that animal studies have to be conducted in a
standardised manner according to testing guidelines which are issued by various orgasisatibn

as the OECD (Organisation for Economieo@ation and Development), the ICH (International
Council for Harmonisation of Technical Requirements for Pharmaceuticals for Human Use) and the
EPA (United States Environmental Protection Agency). Paraneisually defined by testing
guidelines include selection of animal species, humber of animals, housing conditions, substance
dosing, study duration, parameters to be measured and form of reporting the obtained data. Most of
the studies are conducted idents (rats, mice), but sometimes a study in a-nodent (e.g. rabbit,

dog) is also required. A framework aiming to further enhance quality and reproducibility of
toxicological studies is GLP (Good Laboratory Pra¢téenberg, 2003)in essence, GLP defines how
toxicological studies must be run tarms of planning, standardising procedures, monitoring, data

recording, storing and reporting. The most important types of toxicological studies are briefly
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introduced below. Different testable types of toxicity are often referred to as toxicologicglasmis.
Generally, the studies aim to identify hazards of the tested chemicals and to determine a dose

response relationship for identified hazards.

Acute studiesThese evaluate whether chemical induces mortality after single administration of
the chemcal. Application routes may be orf@ECD, 2008)ermal(OECD, 2014nd inhalation
(OECD, 2018djepending ol K S O K Sn¥ickpaded &xPaiure routes.

Repeateddose studies:n contrast to acute studies, the chemical is administered repeatedly,
usually once a day. Common durations of studies are 28 days (sub&@&€ED, 2018390 days
(subchronic)(OECD, 2018@\nd 12 months (chronidOECD, 2018dBimilar to acute studies,
different application routes (oral, dermal, inhalation) can be studied. Parameters that are
measured in repeatediose studies include morbidityand mortality, weight and food
consumption of the animals, biochemical and haematological measurements, gross necropsy
(determination of organ weights and examination of the whole organs) and histopathology
(microscopic tissue examination). The aim of thetudies is to detect effects on organ systems

that only occur after longerm exposure to chemicals.

Genotoxicity studiesGenotoxicity describes the property of a chemical to damage the genetic
information of cells, which may lead to mutations and ulibely may cause cancer. There are
several assays (i.e. test systems) to test genotoxicity in bothivo (animals) andin vitro
(cultivated cells) systems. To assess the genotoxic potential of a chemical usually a set of different
in vitro and in vivotests, which cover different potential genotoxic mechanisms, needs to be
conducted(Mdller et al., 1999)The Ames Test for mutagenicity is a commonly usedtro test
conducted in bacteria. Since Ames Test data was used within this thdmuild predictive models,

its principle will be described in more detail in a separate Mutagenicity seloétmw (2.3)

Carcinogenicity studiefOECD, 2011farcinogenicity studig®st the caability of chemicals to

cause cancer. The focus of the studies is to detect neoplasms (i.e. abnormal tissue growth), which
may be benign or malignant (i.e. cancer). Carcinogenic chemicals often are genotoxic, yet there
are other mechanisms by which a chieal may induce cancer, such as by increasing tissue
proliferation and thus promoting spontaneous mutation¥he design of carcinogenicity studies
resembles that of chronic toxicity studies. However, the duration of these studies is typically two

years, wich exceeds chronic toxicity studies.

Reproductive and developmental studieSthese studies evaluate adverse effects on sexual

function, fertility and development of both male and female animals. In order to do so, animals
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across two generations of offspg are treated with the chemicdDECD, 2001Parameters of
the studies include mating behaviour, histopathology of sexual organs, malformation in foeti and

developmentabbnormalities in the offspring.

2.2.2 Alternative methods for risk assessment

Toxicity studiesand risk assessment procedures have in essence been the same for many decades,
despite having clear weaknesses and limitations. On the one hand, the risk assessment relies on very
large numbers of animals, which is questionable from an ethical perspeétvearly as 1959, Russell

and Burchstated their 3R principle§eplacement, reduction and refinementwhich aim to improve

animal welfare in animal studies. The principles state that wherever possible, (i) animal studies should
be replaced with studiesn insentient material, (ii) the number of animals should be reduced as much

as possible to still obtain sufficient information and (iii) the studies should be refined in such a way
that the occurrence of inhumane procedures is minimi€Eannenbaum & Bennett, 201%)oreover,

due to significant biolgical differences between humans and experimental species, the procedures
always bear the risk of eliminating harmless substances (toxic only in experimental species) or worse,

not detecting hazardous substances (toxic only in humans).

These shortcomings ave identified by the NRC in an influential report leading to the inception of a
federal inteek ISy 08 O2f f F02NF (A 2y HOISYS RzZNE ¢NRB BT DE A Y
FAY Aa aiG2 Y2 gSedintnanily®Bséngatbial sEidhe ¥t the level of disesysecific

models to a predominantly predictive science focused upon a broad inclusion of -&pegeific,
mechanismd I & SR 0 A 2 f 2 3 A(Natiohal Bxical&NErogiark, 2¢0andoéher words,

instead of meret observing toxicity in animals, the concept envisions to obtain a broad mechanistic
understanding of biological perturbations triggered by chemicals. An integral part of the programme

was a massive HTS (hifinoughput screening) project, in which appnawtely 10,000 chemical
substances were tested in approximately 0 vitro assays covering targets and pathways of
presumed toxicological relevance. The aim was to idemtifyitro test systems that are predictive for

adversen vivooutcomes.

While in the United States federal agencies have been the main driver for innovations in toxicity
testing, in the European Union recent legislation, namely the new legal framedwor&gulation of
industrial chemicals REACH (Registration, Evaluation, AuthorisatidRestriction of Chemical@&u,
2006)and the ban on the use of animal studies for evaluating the safety of cosnigti;2009)has

pushed companies to use alternative ways to evaluate safety. REACH requires companies to use
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existing data and knoledge to evaluate safety. This includes existmgivodata, in vitro data, and
in silicomethods (i.e. computational models). Conducting newivo animal studies is considered

only as last resorvhenavailable data is not sufficient to evaluate trefegy.

Computational methods for safety evaluation aim to predict the toxicity of molecules and are based
on the principle that structurally similar chemicals tend to have similar properties. This paragraph will

introduce briefly three different approachesamely reaehcross, expert systems and QSAR models.

The assumption behind the reatross method is that unknown toxicological activities can be
inferred within a category of chemicals without additional testing. To that end, a chemical without
data fora particular toxicological endpoint (target chemical) is grouped with similar chemicals for
which data are availabléCronin, 2018 Assessment of similarity in this context is based on common
structural features that are knowingly associated with the respective toxicity.-Reass is a widely

used approach within the REACH regulation. Anoiheilicomethod is the secalled exgrt system.

These systems condense toxicological knowledge into abstract rules which may concern the presence
of certain structural features that are related to a type of toxicity (structural alerts) or the role of
certain physicochemical properties forcartaintype of toxicity DerekNexusis an expert system
developed by Lhasa Limited which is widely used across different industpesdict various toxicity
endpoints (including mutagenicity, carcinogenicity and reproductive toxigitgychant et al., 2008)

t NEBRAOGAZ2Ya YIRS o0& GKS 5SNB|l a2FaglFNB INB | fA
and are supported by thevidence used to obtain the result (i.e. literature references, exemplary
compounds for alerts)The third method is QSARQuantitative structureactivity relationship)
modelling, which aims to describe a certain property or activity of a molecule asctofurof its
chemical structure. QSAR modelling is a wsthblished method with wide applications beyond
toxicity predictions. Currently, both expert systems and QSAR models are mainly used for screening
purposes(Greene & Naven, 2009; Roncaglioni et al., 20%8)eening in this context means that, for
instance, potential drug candidates are assessed computationally for potential toxicological liabilities

in order to find substares that are less likely to fail in preclinical and clinical studies.

2.3 Mutagenicity

2.3.1 Introduction

adzi 3SyAOAde RSaONROSa GKS LRAOSYdGAFt 2F I OKSYA

Different QSAR models to predict mutagenicity of rofels will be used in different studies
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throughout this thesis. Therefore, a detailed introduction to this toxicity endpoint will be instrumental
to understand the studies. This section will firstly explain molecular foundations of mutagenicity as
well aspresent chemical groups known to be mutagenic. Then, the Ames test will be introduced as a

widely appliedn vitro test for mutagenicity.

The DNA encodes genetic information as a sequence of four different base compounds (adenine,
thymine, guanine, cytose) stored as a macromolecule. Mutagenicity is often the result of a
compound chemically modifying the DXBipple, 1995)The DNA bases possess nucleophilic nitrogen
and oxygen atoms which may react with @l®philic compounds to form adducts. Examples of
electrophiles are shown below when presenting various chemical classes with mutagenic properties.
Some chemicalsay react at the same time with bases of both DNA strands to form dioks
(Dronkert & Kanaar, 2001Another modification of DNA bases may occur ttua hydroxylation by
chemicals(Poulsen et al., 1998)Some chemicals (typically polycyclic compounds with planar
structure) may modify the DNAracture by intercalating between the strands of the DNA double helix
structure (Ferguson & Denny, 2007All these primary chemical modifications of the DNA may result

in different types of DNA damage due to downstreamgasses such as replication or attempted DNA

repair. Commonly occurring DNA damages include:

1 Substitutions: change of a DNA base. These may result in a wrong amino acid being built into
a protein(Freese, 1959)

91 Deletions: removal of bases from the DNA. Sincecuesece ofthree DNA bassencode a
certain amino acid in a synthesised protein, deletions lead to a frameshift during protein
synthesiqRipley, 1990)

91 Doublestrand break: If not repaired, these may lead to cell death vieptysis or create

mutations on the level of chromosoméggdackson, 2002)

Various mutations may accumulate in cells which ultimately may lead to the development of tumour

cells.

2.3.2 Mutagenic chemicals
In this section, several classes of mutagenic chemicals are briefly introducedny cases, metabolic

activation is essential to form electrophilic species which ultimately lead to DNA adducts. Exemplary

compound structures along with the mutagenic forms are shown in Figdre 2

10
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Epoxides PAHs
parent mutagenic form
O
N-nitrosamines Aromatic amines
parent mutagenic form parent mutagenic form

N
N _
\N/ \ O _N+:N @NHz @NQ
OH

Aromatic nitro compounds

parent mutagenic form
o]
/
" A\
\
0 OH

Figure2-2 Exemplary mutagenic compound class&hown are parent compound as well as the transformed species
responsible for DNA adduct formation.

Epoxides Epoxides, which are widely used industry chemi@disnson, 198Q)are cyclic ethers with
a threemembered ring. Due to their strained structure, the carbon ring atoms are highly electrophilic

enabling chemical a chemical reaction (ringoing) with nucleophilic DNA basg§¥ade et al., 1978)

Polycyclic aromatic hydrocarbor®AHs)PAHsnaturally occurring in coal and formed in combustion

of organic material§Achten & Hofmann, 2009)consist of fused aromatic hydrocarbon rings.
Especially Benzo[a]pyrene has been extensively studied for its mutagenic properties. The mutagenicity
of PAHs is mediated through nadtolites formed via cytochrome P450 enzymes. In case of
Benzo[a]pyrene, a covalent bond to DNA bases is formed via an electrophilic epoxide me(Bbaatite

et al., 2005)Intercalation between the DNA double strand (possible due to their planar structure) has

been described as prerequisite for formation of covalent DNA addtizs/ey & Geacintov, 1988)

N-nitrosamines N-Nitrosamines, relevant for instance due to their oceurte as impurities in

pharmaceutical§Tuesuwan & Vongsutilers, 202&aye anothelSE YL S 2F O2 YLIR dzy R4 Q

11
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arising from metabolic activation by cytochrome P450 enzymes. Following initial hydroxylation of an
h-carbon atom, highly reactive alkyl diazonium cations or carbo cations may be formed in-a multi

stage mechanisr(Cross & Ponting, 2021)

Aromatic amine and nitracompounds:Aromatic amines and nitro compounds are imiamt classes
for the synthesis of many chemicals including pharmaceuticals, pesticides andJdy&sParales,
2010) For both classes of compounds mutagenicity is mediatedugh Nhydroxyarylamine

metabolites formed via oxidative or reductive reactions, respectig@gnigni et al., 2000)

2.3.3 Ames test for mutagenicity

A popular method t@assess chemical mutagenicity is the Ames test, named after its developer Bruce
Ames(Ames et al., 1975nd adapted by the OECD as a guideline s@CD, 1997The assay tests

for the potential of a chmical to induce point mutations, which may be substitutions, additions or
deletions of DNA base pairs. The assays are based on bacteria strains that have been atrtificially
mutated in such a way that they lack the ability to produce essential amino aaidagkhic chemicals

can cause mutations that reverse the artificially introduced mutation so that the bacteria regain the
ability to synthesise the amino acid. Only suckhmeatated cells will be able to grow in a medium
lacking the essential amino acid, whienables the detection of mutagenic chemicals. It is often the
case that chemicals in their original form do not react with DNA but are metabolised by animals or
humans to reactive molecules. Therefore, it is common to mimic the metabolism of high@isimga

in in vitro systems by adding appropriate enzymes, typically in form of a liver homogenate (S9
fraction). The Ames test can be conducted in a range of different bacteria strains which were designed
to detect different types of DNA mutagenic mechaniqidamel et al., 2016)A compound needs to

be tested in different bacteria strains in order to cover all potential mechanfgviliams et al., 2019)

2.4 Conclusion

The present chapter introduced how chemicals are assessed for toxicity. Due to the relevance of
mutagenicity in various studies within this thesis, special emphasis was put otuaing this toxicity
endpoint. The overarching theme of the PhD project was investigating QSAR models predicting toxicity
of chemicals, which may be used to replace in vivo and in vitro studies for toxicity. In order to

understand the principles behind tse models, the following chapters will introduce machine

12
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learning (ML) in general (Chapter 2) and QSAR models in specific including basic principles on

computational representation of chemicals (Chapter 3).

13
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Chapter 3  Introduction to machine learning

Machine leaning (ML) is defined as a computer solving a task without being explicitly instructed how
to do it (Samuel, 1967)in contrast to éllowing an algorithmic stepy-step procedure, ML methods
seek to develop a solution by analysing patterns in the provided data. ML is part of the wider term
artificial intelligence (Al), which can be defined as a computer behaving in a way that humaitkeco

as intelligent (i.e., humatike or rational)(Kok et al., 2002)The relevance of ML in society has
increased considerably in recent years and current applications dafiéllide, amongst many others,
image recognition(Pak & Kim, 2017)machine translatioY. Wu et al., 2016ecommendation
systemgGomezUribe & Hunt, 20153nd selfdriving cargBojarski et al., 2016Relevant to this work,

ML methods can be applied to buif@dSAR models, which were already mentioned in Chapter 2 and
will be introduced in more detail in Chapter 4. This chapter introduces common ML algorithms and

describes the construction and evaluation of ML models.

3.1 Tasks in machine learning

Depending a the nature the learning process, ML can be divided in supervised and unsupervised
learning(Géron,2019) In either case, learning (or fitting) of a model occurs using a training data set
containing a number of individual data instances. In supervised learning, a data instance is provided
to the algorithm withd feature valuesx; ad-dimensional vectd and a labely a numerical value or

class label). The label represents the ground truth for a given data instance and the feature values are
properties of the instance. The aim is to fit a model that predicts the label for a data instance using
the provided feature data. Formally, a fit model can be described as a function mapping a
d-dimensional vector in feature space to a prediction value. Supervised learning can be used to either
predict numerical values (regression models) or categorical valuessifatation models). A
classification model may discriminate between two classes (binary classification) or more than two
classes (mukclass classification). In the simplest case, a ML model is trained to predict one label per
data instance (single taskodel). In contrast, mukiask ML models are trained simultaneously predict
several tasks. Muliask modelling is based on the rationale that transfer of knowledge between

related tasks may increase predictive performagCaruana, 1997)

In unsupervised learning, no labels are given to the learning algorithm athstiepredicting labels,

the aim is to predict patterns in the dataset, merely by considering the features of data instances. For

14
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example, clustering algorithms attempt to find groups of similar data points (i.e. clusters), whereas,
dimensionality reductio techniques aim to find a data representation for the instances of lower
dimensionality than the number of input features. The following descriptions in this chapter will focus
on supervised learning, as these are the techniques suitable for QSAR ngpdellihe following
sections of this chapter, the stages of a typical ML workflow will be des¢abedinally relevant ML

algorithms will be introduced.

3.2 The machine learning workflow

A ML project normally consists of the steps: data collectioma daration, model training, model

evaluation and selection, model deployment.

3.2.1 Data collection and curation

The data collection step depends on the problem that is to be solved. In general, data of both sufficient
guantity and quality need to be néeved. Specific requirements on the data depend on the domain
and the respective data types used in the field. To obtain a large enough dataset, data from different
sources may need to be combined. This may come at the cost of data inconsistency béiaeen
sources. For instance, experimental toxicity data from different sources may have been obtained using
slightly different protocols. Typical sources for toxicity data used to train QSAR models will be

introduced in Chapter 4.

Before training a ML modelhe retrieved data needs to be curated. This may include handling of
incomplete data, transformations of feature or target values and feature selection. Chemical data as

used for QSAR modelling requires specific curation steps. These will be desceligldaipter 4.

Handling of incomplete dataRetrieved datsets are often sparse in the sense that not all features

are known for every data point. However, most ML algorithms require a complete dataset as input. In
order to obtain a complete dataset, inconap¢ data points may be either discarded or the gaps may

be filled using reasonable estimates. Estimates may be achieved using mean values of the dataset for
a particular feature or a more sophisticated predictive md@saltista & Monard, 2003A popular set

of modelling techniques for filling data gaps are those based on matrix factorisation. A brief
introduction to these methods will be given in a later section of this chapter, next to other ML

algorithns.
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Feature transformationsinput features typically need to be in a numeric form. Categorical data
represented as string data may be transformed in different w&yswnlee, 2020) Onehot encoding
means that a separate feature is generated for each category of the original feature. A one indicates
that an instance belongs to a particular category and a zero indicates that the instance does not belong
to the category.For ordinal data (i.e. categories with a defined order), ordinal encoding may be
selected where the information about the order is preserved, for instance by assigning ordered integer
values to the different categories. Numerical features may comprise@ rainge of different instance
properties and hence be on different scales. Many ML methods preferentially detect patterns in
numerical features of larger magnitude. To eliminate this bias, features need to be scaled to the same
magnitude. Common methodgea Zscore normalisation (the mean of the data points is scaled to 0
and the variance to 1) and mimax normalisation (the minimum and maximum values are scaled to

a defined range, e.g-1,1]) (Shalabi et al., 2006)

Feature selectionA large number of features may be detrimental for a ML algorithm when there are
few observations, because the feature space is sparsely populated, which makes it difficult for the
algorithm to find meaningful patterns in the data (this is often referred to as the curse of
dimensionality)Friedman, 1997) Therefore, it may be necessary to reduce the number of features
used as input to a ML modéGuyon & Elisseeff, 2003rommonly, features with low variance are
removed, as they are not useful to digninate examples. Also, highly correlated features should be
removed to discard redundant information. A further reduction of features can be obtained
empirically by evaluating the performance of different combinations of features. For instance,
recursie feature elimination is an iterative approach, where the least important feature is removed

after each model training cyc(&egorutti et al., 2017)

3.2.2 Model training and evaluation

The following paragraph will introduce common strategies for training and evaluation of ML models.
Metrics used to evaluate classification and regression models will be presented in a seygatain.
Prevention of overfitting and handling of imbalanced datasets in classification tasks are specific issues

related to training and evaluation of ML models. These will be briefly introduced later in this section.

For training and evaluating ML mddethe original data set is usually separated in three-non
overlapping sets of data instances: a training set, a validation set and a t¢&é&en, 2019)As the
name suggests, the training set is used to train a number of ML model instances using different

algorithms and hyperparameters. Each of the model instances is evaluated on the validation set
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order to find the best one. The performance of the selected model is finally evaluated on the test set.
It is essential that the test set was not used to inform any stages of data curation, model training and
model selection to ensure the measured perfance on it is an unbiased estimation of model
generalisation to new data instances. A technique enabling more insights on model performance
during model validation is crosslidation. In kfold crossvalidation (shown in Figure-B), the dataset

(after putting a test set aside) is separated into k folds of equal size. In an iterative manner each of the
k folds is used once as validation set (orange boxes in FiglijréoBa model trained on all remaining
folds. The performance may be averaged across dtiferent iterations to get a more precise

estimation of model performance.

Training
folds
P
Split 1
Split 2
Split 3
Split 4
Split 5

J

Y
final evaluation

Training set > Test set

Figure3-1 K-fold crossvalidation. The training set idivided k (here k=5) times into 1 validation fold antl training folds

In each iteration, a model instance is trained on the training folds and evaluated on the validation fold. This way, &ach dat
instance of the training set is used once in an evaluation fold. This enables a more robust validation of models with differe
parameters. Once the best set of parameters has been identified, the model is retrained on the full training set for final
evaluation on the test set.

Varioudifferent ML algorithms with different benefits and limitations exist (see section 3.4). Complex
models with many tuneable parameters may provide a benefit in performance over conceptually
simpler modelling technigques, yet complex models may be more difficult to understand, and typically
require more data for training. It is generally not known aoprivhich algorithm will give the best
model on a given dataset and hence different ones are usually tested in a ML project. Moreover, most
of the ML algorithms require hyperparameters to be set which determine specific aspects of the
learning process. Ddrent settings for hyperparameters need to be tested to optimise model
performance. A popular choice for hyperparameter optimisation is grid search, in which all
combinations of selected values for the different hyperparameters are evaluated on theticadidat

(or in a croswalidation) to find suitable hyperparametefBergstra et al., 2011)
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A common challengevhen training a ML model lies in the concept of brasiance tradeoff
(FortmannRoe, 2012)High bias is where the model does not well reflect trends in the training data,
for example, due to the model being overly simpleisTi& referred to as underfitting. In contrast, high
variance means that the model reacts very sensitively to small variations in the training data, as it
models noise in the data rather than general trends (i.e. overfitting). Prevention of overfittang is
common challenge that ML practitioners face. Overfitting is characterised by the poor capability of a
model to generalise on unseen data, while showing minimal error on training data. Strategies to
prevent overfitting will be introduced next to the MLgakithms they are applied to. These may be,

for instance, to restrict the complexity of models (e.g. limited depth in-tvased models) or to limit

the cycles of iterative model fitting (e.g. early stopping for neural network models).

A particular challege for learning classification models may exist if the proportion of classes in the
data set widely differs (i.e. class imbalance). When not accounting for class imbalance, ML models
usually tend to make more accurate prediction for the majority classagt caution is required

when evaluating model performance, as some metrics may be dominated by the performance on the
majority class hence obscuring poor model performance on the minority class (see section 3.3).
Approaches to account for class imbalaiegude (I) resampling of training data to achieve a better
balance (oversampling of the minority class or undersampling of the majority (#zataprooks et al.,

2004, (I increasing the importance of data instances from the minority class during training with a
weighting schemgElkan, 2001pand (I1l) changing the classification threshold applied to the raw
predicted probabilities for data instanc€Sheng & Ling, 2006)

3.2.3 Model deployment

Once a final model has been selected, it can be deployed to be used in the real world. A ML project is
typically not finished once the model has been deployed parformance of the modahust be
monitored over time. For instance, changes in real world data may require changes to be made to the
model (Sculley et al., 2015)n situations where new data is collected over time, ML models may be
retrained to increase performance, for ins@when more experimental data becomes available in

pharmaceutical companig§oller et al., 2020)
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3.3 Evaluation metrics

3.3.1 Regression models

In regression tasks, the ML model aims to estimate the true numerical values of the data as accurately
as possible and various metrics may be usedvaluate model predictionBotchkarev, 2019)One
way to measure the performance of a regression model is to compute the Root Mean Square Error

(RMSE) according to the formula:

YO YO E
€

Wp Wip 8

wherewy, s the true value of th&) data point in the test set of size Wy  gis thecorresponding

predicted valueAnother popular metric is the efficient of determination (R given by the equation:

where wis the mean of the true values. Generally, is a measure of the correlation beter true
and predicted values and can be interpreted as the proportion of variance in the data accounted for

by the model.

3.3.2 Classification models

As opposed to regression tasks, in a classification task the prediction for a given data point is either
correct or incorrect. The result of a classification task can be represented by a confusion matrix, as

shown in Table-3, which has the following form for binary classification tasks (positive vs. negative):

Table3-1 Confusion matrix of a binary classification task.

Predicted Positives | Predicted Negatives

Actual Positives True Positives (TP)| False Negatives (FN

Actual Negatives False Positives (FP)| True Negatives (TN)
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Many classification metrics can lerived directly from the confusion matrgossin & Sulaiman,

2015)and these are reported in Table23

Table3-2 Classification model metrics.

Metric Formula Description
YO YO proportion of correctly
Accuracy VTV e . .
YO Yo "O0 "Ovu predicted data points
proportion of actual
L Y0 .
Sensitivity (recall) — positives that are
Yu "Ou
predicted correctly
proportion of actual
. “YO .
Specificity S negatives that are
Yu "Ou
predictedcorrectly
proportion of
o YO predicted positives
Precision —
Yo "Ou that are actual
positives
Yo YO mean sensitivity acros
Balanced accuracy YO "O0  "Yu "Ovu
C both classes
~ balanced form of
Ni Qo Qiieei Qo QUL ( e
F1 score C sensitivity (recall) and

Al QoQi Q&1 Qo QL ]
precision

_ complex metric
Matthews correlation

coefficient (MCC)
(Matthews, 1975)

"YO YO "O0 "OU accounting for all four
“YO "O0 YO "O0 YO "Ou YO "O0 classes of the

confusion matrix

Another commonly used metric is the area under the Receiver &ipgr Characteristic curve
(ROGAUC). In the cwe, sensitivity is plotted againstspecificity for various decision thresholds
(Figure 32). For example, in randororest (RF) models (see below) the proportion of trees voting for
a given class can serve as a threshold for the classification detisibis way, a sorted list of all data
points can be obtained. Then, for each possible decision boundary ordeeed list, sensitivity and

1-specificity are calculated and plotted. The area under the obtained curve is used to measure the
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performance otthe classification model. While an AUC of 0.5 corresponds to random predictions, an

AUC of 1 is achieved by a perfect classifier.

AUC: 0.5
AUC: 0.75
AUC: 0.99

Sensitivity

=

-
[E%]

T
0 0.2 0.4 0.6 0.8 1

1-Specificity

Figure3-2 ROC curvesShown are curves for a random classifier (AUC=8.B)oderately performing classifier (AUC=0.75)
and a nearly perfect classifier (AUC=0.99).

Different metrics have different advantages and disadvantages. For instance, accuracy is not well
suited to evaluate performance on imbalanced datasets. For instarie 99% of data points belong

to the majority class, a (useless) classifier always predicting the majority class would achieve an
accuracy of 0.99. Recall, precision and F1 score in contrast measure performance for a specific class
and are more meaningfuhan accuracy when applied to the minority class. Balanced accuracy and

MCC score are further metrics suitable for imbalanced datg&ztaghorbel et al., @17)

3.4 Machine learning algorithms

3.4.1 k-Nearest neighbours

From a conceptual perspectivenkarest neighbours (KIN) (Dey, 2016)s perhaps the simplest ML
algorithm for classification and regression tasks. It requires an integer number k (e.g. k=5) to be
defined and a means to assess distance between instances in the data set:NMeallgorithm
considerghe k nearest data points in the training set, according to the chosen distance measure, for

its prediction. In the case of classification, the predicted label is based on a majority vote of the k

21



Chapter 3: Introduction to machine learning

nearest labels. For regression, the average of the k nedabgls is computed. The principle is
visualised in Figure-3. For both classification and regression tasks, the prediction may be adjusted

by giving a higher weight to nearer neighbours.

4 ® positive class
negative class
® testinstance
@
3
[ ]
]
k=5
~ 2 *
P
1 ° .
[
[ ]
0 * ®
0 1 2 3 4

x1

Figure3-3k-NNprinciple. Here k is selected to be five and hence the five instances closest to the test instance are considered
for the prediction. The measure of distance is Euclidean distance indmaéhsional feature space (x1, x2). Using a simple
majority vote br classification, the test instance is classified as belonging to the positive class.

3.4.2 Linear regression

Linear regressioriGujarati, 2019models the relationship between aumerical labely and a d

dimensional feature vectoxas a linear equation of the form

wherea andb are parameters which need to be optimised during training of the model. The training
of a model is done by minimising the value of a loss function that estimates the performance of the
model for a given set of parameters. Iretbase of linear regression, the loss function computes the
sum of squared errors for all poinisin the training set (size® as a function of the learnable

parameters:
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(O]

An exampt of linear regresion with a single feature (i.e. univariate linear regression) is given in
Figure3-4. In practice, a much larger number of features may be used to obtain a linear regression

model. Having a high number of features increases the risk of overfitting timengedata.

20

15

y = 1.97x + 2.65

Figure3-4 Example of linear regressiobata instances in this example consist of y as label and x as a single feature. To
predict yfrom x a straight line is fit using the leastjuare objetive. Thereby a=1.97 and b=2.65 are obtained as model
parameters.

Regularisation techniques can be applied to prevent overfitting of linear regression models. These
techniques penalise the use of numerically large model parameters explicitly in théutution,
which leads to thetraining of less complex models. Different regularisation techniques can be

distinguished according to the scheme applied for penalising model parameters:

- In ridge regression, the2Lnorm (i.e. the magnitude of the summed sqadr model
parameters) is penalise@oerl & Kennard, 1970)

- In lasso regressigrihe 11 norm (i.e. the magnitude of the summed model parameters) is
penalised(Tibshirani, 1996)

- Elastic net regression penalises both thenbrm ard the 12 norm (Zou & Hastie, 2005)
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In all cases, a hyperparametsr A4 dzaASR (2 RSUSNNAYS K2g A0GNRy3f
penalised relative to the least squares objective defined above. Ridge regression often yields models

of better peformance than lasso when the number of samples is much larger than the number of
features. Lasso regression has the advantage of yielding parsimonious models, as its objective leads

to irrelevant model parameters being zero. Elastic net regression wasdirded to combine

advantages of both approaches

3.4.3 Logistic regression

Logistic regressiofiWWalker & Duncan, 196'provides a means to estimate the probability of a data
point belonging to one of two possible classes. Thus, it can be used to solve binary classification
problems. Conceptub, logistic regression is closely related to linear regression. In linear regression,
a linear relationship between the target variable y and the features x is assumed. In contrast, in logistic

regression, the log of the odds of event y being the positiass is assumed to linearly depend on x.

NN ( v .
|1 < W W w
5 N
To convert the log of the odds into a probability, the logistic (sigmoid) function is applied.

- p
0 @xw

p Q

The parameters and b can be optimised in such a way that the product of computed probabilities

for all training points is maximised. This approach is called maximum likelihood estimation.

0ip @ W

3.4.4 Support Vector Machines

The Support Vector Machine (SVM) algorithm solves classification tasks by modelling delansian
boundary that maximises the margin of data points next to the decision boundanaglisa support
vectors(Boser et al., 1992 he principle is illustrated in Figures3or a 2dimensional feature space
where the decision boundary is adimensional line. In a-dimensional feature space the decision
boundary is a (d)-dimensional hyperplane. SVM classifiers can be distingdiaeenaximamargin

classifiers (Figure-8A) and soft margin classifiers (Figur&B) according to the method used for
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determining the decision boundary. Maxinmahrgin classifiers strictly select a boundary by finding a
hyperplane that perfectly separes the classes and maximises the margin. If the classes are not
perfectly separable, soft margins are required. Soft margins allow misclassifications, but penalise them
in the objective function. Even if two classes are perfectly separable, soft marginbermeferred

over maximalmargin classifiers as soft margins often lead to better generalising models (i.e. not

overfitting the training data).

A B

. . ® positive class 4
® negative class

® positive class
® negative class

.
. 3

margin

Figure3-5 Example of SVMA shows a maximaiargin classiér, whereasB shows a soft margin classifier. The soft margin
leads to one training instance of the positive class being misclassified. The margin describes the distance of the support
vectors to the decision boundary.

SVM is not limited to linear sepai@n based on the original feature space. By applying kernel
functions, the original features are mapped into a higher dimensional space. For instance, the
polynomial kernel computes polynomials of the original features and then finds a linear solution in

the projected (noHinear) feature spac€Cortes & Vapnik, 1995)

While SVM was initially developed for classification tasks, its principle can also be adapted to solve
regression tasks. Instead of fitting a decision boundarineat function (in the potentially expanded

feature space) is fit to predict continuous valueBhis function is obtained by optimising
simultaneously for small deviation of training data outside aRE8 FA Y SR (G 2f SNI 4§ SR S NN

for low complexity(similar to regularisation in linear regressigByucler et al., 1996)

3.4.5 Decision Trees

Various treebased methods for classification and regression tasks exist. All these methods rely on the

basic principles of decision tre@soh, 2008; Quinlan, 1986)
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Decision tree algorithms solve a classifma or regression task by constructing a tree based on
training data that separates the data according to the feature values. At each node, the data is
separated based on a condition of a single feature. Terminal nodes (i.e. these are not furtheresplit) a
called leaves. In FigureG3 a simple example of a decision tree is presented. The decision tree is used

to predict whether passengers survived the sinking of a ship. To make a prediction for an instance
(here a person), data is sent to a leaf nodeoading to its attribute values. For instance, test data

point P1 (sex=female, age=24) is predicted as to have survived, whereas P2 (sex=male, age=42) is

predicted to have died.

Sex =
female?

SURVIVED

SURVIVED

Figure3-6 Decision tree predétting whether passengers survived the sinking of a shipe top node is called the root. Blue,
oval shapes indicate nodes that are further split according to the stated condition, whereas orange, rectangle shapks are lea
nodes.

During model trainingsplits are chosen according to the impurity of the original and resulting sets of
data instances. For classification tasks, entropy derived from information tli§8bgnnon, 1948)an
be use as an impurity criterion. In the binary case, the entropy H for a set of positive (t=A) and
negative instances (t=a) can be computed according to:

00 no 6 11460 6 no & 1T &
Wherep(t=A)is the probabilityof an instance of the set being positive (i.e. the proportion of positive

instances in the set) and vice versa for instances being negative. Since base 2 is selected for the
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formulation, an entropy of 1 corresponds to one bit of information. The inforomagjain of a split can
be computed as the difference in entropy between an original set and the sum of entropies of the
resulting sets. Among potential splits, the split with the largest information gain is selected. Instead of

entropy, impurity can alsodmeasured using the Gini index according to:
0NNV p no o0 no

For a continuous targedi(i.e. a regression task), the variance of a set (ofstances) can be used as
a measure of impurity, calculated according to:

0D ———m

e p

While the decision tree is grown, nodes are further separated until a stopping criterion is reached,
which may be a minimum size of the leaf (number of training instances in the leaf) or a given class
purity. Stoppingcriteria are necessary to reduce the risk of overfitting, as the algorithm otherwise
would continue separating nodes until only perfectly pure leaf nodes are obtained. In this case, the
noise of the data would be fit rather than trends that generalise Imglythe training data. Each leaf
corresponds to a certain prediction that is made, which is, for example, the majority of training labels
found in this split in the case of classification and the mean of training labels in case of regression. An

advantage bdecision trees is their interpretability, as the predictions are based on sequential and

explicitly stated decisions with respect to single features.

Other treebased algorithms combine single decision trees to obtain an ensemble of models. Bagging
and toosting techniques can be distinguished depending on how the ensemble is generated. In
bagging, bootstrapping is used to create different subsets of training instances for which different
decsion trees are trained. Randorarést is a technique based ondmging. In contrast, in boosting
decision trees are trained sequentially which the aim to improve predictions for instances that were

misclassified in previously learned decision trees.

3.4.6 Randomdrest

Randomforest (RF) was developed as a more effectgeneralisinglternative to decision trees
(Breiman, 2001)The technique creates a set of decision trees and predictions are made according to
a majority vote among all individual trees for classification tasks or the mean for regressianitasks

key to the success of RF is the diversity of individual trees. Diversity is achieved by two different

mechanisms:
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1 Bootstrap sampling: each tree is trained on a subset of the training instances sampled with
replacement.

1 Only a randomly selected subs#tfeatures is available to find a split for each node.

The basic principle of RF is summarised in Figutre 3

Training data

./l\.

Bootstrap sample 1 Bootstrap sample 2 Bootstrap sample N
Prediction 1 Prediction 2 Prediction N

N /

Classification: majority vote
Regression: mean

Figure3-7 Random bérest principle The predictions of diverse treggained on different training data are aggregated to
obtain the final prediction.

Implementations of RF such as in seiéérn(Pedregosa et al., 201&dpntain various hyperparameters
to determine the behaviour of the model. These include the selection of the impurity criterion,
definition of stopping criteria for tree growing (maximum depth, minimum samples per leaf), the
amount of randomly selected features used for each spiitd assining different weights to classes

to counter imbalance in the dataset.

3.4.7 Gradient tree boosting
Boosting techniques combine several weak learnetsgh on their own perform just slightly better

than random) into a powerful ensemb({®leir & Ratsch, 2003)he basic idea behind gradient tree

boosting approaches is to make predictions by combining predictions of sequentially trained decision
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trees, each trained to predict the residual of predictions obtained by all previously trained trees
(Friedman, 2001)

For regression, the initial tree of the ensemble is a single leaf node so that the predicted value for all
instances is the mean of ¢htraining data. Each following tree is then trained to predict the residual
of instances (i.e. the difference between the true values and the aggregated predictions of all
preceding trees)Specifically, these residuals are incorporated into differengidbss functions and
hence gradients are used to grow trees. The contribution of each newly trained tree is determined by

the learning rate, a hyperparameter of the model. The principle is illustrated in Figfiire 3

y= |¥ +0.1x +0.1x

Figure 3-8 Gradient tree boosting for regressionThe figure illustrates how predictions are obtained by aggregating
predictions made by individual decision trees. The value 0.1 is the learning rate used to scale the contribution of each tree
Each tree is trained to predict residuals for instances given the prediction of all previous trees. The initial prediction
(represented as a tree consisting of a single leaf) is the mean of training instances.

For classification tasks, the aggregated pradn is obtained as the log of the odds (similar to logistic

regression), which eventually can be converted in predicted probabilities using the sigmoid function.

XGBoost was introduced as an implementation of gradient tree boosting that scales wejktsdale
datasets(Chen & Guestrin, 2016)n addition, it introduces some modifications to previous gradient
tree boosting models. Regularisation is an effective technique to prevent overfitting of linear
regression models (see above). In the XGBoost algorithm, regularisation is used to penalise both the
magnitude of the output values in the leaves and the numbdeav¥es. In addition, as in RF models,
subsampling of available features for split finding is employed. Another feature of XGBoost is its ability
to handle sparse data instances. In particular, for each split optimal default directions for missing data

arelearned to minimise the loss.

Further implementation details of XGBoost affect its scalability. For large scale datasets, XGBoost can
obtain an approximate solution for growing trees instead of a slow exact solution. This is achieved by
finding splits onf for bins of data instead of trying all possible splits. Also, a block structure of data is

used to enable parallelisation of model training.
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3.4.8 Atrtificial neural networks and deep neural networks

Artificial Neural Networks (throughout the thesis&RNNB R (G2 &4 QySdzNI f ySig2
loosely reminiscent of a biological brain in the sense that they contain neurons that exchange signals.
Neural networks consist of nodes (neurons) arranged in different layers, which include an input layer,
one or more hidden layers and an output layer. Neural networks containing more than one hidden
layer are referred to as Deep Neural Networks (DN@spdfellow et al., 2016)The input layer takes

the feature vectors of data points as input. Thus, it consists of as many nodeswuredassed for the

task. The output layer represents the given prediction by the neural network for a given data point,
while the hidden layers are intermediate representations of a data point. Overall, a neural network is
a complex function mapping an iapvector to an output vector. With the exception of the input layer,
every node receives input from every node in the previous layer. The activation of a single neuron is
a linear combination of the activations of the neurons in the previous layer wihatidition that a

non-linear activation function is applied. Thus, the activation of negiorayerl is computed by
MM Mw 0O w

Wheref() is an activation functionyV is the vector of weights incoming from the neurons in laygr

His the activations of the neurons in layket andb is the bias of the neuron. By applying a Aimear
activation function, such as the sigmoid function or the ReLU (rectified linear unit) function (which
does not modify positive numbers and turns negativeners to 0Agarap, 2019)the network is
capable of expressing ndimear relationships between the input vector and the output vector. The
design of the output layer mirrors the nature of the task the neural network aims to fulfil. The

following cass shall be considered:

1 Single task regression: The output is a single numeric value and therefore the output layer
consists of a single neuron. Generally, no activation function is required for the neuron. If the
outputs must not be negative, the ReLU ftion can be applied.

1 Multi-task regression: If a neural network is trained for n regression tasks simultaneously, the
output layer consists of n neurons, each representing the prediction for a distinct task. The
outputs are treated the same way as for datask regression.

1 Single task binary classification: The output is single binary value and therefore the output
layer consists of a single neuron. A sigmoid function is applied to scale the output in the range
from 0 to 1, which is interpreted as thegiyability of the positive class. To get a prediction
from this value, numbers above 0.5 are considered positive, whereas numbers below 0.5 are

considered negative.
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1 Multi-task binary classification: As for muhisk regression n neurons are required to mak
predictions for n distinct tasks. The outputs are treated the same way as for single task binary
classification.

1 Multi-class classification: The number of neurons is equal to the number of classes in the task.
To achieve a probability distribution astput (the output of each neuron represents the
probability for a class) the softmax function is applied. This function takes the whole set of
neurons in the output layer as input, applies the standard exponential function to each value
and then divides edcexponential by the sum of the exponentials. As a result, each value will

be in the range (0,1) and the sum of all values will be 1.

The form of neural networks described above is also called-dalyected feedforward, as
information flows only in one idection from input to output and no cyclic connections between

neurons exist. A schematic depiction of the above described architecture is given in Fggure 3

Input layer

1%t hidden layer

2" hidden layer

. Output layer

Figure3-9 Architecture of feedforward DNN madels. Shown are a network with a single output neuron (left) and a network
with three output neurons (right). The network with a single neuron may be used for single task regression or binary
classification tasks. The other network may be used for ralalis classification or multask settings. Neurons typically
contain more neurons in input and hidden layers than shown in this simplified figure.

To train a neural network model, weights and biases are adapted to reduce loss between training
labels andoredictions made by the neural network. Various loss functions can be used, depending on
the nature of the taskBrownlee,2019) For regression problems, the mean squared error between

predicted and true labels can be used (comparable to linear regression). A popular choice for binary

classification tasks is binary cross entropy (BCE) loss, which for a single instamcelig:giv
660eii Wl idd p WlIITEL
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wherey is the true label (0 or 1) andis the predicted probability of the instance. For multiple
instances the BCE loss can be summed or averaged depending on method implementation. In essence,
.19 f2aa S@lLfdd SR K2g Of2aS || LINBRAOGAZ2Y A& G2
identical to label). For mukilass classification taskihie (general) cross entropy loss can be used

where for each class the distance betweengioted probability and true class is evaluated. For multi

task settings, the same loss functions can be used by summing or averaging the losses across the

different tasks.

Training of neural networks is normally done using gradient descent or related deetfdese
techniques require the determination of the gradient of the loss function with respect to each
tuneable parameter (i.e. weights and biases) using backpropagdRamelhart et al., 1986)
Gradients are found by applying the chain rule for differentiation starting from parameters in the las
hidden layer and moving backwards through the network. The gradient can be understood as the
direction in which the respective parameter needs to be changed to minimise the loss. An optimisation
step is performed by updating the parameters in the directof the gradient. The learning rate, a

hyperparameter set by the user, determines the size of the step.

Computing the gradients using the entire training set may be computationally expensive. This can be
circumvented by using stochastic gradient desd&®D). In SGD, instead of computing the gradients
for the full data set in each optimisation step, gradients are iteratively computed for batches (i.e.
subsets) of the training set. One training epoch is completed when each training instance has been
usedonce for optimisation within a batch. The training of a neural network may consist of more than
one epoch. Batch size and number of epochs are further hyperparameters of the training process.
More sophisticated optimisation techniques like Adégingma & Ba, 2014ave been developed. A

key charateristic of Adam is that learning rates are individually adapted for different parameters
using the history of updates. This means that update steps for a parameter can be increased if high
gradients were found for this parameter in previous steps to Ecege learning. In analogy to the

physical phenomenon, this principle has been named momentum.

Further techniques have been developed to prevent neural networks from overfitting training data
and to improve generalisation capability. Similar to linearesgion,L1 or L2 regularisation can be
applied to penalise the magnitude of learned weights Roux & Bengio, 200Another regularisation
technique is dropou(Srivatava et al., 2014 Dropout means that randomly sampled hidden neurons
or input neurons including all their connections are removed from the network during training. The
motivation behind this technique is to prevent complex-amaptations of different aurons. Put

differently, hidden neurons should encode features that are meaningful by themselves. A third
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technique is early stopping of neural network trainifigao et al., 2007)In this technique, the
generalisation error of a model is mémied during training using a validation set and the training is

terminated when no further improvement on the validation set is observed.

Fully-connected feedforward neural networks as described above can be used for supervised ML tasks
where numerical fatures in the form of a-@limensional vector for each instance are given. Different
architectures are required for different types of dgtaeCun et al., 2015Convolutional architectes

are employed for image (Convolutional Neural Networks (CNNs)) or graph data (Graph Convolutional
Networks (GCNSs)) where the spatial arrangement of pixels or nodes is meaningful. In Recurrent Neural
Networks (RNNSs), neurons can form cyclic connectiortk these architectures may be used on

sequential data like strings of variable length.

3.4.9 Matrix factorisation

Matrix factorisation techniques can be used to fill gaps in a sparse (i.e. incomplete) matrix by making
predictions(Koren et al., 2009)A sparse matrix may refer to situations when not all features for data
instances are known or in a mutdsk setting when the label for an instance is only knowrs@one

of the tasks. However, the distinction between features and labels might disappear in such situations

as target labels may be used as features to predict other target labels.

The basic principle behind matrix factorisation is to factorise the dataixniato the product of two
smaller matrices. A matrix of dimensiond w €& rows andé columns) can be decomposed into the

product of "Yand
A Y W
The entry of matrixdfor the'Q row and the’Q column is given by the dot product of th@ row of

U with theQ column ofc:

Matrix factorisation methods gained interest during the Netflix Prize competition, which had the aim
to improve systems that recommend mieg to users based on their previous ratings. The task was to
predict the ratings of movies by users using a matrix of given ratings. In the above equation for matrix
factorisation, the matricesY and & can be considered representations of the users amovies,

respectively, in a joirf@dimensional latent factor space.
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To fit a matrix factorisation model, the matricéand ¢ have to be found. Objective functions seek
to minimise the distance between observed entriesiand the corresponding predion resulting
from the product of Yand . Since the matri¥) may be very sparse, overfitting to the few observed
entries is a problem. Overfitting can be countered by including regularisation terms in the objective
function, which penalise high valu@s Y and . An objective function of the following form is
obtained:

i F]ET w ov _mE _ AA

h

where6 andU are the latent vectors for th& row of "Yand the’Q column ofw, "Othe set of filled
cells ind, @ is the observed value in tH@ row and theQ column ofd, _ and_ are regularisation

parameters andg& is the Frobenius norm. The Frobeniusmaf a matrixo is defined as:

Another way to construct a matrix factorisation model is by using a probabilistic approach
(Salakhutdinov & Mnih, 2007Macau is an example for probabilistic matrix factorisa{idimm et al.,
2015) A notable property of Macau is that, in addition to the sparse matrix, it may use features that
describe the entities belaying to rows and columns of the matrix (also called side information). A
formal mathematical description of probabilistic matrix factorisation in general and Matau i

particular is provided ik\ppendixA.

3.5 Conclusion

The present chapter introduced Méchnigues which are commonly used to construct QSAR models.
Focus was put on relevant algorithms as well as strategies to evaluate the models. The next chapter
(Chapter 4) will introduce the concept of QSAR modelling and describe aspects relevantge tfe u

QSAR models fdine case otoxicity prediction.
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Chapter4 QSAR modelling for toxicity prediction

In the preceding chapters, an introduction to toxicity assessment of chemicals (Chapter 2) as well as
ML (Chapter 3) was provided. QSAR modelling can be stoderas ML applied to chemicatgmely

to predict properties of chemicals (including bioactivity and toxicity) based on their chemical structure.
The present chapter will introduce the theoretical foundations of QSAR models as well as their

application b predict toxicity.

In particular, the chapter introduces chemical descriptors as representations suitable for QSAR
modelling (4.1). Then, the concept of molecular similarity is introduced which implicitly forms the basis
of QSAR modelling (4.2). In thexheection (4.3), QSAR modelling is described as a ML model linking
chemical structures to properties of chemicals. In section 4.4 curation of chemical structures is
described as an important pfgrocessing step to QSAR modelling. An overview of toxieitg d
available for QSAR modelling is provided in section 4.5. Section 4.6 describes known determinants of
the success of QSAR modelling and introduces the concept of an applicability domain. The current use
of QSAR models in regulatory toxicology is sumsadrin section 4.7. Due to the importance of neural

network models in this thesis, their use for toxicity prediction is briefly reviewed in section 4.8.

4.1 Representation of chemical structures in computers

/| KSY2AYT2NXIF GAOa KI & licatiGnSof infdRiafica yiedhBds to dhe soliatierSof I LILJ
OKSYAOI f (GhsRiget, 2008)dhe prerequisite for the numerous chemoinformatics
application are means to represent chemical structures computatior{sgrr, 2011) The most
common way among chemists to represent tsteucture of a molecule is as a diagram showing its

atoms and their connections in twdimensional space (see Tabld 4first row).

In such diagrams hydrogen atoms typically are not explicitly depicted (unless bound to a heteroatom),
as their presence néxo carbon atoms can be easily inferred by a chemist. This form of representation
can be abstracted to a twdimensional graph, a mathematical object consisting of nodes

(representing atoms) which are connected by edges (representing chemical bonds).

Conrection tableqGluck, 1965¢numerate all atoms of a molecule and state the connection between

the atoms. Thus, they can be considered as a tabular form of a molecular graph. Connection tables
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form the bass of MOL filegDalby et al., 1992)An example for acetaminophen retrieved from the
DrugBank databas@/Vishart et al., 2018js provided in Table-4 (second row). The upper block
(atoms block) contains the atoms with their element symbols and 2D (or possibly 3D) coordinates. The

bonds block b&w states which atoms are connected as well as the bond type (single, double, triple).

A more concise ay to store chemical structuress using line notations (strings). In line
representations, a molecule is represented as a string. A popular line repagise is SMILES
(Simplified Molecular Input Line Entry Systefweininger, 1988)It describes the structure as a
sequence of letters and special charastecapable of expressing different bond types, branching and
rings (see Table-4, third row). The InChl (International Chemical Identifier) notation (see Table 4
fourth row) has been developed by the IUPAC as a standardised line representation afcaleol
(Heller et al., 2015)Conpared to SMILES, InChl is more difficult to read by a human, but in principle
the chemical structure can be generated from an InChl. An IKEhI(see Table-4, fifth row)
represents a condensed form of an InChl (obtained through hashing) which wasadkesidacilitate

searching for a structure in a database.
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Table4-1 Various chemical representations of acetaminophen (paracetamol).

Chemical graph F{
Connection table | 316
Mrves41 @2231214352D
1111 0 6 © @ 999 V2000
2.3645 -2.1469 09.9008 0 © © © © © O @ 0 @ © e o
3.7934 1.1591 ©.9988 0 © © © © © © @ O © © e ©
2.3645 1.1591 ©.0006 N © © © © © O @ /0 @ ©o e o
2.3645 ©.3341 ©0.0006C © © © © © O € 0 @ ©o e o
3.0799 -9.0784 ©.9908 C © © © © © O @ O © © e o
1.6500 -0.0784 ©.0006 C © © © © © 0 @ O @ O © o
3.0799 -0.9034 0.0008 C © © © © © O € 0 @ ©o e o
1.6580 -9.9034 ©.0006 C © © © © © © € O © © O o
2.3645 -1.3159 ©.0008 C © © © © © © & /0 O © e o
3.0799 1.5716 ©.0006 C © © © © © © € O © © e o
3.0799 2.3966 ©.0006 C © © © © © © € O O © e o
19 1@ 0 e @
210 2 @ @ € ©
34160 0 6 8
310 1 @ @ @ ©
4 5 2 8 0 0 ©
4 6 1 0 0 0 o
5 7 1@ 0 e o
6 8 2 0 0 @ @
7 9 2 0 0 @ 8
8 9 1 06 0 € ©
1011 1 @ 8 © ©
M END
SMILES CC(=0O)NC1=CC=C(0)C=C1
InChl INChI=1S/C8HINO2/6(10)97-2-4-8(11)53-7/h2-5,11H,1H3,(H,9,10)
InChl Key RZVAJINKPMORJAFFFAQOY A

All the representations presented in the table capture 2D structures of the molecule. Since molecules
in reality are 3D objects, there are aleepresentations that capture the location of the atoms in 3D
space. Itmustbe stated, however, that due to rotation about single bonds many different potential
conformations can be realised by a molecule. 3D representations generally seek to provide an
energetically favoured conformation. The Cambridge Structural Database is a repository containing

3Dstructure data obtained using-ay crystallographyGroom et al., 2016)

None of the representations introduced so far is amenable to the construction of QSAR models (at
leastin a traditional way), because these typically require numerical representations of fixed length.

This can be achieved using molecular descriptors. Molecular descriptors represent a molecule by
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describing its properties. One can distinguish between differtypes of molecular descriptors:

constitutional, physicochemical, topological and 2D fingerprints, as described below.

Constitutional Consitutional descriptors represent simple counts of features such as atoms,
heteroatoms, functional groups with cein properties (e.g. hydrogen bond acceptors or donors),
bond types or ring system&each & Gillet, 2007These can be easily obtained from a connection

table representation.

PhysicochemicalPhysicochemical properties describe properties of molecules as a whole as opposed
to describing their constituents. Examples are molecular weight, lipophilicity (typieallesented by

log P which is the octanol water partition coefficient) or TPSA (topological polar surfacéEatea)

al., 2000) For prerties that, in principle, are the result of a wieb experiment (like log P), methods

to computationally estimate the property have been developed to enable computation for large sets
of compounds(Mannhold et al., 2009)Physicochemical properties may be key determinants for
bioactivity. For instance, the relationship between lipophilicity and anaesthetic activity is well

establishedGlave & Hansch, 1972)

Topological Topological indices are derived from the 2D molecular graph and capture characteristics
like size, shape and branchifigeach & Gillet, 2007 prominent example is the Wiener Index which

is the sum of all topological (through bond) distances between all atoms imtiiecule(Wiener,

1947) Other descriptors capture the connectivity of atoms by considering the number of valence

electrons not bonding to hydrogdiier & Hall, 1981)

2D Fingerprints Structural fingerprints represent molecules imetform of bit vectors where a one
indicates the presence of a rtain structural feature and a zerimdicates absence. Alternatively,
fingerprints can be obtained as coub&ised where each position in the fingerprint indicates the
number of occurrences ad certain feature. Fingerprints can be distinguished as dictichasgd
fingerprints and hashed fingerprints. In a dictiondgsed fingerprint each bit corresponds to an
element of a predefined dictionary of fragments (e.g. MACCS képsirant et al., 2002)Hashed
fingerprints, in contrast, generate fragments from the structure according to defined rules and map

the fragmentgo a vector of defined length. Different fragments may be mapped to the same bit.

A popular hashed fingerprint, specifically designed for QSAR modelling, is the extended connectivity
fingerprint (ECFP) which determines all unique fragments up to adetimed radius starting from

each atom as a centr@gRogers & Hahn, 2010f a radiusof up to one bond is chosen, the obtained
FTAYISNLINAY(G Aa OFftSR 9/ CtH O0H NBFTSNNAy3d G2
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fragments). Equivalently, if the chosen radius is 2, ECFP4 is obtained, and so on. The following

properties of atoms cestituting the fragments are considered:

The number of direct heavy atom neighbours

The valence of the atom (ignoring hydrogen atoms)
Atomic number (chemical element type)

Atomic mass (to distinguish different isotopes)
Atomic charge

Number of attached hywbgen atoms

= =4 4 A4 A - -

Whether the atom is part of at least one ring

The generation of ECFPs is illustrated in Figtke®he opersource chemoinformatics toolkit RDKit
(RDKit: Opeidource Cheminformatics1.d.) implements Morgan fingerprints which are roughly

equivalent to ECFPs.

—
—
— A

100010..001100

L J
|

2048 bits

Figure4-1 Representation of molecules using ECFPs encode a chemical structure as an ECFP4, the environments of all
atoms up to a radius of 2 bonds are determined (the green circles encapsulate the environments of radii 0, 1 and 2 bonds
for the centralcarbon atom). Then, all unique environments included in the molecule are subjected to a hash function and
folded to a binary fingerprint of fixed length (here 2048 bits), where 1s indicates the presence of a certain atom entironmen
and 0s their absenc@&his provides a numerical representation of a molecule which is amenable to standard QSAR modelling.

4.2 Molecular similarity

The similarity principle states that structurally similar molecules tend to have similar prop@ties
Johnson et al., 1988)Consequently, a set of molecules with similar propertiasa be found by

searchingfor molecules with similar structuresn toxicity assessmentshis @ncept is explicitly

39



Chapter 4: QSAR modelling for toxicity prediction

exploited in the earlier described reatross method to predict the toxicity of untested substances
from known activities of similar substances. The application of this concept recuimsans to
evaluate the similarity of molecule€©ne possibility is to check if two molecules contain a certain
common2D substructure or3D pharmacophore(i.e. a spatial arrangement of molecular features)
However, this approach merely splits a given librafymoleculesinto those which contain the
considered substructure or pharmacophore and those which do not. More sophisticated methods are
required to quantify the similarity between molecules. A popular way to quantify the similarity of two
molecules is by calculating a similarity coefficient basetinary chemical fingerprint§Villett, 2006)
Generally, these methods quantifyalsimilarity inthe range fromOto 1, where 0 means the absence

of any common features and 1 means identical representatifput not necessarily identical

molecules). The most widely used similarity coefficient is the Tanimoto coefficient which isddadine

4 AR

I

A A
whereAis the number of bits set th in the fingerprint of moleculé , Ais the nunber of bits set tol
in molecule' andAis the number of bits set to ih both fingerprints Othersimilarity coefficients are

the Dice coefficient and the Cosineefficient defined by the following equations:
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where A A andAare defined in the same way as in the Tanimoto coefficient. More generally, the
similarity between two objects can be considdras the counterpart to the distance between two
objects. The introduced similarity coefficients can be converted to a measure of distance using the

formula:

AEOOApDp AAET EI AOEOU
A widely used distance coefficient is Euclidean distdficehum et al., 198@efined by
T

$ 1) 1%} %)

Where! and" are objects with. featuresd and@ are the values of th&Q feature of! and".
Such a general distance metric can measure the distance between two molecules represented as
either binary fingerprints or aa set of arbitrary molecular descriptors of continuous nature. The

Euclidean distance between two objectsOisf their representations are identical, however, it is
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unbounded since infinitely high values of distance can oitmaretically. In conclusionsimilarity and
distance between two molecules have no universal character. Instead, they depend on the context in

terms of the molecular representation and the chosen coefficient.

4.3 Basic principles of QSAR modelling

A QSAR model can be consideredéoany function that uses some representation of the chemical
structure as input angredictsa biological activity relying on mathematical or statistical relationships
(Cherkasov et al., 2014Yhus, QSAR models generally can be constructed for any property or
bioactivity of a méecule. Corwin Hansch is considered as the pioneer of QSAR modelling. Using linear
regressionhe expressed biological responses of compounds within a chemical series as a function of
GKS Y2t SOdzZ S&aQ tALRLIKALAOAGE (Habseh®tat, (963) & aAK2gYy
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where is the concentration of the compound responsible tloe defined biological activity and is

the Hammett parameter corresponding to the particular substitution pattern of a benzene derivative
(Hammett, 1937) This equation is limited to a small series of similar molecules. More sophisticated
methods are required to model relationshipslafge heterogeneous datasets and to account fornon
linear relationships. Consequently, the field has expanded extensively since then in terms of chemical
descriptors, functions/algorithms that are employed and properties that are modelled. Molecula
desaiptors were introduced abovelherangeof algorithms usedor QSAR modellingcludes simple
approaches like linear regression andNK, treebased methods (decision tree, RF, gradient tree
boosting) and neural networks (shallow or deep). An overviethede algorithms was provided in
Chapter 3 Generally, the construction of a QSAR model is an example biveokkflow as introduced

in Chapter3. First, the molecules in the dataset are expressed as molecular descrifiters a QSAR
model is trained ortraining data As described for ML in general, the QSAR model needs to be
evaluated on compounds that were not used during trainiogdemonstrate predictivity on new

compounds.

4.4 Preparing chemical structures for QSAR modelling

In order to train a QSARodel, compounds need to be represented using some chemical descriptor.
However, a crucial step is to curate chemical data beforehand. One problem is that a dataset may

contain incorrect structures (i.e. the given structure does not correspond to thedestemical). A
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study investigated public and private databases and found error rates in the range from 0.1 to 3.4%
(Young et al., 2008 Another problem is that chemical structures in a dataset may be represented
inconsistently (e.g. certain functional groups in different tautomeric form) or such thahitatebe
properly represented by traditional chemical descriptors (e.g. complex bonds or compound mixtures).
Several chemical data curation steps have been suggested to remedy these pr{fabemthes et al.,
2010)

Where possible, inorganic and organometallic compounds should be removed because commonly
used molecular descriptors are in many cases not suitable to represent tAlm, mixtures of
different chemicals should be removed, unless the observed activity can be attributed with confidence
to a single component of the mixture, which then can be retained. Moreover, the descriptors often
are not capable of representing saftad thus inorganic counterions need to be removed. Then, the
molecules should be neutralised (removal of charges) or the chadjested to the experimental pH.

In the next step, certain chemotypes with multiple possible structural representationstikeyroups

or tautomers need to be converted to a standardised manner to avoid inconsistencies within the data
set. It is also imperative that a specific structure is only contained once in a dataset. Duplicates may
be in the dataset due to experimentakplicates or introduced by the previously performed
standardisation steps. Duplicates can be handled by averaging experimental values or, in the case of
conflicting evidence, by removing all instances to avoid potential errors. As a final step, manual

chedking of the structures in the data set is recommended.

4.5 Toxicity data for QSAR modelling

A prerequisite for a successful QSAR model is the availability of sufficient data of good quality. In the
area of toxicity prediction, modelled events may be éx@erimentally measured outcomes$in vitro
toxicity assays oin vivotoxicity studies. A brief overview of availahte vitro and in vivo data is

provided in this section.

4.5.1 In vitro toxicity data

The two largest databases (Fldmpounds) foiin vitro data are PubCherfWang et al., 2017and
ChEMBL(Gaulton et al., 2017)which are provided by the National Center for Biotechnology
Information (NCBI) and the European Bioinformatics Institute (EBI), respectively. These databases are

depositories for all kindsf in vitro bioactivity data, rather than being specific for toxicity effects. In
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contrast, Tox21(Thomas et al., 2018nd ToxCastRichard et al., 2IB6) are projects designed to
generatein vitro data presumed to be highly relevant for toxicological eventgiva As mentioned

earlier, Tox21 is a federal intagency collaboration in the US. A cornerstone of the project was
performing HTS experiments approximately 10,000 chemicals in approximately 70 assays. ToxCast
on the other hand is a project carried by the EPA. While the ToxCast data overlaps with Tox21 to some
extent, it focusses on a broader set of assays with a smaller set of compounds sptific is the
ISSTOX (Istituto Superiore di Sanfoxicity database, which contains data relevant for chemical

carcinogenicity including mutagenicity data in bacteria (Ames (B&thigni et al., 2008)

4.5.2 In vivo toxicity data

As described in Chapteri,vivotoxicity data are generated in animal studies according to guieglin

A public database containing the results of variougivoanimal studies for over 1,000 compounds is
9t ! Qa ¢(vatfor$ & &l., 2019)A similar resource, though not publicly available, is the eTox
database(Sanz et al., 2017)it was generated in a cooperation of pharmaceutical companies,
academic institutions and small and meditgimed enterprises and contains-house data of the
companies for almost,200 compounds. The objective of the project is to facilitate data exchange
among pharmaceutical companies and to exploit the data for predictive modelling of toxicity. The
CEBS (chemical effects in biological systems) database contains toxicity sturdiestegk by the
National Toxicology Program (NT@ea et al., 2017)which includes studies on genotagyc
carcinogenicity, reproductive toxicity and immunotoxicity. As a repository dedicated to chemical
carcinogenicity, the above mentioned ISSTOX database also cantaivmscarcinogenicity studies. A
comprehensive dataset on acute rodent toxicity haset assembled by the NICEATM (National
Toxicology Program Interagency Center for the Evaluation of Alternative Toxicological Methods) and
the EPAKIleinstreuer et al., 2018)

4.6 Determinants of successful QSAR modelling

The usefulness of a QSAR model depends on its caypdbilmake accurate predictions for novel
compounds. Therefore, understanding under which circumstances a QSAR model will be most
successful has been, and still is, an area of active research. This section discusses certain factors whose

impact on QSAR mets has been studied. Subsequently, the concept of an applicability domain is
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introduced, which aims to determine whether or not the prediction of an individual compound is

reliable.

One challenge that may occur for classification models is data imbakémce has been mentioned

in the previous chapter and is not specific to QSAR models. In particular, data imbalance may result in
models making accurate predictions for majority class compound, but inaccurate predictions for
minority class compound@akharov et al., 2014\pproaches to account for data imbalance in QSAR
models include increasing the stoof misclassifying minority class compouri@sha & Jurs, 2005)
resampling technique¢Bae et al., 2021and adapting the classification threshglEsposito et al.,

2021)

Another a&pect is the amount of available data to train a QSAR model. For a given modelled endpoint
and identical test sets, performance tends to increase if more training data becomes available over
time (Sheridan, 2022)Experiments on very small datasets (~100 compounds) have shown that the
STFSOG 2F NBRdzOAY3I | RIF GF aSi@Reyetall 2088FdR @dtdbeg, R 2 Y
large decrease in performance was found for a local dataset orHAtiactivity of thiocarbamates,

while no significant impact of dataset size was found for @&rdir dataset on bioaccumulation. In
contrast, for very large datasets (ten thousands of compounds), adding more data to the training set
tends to have very little impact on overall model quality, as the additional data might not lead to a
larger coveragefochemical spacé ! £ S & A 6 . \When dorhpdring differentdatasets, training

set size does not seem to be a good indicator of success. QSAR models with small datasets may be
successful (at least in a local ¢ext), while models with large dataset size may still fail for other

reasons (see following paragraphs).

QSAR modelare based on the principle that similar compounds tend to have similar properties.
Therefore, it is not surprising that chemical similakigtween training and test compounds is a good
indicator for the success of QSAR mod@&keridan et al., 2004 5imilarity may besvaluated for
instance as the (average) similarity value to the nearest neighbour(s) in the training set or the number
of neighbours in the training set above a selected similarity threshold. The relation may still hold true
if the chemical descriptors uddo assess chemical similarity are not identical to those used for model

training.

Another challenge for QSAR models is the presence of activity(Midfiggiora, 2006)The term is
derived from the concept of activity landscapes, in which thand ycoordinates encode chemical
space while the -zoordinate represents bioactivity on a certain target. Activity cliffs refer to
compounds that are chemically similar, yet possess greatlyréiffeactivities which in activity

landscapes resemble topographical cliffs. The presence of activity cliffs in a dataset is a strong
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determinant for QSAR model performan@golbraikh et al., 2014ps these are very challenging to

predict.

Another aspet impacting on the model performance is experimental uncertainty of generated
bioactivity data. It was shown that when random noise is artificially added to a dataset, the
performance of otherwise predictive QSAR models drops depending on the amoundexf adise
(Sheridan et al., 2020\ commonly stated assumption is that the model cannot be more accurate
than the experimental method used to generate its training data. In other words, this would mean
that the experimental uncertainty represents a hamhit on model performance. A recent study
challenged this view by analysing model performances when random noise was added to the training
data but not the test datdKolmar & Grulke, 2021Their findings suggest that a QSAR model may
indeed be more accurate than the training data, yet this may in practice not be measurable due to the

experimental uncertainty present in the test data.

Notably, the different factors impacting the performancd QSAR models are not completely
independent. For instance, decreasing the training set size may remove chemically similar compounds
or the presence of apparent activity cliffs in the dataset may be due to experimental uncertainty rather

than being real bcontinuities in the activity landscape.

Users of a QSAR model may not be interested in the global performance of a QSAR mode). Instead
they might wonder how reliable the prediction for an individual compound of interest is. The concept
of an applicabity domain (AD) was developed to address this need. The AD of a QSAR model defines

the area of chemical space and response space where predictions can be made with a given reliability

Several ways to define an AD have been proposed over the years. Mdtakadentified two distinct
strategies that are in use to determine the AD of a QSAR nibtighea et al., 2016)Approaches
known as novelty detection define thedDAsolely in terms of the space of molecular descriptors. This

is done by either considering the range of the molecular descriptors (or of a projection), the distance
of a molecule to its nearest neighbours in the training set, or by analysis of the kmsitydin the

area of the molecule to be predicted. All these approachssumethat reliability of predictions
decreases as the remoteness to the molecules in the training set increases. In contrast, confidence
estimation also takes the activity labelstcdining instances into account. The activity of a molecule
may be difficult to predict even though it possesses a low distance to the training set in descriptor
space (see activity cliffs). For a classification model (distinguishing between activeaatidein
molecules), confidence estimation can be achieved by considering the distance of a new molecule to

the decision boundary, or for ensemble models by considering the agreement of single predictors.
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Novelty detection and confidence estimation can basidered as complementary strategies covering

different aspects of the concept of ADs.

Hanser et al. suggested a thrstep framework (applicability, reliability, decidability) to evaluate if a
model is suitable to predict the bioactivity of a given subs&in the context of human safety
assessment, where a chemical falsely predicted as harmless might have serious conse(isamssss

et al., 2016)In the first step, the modek evaluatedo determineif it is generally applicable to the
guery substance. This means that the query substance must be dfséasge class included in the
model and its descriptors must lie within the descriptange of the model. In the next step, model
reliability is checked by investigating the density of data around the query substance and how well the
model performs in tts area, e.g. in a crosglidation. Put differently, reliability considers the quantity

and quality of information in the area of descriptor space around the query. Finally, it is determined if
the evidence is sufficient to make a (potentially hgjake)decision. Methods suggested for this step

are essentially confidence estimation methods such as those described above. Notably, the
framework demands these steps are considered in the described order, as each stage assumes that
the previous one is valid drthey cannot compensate for each other. The suggested framework is of
fairly general nature and thus can be implemented using various algorithms. It represents a reasonable
strategy to fulfil the specifications implied in the concept of ADs for QSAR sniodah appropriate

manner.

4.7 Use of QSAR models in regulatory toxigolog

Among many potential applications of QSAR models, predicting toxicity is associated with some special
challenges. Generally, one can distinguish between the following stagdsdh a'QSAR model might

be used for toxicity prediction. Either it is used at an early screening stage aiming at filtering out
compounds (e.g. drug candidates) with undesired toxic properties, or it is used to demonstrate safety
in the context of regulator decision making (e.g. to support market approval of a drug). It is apparent
that in the latter case mistakes (especially chemicals falsely predicted as safe) may result in serious
consequences if the population is exposed to hazardous chemicals. Tadgtipns made in these

cases need to be of high confidence. In contrast, for the screening task, overlooked toxicological
liabilities can be detected in later testing stages. To address these special requirements, the OECD has
defined five principles thateed to be fulfilled by a QSAR model to be considered for a regulatory
purpose(OECD, 2004)
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A defined endpoint The endpoint being modelled and the experimental protocol should be stated.
This is important to demonstrate theelevance of the modelled property for the respective
toxicological endpoint. For instance, a QSAR model trained to predict the outcome of the Direct
Peptide Reactivity Assay (DPRBalko et al.,, 2012ran be considered as relevant for toxicity
associated with skigensitisation as it measures a key event in the pathology of skin sensiti¢@tion
Johnson et al., 2020)

An unambiguous algorithm The rationale behind this principle is to provide transparency and
reproducibility. Therefore, it needs to be stated which data were used, in which way were the

molecules represented (molecular descriptors) and what algorithmusad to construct the model.

A defined domain of applicabilityAs introduced above, an AD refers to the part of chemical space in
which the model is capable of making reliable predictions. For a prediction to be applicable in a

regulatory context, the tet compound needs to be within the AD of the QSAR model.

Appropriate measures of goodness-fit, robustness and predictivity An estimate of the predictive
performance of the QSAR model needs to be provided. Gooebfdgsrefers to the capability of a
model to fit training data. Robustness refers to the sensitivity of model parameters and predictions to
small changes in the training data. A common way to evaluate robustness is by expinatilel
performance in a crosgalidation scheme (which correspando varied training data). Predictivity
refers to an external validation. That is, evaluating how well the model predicts activities for

compounds not used for model training or internal model validation.

A mechanistic interpretation, if possibtdt shoud be attempted to find a mechanistic association of
the descriptors used in the model and the predicted toxicity. A reasonable mechanistic interpretation

will increase the credibility of the model.

While traditionally toxicity has been evaluated usingnaaili studies, the use of in silico approaches
including QSAR models has started to be recognised in regulatory contexts. A currently accepted
application of QSAR models for regulatory decision making is the assessment of mutagenic impurities
in pharmaceutials. In this case, the combination of an expert system (introducetiapt€r2) and a

QSAR model may be used to replace an Ames(fesberg et al., 2016)in silico approaches are
considered as relevant to support toxicity assessment (at least as additional evidence to in vivo and
vitro studies) in various domains including industrial chemid®€HA, 2017)pesticides (for
metabolites and degradate¢JRC, 2010rosmeticqGellatly & Sewell, 201@)nd food(Hardy et al.,

2017) Current efforts aim to further increase the acceptability of in silico models (including QSAR

model) to evaluate toxicity as part of integrated strategies which combine experimental and in silico
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findings(Bassan et al., 2021; Hasselgren et al., 2019; C. Johnson et al., 2020; Myatt et alF&#018)
some toxicity endpoints such as tagptoxicity, the biological complexity of involved processes poses
a big challenge on predictivit§Sistare et al., 2016)t can be stated that AR models have the
potential to play a bigger role in regulatory toxicology moving forward, yet more work is needed to

demonstrate their validity.

4.8 Use of neural networks in QSAR modelling

Neural networks, as introduced in Chapter 3, have long been used in chemistry applications including
QSAR modellinfGasteiger & Zupan, 1993)ueto less computational power being available, early
approaches were restricted to a low number of input features (chemical descriptors) and a single
hidden layer with a low number of neurons. Such shallow neural networks were, for instance, used to
predictneurotoxicity of insecticide§Zakarya et al., 199@) acute aquatic toxicityBasak et al., 2000)

With computational power increasing over time, deep learning emerged as a novel tool with
applications in many domains such as image classifitatpeech recognition and language
translation (LeCun et al., 2015)n deep learning, DNNs consisting of multiple hidden layers and
potentially large numbers of neurons per layer araimied. DNNs have also been used for QSAR
modelling and gained large attention due to their successful use in QSAR modelling competitions using
bioactivity and toxicity assay data et al., 2015; Mayr et al., 2016)he success of DNNs was, at
least partly, attributed to their capability ofding used as multiask models. Multtask approaches

for QSAR modelling are separately reviewed in Chapter 5. Compared to shallow neural networks,
DNNs possess a much higher number of tuneable parameters. Hence, it can be expected that much

larger amountf data will be required to train them without overfitting.

The DNNSs used in the studies described above all have in common that they used traditional chemical
descriptors (e.g. chemical fingerprints) as input to the model (feedforward neural networksy A
characteristic of DNNs is their capability to learn suitable representations from raw input data (e.qg.
image pixels). This means that QSAR models may be learned without the use of traditional chemical
descriptors. Instead compounds may be represerdsdSMILES stringSini et al., 2019)chemical

grapls (Yang et al., 2019r images of their 2D structur@-ernandez et al., 2018&nd the obtained

QSAR models may achieve performances comparable or, in some cases, even superior the models
trained on traditional chemical deriptors. This is possible as the respective architectures (see below)
are composed of differentiable operations which enables-tménd learning (i.e. from raw input to

toxicity).
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DNNarchitectures utilised to learn from chemical images are C(@d$ et al., 2017)These contain
convolutional layers in which meaningful features are extracted by compressing signals of spatially
close pixels of an image. Then, fleature maps obtained after one or multiple convolutional layers
are flattened to vectors which are ultimately used to predict the toxicity as done in a feedforward

neural network.

DNNs used to learn from chemical graphs use QBN et al.,.2022) Atoms are represented as
vertices and bonds as edges of graphs. Vertices and edges are initially featurised using simple
information about atoms (such as atom type, part of ring, hybridisation, charge) and bonds (bond
type, conjugated or not), regetively. In a graph convolutional layer, the initial representations of
atoms and/or bonds are updated by combining them with information about neighbouring atoms and
bonds. Atom representations may be influenced by distant atoms and bonds if multigié-gra
convolutional layers are applied. Similar to CNNs, the representations for individual atoms and bonds

are finally combined into a vector representing the whole compound before predicting the toxicity.

DNNs based on SMILES strings as input typicalliRNdé&s as the architecture. These architectures

embed SMILES strings of variable length into a vector representation of fixed length before using that
vector representation to predict toxicit§Gini et al., 2019)RNNs operate on sequential data by using

the hidden representation of the previous SMILES cheraxg additional input to the current SMILES

character. Simple RNNs are not well capable of remembering input across long sequences and more
sophisticated architectures such as Long Shernm Memory (LSTM) have been introduced in order
overcome thislimit i A2y ® [{¢a AYOINRRdzOS 3IFGSa F2N AyLldzi o
AYyLWzi KQUI 2dzilddzi oWK2g (2 dzaS (GKS KARRSyYy adalds
KARRSY &aGFrGS aKz2dzZ R 0S NBY2 JSRKHden &tafe apebidR &dpd (2 Oz
of a sequencéOlah, 2015)The hidden state obtained after the final character is used as vector to

represent a compound in order to make a prediction.

DNNs are now used extensively for QSAR modedliwigthey generally perform very well compared

to other ML approaches. However, their complex structure (i.e. composition of humerouknean
functions) makes it difficult to understand how these models make predictions. This is why DNNs have
been refered to as black box mode{koyolaGonzalez, 2019)nterpretability of QSAR models is an
important issue, especially when they are used to mdiigh-stakes decisions. Being able to
understand why a model made a particular decision increases the confidence in the predictions and
thus the acceptance of the model tremendously. This point is also reflected in the fifth OECD principle
for the use of Q&R models in context of regulatory decision making which states that models should

be interpretable (see above). Furthermore, model interpretability may support a chemist to optimise
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chemical structure by modifying the parts of the structure responsibtetdaicity. Attempts to

interpret DNN models for QSAR modelling are summarised in Chapter 7.

4.9 Conclusion

In this chapter, QSAR models have been introduced as a method to predict the toxicity of chemicals.
To train a QSAR model, a suitable toxicityadat linking measured toxicities to chemical compounds
needs to be found. Next, chemical structures need to be curated and chemical descriptors need to be
calculated. QSAR models are then trained and validated as for other ML models (see Chapter 3). For a
QSAR model to be useful, it should be predictive and predictions should be interpretable. Both aspects
are addressed in this thesis. In Chapters 5 and 6, {tagki and imputation models are compared to
single task QSAR models with respect to their pertoroe. Moreover, attempts are made to
rationalise observed differences in performance. In the Chapters 8 to 11, a novel method to interpret

neural network models for QSAR modelling is developed and tested.
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Chapter5  Multi-task and imputation modelling for toxicity
prediction

5.1 Introduction

Thischapterinvestigates the use of single task, mtdtsk and imputation models to prediat vitro
toxicity data. The first section of the introduction will describe the differences between these
modelling approaches. Ssbquently, the use of these techniques for toxicity predictionthia

literature will be summarised and the objectives of this study will be presented.

5.1.1 Multi-task and imputation models

Figureb-1 provides a visual comparison of single task, ntakk and imputation models.

Single task modelling conceptually represents the simplest case of QSAR modelling. A separate model
is trained for each task (i.e. toxicity assay), as indicated by an individual arrow for the predictions for
each toxicity assayach learned model represents a mapping of a set of chemical descriptors for a
compound to a predicted outcome for a certain toxicity assay. To make predictions for new

compounds, a vector of chemical descriptors is used as input to the model.

In multi-task modelling a single model is trained to predict several tasks at the same time. Hence, the

model represents a mapping of a set of chemical descriptors for a compound to a predicted outcome

for each of the modelled toxicity assays. This mapping is leamgegingd KS GNJF Ay Ay 3 02 VYL
chemical descriptors and toxicity labels for each assay as input. As for single task models, the
predictions for new compounds are made by inputting the chemical descriptors characterising the

compounds.

In general, impution means techniques that fill gaps in a sparse dat@detton & Kleinmann, 2007)

A spase dataset in the context of toxicity data is obtained if not every compound was tested in each
of the toxicity assays in the dataset. Imputation may be done in a very simple manner such as taking
the mean value for a given assay or single task modelsessrided above may be used. More
sophisticated approaches may adopt a mtdisk approach to imputation and hence make predictions

for several assays at the same time. In contrast to traditional Aag models, such imputation
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models can make use of Hotchemical descriptors and an (incomplete) set of experimentally

measured datdo predict the outcome ofemaining assays for test compounds.

Single task Multi task Imputation

Figure5-1 Schematic comparison of single task, mettisk and mputation models Single task: A separate model is trained
for each toxicity assay, represented by separated columns and arMuls-task: A joint model is trained for all toxicity
assays, indicated by the grouped columns and a single afMulti-task) Imputation: The model predicts the gaps in the
sparse dataset. Unlike for traditional single task and mtaltkk models, there is no distinction between training and test
compounds. All of the known labels may be used to train the model. Hence, whemaithel predicts the label for a certain
cell of the matrix, it may have been trained on the labels of other toxicity assays for this compound.

Toxic

Non-toxic

Unknown

Predicted toxic

Predicted non-toxic

Rows: compounds
Columns: toxicity assays

5.1.2 Multi-task models in QSAR modelling

An early study on the application of muiéisk models for QSAR modie$] was conducted by Varnek

et al (Varnek et al., 2009)They investigated two different approaches, atiare multitask neural
networksand Feature Net composed of neural networkb Feature Nets, to predict property A, the
prediction of property B is used explicitly as an additional feature. The tasks considered in this study
were tissueair partition mefficients for different tissues. They found that both mu#tsk neural
networks and Feature Neitsproved the performance over single taskural networksn most of the
cases. In another study an approachmparable to Feature Nets (i.@sing predictd bioactivity
profiles as additional inputs to a QSAR model) was tested in conjunction with conformal prediction (a
method to estimate uncertainty of predictions) on several bioactivity and cytotoxicity datasets and
they also found improved performance cpared to traditional single task mode(slorinder et al.,

2020)

Multi-task modelling gained a lot of attention in the context of Deep Learning for QSAR modelling. In
both the Tox21 challenge and the Kaggle challenge sgdriby Merck, the winning approaches were
based on multtask DNNgMa et al., 2015; Mayr et al., 2018)ighlighting the potential of mukiask

approaches. The Merck Challenge consisted of predicting numerical bioactivities for 15 datasets of
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various sizes. In the work by Ma et, @.dire¢ comparison of single task and metitisk DNNs was
made across a range of different hyperparameter settings usfrasRhe metric. Multitask DNNs
were found to outperform single task DNNs overall, but not for the two largest of the 15 datasets. The
Tox2L Challenge used 1f vitro toxicity datasets containing around 10,000 compounds and the task
was to classify the compounds as active or inactive. Mayr et al. compared single task wittaskulti
DNNs and found a higher R@OC for multtask DNNs for nimout of 12 datasets. However, neither

of the two studies provided an explanation for the superiority of mialsk approaches.

An investigation to further understand the success of raakk models was conducted on the Merck
dataset in a publication by Merck team(Xu et al., 2017)They trained pairwise DNNs and compared
their performance to single task DNNs and mitgatk DNNs including all tasks. In addition, they trained
each model with 20 different random initialisations to enable a robust comparison between models.
They reported that a given task (target task) in a iaaék model borrows signal from structurally
similar molecules in other tasks (assistant task). If the activities of similar molecules are correlated
(either positively or negatively) with those in the target task, the performance is increased. If the
activities of similar molecules are uncorrelated, the performance may be decreased. If no data for
structurally similar tasks is available in assistant tasks, then the performance is not influenced. This
explanation is only satisfactory for sparse dataseth Vitile overlap of compounds between different

assays, as found in the Merck dataset.

In another study, the effect of sparsity on the performance of two different ntattk techniques
(multi-task DNNs and Macau) was investigatdd la Vega de Le6n et al., 2018he datasets under

study were a kinase dataset and a diverse dataset extracted from PubChem and the amount of sparsity
was controled by progressively removing data labels from the complete datasets. As expected, the
performance decreased monotonically with increasing sparsity in the datasets. However, the decrease
was quite small at first and accelerated as more labels were remdMesel.observed trends were

remarkably similar for both multiask techniques.

Since the arrival of Deep Learning, mtdsk modelling has become a popular method for QSAR
modelling, that seems to provide a benefit over single task modelling in many, batlriases. The
previously mentioned studies generated some insight into how the relations between tasks and the
sparsity of the dataset affect the performance of muidtsk models. However, more work is needed

for a more complete understanding of the mottial and limitations of multtask QSAR models.
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5.1.3 Imputation models in QSAR modelling

The profileQSAR (pQSAR) model developed by Novartis represents an imputation approach suitable
for bioactivity prediction on a large scal®lartin et al., 2019) The latest version of this approaish

called AHAssayMax2 pQSAR, but for simplicity tapproachwill bereferred to apQSAR. The pQSAR
model consists of a twetep grocedure. In the first step, RFmodel is trained for each assay based

on Morgan fingerprints as features and the avbltaassay labels. These models are used to fill the
gaps in the sparse dataset. In the second step, a PLS (partial least squares) model is trained for each
assay on the profile of the remaining assays as obtained in the first step. To reduce the number of
features, only assays related to the target assay (Pearson correlation >0.2 or >0.05) are included. The
PQSAR model clearly outperformed RiBdels (a single model for each assay) both on a proprietary
Novartis dataset (11805 assays) and a public ChEMBEalgt276 assays). For the Novartis dataset,
PQSAR achieved a mediah(&ross all the assays) of 0.53 compared to 0.05 achieved by RF.

Alchemite is an imputation method based oreural networksdeveloped in a collaboration by
Optibrium and Intellegen@rwin, Levell, et al., 2020; Whitehead et al., 201%)e neural network uses
chemical descriptors as well as the bioactivities of remaining assays as input, followed by a single
hidden layer to predict ezh assay. Missing input dataifstially replaced by the meavalue or the
respective assay and predictions made by the network are used to update the missing values
iteratively. This procedure is repeated until no further improvement in the predicimabserved. On

a kinase dataset, the Alchemite method clearly outperformi@E models, a collective matrix
factorisation method and a muitask DNN. It achieved approximately the same performance as
PQSAR 2.0, a precursor of the above described versitimghQSAR method. A notable feature of
Alchemite is its capability to express confidence in single predictions. This is achieved by training the
network with several random initialisations and use the standard deviation across different runs of
the modelas a measure of uncertainty. The confidence in the predictions is correlated with the

accuracy and the performance can be increased by only keeping the most confident predictions.

Both of these recent imputation models clearly outperformed single tasksaadard multitask

models. The benefit in performance seems to come from the relations between different assays and

iKS Y2RStaQ OlLIoAatAdGe G2 fSOSNFY3IS GKSasS LI GGSN
dataset cause this behaviour and henagder which circumstances imputation approaches will be

particularly effective.
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5.1.4 Objectives

QSAR modelling is a webtablished approach to predict the toxicity of chemicals. A range of different
toxicity endpointsmust be considered to evaluatéhe safety of a chemical. Predictions for the
different endpoints can be made by training single task QSAR models for each endpoint or by training
a joint multitask model for all endpoints. Imputation modelling is possible if predictions are to be
made fa compounds that were already tested for some of the endpoints of relevance. In the present
study, a rigorous comparison of single task, mtdisk and imputation models is conducted based on
performance measured on two multi targit vitro toxicity datagts and the results are compared to
findings of previous studiesurthermore attempts are made to understand and explain differences

in performance that occur between the different methods. These insights might be useful to anticipate
for which types ofdatasets (relation between assays, size, sparsity) certain approaches might be
particularly suitable. After careful analysis of the findings, recommendations are given on strategies

to predict toxicities of multiple toxicity endpoints.

5.2 Methodology

5.2.1 Datasets

Two differentin vitro toxicity datasets were used for the studies regarding single task,-tagkiand
imputation modelling: firstly, the ISSSTY (Istituto Superiore di &&atmonella Typhimurium)
database containing data for the Ames ttder mutagenicity, generated by the Italian National

Institute of Health; and secondly, the Tox21 dataset, generated by the Tox21 consortium.

The ISSSTY databg$8STOX Chemical Toxicity Databag681)(Table5-1) contains data for six

different bacteria strains, designed to detect different mechanisms of geniity, such as
substitutions of DNA bases or deletions and insertions leading to a frameshift in the triplet code of the

DNA. The Ames test is a weditablishedin vitro test for mutagenicity used in regulatory contexts

(OECD, 1997Fach of the six strains was tested withwathout the addition of S9 mix to mimic

metabolism of higher organisms, which leads to a dataset of 12 different toxicity assays. The outcome
FT2NJ I O02YLRdzyR Ay SIFOK 2F GKS | & 8Benigdi et AlA208R G KSNJ
due to the fact that the database may contain repetitions of the same experiment. A compound was

< =

O2yaARSNBR #HIIOOAKOED ARYWE KANBIGKEY cmw: 2F NBLISEGSF
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FOGAGS Ay t8&& GKIYy nm: 2F (GKS SELISNAYSYGad hiik
26GFAY | OAYEFNE RIGF&SG F2N) 6KAA dafndaBe s WS dzi 92 ¢

The Tox21 datas€tTox21 Challenge Datas@014)(Table5-2) consist of the three separate datasets
WONFAYAYIQS WiSalAyaQ FYyR WTFAYIE SOlIfdzaGAz2y Qs | a
the three datasets were combined to a single dataset. The dataset contains binary data (active or
inactive) for 12toxicity assays. Seven of them measure the activation of various nuclear receptors
related to toxic effects, while the remaining five measure the activation of cellular stress pathways.
Assays like these are typically conducted in a preclinical toxicgégriag of chemical@Huang et al.,

2016)

In both datasets, not every compod was measured in every assegsulting in sparse (i.e.
incomplete) datasets. The Ames dataset is 40.5% complete and the Tox21 dataset is 83.4% complete.
The number of cmpounds measured in each assay can be seen in Babland Tableb-2. The
numbers refer to the datasets after the steps described in the se&i@r2 (Data Processingvere

performed.

Table5-1 The Ames datset. Assay function describes which types of DNA mutations are detected in the respective assay.
¢tKS ydzYoSNB | NB (K248 FFGSN) G6KS RIGEF LINRBOSaaay3d aisSLia RSaod
of unique molecules and the proportioof active labels for the given asségyK S W2 SN} f £t O NBR 6 RSEONA OGS
compounds and the proportion of active labels among all the labels.

Assay name Assay function Number Proportion
(Hamel et al., 2016) molecules  actives
TA100 Substitutions 4627 0.259
TA100_S9 same as TA100 for metabolites 4350 0.318
TA102 substitution, small deletios, crosdinking and 880 0.173

oxidations

TA102_S9 same asTA102 for metabolites 763 0.213
TA1535 Substitutions 2489 0.114
TA1535 S9 same as TA1535 for metabolites 2347 0.119
TA1537 frameshifts, intercalation 2081 0.118
TA1537_S9 same as TA1537 for metabolites 1998 0.120
TA97 frameshift, intercalation 1049 0.140
TA97_S9 same as TA97 for metabolites 1010 0.168
TA98 Frameshifts 4345 0.235
TA98 S9 same as TA98 for metabolites 4055 0.285
overall - 6168 0.213
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Table5-2 The Tox21 datasefAssay function describake major functions of the tested receptor or pathway. The numbers
FNE GGK2as$S FGSN) GKS RIFGlF LINRPOSaaAy3d aidsSLla RSaONAOSR A
molecules and the proportion of active labels for the given asBagW2 SN f t Q NP g RSEAONAROGSE GKS
and the proportion of active labels among all the lab&lR: nuclear receptor, SR: stress response, AhR: aryl hydrocarbon
receptor, AR: androgen receptor, ABD: androgen receptor ligafiinding doméan, ARE: antioxidant response element,
ATADS5: ATPase family AAA domain containing 5, ER: estrogen recegt®D E€strogen receptor ligafinding domain,
PPARjamma: peroxisome proliferateactivated receptor gamma, HSE: heat shock element, MMP: mitabia
membrane potential

Assay name Assay function Number Proportion

molecules  actives

NRAhR Regulation of xenobiotic metabolism, immunity, ce 6810 0.115
differentiation (Kawajiri & Fujikuriyama, 2017)
NRAR Development of tle male reproductive system 7460 0.034
(Matsumoto et al., 2013)
NRARLBD Same as NRR, different test system 6991 0.030
NRAromatase Enzyme required for estrogen synthe§fmpson et 6009 0.049
al., 2002)
NRER Development of the female reproductive system 6367 0.105

(Muramatsu & Inoue, 2000)

NRERLBD Same as NER, different test system 7199 0.041
NRPPAR Regulation of glucose and lipid metaboli§hanani & 6752 0.029
gamma Kumari, 2015)

SRARE Response to cellular oxidative strg3s Nguyen et al., 6121 0.156
2009)

SRATADS Genome replicatiorfPark et al., 2019) 7326 0.040

SRHSE Prevention of protein misfoldin(Balchin et al., 2016) 6794 0.047

SRMMP Parameter for mitochondrial toxicittfSakamuru et al., 6074 0.151
2012)

SRp53 Recognition of DNA damage, regulation of DNA re; 7049 0.062

(May & May, 1999)
overall - 8090 0.069

5.2.2 Data processing

Chemical structures were standardiseing the Python packages RDKRDKIit: Opeisource
Cheminformaticsn.d.) (2019.09.03) and MolV&wain, 2016)0.1.1). Fistly, SMILES strings from

which no valid molecules could be generated were discarded. Then, bonds to metal atoms were
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disconnected and the charge was removed where possible. In the next step, inorganic fragments and
solvents were removed. Next, certain echotypes (e.g. nitro groups) and tautomers were
transformed into a canonical form. Subsequently, SMILES were converted to standar@Hki@hlet

al., 2015)and back to SMILES so that two molecules, which share the same InChl, are guaranteed to
be represented by the same SMILES. HKinatixtures of different organic components were

discarded.

At this point, the datasets contained molecules represented by identical SMILES strings. The results

for identical SMILES were aggregated to obtain a single set of data labels for each unicag BMIL

the dataset. This was done by keeping the majority label (active or inactive) for each assay for identical
SMILES. No data label (i.e. a data gap) was assigned to a-asHafBair if active and inactive labels

were of equal number. As molecular@®ONRA LG 2 NAEX w5YAGQa a2NAlIY FAy3IS
2048 his) were calculated, which are comparable to Extended Connectivity Fingerprints (ECFP4)
(Rogers & Hahn, 2010)

5.2.3 Data splitting

Each dataset was split into a training set and a test set. The trainingvee¢gsused to optimie
hyperparameters and train the final moldeand the test sets were used to evaluate the performance
of the final models. Two different splitting methods were employed: compehbeskd and assay

based splits.

The compounebased splitgFigure 52: left) were used to compare the performance téditional
multi-task models with single task models. 20% of the compounds in each dataset (Ames or Tox21)
were selected at random for the test set and the remaining 808héd the training setThis means

that the training and test sets are the same forth# assays in each dataset.

Compoundbased splits represent the established way to assess the performance of QSAR models and
is the approach used, for example, in the Tox21 QSAR limgdehallenge(Mayr et al., 2016)
However, the imputation techniques describ@above, namely Alchemite angdQSAR, have been
evaluated primarily in a different scenario, appropriate for sparse activity matrices. In this scenario,
the imputation model is created using training data and applied to fill the missing values in the activity
matrix. We implemented tlsi testing scenario with what we call the astmsed splits (Figurg-2:

right). Each assay was considered independently and 20% of the compounds for which the toxicity
labels are known were selected at random and placed in the test set with the remamnmgounds

being added to the training set. Some compounds therefore appear in both the training data and the
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test data, however, the assay labels are split so that none of the same compound/assay label pairs
appear in both the training and the test datdug, a compound may be in the test set for assay A, but
in the training set for assay B with the toxicity label of the compound from assay B given as input to

the imputation model.

Compound-based split Assay-based split
Al|A2|A3|A4 Al1|A2|A3|A4

C1 - - 1 - -
C2 | - - C2 | - -
Cc3 €3
c4 - C4 -
C5 - 6] -
C6 - C6 -
C7 C7
C8 - C8 -
c | - - c | - -

| c10 C10

. Train label 0: non-toxic

. Test label 1: toxic

Figure5-2 Comparison ofbplitting strategies For the compounébased split 20% of the compounds are randomly put in the
test set. These compounds are used for testing across all the assays. For thbassshgplit20% of the compounds per
assay are randomly put in the testts&his leads to a different set of test compounds for each assay. A: assay. C: compound

5.2.4 Modelling

In the following, the different techniques used for single task, rakk and imputation modelling are

briefly described, followed by a descriptiohthe model training.
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5.2.41 Single task models

A: Randomdrest

Random drest (RF) is a waedistablished algorithm for QSAR modelling that has achieved good
performance in a variety of taskSvetnik et al., 2003RF is an ensemble method, where different
decision trees are trained on different bootstrapped subsets of the training data and different random
subsets of features. For this work, the implementation of RF in the Python-kezkit(Pedregosa et

al., 2011)package (0.22.1) was used. The hyperparameters considered for satomi in the grid

search are given in Tale3.

Table5-3 Random érest hyperparameters considered in optimisatio

Hyperparameter | Values Description
n_estimators 100, 500 number of trees in the Randororest model
class_weight None balanced assigns weights to instances of different classes

balanced_subsamplg Balancedinstances of the minority class receive a
weight equal to the inverse of the class frequency i
the whole input data

Balanced_subsampléhe frequencies of classes for
each respective tree (with its bootstrap sample) are
considered to assign weights

max_features log2, 0.25 controls the number of nadomly selected features
that are considered to find the best split

log2 logarithm of base 2 of all input features
0.25 fraction of all input features

B: XGBoost

Another ensemble technique is alled boosting, which generally refers to the sequdntia
combination of several weak (i.perform slightly better than random) learners in order to learn from

the mistakes of previous learneflleir & Ratsch, 2003)n gradient tree boosting, decision trees are
learned sequentiallyo predict theresiduals (i.emistakes) of the previous tree, and eventually the
predictions of all single trees are combin@diedman, 2001)XGBoost (XGB) is a ptgnopensource
implementation of gradient tree boosting which scales well to very large datéSéisn & Guestrin,
2016) The Python package XGBoost (1.0.1) provides an implementation of gradient tree boosting
optimised for scalability. The hyperparameters consideredfatimisationin the grid search are given

in Table5-4.
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Table5-4 XGBoost hyperparameters considered in optimisation.

Hyperparameter | Values Description

Num_round 300, 700 | sets the number of sequential trees that are trained
eta 0.1, 0.3, | learning rate that shrinks the size of the update of predits
0.5 after each boosting step

Colsample_bytree | 0.5, 0.7 randomly selected proportion of features used within each
individual tree

Alpha 0,1 strength of L1 regularisation of the weights per leaf
lambda 1,10 strength of L2 regularisation of the weighter leaf
Scale_pos_weight | 1, assigns weights to instances of different classes

weighted | weighted:instances of the minority class receive a weight eq
to the inverse of the class frequency in the whole input data

C: Deemeural network

Deep neural atworks (DNN) are combinations of artificial neuramganisedn layers(LeCun et al.,
2015) Each layer can be considered a simple-lvo@ar machine learning model, but they can become
increasingly complex by adding additional layers.ON&Is used in this project are fdedvardneural
networksobtainedusing the Python package TensorflpMbadi et al., 2016R.1.0) with the Keras API
(Chollet & others, 2015)2048 nodes were used in the input layer (one node for each bit of the
chemical fingerprint) andhie output layer consisted of a single node to which the sigmoid function
was applied to obtain a binary output for classification (using 0.5 as the classification threshold). The
DNNs for different assays contain between one #imde hidden layers (numbeuf hidden layers is a
hyperparameter considered faptimisatior). The ReLU activation function was applied to all nodes
in the hidden layers. Binary cressatropy was used as the loss function and the Adam algorithm was
dza SR T2 NJ T A0 G Aghta and iaSes. yige hyperpadarfelers goisideredpoimisation

are given in TablB-5.
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Table5-5 Deep neural network hyperparameters considered in optimisation.

Hyperparameter Values Description

Hidden layers 1,2,3 Number of hidden layers in the network

Nodes per hidden 1024, 2048 Number of nodes in each hidden layer

layer

Learning rate 0.0003, 0.001,| size of the updates to the network parameters per

0.003 training step

Dropout 0,0.2 Amount of andomly selected nodes that are ignored
each training step

L2 regularisation 0.0001, 0.001 | Strength of L2 regularisation on the weights per nod

Batch size 10, 50 Size of batches used for each update of weights wit
the Adam optimiser

Number of epoch 3,5,10 Number of training runs through every data point.

Class weight 1, weighted assigns weights to instances of different classes

weighted:instances of the minority class receive a
weight equal to the inverse of the class frequency in
the whole inut data

5.2.42 Multi-task and imputation models

For bothtraditional multi-task andmulti-taskimputation models the same algorithms (Feature Net,

multi-task DNN and Macau) were used. As described above, the imputation models were used with

the assaybased splits, while théraditional multi-task models were used with the compoubdsed

splits. This leads to the fundamental difference that imputation models may use experimentally

determined toxicity labels of test compounds to make predictions.

A: Featue Net

The Feature Net (FMIpavis & Stentz, 199%)chnique combines multiple sitegtask predictors into a

net-like structure and can be used with any supervised machine learning algorithm. In the first step, a
single task model was trained for each assay separately using the chemical features and the models
were used to predict the dmown toxicity labels for the whole dataset. In the second step, the final
model for each assay was obtained by retraining the single task model using the labels of the other
assays explicitly as features, in addition to the chemical features. In thisggegich modelled assay

is called the target assay and the other assays, used as features, are called auxiliary assays. For a given
target assay, the second model is trained using compounds with expdaimabels for this assay (i.e.

no predicted labelsas ground trut), however, the labels of the auxiliary assays are either
experimentally determined labels, or the predicted labels from the models in the first step, when no

experimentally determined label is available. A schematic depiction of the FRIsisdjiven in Figure
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5-3. The FN models were trained using all of the single task methods described above using the same

hyperparameters as for the single task models, iBano additionabptimisationwas performed.

When aFNmodel is used for predimin, each assay value is predicted sequentially with the test
compound input as chemical features and assay labels for all other assays, that is, the auxiliary labels.
The auxiliary assay labefsay be predicted values or experimental valu@so different scenarios

that mimic how QSAR is used in practiwere investigated One common application is making
predictions for virtual compounds, that is, compounds which have not yet been synthesized. In this
case, any experimental valuegre discardedo that dl the input labels for the test compounds were
predicted values. This application was tested in the compeueamkd splits. The second application is

the prediction of assay outcomes for compounds that have already been characterized for some
toxicity endmints. To simulate this case, we used experimental values for the auxiliary assays in the
test set, when these were available, otherwise we used predicted values as determined in the first
step of the FN method. This application was tested both in the camgbased splits (with

experimental test labels) and in the asdaased splits.

Step 1 Step 2

x: chemical descriptor, y;: assay labels Where possible, insert experimentally
determined labels iny,

Figure5-3 Schematic depiction of Feature Net models. Step 1, a single task QSAR model is trained to predict the Idbels o

test compounds for each toxicity assay in turp gy, ¥s). In Step 2, the models are retrained using both chemical descriptors

(x) and assay labels as features. The labels for the auxiliary assay are either experimentally determined assay labels or the
predictions from Step 1 where experimental values are not available.

B: Multitask Deep Neural Network

As for the single task DNN models, the midik DNN models were trained using the Python package

Tensorflow with the Keras API. A miiéisk DNN israined to predict several assays at the same time
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with the output layer of the network consisting of one node for each task. The sigmoid function was
applied to each node in the output layer and the obtained output was binarised (using 0.5 as the
classifiation threshold) to obtain a predicted class for each assay. The loss for a single data point (a
single compound with up to 12 assay labels for Ames and Tox21 dataset) during training is its binary
crossentropy averaged across all assays. For glilytcanplete data points (i.emolecules for which

the label is known only for some of the assayls¢ assays without available labels were excluded
when the loss was computed. This enables training on sparse datasets. The DNN was trained using the
2048 chemickfeatures as inputs, as for the single task models. When the #taski model was used

for prediction, a test compound was input as chemical features and the output was a vector of

predicted values, one for each assay.

For the assa¥pased split, the multask DNN was trained on all compounds assigned to the training
set (all of which had at least one assay label as shown in the-ggbiiyn Figures-2) and, for a given
compound, only the labels that were assigned to the training set (green cells ahdbex in

Figureb-2) were used to compute the loss during training.

The same hyperparameters and values were considered for optimisation as for the single task DNNs.
The only exception is the parametaass weightThe considered options to weight theémority class
across all tasks were: 1, 3, 5, 15. The best set of hyperparameters was selected by averaging the MCC

scores for each set of parameters across all the assays.
C: Macau

Macau is a Bayesian probabilistic matrix factorization technique thatet@aanalysesparse matrices.
Probabilistic matrix factorization gained attention for recommender systems, following the 2009
Netflix competition where it was used to make predictions using the data matrix thvay s, the

ratings for vieweimovie pais. The Macau method has recently been used for atattk modelling in
QSARSIimm et al., 2015nd is also able to use descriptors of the entities being analysed, which are
referred to as side informatiofde la Vega de Ledn et al., 2018)the Macau models developed here,

the sparse data matrix consists of compotasbay label pairs and Morgan fingerprints are used as

side information for the compounds, with no side infortioa being used for the aags. The
hyperparameters considered foptimisationare given in Tablé-6. The best set of hyperparameters

was selected by averaging the MCC scores across all assays for each set of parameters. The Python

package Macau (version 0.5.2) was used in thidyst
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Table5-6 Macau hyperparameters considered in optimisation.

Hyperparameter Values Description

Num_latent 16, 32, 64 Number of dimensions used for the latent space
representation of entities

nsamples 800, 1600, 3200 | Number of samples drawn from the Gibbs sampler

burnin 200, 400, 800 Number of burrin samples from the Gibbs sampler
that are discarded

Naturally, matrix factorisation techniques are used for imputatisodelling Since Macau can include
side information about compounds, it can be used for conventional fragk modelling. In that case,
the latent representation of test compounds is fully determined by the fingerprint, asxcity labels

for the test set are available to the model.

5.2.4.3 Model training

For each technique, a-fold cross validation grid search was performed on the training set for
hyperparameteroptimisation except for Macau, where the grid search was performed using a single
validation set containing 20% of the kb in the training set for each assay. This difference is due to
the assaybased splits better reflecting the typical use of Macau and the complexity of setting up cross
validation in this scenario. Furthermore, preliminary experimentation suggested Ntetau is
relatively insensitive to the specific hyperparameter settings. All of the models used Morgan

fingerprints hashed to 2048 bits as chemical features, generated using the Python package RDKit.

5.25 Model evaluation

All the modelling techniquessed in this study involve stochastic processes, e.g., the random
initialization of weights in the neural networks or the generation of bootstrap samples in the RF
models. The random behavioof these methods can be made reproducible by setting a randad, se
however, the result will represent only one from a distribution of potential results. For a rigorous
comparison of the different techniques, all of the final models for the Ames and Tox21 datasets were
trained using 20 different random seeds and thega ofscores for the test sawvas examined. This
follows the approach of Xu et al. in their comparison of mialsk DNNs with single task DN(YsI et

al., 2017)
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Matthews Correlation Coefficient (MCC) was chosen as the primary metric to evaluate model
performance, dued its suitability for imbalanced datasets. In addition, the F1 scores andARGE

are reported in the Appendix (Table§-8 to A514). When reporting the performance of a technique
across different assays and different random seeds, rttean of all assaydor each seed was

computed first, and the mediaacross all seeds is reported.

4

526wk GA2YyFEA&FGARZY 2F GKS AYLlzilGArzy

After evaluating overall performances, the characteristics of the datasets were investigated in order
to gain ingghts on whenmulti-task imputation is likely to lead to the most benefit. The different

evaluation measures are described below.

5.2.61 Roles of chemical similarity

It is well established that the success of QSAR models depends on the chemical sib@targen
compounds for which predictions are made and those used to train the n{Stieridan et al., 2004)

In particular, perfomance of the model tends to be high for very similar compounds and relatively
poor for chemically dissimilar compounds. In fact, the concept of an applicability domain is used to
determine regions of chemical space where a model makes reliable prediftiatisea et al., 2016)

An investigation of the extent to which the performance of imputation models is affected by chemical
similarity is carried out to determine iheése models may be particularly useful to overcome poor

performances for single task QSAR models on chemically dissimilar compounds.

For this experiment the test sets as obtained in the adsaged splitavere divided into three bins

(0-0.4, 0.40.6, 0.61), depending on the chemical similarity of each test compound to the training
compounds of the respective assay. Chemical similarity was evaluated as the average Tanimoto
similarity of a test set compound to the five nearest neighbours in the trainingassd on Morgan
fingerprints. Results were only obtained for assays with at least 100 test compounds in each of the
three bins. The performance of each model was evaluated on each of the bins independently and, in

each case, the results were averaged awer20 models obtained using different random seeds.
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5.2.62 Role of dataparsity

A key characteristic of imputation models is that toxicity data of related endpoints may be used for
the prediction of a given toxicity endpoint. It was investigatedvimany labels of related toxicity

endpoints are required for an imputation model to outperform single task QSAR models.

For this experiment, the test sets as obtained in the admeed splits were divided into three bjns
depending on the number of experentally determined toxicity labels of the remaining assays that

are in the training set for a given test compound. The bins wetddbels, 23 labels and >3 labels.
Results were only obtained for assays with at least 100 test compounds in each lofe@édins. The
performance of each model was evaluated on each of the bins independently and, in each case, the
results were averaged over the 20 models obtained using different random seeds. This analysis was
not possible for the Tox21 dataset, as thisadet contains very few compounds that were tested in

only a few of the assays.

5.2.63 Pairwise ad leaveone-assayout Feature Mt models

Two different approaches were taken to examine the importance of single assays for the overall

success of FN modelpairwise FN models and leavee-assayout (LOAOFN models.

For pairwise FN models, just one auxiliary assay was used as an additional feature. For each target
assay, the remaining auxiliary assays were tested in turn in pairwise FN models and éseo$c¢be

models were compared to the score of a single task QSAR model for the target assay. A large
improvement in performance would suggest a high importance of the respective auxiliary assay for
the full FN model.

LOACFN models, on the other hand, af models missing exactly one of the auxiliary assays, hence
all but one of the remaining assays were used at a time as additional features and the performances
were compared to those of the full FN models. In this approach, a high importance of aarauxili

assay would bendicatedby a large decrease in performaneghenthis particular assay was left out.

As for the full FN models and the single task QSAR models, 20 different random seeds were used for
each pairwise FN model ahdDAOFN model and the nmdian MCC score across the 20 models was

used to represent each particulaetting

The importance of a single auxiliary assay to the overall success of the full FN model was also examined

using information theoryShannon, 1948)The entropy of an assayis computed as:
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00 o 11¢ o 11¢
where0 is the probability of a randomly selected compound being active in the assay, computed by
tKkS NI GA2 2F O2YLlRdzyRa 6AGK (KS OfthepBrortioh fadaA OQ (i 2

toxic compoundsgiven byp  06. The mutual information of two assays is computed by taking the

sum of the entropies of each assay and subtractirgahtropy of the joint distribution:
0D B 06 06 06
The entropy of the joint distribution is computed as:
"0 6M 0 I1T¢ 0 11¢ 0 17T¢ 0 11¢C
Where 0 is the proportion of compounds labelled as toxic in both as$agnd 6, 0 is the
proportion of compounds that are netoxic in both assap and assay), and0 and0 are the

proportions of compounds toxic &nin assay or only in assay, respectively. The proportions were

only computed for compounds that are labelled for both ass@and assay.

The relatedness between a target assay and an auxiliary assay was measured by the ratio of mutual
information (MI) between two assays to the entropy of the target assay. This measure of relatedness,
called here Mientropy ratio, describes how much of the total entropy (or amount of information) of
the target assay (here assay is contained in the auxiliagssay.
. 0 "D
00 Q¢ 01 i€ @ @dM —_—
@ 0o
Observed differences of pairwise and LOAO FN models to the respective single task models were

analysel with respect to the Mentropy ratio of the appropriate assay pair.

5.2.7 Exploratim of various classification thresholds for Macau models

Different classification thresholds for the XER and the Macau model on the p53 assay in the Tox21
dataset were investigated. The assay was selected as an example, as the Macau model performs
particularly poorly according to MCC score (worse than single task models) on this assay. For simplicity,
the analysis is based on predictions obtained from a single run (one random seed) for each model. For
each model, the range of predicted probability scovess plotted and analysed. In particular, the
number of actual toxic and netoxic compounds that fell in different ranges of predicted scores were
analysed as well as how different thresholds on classificatiangd affect the MCC score on the test

set.
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5.3 Results

Initially, traditional single task and mutisk QSAR models were compared using compédaseid

splits, i.e. the same compounds were placed into training and test set for all the assays.

5.3.1 Single task models

Single task QSAR models floe two datasets under study were generated using three different ML
algorithms: RF, XGB, DNN. The performances of these models on the test set are reported & Figure
4 using the MCC score as a metric. As described in the Methodology, 20 independenisings

different random seeds were conducted for each model, which are summarized as box plots.

The performance between assays varied considerably. For instance, the MCC scores for TA98 were
substantially higher than the ones for TA97, across all the ithgas (Figures-4A). This suggests that,

for the available data points, some of the assays are inherently more difficult to predict than others.
When comparing the scores of the models on a per assay basis, there were a few cases where one
model clearly otperformed the other two, such as XGB for TA1535 (FiguA), or RF for NR
Aromatase (Figur®-4B). However, in most cases the different ML algorithms yielded models of
comparable performance. XGB provided the best median MCC score across the diff@cmnr

seeds across both datasets, albeit the differences were quite small (F-@ble

The range of scores obtained by an algorithm on a single assay was quite large in some cases (e.g. DNN
for TA102_S9, FiguBedA) and quite small for others (e.g. RFNBRERLBD, Figurg-4B). The results
demonstrate that the performance of the models is very sensitive to the random seed in some cases.
This variance tended to be larger for the DNN models compared to the other ML algorithms.
Additionally, for some assayhe variance seemed to be consistently larger than for others. The
affected assays seemed either to have a comparatively small number of data points (e.g. TA102,
TA102_S9, TA97) or to be particularly imbalanced (e. e PRyamma, NFARLBD). By considag
stochastic effects for an algorithm on a given assay, a more robust comparison between raodels i
possible. In particular, it becomésss likely that differences observed between models are the result

of chance.

The results of the single task modeldlwe used as a benchmark for the malsk and imputation

models.
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Figure5-4 Performance of single task QSAR modeis Ames datasetB: Tox21 dataset. Each box summarises the MCC
scores of 20 independi runs of the model on the test set with identical hyperparameters but different random seeds.

Table5-7 Median MCC scores of single task QSAR madééslian MCC scores and interquartile range for eachrepke
and dataset on the test set across the 20 random seeds. Before computing the median, the mean across the different assays

for a single run was calculated. The best model for each dataset is shown in bold.

Ames Tox21
RF 0.526 (0.5238.527) 0.402(0.400-0.405)
XGB 0.547(0.5450.550) 0.427(0.4220.430)
DNN 0.519 (0.508.527) 0.417 (0.4160.426)

5.3.2 Traditional multtask models

Multi-task models are trained on the labels of several tasks, in this case toxicity assays. Three different

multi-task techniques were investigated: FN models (based on either RF, XGB or DNN models), multi
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task DNN and Macau. Figusé compares the performances of mutisk QSAR models to XGB as the
best single task model. Among the FN models, only the best performondg! on the test set (the one
based on XGB) was included in Figute

In a few cases, some of the methisk models outperformed the XGB models (e.g. TA97 in Fagthe

or NRERLBD in Figur&-5B), but in others the muliiask models were outperfornte by the XGB
models (e.g. TA1537 in FigusebA or SR53 in Figureb-5B). Therefore, multtask models wee
beneficial for some assays, but they did not outperform single task models consistently in these
datasets. The mean MCC scores for the differenhtéques are reported in Tab®e8. MCC, F1 and
ROGAUC scores for all assays are reported in Appendix B (Tables B3 to B8)

None of the multitask techniques achieved a higher median MCC score than the single task XGB
models on the Ames dataset. In contrabbth the XGB-N and the multtask DNN yielded higher
median MCC scores than XGB on the Tox21 dataset, albeit only by small margins. The Macau technique
was outperformed by the other methods on both datasets. The difference in performance between
the Maau model and the other techniques was comparatively small on the Ames dataset, but quite
large on the Tox21 dataset. In fact, for two of the assays of the Tox21 dataset Macau achieved median
MCC scores of zero, which indicates a performance not betterrdraaiom guessing. A MCC score of

zero may be achieved if no instances in the test set are predicted as positive or none of the predicted
positives are actual positives (technically the MCC score is not defined in these cases due to a division

by zero, howeer the scikilearn implementation returns a score of zero).

Similar to the single task model results, the variance between different runs (with different random
seeds) was quite large in some cases. Among the -tagkitechniques included in Figure% multi-

task DNN showed the largest variances. In addition, it appears that the same assays as for the single
task models were prone to large variances across the differeatitigs, such as TA102 (Figur8A)

and NRPPARyamma (Figure-5B).
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Figure5-5 Performance of multitask QSAR models\: Ames datasetB: Tox21 dataset. Each box summarises the MCC
scores of 20 independent runs of the models on the test set with identical hyperparameters but diffeniom seeds. The

XGB models (best performing single task QSAR model) are shown as a baseline. Only the best performing Feature Net model
(XGB FN) is included in this plot.

Table5-8 Median MCC scores of nitirtask QSAR modelddedian MCC scores and interquartile range for each technique
and dataset on the test set across 20 random seeds. Before computing the median, the mean across the different assays f
a single run was calculated. The best model fahedataset in bold.

Ames Tox21
XGB 0.547(0.5450.550) 0.427 (0.4220.430)
XGBFN 0.529(0.527%0.531) 0.435(0.4320.438)
Multi-task DNN 0.540 (0.5270.549) 0.430 (0.423.437)
Macau 0.490(0.4840.499) 0.321 (0.319.323)

The FN models provided gna slight benefit over single task QSAR models and in some cases gave

worse performances. This was the case for situations where no experimentally determined toxicity

assay labels for the compounds in the test set were given as input to the model. Hoterermay
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be situations where for a set of compounds experiments have been conducteeldtedassays and

the aim is to predict labels for thaot tested assays. FN models provide an obvious means to
incorporate this type of information. This is by feging predicted assay values by experimentally
determined assay values in the feature vector of compounds in the test set. Biguaad Figures-7

report the MCC scores of these type of FN models compared to single task models and the FN not

including he additional test labels for the Ames and the Tox21 dataset, respectively.

FN models with experimental test labels outperformed both the single task and the FN models without
the additional test labels consistently across the different assays and algasrith many cases by a
wide margin, for instance for TA97 (FiguBe8A, 5-6B and5-6C). The only two exceptions are R
(Figures5-7A and5-7C) and NFRAromatase (Figure§-7A, 5-7B and5-7C), where these models

compared to the Tox21 dataset. This observation can be confirmed by considering the mean scores
across the assays in Tal@#e. For instance, the RFN models provided an average MCC score
exceeding theiggle task RF by nearly 0.2 (0.723 vs. 0.526), whereas the corresponding difference for
the Tox21 dataset was smaller than 0.1 (0.490 vs. 0.402). Over&lN Rérformed best on the Ames

dataset, while XGBN achieved the highest average score on the Tae2aset.

The ranges of MCC scores observed in the different runs of the FN models were of comparable
magnitude to those in the respective single task models and FN models without the additional assay
labels. Like in the previous sections, the variancesevhigher for DNN based models (compared to

RF and XGB based models) and were particular high for #mee sassays (e.g. TA102,
NRPPARyamma).

In summary, the FN models using test labels as input clearly outperformed both single task and
conventional multtask QSAR models. In fact, these models can be consideraedubistask
imputation models, characterised by the partial input of experimentally determined assay labels for
compounds in the test set. In the following sections, the improvements that intipumtanodels

provide over single task models will be investigated in more detail.
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Figure5-6 Performance of Feature Net models on the Ames datask&tRF modelsB: XGB modelsC DNN modelsThe

plots compre the MCC scores of Feature Net models to single task models obtained with the respective algorithm. The first
Feature Net model in each pl¢green colourrorresponds to the situation where no labels of the test set are used as input

to the model, wheeas in the second cagpink colourjall available labels of the test set (except for the predicted assay) are
used as input to the model. Each box summarises the MCC scores of 20 independent runs of the model on the test set with
identical hyperparameterbut differing random seeds.
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Figure5-7 Performance of Feature Net models on the Tox21 datagetRF modelsB: XGB modelC DNN modelsThe

plots compare the MCC scores of Feature Net models to dmgftenodels obtained with the respective algorithm. The first
Feature Net model in each pl¢green colourrorresponds to the situation where no labels of the test set are used as input

to the model, whereas in the second cgp@k colour)all availabldabels of the test set (except for the predicted assay) are

used as input to the model. Each box summarises the MCC scores of 20 independent runs of the model on the test set with
identical hyperparameters but differing random seeds.
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Table5-9 Median MCC scores of Feature Net QSAR madééxdian MCC scores and interquartile range for each technique
and dataset on the test set across 20 random seeds. Before computing the median, the mean across the diffaysrfba
a single run was calculated. The best model of each base algorithm (RF, XGB and DNN) for each dataset in bold.

Ames Tox21
Single task 0.526 (0.523.527) 0.402(0.4000.405)
RF FN without exp. test labels 0.509 (0.5070.513) 0.376 (0.3740.378)
FN with exp. test labels 0.723(0.72%0.726) 0.490(0.4870.494)
Single task 0.547 (0.545.550) 0.427 (0.4220.430)
XGB FN without exp. test labels 0.529(0.5270.531) 0.435 (0.432.438)
FN with exp. test labels 0.710(0.7040.713) 0.541(0.53-0.543)
Single task 0.519 (0.5090.527) 0.417 (0.4160.426)
DNN FN without exp. test labels 0.526 (0.516).529) 0.408 (0.3970.413)
FN with exp. test labels 0.677(0.6750.682) 0.500(0.4880.504)

5.3.3 Imputation models

The results in Figure-& and Figure5-7 clearly hint at potential benefits of imputation models
compared to conventional single task and nitdisk QSAR models. To investigate imputation models
further, a different scheme for splitting the available data in training and test set @mployed.
Specifically, compounds of the original dataset were randomly assigned to the training and test set on
a per assay basis (asdagsed splits). This means that a compound may be in training set for one assay,
but in the test set for others. Whethe imputation model predicts the label of a particular assay

compound pair, other assay labels for this compound may be used as input to the model.

The multitask imputation models trained for this study were FN models (based on RF, XGB and DNN
models), multi-task DNN models and Macau models. Figbi& compares the MCC scores of the
different imputation techniques on both the Ames and the Tox21 dataset. Only the best performing
FN model (XGBN) was included. The single task (imputation) models weteeed for the assay

based splits and the best performing one (XGB) was included as a baseline model.
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Figure5-8 Performance of imputation modelsA: Ames dataseB: Tox21 dataset. Each box summarisesMCC scores of

20 independent runs of the model on the test set with identical hyperparameters but different random seeds. The XGB
models (best performing single task QSAR model) are inserted as a benchmark. Only the best performing Feature Net model
(XGBFN) is included in this plot.

All of the multitask imputation models outperformed the XGB mid®n the Ames dataset
(Figure5-8A). In fact, the margin between the XGB models and all of the-tagkiimputation models

was remarkably large (more thanlOdifference in median MCC score) for many of the assays (e.g.
TA97, TA1535). Exceptions were TA102 and TA1537 where the benefit of théaskulthputation

models was comparatively small. The XGB models were also outperformed by thetasiulti
imputationmodels for the Tox21 dataset. However, this was not the case for the Macau models, which
for many of the assays yielded a lower MCC score than the XGB models. Generally, the benefits of
imputation models were smaller on the Tox21 dataset compared to thesAdataset. There were

few cases where the difference in median MCC score between the imputation model and the XGB
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models was above 0.1 (e.g. X6B for NRER). Consistent with the findings in the previous sections,
multi-task DNN (like single task DNNIEDNNFN) models showed a comparatively large variability in

performance across different runs of a particular model.

Table5-10 reports the median MC@ICC, F1 and RE&XWC scores for individual assays in Tables B9
to B14 in Appendix Bores across thesaays for both datasets. Macau achieved the highest average
score on the Ames dataset (0.679), yet the differences to-R&B).677) and muitask DNN (0.676)

are marginal. Conversely, Macau performed worse than the single task models on the Tox21, dataset
whereas XGIEN (0.521) and multask DNN (0.503) achieved the highest average MCC scores.

Table 5-10 Median MCC scores of imputation modeldedian scores and interquartile ranges for each technique and
dataset on the test set across 20 different random seeds. Before computing the median, the mean across the different assays
for a single run was calculated. The best model for each dataset in bold.

Ames Tox21
RF 0.520(0.5170.523) 0.406 (0.4@-0.412)
Single task XGB 0.540 (0.5370.543) 0.415 (0.4120.421)
STDNN 0.500 (0.498.507) 0.415 (0.4080.419)
XGBFN 0.677 (0.679.682) 0.521(0.5160.525)
Multi-task MT-DNN 0.676 (0.6670.688) 0.503 (0.493.512)
Macau 0.679(0.67%0.681) 0.385 (0.379.388)

The results conclusively show that mulisk imputation models can achieve higher predictive
performance than single task QSAR models on various toxicity assays. In the following, the aim was to
understand and explain which characteristics of taasets were responsible for this effect. This
included investigations regarding the chemical similarity between compounds in the datasets, the
sparsty of the datasets and the relatedness between particular toxicity assays. Moreover, attempts
were made b rationalise the stark contrast in performance between the two datasets for the Macau

algorithm.

5.3.4 Roll of chemical similarity in imputation models

This section investigates thmmpactof chemical similarity on the effectiveness of imputation models
The test set was split into bins based on chemical similarity to compounds in the training set for each
respective assay and performance of the models was evaluated independently on the individual bins.
Chemical similarity was evaluated as average Tawairsimnilarity to the five nearest neighbours in the
training set and the ranges of the bins were0@, 0.40.6, 0.61. It is well established that

conventional QSAR models tend to perform poorly on compounds that are chemically dissimilar to
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compounds irthe training setSheridan et al., 2004nd the aim was to see whether a similar trend

can be found for imputation models.

Figureb-9 shows the MCC scores for the different bins for the assays TAXX),(TA100_S%{9B),

TA98 §-9C), TA98 SHLOD) and the average across those four ass&8E(. The remaining assays

were excluded from this analysis, as thedfewer than 100 compounds in each bin, which resulted

in high variance. As expected, single task XGB performance was higher for more similar compounds
(Figure5-9A-D). The XGB models performed quite badly on the most dissimilar compoud$),(0
especially on the assays93and TA98_S9 with median MCC scores between 0.2 and 0.3 G-8ftire
and5-9D). Allimputation techniques achieved much higher scores for this bin. Most notably, Macau
achieved MCC scores in the range 0.65 to 0.7 for these two assays, but alsaskdiNNs (0.6 to

0.65) and XGEBN (0.5 to 0.55) models outperformed the XGB models by a wide margin. Similar trends
were observed for the TA10®B-0A) and the TA100 S%-9B) assays, although the benefit of

imputation models seemed more moderate for the fomassay.

The multitask models also consistently outperformed the XGB models on the bins of more similar
compounds (similarity values between @4 and between 0-4) and, similarly to the XGB models,
the performance of the mullfask models tended to srease for more similar compounds. However,

the margins between the single task XGB model and the +taglki models were much smaller.

These observations on the relative performance of the single task and thetasKitimethods at low
similarity values a supported by considering the aveemgacross the assays in Figur@ts Clearly,

the largest numerical benefit of the muliisk imputation techniques was found for the bin containing
the most dissimilar compounds, where XGB as a conventional QSARgeddehed relatively badly.
Generally, the different muHliask imputation methods achieved comparable MCC scores on the
different bins, with the exception that X@BN performed somewhat worse on the dissimilar
compounds than the other techniques. Thessuks show that the multask imputation models

were less beneficial on the test compounds which are highly similar to compounds in the training set,

but this is likely due to the higher scores overall.
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Figure5-9 Performance of imputation models according to test compound chemical similarity: ArmdeB show the MCC

scores obtained in 20 independent runs (same hyperparameters, different random seeds) of the models on the different bins
for TA100, TA100_SPA98 and TA98_S9. The number (n=x) written next to each bin indicates the number of compounds
placed in this binEshows the averag®ICC scores across the assayscdyputing the mean MCC score for each random
seed across the assays and then takingrtteglian across different random seeds).

Figureb5-10 shows the MCC scores of 4 representative assays (ArdiRatase, B: NER, C: SRRE,
D: SRp53) of the Tox21 dataset for different test set similarity bins, as well as the average across all

assays (E).

As for the Ames dataset, the MCC scores of the XGB single task models were consistently higher for

bins of higher chemical similarity. This effect was particularly strong for thERIBnd the NB53
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datasets. Likewise, the MCC scores of the ntafkk malels tended to increase for more similar
compounds. An exception is the-$B3 assay, where Macau achieved a MCC score of zero in the bin
of highest chemical similarity. Generally, the results on this bin seem out of line, as the variability for
all of theother models was very high (in the most extreme case ranging 0cdi to 0.864 for multi

task DNN). However, this is explained by the very low number of actual toxic compounds in this bin (4
out of 195 (2.1%), whereas the @046 bin contains 34 toxicompounds (4.9%) and the @4 bin
contains 48 toxic compounds (9.3%)), such that small changes in predictions made by the model have

a very large effect on the MCC score.

Overall, the multtask methods (except Macau) achieved higher scores than the X@&lsran the

Tox21 dataset. For the assaysBR and SRRE, the largest benefit was found for the bin representing

the chemically most dissimilar compounds, as was the case for the Ames dataset. For this bin and
these assays, the XGB model performed paltidy poorly with an MCC of around 0.1, while some
multi-task models achieved MCC values up to 0.5. In thAdRatase assay, both the X&B (0.863)

and the multitask DNN (0.703) model achieved remarkably high median scores compared to the XGB
models 0.495). However, similarly to $183, the variance for the multask DNN was extremely large,
which complicates the interpretation. When considering the average values across all assays, both
XGRBFN and multtask DNN outperformed the XGB models on athefbins. On average, the highest
benefit of the multitask models was found for the most dissimilar compounds, kigtttend wa less

clear compared to the Ames dataset.
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Figure5-10 Performance of imputéion models according to test compound chemical similarity: Tox21D show the MCC

scores obtained in 20 independent runs (same hyperparameters, different random seeds) of the models on the different bins
for NRAromatase, NFER, SRRRE, SR53 (represetative assays). The number (n=x) written next to each bin indicates the
number of compounds placed in this biBshows the average MCC scores across the assays (by computing the mean MCC
score for each random seed across the assays and then taking thiamatoss different random seeds).

5.3.5 Role of data sparsity in imputation models

The role of data availability on the effectiveness of single task and-taskiimputation models was

investigated. As for the analysis on chemical similarity, theyaisalvas done on predicted values from

the previous evaluation of single task and midisk imputation models. The test set for each assay

was divided into three bins according to the number of experimentally determined data labgls (O
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2-3, and >3 avable labels) each compound has for the 11 remaining assays in the training set. The
multi-task imputation models incorporate information about the remaining assays whereas the XGB
models (single task models) do not. This analysis was only performed féniks dataset, as the

lower sparsity of the Tox21 dataset was such that the bins of low data availability were not sufficiently
populated. The analysis for the Ames dataset was limited to assays for which at least 100 compounds
could be placed in each ofie¢ bing and these are the same assays as considered for the chemical
similarity studies. The MCC scores for these assays (TA100, TA100_S9, TA98, TA98 S9) for the different

bins and the average scores across thassays are reported in Figurels.

For the first bin (B1 available labels), the MCC scores of the makk models tended to be only
slightly higher than those for the XGB models. The atadtk DNN models were the only imputation
models with higher median MCC score than the XGB model acltiss absays. The other muttisk
models achieved lower median scores than the XGB models for this bin in one of the assays (Macau
for TA100: 0.515 vs. 0.541 and XBE8for TA9&9: 0.380 vs. 0.512). For the remaining two bins, which
represent a higher nmber of available toxicity labels for the test compounds3(@nd >3 available
labels), the XGB modelgere outperformed by almulti-task techniques for all of the assays. The
differences in MCC score between the mtditk models and the XGB models wémest for the

third bin (>3 available labels), with the highest uplift occurring for the Macau model on the TA98_S9
assay (0.829 vs. 0.520). Generally, all of the radl imputation models achieved similar scores for
the second and third bin, but Maagerformed better than the other imputation techniques for the
third bin.

The observations for the single assays are supported when considering the averages across the assays
as depicted in Figurg-11E. For the first bin, the XGB model was outperformgdalb the multitask

models, albeit by a comparatively small margin. The margin between single task arthskuftiodels
increased with more available data labels for test compounds. Notably, Macau outperformed the

other multi-task approaches on the binitlv >3 test data labels.

This analysis shows that the number of available experimentally determined assay labels for test
compounds strongly affected the performance of the imputation models. For the Ames dataset, the
multi-task models clearly performedelier on compounds with a high number of available assay

labels.
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Figure5-11 Performance of imputation models according to test compound data label availahil®D show the MCC

scores obtained in 20 imghendent runs (same hyperparameters, different random seeds) of the models on the different bins

for TA100, TA100_S9, TA98 and TA98_S9. The number (n=x) written next to each bin indicates the number of compounds
placed in this binEshows the average MCS€ores across the assays (by computing the mean MCC score for each random
seed across the assays and then taking the median across different random seeds).

5.3.6 Analysis otthe impact of assay relatedness on imputation models

The contributions of singlassays to the overall success of mtagk imputation models were

investigated focussing on X&BlI models. Two different approaches were used: (i) painkise

models, where for a given target assay a sepaFdtiamodel is trained with each of the remaimgn

assays as auxiliary one in turn (called pairwise FN models) and (iijoleassayout (LOAO) FN
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models, where starting from the fuiNmodel for a given target assay, each of the auxiliary assays is
left out one at a time. Figurg-12 reports the peformance of the pairwise FN models. The heatmaps
report the performances of each FN model compared to the respective single task. InF-igtee

scores of thee OACFN models are reported, compared to the scores of the full FN models.
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Figure5-12 Performance of the pairwise FN model8: Ames,B: Tox21. For each assay pairwise FN models were trained

with each of the remaining assays and for each pair 20 independent runs of the model were conductediffesiegt

random seeds. To obtain the heatmap, the median MCC score was computed for each pair and the median MCC of the single
task model for respective target assay was subtracted. The diagonals represent the differences in MCC score between the
full FNmodel and the single task XGB model as a reference.

For the Ames dataset, the pairwise XBB models achieved a higher MCC score than the single task
XGB models in many cases (as shown by the green cells in the heaits&je the diagonal, Figure
5-12A). The diagonal of the heatmap shows the difference between the MCC scores for the full FN
models compared to single task models. Generally, the pairwise models did not achieve as high scores
as the full FN models, with the exception of TA1535 with TA13B3H&wever, in a few cases, the
pairwise FN model approximated the performance of the full FN model quite well (e.g. the MCC of the
TA97 full model was 0.279 higher than the MCC of the single task model, whereas, the improvement
of the pairwise model comgsing TA97 and TA97_S9 was 0.230). In many cases, the pairwise FN model
provided a substantial benefit (improvement over 0.05) compared to the single task model, even if
this was smaller than that achieved for the full FN model. There were also manyvdasesthe
pairwise FN model showed very small differences compared to the single task models (shown by the
white and very pale cells in the heatmap). Red cells indicate reduced performance of the pairwise
models compared to the single task models. Thesesavererelatively rare overall, but occurred
frequently in the assays with the fewest data points which also showed a high variance between

different runs of a model (TA102, TA102_S9, TA97, TA97_S9). Unsurprisingly, the Ames strain results
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with and withaut S9 are highly correlated and this is reflected in the consistent increase in
performance compared to the single task models for the pairs of the same bacteria strain, represented

by the accumulation of green cells adjacent to the diagonal. Anotheiitk@wg is that the four assays

with the most data points (TA100, TA100_S9, TA98, TA98_S9) as auxiliary assays resulted in at least a
moderate increase in performance in most cases, suggesting that the number of available

experimentally determined data pdimimpacts on the performance of the pairwise FN models.

The performances of the pairwise XER models on the Tox21 dataset are shown in Fi§ui2B.
Similar to the Ames dataset, the pairwise XI@Bmodels achieved a higher MCC score than the single
task XGB models in many cases. In two of the casesARIRith NRARLBD and with NRPAR
gamma) the pairwise model achieved a higher score than the full FN model. However, for most of the
target assays the full FN model clearly performed better than any ErwN model. The Tox21
dataset contains two pairs of assays that measure the same target in a different test system
(NRAR/NRARLBD and NiER/NRERLBD) and it was therefore expected that these pairs would yield
the best performing pairwise FN modelsr RIRER and NHERLBD this was indeed the case, although
other auxiliary assays yielded models of comparable performancATBR5 for NFER and SRRE

for NRERLBD). NFARLBD was the best auxiliary assay forAR but the same was not true for the
opposite case (NIRPARyamma was the best auxiliary assay forARLBD). Some of the pairwise
models performed worse than the respective single task models (red cells in Figure 11B). For the target
assays NIRPARjamma and SRSE this occurred for many of thpairs, yet the full FN model
performed better than the single task models, which can be attributed to the few auxiliary assays that
resulted in improved models (§/%3 and NFARLBD for NFPPARjamma, and SB53 for SRHSE).
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Figure5-13 Performance of the leav@ne-assayout FN modelsA: AmesB: Tox21For each assay FN models were trained

with one of the remaining assays left out, one at a time and like for the pairwise FN models 20 runs with diffiedem

seeds wee performed. To obtain the heatap, the median MCC score was computed for each leaesassayout FN model

and the median MCC of the full FN model was subtracted. The diagonals represent the differences in MCC score between
the single tak XGB model and the full XGB FN model as a reference.

The heatmaps in Figuie13 indicate by how much the MCC score of tHeACFN model decreased
compared to the full FN model, with the diagonal showing the decréashe single task models as
areference. In nearly all of the cases the decrease of performance when using a single task model was
larger than the decrease &lOACFN models, indicating that the success of the full FN model cannot

be fully attributed to the presence of a single auxiliargegs Exceptionsere TA102_S9 for the Ames
dataset and SRISE for the Tox21 dataset, where th©& AOmodel missing TA102 or $R3,
respectively, performed worse than the single task models. In several cases, the removal of a single
assay led to a model thgerformed better than the full FN (green cells in the matrix), yet those
improvements were quite small (maximal for TA97 with TA1535 removed: +0.039). For the assays
TA1537 and TA1537_SBe removal of most of the different assays actually resultedninnarease

of performance, albeit small. Generally, the majority of removals overall had only small effects on the
performance (either positive or negative) compared to the full FN models. Similar to the pairwise FN
models, the removal of assays of the sarbacteria strain in the Ames dataset resulted in a
comparatively high decrease in performance. For the pairs of assays in the Tox21 dataset measuring
the same targets (NRR/NRAR.BD and NER/NRERLBD) the findings were consistent with the
findings forthe pairwise FN models. NER and NdERLBD were the most useful auxiliary assays for
each other, but the benefits of the full FN models cannot be fully explained by the presence of these
closely related assays. In contrast, it seemed that the benefihefull FN model for NRR can be

mainly attributed to NRARLBD as auxiliary assay. On the other handARRBD was not found to be
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a useful auxiliary assay for MR, the respectiveOACFN modebperformed marginally better than

the respective full FN odel.

The pairwise FN models and th®AOFN models are two different approaches to estimate the
contribution of a single assay to the full FN models. Figdtd compares the findings of the two
approaches by plotting the benefit of the pairwise FN madtethe x-axis against the cost of removing

the auxiliary assay inlaOACFN model on theg-axis, for each pair of target assay and auxiliary assay.
For both datasetsmost points are located around (0,0), meaning that this particular auxiliary assay
had nather a large beneficial effect for the target assay in a pairwise FN model, nor was there a large
decrease when this auxiliary assay was left out. Overall, there seemed to be a trend that large
increases for pairwise FN models were associated with laggecdses for leavene-assayout FN
models, but the correlation was not very strong with Pearson caimiacoefficients of-0.53
and-0.62 for the Ames and Tox21 dataset, respectively. In a few cases, there is a deviation from this
trend in the Ames datset. For the pair TA9TA97_S9 (targeduxiliary) a large increase for the
pairwise FN model (+0.23) was found together with a small decrease faXAEFN model{0.026).

In such cases, the auxiliary assay was obviously useful in the pairwise motied sack of the assay

in the LOAOapproach couldapparentlybe compensated for by the information provided by the
remaining assays. In the opposite case, for instance for TAIVASB, a low benefit for the pairwise

FN model (+0.007) is associated witarger drop for the leav@ne-assayout FN model-0.06), which

could mean that the information provided by the auxiliary assay was only meaningful in combination
with other assays. These extreme cases suggest that neither the pairwise FN model apprdaeh no
LOACFN approach alone can fully describe the contribution of an auxiliary assay to the success of the
full FN modeland they can be considered as complementary approaches. Despite the insights gained
using these approaches, the improvements of kRNl models cannot bailly explained by additive
effects of single assays. Instead, it seems that combinatorial effects between the auxiliary assays are

at play, which are difficult tdisentangle
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Figure5-14 Concordance between the pairwise and LOAO FN mad&lAmesB: Tox21. The scatter plots show for each
target assayauxiliary assay pair the difference in MCC score between the pairwise FN model and the single task model on
the xaxis and the diffenace between theecOAOFN models and the full FN models on thexs. In the labels of the dots,

the first assay is the target assay and the second the auxiliary assay.

The previous results showed that a single assay can have large influence on the sLIEbEEROdelS
(either as improvement in pairwise FN models or as decreas®®OFN models). However, it is
unclear whether this influence can be explained by the relationships in the data between the assays.
The relationship between a target assay andaamriliary assay was measured by computing their
mutual information and dividing by the entropy of the target assay. This metrie ibpy ratio)
estimates the proportion of the total information in the target assay that is included in the auxiliary
assy. Figure5-15 and Figures-16 show how this metric relates to the performances found in the

pairwise FN models and theODACFN models for the Ames and Tox21 dataset, respectively.

89



Chapter 5: Multtask and imputation modelling for toxicity prediction

0.1

—-0.05
0.05

MCC pair - MCC single
3
MCC loao - MCC full

=0.05

-0.1 R 0.15

0 0.2 0.4 0.6 0 0.2 0.4 0.6
MI/entropy MI/entropy

Figure5-15 Effect of asay relatedness on FN models: Amédsor each target assauxiliary assay paithe difference
between MCC of pairwise FN model and single task médalr(the difference betweehOACFN model and full FN model
(B) are plotted vs. the ratio of mutual infmation (MI) between the two assays and the entropy of the target assay.

For the Ames dataset, neither the improvements of pairwise FN models over single task models, nor
the decrease in performancr LOAO FN modelsompared to full FN models are verirangly
correlated to the metric for assay relatedness (Pearson correlation coefficients: 0.48 &3).
Nonetheless, strong increases for pairwise models (>+0.1) or strong decreat€¥NOFN models
(<-0.05) only occurred for pairs where the Jgihtropy ratio is above 0.3. Hence, it seems that a close
relatedness between the target assay and the auxiliary assay was necessary but not sufficient for a
strong effect of that auxiliary assay on the FN model. The pair TA1537 with TA1537_S9 represents a
case vhere a strong relatedness of the assays resulted in an apparently small effect. However, the
performance of single task XGB on TA1537 was very high (median MCC: 0.695:&igune a much

larger MCC score on this dataset may not be possible due thetairdg in the toxicity labels.

As for the Ames dataset, an increase in theawfropy ratio tends to lead to the improvements of
pairwise FN models over single task models and the decrease in performance compared to the full FN
models, albeit the correlédn is not very strong (0.50 an@.52). A striking exception from these
trends represents the pair NRRLBD with NFRAR. However, the other pairs with a high-&fitropy

ratio (e.g. NFER with NHERLBD) are amongst the pairs where the auxiliary assayheastrongest

effects on the FN model. Overall, the values for theehliropy ratio are lower on the Tox21 dataset,
which might explain why the imputation models provide a larger numerical benefit on performance

for the Ames dataset. The findings on botataksets suggest that the Mintropy ratio might be a
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useful metric to estimate which auxiliary assays could provide the strongest benefit in a FN model.

However, clearly a high value does not guarantee a strong benefit.

MCC pair - MCC single

NR-ER, NR-ER-LBD

-0.02|.

-0.04

0.4

MI/entropy

0.6

MCC loao - MCC full

-0.02

-0.04

-0.06

-0.08

-0.1

Il

-

e
.o Y2

S
.

0 0.2 0.4

MI/entropy

0.6

Figure5-16 Effect of assay relatedness on FN models: Tox2dr each target asssguxiliary assay paithe difference
between MCC of pairwise FN model and single task méjalr(the difference betweeh OACFN model and full FN model
(B) are plotted vs. the ratio of mutual information (MI) between the two assays and the entropy of the target assay.

5.3.7 Analysis of the classification threshold used in Macau models

Macau models were found to perform poorly on most assays in the Tox2&eatafThis section aims

to understand this behaviour by focussing on the p53 assay. The MCC fecdviecau wereclearly
worse (median: 0.267) than those for the XEB (median: 0.372) and mutéisk DNN (median: 0.438)
models. However, the RQEJC scoren this assay for Macaungdian: 0.899) wakigher than for
both multi-task DNN (median: 0.873) and XB&B (median: 0.862). To understand the stark contrast
between those two metrics, the predictions for X6H and Macau were carefully inspected. Figure
5-17 plots the predicted probability scores (for the active class) for each compound in the test set for
both XGBEFN (Figuré-17A) and Macau (Figurg17B), where the dots representing experimentally
toxic compounds are coloured red and those for fioric compounds are coloured blue. It can be
observedthat for both XGH-N and Macau a large proportion of test compounds received a very low
prediction score (>80% smaller than 0.1) and most of these compounds are in fatdxmmnAs
expected, most of the copounds with high predicted scoregere found to baoxic (increasingly red
dots towards the right). While the X&BN model providedcores in the full range from it 1, the
Macau model did not produce scores higher than 0.74. Tdbld lists the proportn of
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experimentally toxic compounds for 10 bins of predicted probability scores. For botH-X&GBd

Macau, the proportion of actual toxic compounds tends to increase with higher scores.

The MCC scores for all the models were computed by using the defdué of 0.5 as threshold for

the binary classification of toxic and ntoxic compounds. For the Macau model this threshold means
that only 9 of the 1409 compounds in the test set were predicted as toxic, resulting in a poor MCC
score. Choosing a lowelassification threshold would lead to more compounds being predicted as
active. The second column for X6R and Macau in Tabk11 lists the MCC scores obtained for
variousclassification thresholds. For Macau, the MCC score can be increased from®@2487 if

0.2 is used as threshold instead of 0.5. In that ch8@compounds would be predicted as toxic instead

of nine test compounds. A higher MCC score is also obtained foiFXGihen choosing a decision

threshold different from 0.5, but the diffence is comparatively small.

These results demonstrate that the apparently poor performance of Macau for the p53 assay can be
attributed to an inappropriate classification threshold. This analysis was only conducted for the p53
assay, but similar observatis are expected for other assays in the Tox21 dataset. Overall, the
performance of Macau on the Tox21 dataset may be competitive to the other imputation techniques,
if the classification threshold is carefully selected. Of course, this selauotishbe made based on
findings in the training set, otherwise information from the test set would influence the model design,

which must not happen.
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Figure5-17 Predicted probability scores for the p53 ass&hownare the predicted probability scores from XGR @) and
Macau B) of a single run of each model for each compound in the test set, sorted by ascending scores. Experimentally actives
are coloured red, while inactives are coloured blue.
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Table5-11 Analysis of the classification threshol@he full range of possible predicted probability scored)(@as divided
into 10 bins of equal width and compounds were placed in the bin according to their pregicibdbility score by a single
run of either the XGBN or the Macau model. The first column for X@Band Macau breaks down which proportion of
compounds in the respective bin of predicted probability scores are experimentally determined actives. Tiiecsdomn
lists the MCC scores obtained if the upper bound of the respective bin ismtlagsclassification threshold.

XGBFN Macau
bin Experimentally activeq MCC (at upper | Experimentally activeg MCC (at upper

(total data instancels | threshold) (total datainstance$ | threshold)
0-0.1 0.031 (1251) 0.349 0.015 (1171) 0.43
0.1-0.2 0.054 (37) 0.396 0.144 (132) 0.487
0.20.3 0.231 (26) 0.39 0.333 (51) 0.449
0.30.4 0.294 (17) 0.376 0.483 (29) 0.375
0.4-0.5 0.5 (10) 0.341 0.688 (16) 0.247
0.50.6 0.333 (6 0.332 0.333 (3) 0.257
0.60.7 0.214 (14) 0.340 0.833 (6) 0.148
0.7-0.8 0.286 (7) 0.339 1(2) 0
0.80.9 0.231 (13) 0.360 0 (0) 0
0.91 0.655 (29) - 0 (0) -

5.4 Discussion

5.4.1 Comparison of traditional single task and rtallk models

In this sudy, a thorough comparison between traditional single task and rask methods was
conducted on two differenin vitro toxicity datasets using compoudshsed splits. The study included

RF, XGB and DNN as single task models andtasHtDNNsFNand Maau as multtask models.
Across both datasets, ndiscernibledifference in performance was found between single task and
multi-task methods in terms of MCC. On the Tox21 dataset, both1taghi DNN and XGEN slightly
outperformed XGB as best single kaapproach. However, the opposite was found on the Ames
dataset. The small differences in performance between the methods suggest that neither single task

nor multi-task models seem to be generally superior.

An insightful feature of this study was the aysib of model performance across different runs of a
model with different random initialisations and otherwise identical parameters. It was revealed that
stochastic effects may have a large influence on the performance of a single model. For some of the
assays and methods the variance of performance was larger than for others. Assays with relatively
few data points or strongly imbalanced assays were found to have comparatively high variances. This
can be explained by the fact that seemingly small variatioqsedictions made by a model can have
quite large impacts on the numeric values obtained for MCC which is sensitive to correct
classifications. Notably, variances were smaller when models were evaluated using the +anking

sensitive ROBGUC as metric asan be seen imables B1+B2 (Appendix Bpncerningifferent ML
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algorithms DNNSs (both single task and mulsk) were found to have relatively large variance across
different assays. This may be due to the number of stochastic processes involved imatinéig.

These include the random initialisation of network parameters, the composition of batches of data
points for updating the network parameters as well as the random selection of neurons for dropout.

By considering the range of scores a model eatd, a more robust comparison between different

models was possible. Limiting the analysis to a single score would lead to the occurrence of seemingly
large difference in performance between models that are the result of pure chance, which could be
misinterpreted as meaningful differences. Furthermore, this strategy helps to put the observed
differences between models into context. In this case, the observed differences between single task

and multitask models are not significant when considering thelvagfi0S a4 2 F GKS Y2 RSt aQ

on the single assays.

Multi-task DNNs performed better than single task DNNs on both datasets, but worse than XGB as
best single task model on the Ames dataset. There may be potential to further improve the
performance ofmulti-task DNN models. For instance, unrelatedks may impede the learning of
other tasks, as reported by Xu et @u et al., 2017)The prediction of completely unrelated tasks may
require the network to learn fundamentally different representations in the hidden layers. As the
training of the multitask DNN is done by agjting the weights and biases averaged across all tasks,
conflicts between different tasks may hinder the overall success of learning. Hence, a careful
examination of which assays should be included in the Amdi DNN right improve the

performance.

FNsbased on XGB models achieved the highest scores on the Tox21 dataset. However, as shown in
Table5-9, the FNmodels performed slightly worse than their single task counterpart in most other
cases. Varnek et al. reported a superior performandeNrhodelsover single task mode(%arnek et

al., 2009) however, the datasets investigated in that study werengmall in size (tens of compounds)

and therefore it is difficult to compare the results across the studies. An explanation for the lower
performance in this study may be the inclusion of auxiliary assays that are not well predicted in the
first step by tke single task models. The presence of wrong predictions in the auxiliary task may
propagate into wrong predictions for the target assay. This could be addressed by careful examination
which assays should be included in the FN model, similar to the-tasktDNNSs. A clear improvement

in performance was observed, when experimentally determined toxicity labels for test compounds
were used as input to the Feature Net models. Experimentally determined labels indicate the true
label of a compound with higher cidence than predictions do, which may explain the surge in
performance. These types of models are considered as imputation models and are discussed further

below.
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As other matrix factorisation techniques, Macau is primarily suited to perform imputatgksi®ased

on a sparse toxicity matrix, Macau learns latent space representations of assays and compounds.
However, as the learning in Macau can include side information about compounds, such as chemical
fingerprints, the method can embed compounds with@urty measured toxicity labels in the same
latent space and hence make predictions for compounds that have not been tested in any of the
assays. This corresponds to conventional rtakk QSAR modelling. The obtained MCC scores for
Macau were worse than thse of single task and other muttisk techniques for both datasets. This is

in contrast to the ROBUC scores measurétlable A5L), where Macau actually achieved the highest
average score on both datasets. An attempt to increase the MCC scores of iigoeaation models

was made by adjusting the threshold for classification and this is discussed below. A similar approach
might be useful for Macau as a conventional mtdsk model when there are no observed toxicity

labels for test compounds.

To some exnt, our findings seem to contradict reports on the superiority of mialsk models over

single task models in the literature. The Merck Kaggle Challenge was won by an approach largely based
on multitask DNNg¢Ma et al., 2015ith the results being fiher investigated by Xu et alXu et al.,

2017) However, a direct comparison with our results is not pdssibe to differences in the datasets

and the nature of the learning tasks which are classification here and were regression in the study by
Xu et al. Nevertheless, even though on average amstk DNNs outperformed single task DNNs in
that study, the diferences between the two approaches were also small. Mayr et al. found-tasiki

DNNs to outperform several single task algorithms, based on averaf@rmance, on the Tox21
dataset(Mayr et al., 2016)yet the differences were small and comparable to our findings (TaB)e
Moreover, he selection of the metric for model evaluation may influence the conclusions. When using
ROGAUC instead of MCC as metric, both mtak DNN and Macau outperformed the single task
approaches on both the Ames and Tox21 dataset. For FN models usingosadityed activities as
features in the test setno consistent improvements over single task models (for MCC andARQGC

as metricwere found which is in contrast to previous reports on KSesnin et al., 2019; Varnek et

al., 2009)and on the related approach using predicted bioactivity profidarinder et al., 2020)

5.4.2 Comparison of single task and multitask imputation models

For both the Ames and the Tox21 dataset, the best single task imputation model was outperformed
by multitask imputation models across #ile assays. Numerically, the increases in MCC scores over
single task models were larger for the Ames dataset than for the Tox21 dataset. The best three

imputation methods (Macau, XGBN, multitask DNN) achieved virtually the same average MCC score

96



Chapter 5: Multitask and imputation modelling for toxicity prediction

on the Ames dataset. RFN and DNNFN performed somewhat worse, but were still clearly better
than the single task models. On the Tox21 dataset,-R&Bras the best method followed by muilti
task DNN. The other FN methods also performed better than the sindlertadels. Macau achieved

lower MCC scores than the single task models, which is discussed below.

Among the different FN methods, those composed of XGB classifiers outperformed RF and DNN on
both datasets by a considerable margin, suggesting that XGBasealassifier might be particularly

suited to formsuccessfuFN models. An advantage of FN models is the simplicity of implementation
since they are based on existing single task QSAR architectures applied to multi target datasets. A
limitation for verylarge datasets (i.e. many assays) might be the computational cost of FN models, as
two models (two steps) have to be trained for each assay in the dataset. This would be especially time
consuming if a hyperparameter optimisation step is carried out fahegssay separately. However,

this can be avoided if a set of hyperparameters suitable for a wide range of assays is selected. The FN
approach as used in this study is somewhat reminiscent of the pQSAR ap(ivtzath et al., 2019)

Both approaches consist of two steps with the first stéin§ gaps in the dataset using single task
models. The second step of the pQSAR model uses only the assay labels (known or predicted) as

features rather than combining them with chemical descriptors.

The multitask DNN, used as an imputation method, yeeldompetitive MCC scores on both datasets
under study here. In contrast to a muttisk DNN in its conventional use, the network is trained on all
the compounds in the dataset (provided there is at least one label for the compound in the training
set). Trerefore, the whole range of compound structures can be accountea@uhat all available labels

are used to learn meaningful internal representations of the compounds. An advantage of this
technique compared to FNs is that only a single model needs todimett for the whole dataset,
which is computationally cheap. As discussed in the previous section, a careful examination of which
assays should be included in the network might lead to even better performances, but would require
additional effort. While tle multitask DNNs achieved high scores, the variance in performance
between different runs of a model was relatively large. This behaviour is undesirable as a single run
may lead to a poorly performing model. This could be addressed by using ensembldtiiénuns,

which in turn would increase the computational cost of the method.

The Macau method achieved the highest average MCC score on the Ames dataset, but a poor average
MCC score on the Tox21 dataset. This contrast may be attributed to an inajgpeogiassification
threshold, as shown for the assay p53 (Figw®75Table5-11). Most of the assays in the Tox21
dataset are strongly imbalanced leading to a low number of compounds being predicted as toxic.

Unlike for the other methods, the imbalanegas not countered by assigning different weights to the
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classes during leaning in the Macau method. As could be shown for p53, adjusting the classification

threshold can lead to higher MCC scores, which are comparable to the other imputation techniques.
The classification threshold then needs to be treated as an additional hyperparameter and optimised

prior to predicting the test set.

Previous studies on imputation for bioactivity prediction in the literature (Alchemite and pQSAR) were
based on regressioithis study represents the first one to investigate classification tasks. It was shown
that for classification tasks imputation models provide a substantial benefit in performance over single
task and multtask models. This is in agreement with the findirgd previous studies on regression
tasks (Irwin, Mahmoud, et al., 2020; Martin et al., 2019; Whitehead et al., 20A8Jmputation
techniques used in this study could be adapted to perform regression tasks. However, their suitability
for datasets of larger dimensions (thousands of assays) would need to be tested. Intriguingly,
Alchemite and pQSAR, two conceptually different imputation témplns, achieved approximately the
same average score on the Novartis benchmark (f®tin, Mahmoud, et al., 2020)This is in
concordance with findings from this study that fundamentally different imputation techniques may

result in models of comparable performance.

Having demonstratd the superior performance of imputation, a series of investigations was carried
out that aimed to characterise the factors that contributed to the improvements. Similar detailed
investigations have not been reported in the literature. The investigatexplored the effects of

chemical similarity, amount of data labels and relatedness between toxicity assays.

For standard QSAR models 1 S@ RSGSNXYAYIYOd F2NJ I Y2RSt Qa
between the compounds used for training and those orichitpredictions are madéSheridan et al.,
2004) For chemicals very dissimilar to the compounds in the training set, a QSAR typickly
struggles to make reliable predictions. The concept oABrior a model accounts for this limitation
(Mathea et al., 2016)This general trend was also obged for the datasets under study in this project
for the single task methods. While the mtiitisk imputation models achieved higher scores than

single task imputation models on all bins of chemical similarity in the datasets, the numerical increase

in MQC score was higher for less similar compounds. This effect was stronger on the Ames dataset,

but was also observed on the Tox21 dataset for assays for which a single task QSAR model performed

particularly poorly on chemically dissimilar compounds. It cardncluded that imputation models
not only perform better than single task modgehait they may alsancrease the chemical space for

which a model makes reliable predictions and hence possess a wider applicability domain.

In a wide sense, imputation meatige process of filling gaps in a sparse dataset by leveraging patterns

present in the dataset. Intuitively, this process should be easier the more complete a dataset is, as
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more information is available to be exploited. In this study, the role of sparsitpputation models

was investigated by dividing the test sets into bins depending on the number of toxicity labels that
were in the training set for each compound. Unsurprisingly, it was found that the imputation models
outperformed the single task motkeby a wider margin for compounds with many toxicity labels in
the training set. Nevertheless, both multisk DNN and Macau outperformed XGB models on the
Ames dataset for compounds with no or just one toxicity label present in the training set, indicati
that very little information may be sufficient to observe improvement over single task QSAR models.
The experiments on pairwise FN models confirmed that knowing the label of just a second toxicity
assay can improve the predictions substantially, althotljs depends on which assay is used as
auxiliary assay. In conclusion, imputation models perform better the more information is available,

but a small amount of information can be enough for an imputation model to be useful.

A consideration of high pracal relevance is whicspecifictoxicity assays should be included in an
imputation model to obtain the best results. The extent to which a single additional assay could
contribute to the success of FN models was investigated by training pairwise FNsaruadi€lOAT-N
models. The Ames dataset contains pairs of assays measured in the same bacteria strain (with or
without metabolic activation) and the respective paired assay seemed to have the largest contribution
on the FN model of a given assay. Intuitpyéhis makes sense as these pairs are expected to be closely
related and hence knowing the outcome of one should be useful to predict the other. The Tox21
dataset contains two pairs of assays that measure the same target in slightly different test systems
(NRAR/NRARLBD and NER/NRERLBD) and hence these assays are also closely related. With the
exception of the pair NRRLBD/NRAR (the first being the target assay), those paired assays as
expected provided the strongest benefit. Nonetheless, somayasthat are not obviously related still

contributed to the siccess of the imputation model.

Moreover, the relation between each pair of assays was measured by computing teethpy ratio.

This metric expresses how much of the total information contdiie the target assay is also
contained in the auxiliary assay. This metric was found to be moderately correlated to the contribution
of single assays to the success of the full FN models measured as the benefit of pairwise FN models
over single task modelor the loss oEOACFN models compared to full FN models. While the overall
correlation was not very high, the largest contributions of single assays were found for closely related
assays, consistent with the initial findings described above. Thereeaerad reasons why a higher
correlation was not observed. Firstly, the number of training labels is different for each assay, which
biases the correlation as a higher number of training labels for an assay is generally associated with a
better performing nodel. Secondly, the obtained improvement over a single task model is inherently

linked to the performance of the single task model. The maximal achievable performance of a model
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for an assay is limited by the experimental uncertai(®peridan et al., 202@nd in cases where a

single task model performs mewell (e.g. TA1537) only small numerical increases may be achievable,
even if an imputation model with a closely related assay (TA1537_S9) is used. More generally, it seems
that a large increase in MCC score is easier to achieve for an assay whenegthetask model
performs poorlyDespitethe moderate correlation values, measuring the relatedness between assays
as done is this project can provide useful insight on which assays are expected to be strong
contributors to the overall success of an imptia model. In a practical setting, this knowledge can
guide whichin vitro toxicity assays are particularly useful to measure, as these measurements may be

valuable to predict the outcomes for related toxicity assays using an imputation model.

In summary,the comparison between muitask imputation models and single task imputation
models demonstrated a clear benefit in performance for midtk models. Additional studies
provided understanding of which predictions in the dataset benefitted most frominigutation
approaches and estimated the contribution of single assays to the success of the imputation models.
This knowledge is useful to develop a suitable strategy for other imputation tasks and is expected to

be applicable in other chemical datasets bioactivity rather than toxicity.

5.5 Conclusion

This study found little differences in performance between traditional single task andtasktQSAR
models, whereas muliask imputation models clearly outperformed single task imputation models.
It mustbe stated that multitask imputation uses experimental information about toxicity endpoints
for test compoundswhereas single task imputation models do not. This is likely the reason why these

models can achieve much better performance scores.

Thusfar, the imputation models have only been tested on two mtdtigetin vitro toxicity datasets
of relatively small size (12 assays). To further investigate the usefulness otasklimputation

techniques, a followp study on a larger and more diverdatasetis presented in the next chapter.
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Chapter 6 Imputation on a largecale toxicity dataset

6.1 Introduction

In the previous chapter, muitask and imputation models were studied on two different toxicity
datasets, each consisting of 12 assays. It wasddhat multitask approaches for imputation clearly
outperformed single task approaches. However, dataseis oftro bioactivity and toxicity data are

often of large scale (hundreds or thousands of assays) and the suitability of imputation approaches
for these datasets needs to be tested. For that purpose, the ToxCast déRadedrd et al., 201&)as
selected asan example for a largscale toxicity dataset. After the different imputation techniques
introduced in the previous chapter had been tested on the ToxCast dataset, additional experiments
to better understand the behaviour of the models were conducted. GREOST techniquEsposito

et al., 2021was used in an attempt to obtain better performing models by shifting the classification
threshold. Then, the sparsity of the training set was atrtificially increased to investigate the impact of
aLJ NaEAGe 2y GKS Y2RSftaQ LISNF2NXIYyOSod CAylffex
selection of auxiliary assays was studied. Those expersramted to enhance the understanding of

imputation models by examining their performance under various circumstances.

6.2 Methodology

6.2.1 Dataset

The ToxCast datas@Richard et al., 2016yas downloaded from the MoleculeNet platform where it

is provided with binary label&@. Wu et al., 2018)he ToxCast dataset represents a leggale in vitro
toxicity dataset, containing@®l5 compounds and 617 assays (reduced to 7787 compounds and 416
assays for this study after standardisation and filtering steps were applied, see below). The dataset
comprises a wide range of in vitro toxicity endpoints including receptor interactionrenimhibition,

developmental defects and cell viability. Notably, it includes the assays from the Tox21 dataset.

The ToxCast dataset is sparser than the datasets studied in the previous chapter with a completeness
of 35.5%. Large differences exist in datenpleteness between the assays in the dataset with values
ranging from 1.4% to 92.1% complete. Overall, 6.9% of the labels are positive (i.e. active), with the

percentages for individual assays ranging between 0.9% and 82.4%.
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Compounds were provided as 8MS strings in the dataset. Those were standardised and aggregated
using the same steps a&scribed insection5.2.2. To enable a robust model evaluation, only assays
with at least 50 toxic and 50 neoxic labels were kept resulting in a dataset of 7¢8mpounds and

416 assays.

Since the goal of this study was to better understand the benefits of #adki imputation models,
only assaypased splits (80/20) were applied to the ToxCast dataset. Due to the low number of overall

labels for some of the asgs, the splitting was done in stratified manner (according to toxicity labels).

6.2.2 Model training and evaluation

As in Chapter 5,Morgan fingerprints of radius 2, hashed to 2048 bits were used as chemical
descriptors. The algorithms used in this stwdere XGB for single task imputation and BB multi

task DNN and Macau for mutask imputation. Due to the large number of assays, no specific

hyperparameter optimisation was performed. Instead, hyperparameter values frequently selected in
the optimisation procedure in the previous chapter were manually select€de selected

hyperparameters are reported in AppendiXTablesC1, C2 and3].

Duetoll KS R lldiger®cald, &valuation of each model was limited to one model instance resulting

from asingle random seed. Models were evaluated on the test set using MCC apAlURDES metr

6.2.3 GHOST methodology

GHOST (generalized threshold shifting procedure) was proposed as a method to automatically find an
ideal cecision threshold for classifitan models using merely training instand&sposito et al., 2021)

In GHOST, a classifier is trained using all training examples apabgity scores are determined for

each training instance. N bootstrap samples are then drawn from all training instances and the optimal
threshold is found for each sample by trying a range of different thresholds. The chosen decision
threshold is takeras the median of the individual optimal thresholds. Two different approaches were
used to find the optimal threshold for a bootstrap sample. In this project, the method originally
described elsewhere was usgsorg et al., 2014)which determines the point of the ROC curve closest

to the upper left corner (0,1). The GHOST method was applied on the models trained on the ToxCast
dataset and, as in the original paper, the thresholds considered were: 0.05, 0.10@216,25, 0.3,
0.35,0.4,0.45, 0.5, 0.55. In the m4éisk settings, thresholds were optimized for each task separately.
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6.2.4 Experiments on sparsity

The effect of overall dataset sparsity on single task and ftagki imputation model performance was
investigated. In particular, sparsity in the training set was artificially increased by randomly sampling
1000 labels per assay for model training with all other labels removed. For assays with fewer labels in
the training set, all labels were kept. Theesall completeness of the training set was reduced from
29.4% to 10.9% in this scheme. Models were evaluated on the same test set as for the models trained

using all available labels to enable comparison of model performances.

6.2.5 Impact of assay relatiness on model performance

It was investigated to what extent the relatedness between target assay and auxiliary assays can
explain increased performance of muitisk performance compared to XGB as a single task model.
Using the Mientropy ratio (see setion 5.2.6.3)to evaluate assay relatedness, for each assay the
average relatedness to all other assays as well as the average relatedness to the 10 most similar assays
was computed. Finally, the correlation to the increase in performance over XGB wastednfor

each multitask technigue.

The usefulness of the Mintropy ratio to select auxiliary assays from a large dataset was tested using

2yS SESYLIX INE GFNBSG aale FTNRY HKNER XI2EY & Sy RA aiA
as it showed darge increase in performance when using mtdsk imputation models compared to

single task models. In addition, the assay possesses a relatively large number of experimental labels

in the test set (1431 in total with 221 of these toxic), which enablesbast evaluation of model
performance. Increasing numbers of auxiliary assays (1, 3, 5, 10, 20) were selected either randomly in

an additive approach (i.e., the 3 sampled auxiliary assays include the assay that was sampled for 1
auxiliary assay, and sonpor according to the Méntropy ratio in descending order. For this

experiment, 20 different random seeds were used during model training for a more robust evaluation.
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6.3 Results

6.3.1 Comparison of single task and mtdsk imputation models

Initially, overall performance of the different techniques was compared using MCC andBO@s
metrics. Due to the large number of assays, a comparison of all techniques ommasspgrbasis is not
straightforward to visualise. Instead, scores for indigldassays across the dataset were sorted in
descendingorder for each technique and are visualised as line plots in Figure(A: MCC,
B:ROGAUC). A similar visualtgan was previously done when evaluating tp€SARechnique

(Martin et al., 2019)Table6-1 reports maximal, median and niimal score for each technique.
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Figure6-1 Performance of imputation models on the ToxCast datas&t MCCB: ROGAUC. Scores for individual assays
were sorted in decreasing order for each technique.
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Tabk 6-1 Overview of performances for different techniques on the ToxCast datagftown are max, median and min
MCC and RGEBUC scores across the assays in the ToxCast dataset.

XGB XGBFN MT-DNN Macau

MCGmax 0.667 0.901 0.762 0.881
MCCmedian 0.207 0.604 0.155 0.544
MCGCmin -0.091 -0.182 -0.241 -0.058
ROGAUGmax 0.915 0.998 0.985 0.996
ROGAUCmedian 0.712 0.934 0.829 0.933
ROGAUCMIn 0.402 0.481 0.434 0.412

A wide range of MCC scores was obtainadtie different models and the different assays. XGB as a
single task approach was clearly outperformed by XGBand Macau models, confirming the
superiority of multitask imputation approaches observed in the previous chapter. For-tagkiDNN
quite high MCC scores were found for some of the assays (larggrpadormance than XGB in
Tablel), yet also very low MCC scores around zero were found for many of the assaysh&iso
considering ROBUC scores, XGB was clearly outperformed by-HEGBnd Maau which achieved
very similar scores. The R@UOCscores for multitask DNN were betweethose forXGB andhose

for the other two multitask imputation approaches.

It is notable that MCC scores of O or even below were observed for some of the assalysfftre
modelling methods, with thgs occurring most frequently for muliask DNN models where more than

150 assays had such very low scores. Very low MCC scores may be the result of an inappropriate
classification threshold, as was demonstrated fog 8R053 assay ithe previous chapter (section

5.3.7) In this study, the GHOST approach was used to investigate the impact of adjusting the
classification threshold on MCC scores (see following section). Nonetheless, the high&tJROC
scores clearly sygort the finding that XGEBN and Macau were the most performant muksk

techniques on the ToxCast dataset.

6.3.2 Using GHOST to adjust classification thresholds

The GHOST methodology was applied to all techniques and assays of the ToxCast datdesetdn o
check whether optimising the classification threshold may lead to higher MCC scores. Shown in Figure
6-2 are line plots for all techniques, a scatter plot comparing individual assays for Macau with and

without GHOST and boxplots comparing MCC sdistabutions for Macau with or without GHOST.
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Overall, the trends are similar to when GHOST was not used witfFX@GBd Macau outperforming
MT-DNN and XGB. What can be clearly seen in both the line plot and the scatter plot for Macau is that
the numberof assays with very low scores of around zero was considerably rediitisdneans that
multi-task DNN undoubtedly outperformed XGB, yet it performed stdise thanMacau or XGEN.

When focussing on Macau (Figue2B), it can beobservedthat GHOST wasery effective in
increasing MCC scores for assays with very low scores before (<0.2). In contrast, for assays with high
scores before (>0.6), performance for the majority of assays was slightly decreased., @vierall
resulted in a 78 percentile scordower and a 23 percentile score higher compared to not using
GHOST for Macau, while the median score was very similar (B@@%® In conclusion, GHOST may

be useful to improve models performing poorly due to an inappropriate classification threghutld,

for already good models a drop in performance may be observed. Due to the mixed results, GHOST

was not used in the following experiments.
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A — XGBoost GHOST —— XGBoost FN GHOST —— multi task DNN GHOST —— Macau GHOST

Q
=]
>
50 100 150 200 250 300 350 400
ToxCast assays
B C
o o 0.8
0.8 °
e L]
o *% o
e . 288 Rpodt, ° 0.6
= 0.6 ?o’
E o....~ - .“.l‘.'
[ ] L) (]
% [ o eeg? 9 ‘oo“ . 8 0.4
O 04 o, osq oS ¢ = '
=] ' e :‘. ." e ° e o
3 o 8. 32,
g ° o® *
0.2
0.2 *
N ° L ] [ ]
L]
H ¢ o
0 0
0 0.2 0.4 0.6 0.8 1 Macau Macau GHOST

Macau MCC

Figure6-2 Performance of the imputation models using the GHO&proach A: line plots showing performance on the
test set for all algorithms as in Figurel 8B: scatter plot contrasting MCC scores of Macau model for all individual asxays.
box plots contrasting distribution of MCC scores for all assays.

6.3.3 Hfect of sparsity on model performance

Sparsity is a key determinant for the success of imputation models. In the previous chapter, its effect
has been studied by binning the test set according to the number of available auxiliary toxicity labels.
It wasfound that multitask imputation models are most effective for compounds where a large
number of auxiliary toxicity labels is available, corresponding to low sparsity. The larger size of the
ToxCast dataset enabled a more detailed study of the effectafsfip on imputation. Labels in the

ToxCast training set were removed to artificially increase sparsity in the dataset. As described above,
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with fewer labelsn the original dataset. Figui®@3A shows the performance of Macau, X&8 and

XGB models on the dataset with increased sparsity in comparison to the original models on the same

test set. In Figur&-3B and6-3C, assawise performances are contrasted fIGBFN and Macau,

respectively, whereby assays with unchanged number of training labels (see above) are coloured in
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Figure6-3 Performance of models trained on the training set with increased sparsityline plot comparing performances
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Chapter 6: Imputation on a laregeale toxicity dataset

The performance across the assays was decreased for both single task anthskuithputation
approaches on the data with increased sparsity, however, the fradk approaches remain clearly
superior to XGB. Macau seems more robust towgartreased sparsity compared to XBE8, as the
decrease in MCC scores is less pronounced for this technique. Decreases in performance were more
pronounced for assays where training labels were removed (the blue d&tigime 63B andFigure

6-3C), wherea there was less impact on the scores for assays with fewer labels in the original dataset.
This may be due to the overall structure of the ToxCast dataset whereby some compounds were tested
in the majority of assay@®ichard et al., 2016This means that assays with only a few labels are likely

to contain mostly compounds that were tested in a large number of asangstherefore test
compounds for those assays will have many experimental labels to use. Even if the overall sparsity is
increased, the test compounds of these assays will still have a high number of experimental labels, so
that little or no decrease in péormance was observed. In particular, it may be that those auxiliary
assays most closely related to the target assays (with fewer than 1000 labels) also had fewer than
1000 labels and hence the most important source of information would not have beernveemBor

a single assay, overall sparsity of the dataset may not be the main determinant for the success of
multi-task imputation approachesind it seems that having information from at least some related
assays may be crucial instead. The effect of asdayedness on model performance was further

investigated in the following section.

6.3.4 Impact of assay relatedness on model performance

In the previous chapter, the effect of relatedness between assays was measured using pairwise and
LOAOFN modelsThose experiments investigated the impact of single auxiliary assays. Due to the
larger number of assays, those experiments would be prohibitively expensive for the ToxCast dataset.
Instead,meanMl-entropy ratios to either all auxiliary assays or to tiewlith the highest values were
computed. In Figuré-4 the correlation between the average Mhtropy ratio and increase in MCC
score compared to XGB is shown for X®38(all compound$-4A, 10 closest assays4B) and Macau

(all compounds6-4C, 10 closst assays3-4D).

Naturally, the average Mintropy ratio for the 10 highest valseavill be much higher with values of

up to around 0.35 compared to around 0.07 as highest average value to all auxiliary assays.
Nonetheless, in all cases similar trends dan observed: a higher average -shtropy ratio is
correlated with larger increases in MCC compared to XGB. The correlation for Macau models was
found to be somewhat stronger than for X&Bl models (0.727 vs 0.649 for all assays and 0.799 vs

0.719 for thelO highest values; Pearson correlation coefficients). Moreover, taking the average for
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just the 10 highest valisvas more strongly correlated and hence a better indicator of how well the
multi-task imputation model (which uses all auxiliary assays) aifbopm compared to XGB as single
task model. This suggests that the auxiliary assays most closely related to the target assay play a

significant role in the observed increases in model score. This hypothesis was followed up in the next
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experiment focussingn a single target assay.
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Figure6-4 Correlation between MCC changes and meandntropy ratio. The mearMI-entropy ratio was either calculated
for all auxiliary assays or only the 10 highest for the eeipe target assay. Also shown are Pearson correlation coefficients.
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It was investigated how &l multi-task models perform wheauxiliary assays to be used iretmodel
were selected according to Mintropy ratio. The performance was compared to the situation when

an equal number of randomly selected assays was used as auxiliary assays. 62Tihgleselected
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assays (according to Mhtropy ratio and randomlyare shown for TOX2Aromataselnhibition as
target assay. For the 2fissays selected in total @mrding to this metric, the Méntropy ranges
between 0.369 and 0.256. For randomly selected assays, the values are much lower and in the range

between 0.003 ad 0.261 (one of the TeRO assays was randomly selected).

The two assays most closely related to the target assays identify antagonists to the thyroid hormone
receptor TOX21_TR_LUC_GH3_Antagpnist and the androgen receptor
(TOX21_AR_BLA_Antagonist_rgticespectively. The protein of the target assay, aromatase,
catalyses the conversion from androgens to estrogens. It is plausible that inhibitors of the androgen
receptor might also inhibit aromatase, for which androgens are the substrate. It is somewhat
surprising that the assay measuring inhibition of the thyroid receptor is more closely related to the
target assay. Nonetheless, the thyroid hormone receptor is like the androgen receptor an intracellular
one with typically hydrophobic ligands, which mightpkain their relatedness in the assay labels
(Flamant et al., 2006; Matsumoto et al., 2018jnong the Toj20 assays are further ones related the
intracellular receptors such as one measuring antagonism to the farnesoid X receptor
(TOX21 FXR_BLA antagonist_)d#@rman et al., 1995)
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Table 6-2 Selected auxiliary assays for TOX&lomataselnhibition. Assays were either selected according to their Ml

entropy ratio or randomly.

Assays selected according to-M M- Randomly selected assays MI-
entropy ratio entropy entropy
ratio ratio
TOX21_TR_LUCH& Antagonist| 0.369 ATG_RARb_TRANS dn 0.018
TOX21 AR _BLA_ Antagonist_ra 0.308 TOX21 MMP_ratio_up 0.019
BSK_SAg CD40_down 0.295 ATG_Oct MLP_CIS_up 0.124
BSK_SAg_CD69_down 0.289 ATG_DR4 LXR_CIS dn 0.136
TOX21_AR_LUC_MDAKB2_An{ 0.287 ATG_HSE_Ci$ 0.003
onist2
TOX21_AR_LUC_MDAKB2_An{ 0.284 OT_ER_ERaERa_1440 0.007
onist
BSK _LPS_SRB_down 0.279 ATG_Ets CIS dn 0.048
BSK_4H_Pselectin_down 0.276 BSK _3C _HLADR_down 0.253
BSK_3C_Proliferation_down 0.270 BSK_KF3CT_IP10_down 0.209
BSK_3C_Vis_down 0.270 BSKhDFCGF_TIMP1_down 0.206
NCCT_HEK293T_CellTiterGLO| 0.269 TOX21_HSE_BLA_ agonist_ch2 0.043
BSK_SAg_SRB_down 0.267 TOX21_VDR_BLA_agonist_ch2 0.004
BSK_3C_SRB_down 0.267 NVS_ADME_hCYP19A1 0.073
TOX21 FXR_BLA antagonist_r| 0.267 APR_HepG2_MicrotubuleCSKh2dn | 0.047
0
BSK_CASMS3C_Proliferation_do| 0.265 BSK_SAg MIG_down 0.246
n
BSK_SAg_CD38_down 0.261 BSK_LPS_MCP1_down 0.261
BSK_LPS_MCP1_down 0.261 ATG_NRF2_ARE_CIS up 0.121
BSK_3C_IL8_down 0.261 BSK_3C_uPAR_down 0.214
BSK_SAg_IL8 down 0.257 NHEERL_ZF_14thTERATOSCORE| 0.131
p
BSK_SAg_MCP1_down 0.256 TOX21_PPARd_BLA_Antagonist_ch 0.012

For model training, 1, 3, 5, 10 or 20 auxiliary assays were selected. MCC score ranges of models are
shown for XGB-N models and Macau models in Figi®A and6-5B, espectively. As a comparison,
scores of XGB and the respective full mialsk imputation model (using all auxiliary assays) were
added.

112



Chapter 6: Imputation on a laregeale toxicity dataset

A XGB XGB-FN similarity_added XGB-FN random_added [ XGB-FN all assays
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3
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Figure6-5! dzZEAf Al NB | 84l & &St S\diataBely KAZONUALikRS Qsaysinleré seldoteld aceording

tothe MIFSY I NB LR NI A2 OWaAYAfIFINARGaYl RRSRQUL 2NJ N} yR2Yf& o0WNIyR2"
task model and the respective mutdisk model using all remaining auxiliarysags were included. Plotted are the MCC

scores for the test set across 20 runs with different random se®dsGBFN modelsB: Macau models.

For both XGB-N and Macau, those models trained with auxiliary assays selected with thetidpy

ratio criterion clearly outperformed those trained with randomly selected auxiliary assays. Macau
models trained with the 20 most similar assays even performed slightly better than the models with
all assays. For both X&B! and Macau, adding just one auxiliary assayiges a clear improvement

over XGB models with a further strong increase after two more assays (three in total) were added. For
the random assay selection, clear improvements were only observed after at least 10 assays were
added. As can be seen in Tabl2, some of the randomly selected auxiliary assays have relatively high
Ml-entropy ratios (>0.2). This may explain why clear improvements in model scores were also

observed when assays were selected randomly.
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6.4 Discussion

The findings in this chapteconfirm the conclusion from the previous chapter that midisk
imputation models are superior to single task models. XGB was clearly outperformed 3NX&3id

Macau on the ToxCast dataset. Mulisk DNN outperformed XGB when using RQIC as metric,
although for manyassaga MCC score of 0 was obtained which hinted at the decision threshold being
inappropriate as the result of imbalanced training data. The GHOST methodology was therefore
applied to the models in order to optimise the thresholds indillly for each assay and method. The
optimised multitask DNN model outperformed the single task XGB, however, it did not perform as
well as XGBN and Macau. Across the different techniques, the GHOST approach was successful in
improving MCC scores forsas/swith poor scoregMCC in many cases 0) when the default threshold
was inappropriate. However, for assaygh high scores usiniipe default thresholda slight decrease

in MCC score was found for some assHhysn be concludethat the GHOST approacnay be helpful

when applied to imputation models, yet it should not necessarily be applied to all the assays.
Situations where the GHOST approach seems useful are when assays have a poor MCC score, and the
ROGAUC score indicates reasonably good perfarogain ranking toxic compounds higher than non

toxic ones. In particular, it may be that the GHOST approach would be successful in improving the
performance of Macau on assays from the Tox21 dataset, for which Macau achieved relatively good
ROGAUC scorebut poor MCC scores. For the p53 assay it was already shown in the previous chapter
that a classification threshold different to 0.5 would have led to a higher MCC score. However, in that
case a range of different thresholds was evaluated on the testrsg@tactice, only training data may

be used to optimize, as it is done in GHQESSposito et al., 2021)

Even when GHOST was used, miakk DNN performed worse than XGB and Macau on the
ToxCast dataset. This is different to the smaller datasets used in the previous chapter where multi
task DNN achieved very competitive scores. It could be that a more careful selection of
hyperparametes including architecture may be required for better scores. In general, it may be
challenging for a muktiask DNN to achieve competitive scores on a large number of assays with widely
different numbers of training instances. A number of different weighsohemes (including weighting

on task size, i.e. numbers of labels per assay) for different tasks in a traditionatasklDNN were
tested in a recent studfHumbeck et al., 2021)However, the study found at best very little
improvements in comparison to unweighted training which would indicate that it may be very

challenging to further improve the performance of the muiétsk DNN models ithe present study.

In the previous chapter, it was shown that mua#sk imputation models perform better for

compounds with a large number of experimental labels for auxiliary assays available, but also that
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very little information may be sufficient toutperform single task models. In this chapter, the impact
of artificially increasing sparsity was investigatéthe completeness of the training set was
considerably reduced from 29.4% to 10.9% (by only keeping 1000 labels periassagnducted
experiment. It was found that increased sparsity reduces performance for both single task and multi
task imputation models. Nonetheless, mtthisk imputation models remained clearly superior to XGB
which further supports the notion that relatively little inforrtian may be sufficient for mukliask

imputation models to be successful.

Other experiments investigated the relevance of additional information by analysing the relatedness
between target assay and auxiliary assays. In the previous chapter, it was shiogrpairwise and
LOAOFN models that some auxiliary assayay bemore useful than others for a particular target
assay. To some extent the relatedness evaluated using theniibpy ratio could explain those
effects. In this chapter, it was confirmed tithe relatedness between assays is a key determinant for
the success of multask imputation moded. t was shown that the benefit of a multask over single

task models is correlated with the average-dfitropy ratio to auxiliary assays (both all ame fTop

10 most related). Moreover, it was shown for an exemplary target assay how thatkdpy ratio can

be used to identify the most useful auxiliary assays.

Clearly, both the type and amount of information in the form of experimental labels for ayxilia
assays determine the success of imputation models. Having many auxiliary labels and, in particular,
labels of closely related assays ledad the largest improvemets in model performance. The
Ml-entropy ratio introduced in this work provides a useful ane to formalise and quantify the

concept of relatedness between different toxicity assays.

6.5 Conclusion

Naturally, multitask imputation approaches are restricted to predict toxicity for compounds where
the toxicity has already been measured for athfendpoints. A very common application of QSAR
models is to predict toxicity of virtual compounds, i.e. compounds that were not yet synthesised and
therefore no information about any toxicity endpoints is available. This situation corresponds to
traditional multi-task modelling and no substantial benefit over the best single task approaches should

be expected in most situations.

For toxicity predictions across different endpoints for compounds with no available toxicity data,
multi-task DNNs may be the beshoice. Depending on the dataset, these models might provide a

slight benefit in performance over single task models. Furthermore, the use of ateslitDNN can
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save computation time compared to the training of single task QSAR models for each irdividua
endpoint. Generally, a prerequisite of deep learning methods is the availability of sufficient data
(usually several thousand compounds for QSAR models). For the datasets under study, XGB was found
to be the best performing single task QSAR model asdlso a time efficient algorithm, which makes

it a good default choice for single task QSAR models. XGB may have many hyperparameters that need
to be selected, but a previous study provides a good starting point for QSAR r{Sklet&lan et al.,

2016)

Multi-task imputation models should be considered if toxicity predictions are to be made for
compounds which have already been characterised in some toxicity tests. This may be tvbagse

for instancea drug candidate was already tested in sameitro toxicity assays or if additional toxicity

endpoints need to be evaluated for industrial chemicals, as governed under the REACH regulation. As
clearly shown in the present study, the inclusion of dataother toxicity endpoints may yield superior

QSAR modeléndpoints closely related to the target endpoiate most valuableRelated endpoints

Oy 06S ARSYGATASR dzaAy3a | (2EAO2f23Aa0Qa Ayiddzli
numericaldata or metrics like the Méntropy ratio for categorical data. However, even endpoints that

are not obviously related to each other may still prove useful in imputation models.

A welldefined applicability domain is essential to use a QSAR model to suppEgulatory decision.

The present study suggests that imputation models can make reliable predictions for a wider chemical
space. Hence, imputation models may be particularly useful in situations where the applicability
domain limits the use of QSAR dw®ds in practice. In conclusion, imputation models have the potential

to improve the performance of QSAR model for toxicity prediction used in practice and to extend the

range of situation where their use would be justifiedréplace other testing methods
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Chapter 7 Interpretation of neural networks for QSAR
modelling

Interpretability of QSAR models is an important issue, especially when they are used to make high
stakes decisions in the context of evaluating the safety of chemicals. Being able to understaand why
model made a particular decision increases the confidence in the predictions and thus the acceptance
of the model tremendously. This point is also reflected in the fifth OECD principle for the use of QSAR
models in the context of regulatory decision nrakwhich states that models should be interpretable
(OECD, 2004Neural networks (especially DNNs) have been found to be a venpevésiming
algorithm for QSAR modelling. However, their complex structure (i.e. composftimmterous non

linear functions) precludes a straightforward and intuitive way of interpreting their models, which is

why they are often referred to as black boxXgsyolaGonzalez, 2019)

Several approaches to achieve interpretability for DNNs and other ML algorithms in the context of
QSAR modelling have been described. One possibility is to assign importance to input features. This
canbedonSA G KSNJ It 20Ffte& O0OADPSP GKS AYLERNIIYyOS 2F TS
f20lftf& O0A®PSd GKS AYLRNIIYyOS 27F ®@lénaddmdaetal., T2 NJ K
2020) Methods that determine local feature importance are also called attribution methods. Some
attribution methods have been specifically developed for neural networks (grabesed), while

others can beapplied to any ML technique (e.g. LIME, SHAP, perturbation methods). Other
approaches attempt to interpret neural networks by exploring the chemical meaning of neurons in

hidden layer of the networks.

7.1 Feature #ribution methods

Local importance carbe determined by approximating the complex mod&@with a simple,
interpretable one’Q as done in the LIME (Local Interpretable Mealghostic Explanations) approach

(Ribeiro et al., 2016)I'he explanation model in LIME has the form:
Qw %o %000

Where wis a binary vector representation of the datestance to be explained of dimensionality

and %o is the coefficient indicating the importance of the element ofa To train the explanation
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model, artificial instances are generated which represent sampled subsets of the bits setvactibre

of the instancen These artificial instances are labelled using the original niéd€he explanation
model is of linear form and during training higher weight is given to artificial instances more similar to
waccording to some similarity mea®. The LIME approach has not been widely used with QSAR
modelling thus far, however, it was used recently with the aim to identify relevant features-MiNa k
model trained to predict activity of compounds agaiRstudomonas aerugino¢Bugeac et al., 2021)
However, the authors did not demonstrate the validity of the LIME approach in combination with

QSAR models (i.ehowing that the method identifies features known to be relevant for a certain task).

The SHAP (Shapley Additive Explanations) mehaadberg & Lee, 201Was first applied to QSAR

models by RodrigueRerez and BajorattRodrigueZPérez & Bajorath, 2020anhd can be considered

an extension to LIME. This method combines a lifeature attribution model with the concept of

Shapley values, which, originating in game the¢Bhapley, 1953)allocate contributions to
participants of a collaborative game. Applied to model interpbdity, this concept can be used to
YSIF&dz2NB GKS O2y i iNROGdziA2Y 2F AYRAGARIzZ f FSI (GdzNBa
measure the importancéof a feature@ 2 | LINBRAOGA2Y |4 GKS OKIy3aS A
the feature is added, averaged over all permutations of feature subsets according to the formula

P

0A
P

%0 SYASis $% pAQY QO QY

Where( is the number of features antfare the feature subsets not containiff@This approach is
prohibitively expensive, as it requires retraining the model with all possible feature subsets. However,
by sampling artificial instances, a local explanatiordetsimilar to LIME can be trained where the
feature attribution values represent approximated Shapley values. SHAP is aaodstic approach

and hence can be used to explain any supervised machine learning model based on a binary input

vector.

Rodrigue-Perez and Bajorath used SHAP in combination with a variety of QSAR models. They tested
the approach with different ML algorithms (RF, SVM, DNN), and two different chemical fingerprints
(ECFP4 and MACCS) on 10 bioactivity classification datasets refrieve@hEMBL. The method
outputs a SHAP value for each feature of an instance expressed as a positive or negative contribution
towards the prediction. The validity of the concept was confirmed in an experiment where descriptors
with high SHAP values weremoved prior to model training. This led to a strong decrease of global
model performance, while the removal of randomly selected features resulted merely in a slight

decrease of model performance. By mappingthebdp Y1 SR FSI (0 dzZNB & nioleddldr (G2 §K:
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structure, atoms contributing strongly to a prediction can be highlighted leading to a visualisation of

the model interpretation.

A different method specific for interpreting predictions made by neural networks is called integrated
gradients (IG{Sundararajan et al., 20171G belongs to the gradieftased method¢Ancona et al.,
2018)which assign importance to an input feature by determining its gradiatit respect to the
model output (i.e., the partial derivative for the feature value of a given instance). Greuheset
methods can only be applied to differentiable models (DNNs are differentiable). In the IG method, the
gradient of each feature is inggated along a straight line between an input veaioand a baseline
vectorw (in the case of chemical fingerprints the baseline vector is when all bits are set to zero). The

straight path betweerw andwcan be described with the term

w T W w
Wherel takes values in the range,[J. The attribution for a feature'®f an instancevis computed
by

o T @ I o w |
W w W w QT

Where™O is the neural network model. In practice, the integral can be approximated by repiacing
with a sum of partial derivatives evaluated @tequally spaced steps on the path framto was

follows:

Q...
T @ a—woo W R
Tw a

A useful property of IG is that the sum difattributions for a given instanasis equal to the difference

Ay (KS Y2 R Siaidhe padalineidzG has dadh applied to QSAR models together with
Morgan fingerprints(Preueret al., 2019) Similar as for the SHAP approach, positive and negative
contributions of fingerprint bits can be mapped back to atoms of a test compound. To visualise the
interpretation of a prediction, atoms with high positive or negative attributionloarmighlighted with

colours. IG has also been applied to GCINsénez_una et al., 2021)

Other commonly used approaches are based on manipulating input instances (also known as
perturbationbased) and these are modagnostic (i.e. applicable to any model). For instance, the
methodW& A YA f | (Rikike& Leridrudd, 2018ptermines the importance of atoms to a model
prediction by removing fingerprint bits associated with the respective atom and comparing the

prediction for the modified fingerprint to the reference fingerprint belonging to the odified
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compound. A similar approach extends the idea to determine contributions of arbitrary fragiffents

G. Polishchuk et al., 2013)o determine the contribution of the selected fragment to a prediction,
the prediction for the original compound is compared to the pegidn for the modified compound

after removal of the fragment. The difference in prediction then is attributed to the removed
fragment. This can also be applied to combinations of distant fragments to test for synergistic effects.
The validity of both methds was evaluated by focussing on compounds where the importance of
substructures to the observed activity is known. In another study functional groups were added to
existing compounds and the difference in predicted activity was used to estimate the effec
modifications to the compoundWenzel et al., 2019)This approach is intended to aid medicinal

chemist in modifying lead compounds to obtain desired molecular properties.

In most of the above mentioned studies, the proposed method was validated by reporting examples

where the provided gplanation matches the true cause of activity. However, no thorough evaluation

across a complete dataset was conducted. Sheridan used a perturdmtsad approach to

investigate the robustness of attribution methods with regard to different ML algoritfinduding

DNNs, RFs and XGBoost) and chemical descriptors (including ECFP4, APDP, DRUGBITS as a fingerprint
describing common groups found in drugs) on a range of datéSeexidan, 2019)t was observed

that the detemined atom attributions are very sensitive to the selected metidedcriptor pair, and

Y2NB a4SYyaAriaA@sS GKIFIy GKS O2NNBalLRyRAYy3I LINBRAOGA2:
aSta 6KSNBE (KS (GKS2NBUGAOIt QOB WRING &FA 2y ORY LR diy R
as the to the number of negative charges in the compound), it was shown that not all models yield the
expected atom contributions. These findings demonstrate that the atom colouring is not as robust as

was expected and Shdan concluded that more studies are required to validate the suitability of a
particular attribution method on a range of datasets and chemical descriptors. Recently, the use of
benchmark datasets for interpretability of QSAR models was prop@gedveieva & Polishchuk,

2021) The publication contains a range of synthalatasets for regression and classification tasks
GKSNE G(KS WIOGA@QGAGEQ 2F O2YLRdzyRa A& FdAte RSGS
groups or pharmacophores. One main conclusion from that study was that high prediction accuracy is

a prerequsite to achieve good model explanations, yet a good prediction does not guarantee good
explanations. Making use of benchmark datasets seems like a sensible approach to advance the field

by identifying the most useful techniques.
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7.2 Interpretation of hilden layers

While feature attribution methods can be useful to understand the predictions made by a DNN, they
do not shed light on the precise mechanisms by which learning in the network happens. Hidden layers
of a DNN perform nofinear transformations o the representation input into the network. For a
network to make accurate predictions of toxicity, the hidden layers need to encode chemical features
linked to the task the DNN was trained on. Several studies have investigated the chemical information

encoded in hidden layers.

In analogy to classical chemical fingerprints, the activations of neurons in a hidden layer can be
considered as a neural fingerprint that has learned a chemical representation tailored to solve the
prediction tasKMenke & Koch, 2021)n the cited study the neural fingerprint was used in a similarity
based virtual screening experiment. In order to find actives for a given target, compounds with a
similar neural fingerprints (taken from a DNN train® predict activity on the target) to a query
compound were retrieved. In a different study, the similarity of activations across all hidden layers
was proposed as a measure of tagecific chemical similaritgAllen et al., 202Q) By retrieving
training compounds most similar to a test compound, this metric was used to support and rationalise
0KS Y2RSfQa LINBRAOGAZ2yad {2ayAy SiG Ifod dzaSR 5bb
representations of chmicals with the $SNE method, which embeds them in a 2D sf&osnin et al.,

2019) Distinct clusters of compounds having high acute toxicity emerged, which presumably
correspond to different mechaniss of toxicity. All those studies demonstrated that hidden
representations of chemicals in DNNs are meaningful in the context of the investigated bioactivity or
toxicity tasks. However, no attempts were made to explicitly extract the chemical meaningddarn

the hidden layers.

Information learned by DNNs has been most extensively studied for visual tasks performed by CNNs.
It has been shown that a DNN constructs features of increasing complexity throughout the different
layers of the networkLee et al., 2011When detecting faces, for instance, lower layers detect simple
structures like blobs and edges from the raw pixels, while deeper layers combine those simple
structures to more complex objects such eyes and noses. Analogously, when learning representations
for chemicals, a DNN may detect the presence of simple substructures iovter layers and combine

those to more complex substructures that are meaningful for the task at hand.

Some attempts have been made to understand the chemical features learned in hidden neurons of a
DNN. It was shown on the Tox21 dataset that the atitm of hidden neurons can be correlated to

the presence of toxicophores (known toxicophores for various toxicity endpoints were considered) in
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the compound(Mayr et al., 2016)Furthermore, it was shown that the size of detected toxicophores
(in atoms) increases in deeper lay@Pseuer et al., 2019However, those studies ditbt investigate
whether those detected toxicophores are related to the modelled toxicity endpoints of the Tox21
dataset. A hidden neuron may in principle kesponsive to a chemical pattern without the network
using this information for the eventual prediction. The two cited studies shed some light on the
mechanisms by which DNNs may learn features, but no attempts were made to leverage this

information to nterpret predictions made by a specific model.

7.3 Objectives

The aim of this project is to interpret QSAR models for toxicity prediction based on neural networks
by understanding what chemical patterns are learned by single neurons of a network. Sffoiter

have been made for image recognition tasks and are referred to as feature visualisation or activation
maximisation(A. Nguyen et al.,, 2019; Olah et al., 201&pproaches to achieve this include (i)
inspecting exemplary images that strongly activate a ney®zegedy et al., 2014{jii) optimising
images in the input space to strongly activate a neut@rhan et al., 2009nd (iii)using generative
models with the objective to create images that strongly activate a ne(#oNguyen et al., 2016)

For the task of predicting toxicity of chemicals, it is of interest to find chemical)$srlotures that
strongly activate a neuron. Approaches for feature visualisation are distinct from approaches
attributing importance to input features. The former approaches return features learned in hidden
layers of the network, while attribution methods demine what features in the input space drive a
prediction. In the domain of image recognition, feature visualisation and attribution have been used

complementarily to enhance the understanding of a Di@iNh et al., 2018)

In this project, neural networks based on substructure fingerprints, specifically Morggerpiiimts
from the RDKit package, are used. Initially neural networks consisting of a single hidden layer are
considered before attempting to extend the developed approaches to DNNs. Based on trained neural

networks, the following objectives were pursuenidaare described in different chapters of this thesis:

9 To explore the space of neuron activations of training compounds including correlations
between different neurons and the link between activation of single neurons and the
prediction made by the netwdr. (Chapter 8)

9 To explore chemical patterns detected by single neurons using both training compounds and

learned weight parameters of the network. (Chapter 8)
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1 To develop a method to automatically annotate hidden neurons of a neural network with
substructues that activate the neuron and compare the detected substructures to known
toxicophores. (Chapter 9 and 10)

1 To develop a method that combines substructures known to activate hidden method with an
attribution method measuring the importance of a neuronagrediction and compare this
method to a feature attribution method. (Chapter 10)

1 To apply the developed methods to DNNs (2 hidden layers). (Chapter 11)
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Chapter 8  Exploration of chemical features learned in
hidden neurons of neural networks

8.1 Introduction

Neural networks and deep neural networks (DNNs) represent popular techniques for toxicity
prediction, which are considered as difficult to interpret bldkk models. To gain a better
understanding of their inner workings, this chapter explores charactesisfia neural network model
containing a single hidden layer trained for predicting toxicity. The fundamentals about neural

networks have been described in section 3.4.8.

The overarching aim of the work in this chapter is to understand how the netwaKdaaned to
predict toxicity by identifying the role of individual neurons of the network. Specifically, it is
investigated whether chemical (sybtructures can be identified as causes for the activation of
individual neurons. This can be considered asagplication of feature visualisation, which is a
technique used in image recognition tasks to understand what visual stimuli a hidden neuron responds
to (Olah et al., 2017)n a binary classification task, features learned in hidden neurons may be linked
to positive or negative predictions. Herfeatures learned by neurons linked to toxic predictions are

inspected with the aim of identifying chemical features linked to toxicity.

The chapter begins by introducing the data to be explored and the basic model building process. The
methodology is tha presented including a brief introduction to the structure of a neural network. In

LI NI AOdzf  NE I RSAONARLIIAZ2Y Ada LINRPODARSR 2F K2g | O
chemical features and learned model weights. Confidence is introdasedmeans to evaluate links
between activation of individual neurons and predictions made by a model. The feasibility of the
intended concept is explored on a relatively simple neural network with just one hidden layer. In a
first step, general analysesnaneuron activations were conducted, namely inspecting the range of
activations for various hidden neurons. In a further analysis, correlations between the activations for
different hidden neurons were evaluated to determine whether different neurons raasnl similar
features. In the following steps, attempts were made to determine which chemical features are
detected by a specific hidden neuron. This was done by inspecting both compounds that strongly
activate the neuron and fingerprint bits that have hilgarned weights in the hidden neuron. Finally,

it was investigated how certain known toxicophores cause activations of various neurons across the
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network to gain insights in the workings of the network as a whole. All of the analyses served the

purpose d determining whether chemical features causing activation of hidden neurons can be found.

8.2 Methodology

8.2.1 Dataset

Ames mutagenicity was selected as the toxicity endpoint for this study, as it represents a well
understood mechanism of toxicity andany different toxicophores have been identifi@éidazius et
al., 2005; Sushko et al., 2012his means there are clear expectations ba themical features a
neural network needs to discover to accurately predict Ames mutagenicity and therefore features
identified by the neural network can be compared to known causes for mutagenicity as a means of

validation. To obtain the Ames dataset fois study, data from the following sources were combined:

1 A curated version of the Hansen datagebinsen et al., 2009yreated by Sherhod et al.
(Sherhod et al., 2014)

i The ISSSTY datagBenigni et al., 2013)

1 The EURECVAMEuropean Union Reference Laboratory for Alternatives to Animal Tgsting
Ames positives D& orvi & Madia, 2017)

1 CGX (Carcinogenicity Genotoxicity experience) datatiéddand et al., 2005)

1 Genotoxicity and Carcinogenicity database for marketed pharmaceut®aysier, 209)

The ISSSTY dataset contains data for a number of different bacteria strains as waleifoa the
W2@SNItf OFfftQ oLRAAGAGS AT G €SLabd 2yS &GN Ay
compounds labelled as negative or pos were kept, compounds labelled as equivocal or
inconclusive were removed. The other sources contain data for an overall call only (that is, a single
label). The curated Hansen dataset contains binary labels and no further changes were made. For the
EUR-ECVAM dataset, compounds labelled as equivocal were removed. This dataset originally
contained no SMILES strings. Where possible, SMILES strings were retrieved from CAS numbers using
the CIRpy package in Pyth(Bwain, 2015)For the remaining data sources, compounds with missing

or equivocal labels were remed. After these processing steps, each compound was labelled with a

binary outcome for the Ames Test.

Subsequently, the SMILES of all compounds were standardised using the same procedure as described

in Chapter 5. In the following, data instances with idlead SMILES were aggregated using a majority
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vote of the labels. If equal numbers of positive and negative labels were fouadgiven SMILES, the

compound was dropped from the final dataset. The final dataset consists of 7662 compounds.

The dataset wasplit into a training set, a validation set and a test set using a random split with
proportions 80:10:10. The neural network model instance used in this chapter was obtained by
training on the training dataset and evaluating on the validation set asrithescin the following
section. The explorative analyses in this chapter were done using the training set. The validation set
was used for hyperparameter optimisation of the model and is used in the following chapter to
develop and validate a method to eatt chemical features causing hidden neuron activation. The

test set was held back for final evaluation.

8.2.2 Model training

The investigations in this chapter are applied to a neural network model containing a single hidden
layer to test the intendedpproach initialy on a fairly simple model. Irh@pter 11, the investigations

will be extended to DNNs. The model instance was obtained using a grid search for hyperparameter
optimisation. The evaluated and selected parameter values are given in TablEh@ models were
implemented in PytorcltiPaszke et al., 2019)ith binary Morgan fingerprints of radius 1 mapped to
2048 hts used as chemical descriptors. Using radius 1 gave the best model performances in
preliminary studies (results not shown). The ReLU activation function was used for neurons in hidden
layers. In all cases, binary cross entropy was used as the los®fuant optimised using the Adam

optimiser.

Table8-1 Parameters used for hyperparameter optimisatio8elected parameters in bold.

Hyperparameter Tested values
Neurons per layer 512, 1024, 2048
Batch sizdor optimisation 16, 32, 64

L2 regularisation of neuron weights 0, 0.000010.001
Dropout 0,0.2,05

Learning rate 0.0001, 0.00033).001

Each model was trained for a maximum of 10 epochs using early stopping to prevent overfitting.
Specifically, theperformance on the validation set was recorded after each epoch and the best

performing model instance (after a particular epoch) was retained. The models were evaluated using
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ROGAUC score. The best performing model instance was used throughout thisecha&p can be
seeninTable®Z (GKS 200l AYSR Y2RStf AyadlyO0SQa KARRSYy fI
of the obtained model is reported in the results section.

8.2.3 Neural network structure

Figure 81 shows the architecture of a DNN withdwidden layers. Each data instance (for training or
prediction) is represented as a feature vector provided in the input layer to the network. For this
project, substructure fingerprints were used as chemical descriptors. Each bit set on in a substructure
FAYASNILINAYG OFly 6S GGNROMzGASR G2 | RSTAYSR 4&adza

substructures are circular chemical environments centred at a particular atom of the compound.

Input layer

X3: 4™ bit from Morgan FP

1%t hidden layer

Qo1 = f(xp* Wiy + X% WPy + o4 x6% Wy + b))

ReLU: f(x) = max(0, x)

2"d hidden layer

\ // a > = f(agg * Wc},z +ap, * W11,2 + ot dga* Wi,z + b%)

6 Output layer

_ 2 2 2 2
y=0a(a0* Wog+ ayq* Wig+aip* wig+ by)

1
1+ exp(—x)

sigmoid: o(x) =

Figure8-1 Architecture of a DNNShown is thearchitecture of a simple (feddrward) DNN with 2 hidden layers. On the
right side, equations for all neurons highlighted in red are provided.

When a test compound is entered into a trained network, a numerical dciivaalue is computed
for each neuron, which depends on activations of neurons in the preceding layer as well as learned

weights and biases. Specifically, each neuron is connected to all of the neurons of the preceding layer
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by particular learned weight3.his means that a neuron in the first hidden layer receives input directly
from all bits of the chemical fingerprint used as input. In general, the activation of each hidden neuron
represents a linear combination of neuron activations in the precedingrldgllowed by the
application of a nodinear activation function. Thus, neurons in the second hidden layer receive inputs
from the first hidden layer and so on. Activation of a hidden neuron for a particular data instance (train
or test compound) referso the numeric value the neuron holds after application of a dliapar
activation function as shown in the equations in Figwk & general, activations are dimensionless

have no explicit meaning in the network beyond that.

While activation values hava apparent meaning, a model capable of accurately predicting toxicity

must contain some information related to the modelled toxicity endpoint in its hidden representation.

In each hidden layer, the representation of an instance is transformed intoeaatiffform encoding
AYVF2NXYIFGA2Y fAY1SR (G2 GKS 02YLRdzyRQa (2EAOAGE@O® ¢
biases to minimise the loss on training instances. Properties such as toxicity of a chemical are linked

to its structure and hence iis expected that activation of hidden neurons corresponds to some
YSIEYyAy3IFdAgd NBLNBaSyidlidazy 2F I OKSYAOIf Qa &aiNdz

activated detect the presence of chemical groups linked to toxicity (i.e. toxicophores).

Neurors in the last (here second) hidden layer are directly linked to the output neuron of a network.
For binary classification tasks, a sigmoid function is normally applied to the output neuron in order to
obtain an estimated probability for the toxic classr&as input to the sigmoid function yields an
estimated (default) probability of 0.5. Hence, activation of neurons in the last hidden layer possessing
a positive output weight contribute towards an instance being predicted as toxic, whereas the
opposite ighe case for neurons with a hegative weight. Inspecting the output weights of neurons in
the last hidden neuron can be used to determine whether features learned in them are relevant for

toxic or nontoxic predictions.

A different method to determine thassociation of a hidden neuron to an output class is computing
its confidence (of a positive prediction) for training compounds. This requires the activations of hidden

neurons to be binarised using an activation threshold.

The confidence of a neuron islcalated according to the following formula:

wé € QOO0 wQ

3
where ¢ is the count of training compounds fulfilinthe stated conditions. For instance, if 100

compounds possess an activation higher than a selected threshold (e.g., 0.25) and 90 of these

compounds are predicted as toxic, then a confidence of 0.9 is obtained which indicates a strong link
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between activaibn of the neuron and toxic predictions. This method is not restricted to neurons in

the last hidden layer, it can be applied to all hidden neurons.

8.2.4 Exploration of neuron activations

In a first attempt to understand the characteristics of the neNp Q&4 KA RRSY f | 8@SNE y S«
for training compounds were explored. Specifically, for each hidden neuron, the maximum and the
average activation values were determined. Then, the distribution of those values obtained for all

hidden neurons was anaed.

Next, in order to gain some understanding of the relations between different neurons, the pairwise
correlations of neuron activations for all training compounds were computed. Each hidden neuron has
an activation value for each training compound dr&hce can be represented as asdimensional
vector (here n=5889, i.e., the number of training compounds). The pairwise correlation between two

I A~

YySdzZNPya ¢l a O2YLHziSR a GKS tSINAR2Y O2NNBflGAZ2Y

To further explore tk role of hidden neurons within the network, their link to positive and negative
predictions was investigated. For the activation of each hidden neuron, the confidence of a positive
prediction was computed, as defined above. This analysis requires a tfadeshbe set for the
activation value to determine when a neuron is activated. Since this selection is arbitrary, different
threshold values were examined. It is worth noting that these thresholds are merely artificial
constructs to support this analysim practice, activation of a neuron is not a binary process, and

instead defined by the equations shown in Figure. 8

8.2.5 Exploration of chemical features learned in hidden neurons

Two different sources of information were considered to attempt deritify chemical features
responsible for neuron activation: first, the compounds most strongly activating a neuron; and second,
the bits of the chemical fingerprint having high weights for the neuron. Neurons linked to toxic
predictions according to comfence values were analysed, as these are expected to detect chemical
features responsible for a compound being mutagenic. In addition, some neurons linked-toxion
predictions and neurons with neutral confidence values were also analysed. The amedysed was
characterised as being associated with toxic or-tmtic predictions, and confidence values (for
different thresholds) and its output weight (to the single neuron in the output layer, see above) are

reported.
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For the compound analysis, the Training compounds most strongly activating the neuron (referred
to as Topl2 compounds) are displayed and common chemical substructures among them were

searched for manually as potential chemical features learned by the neuron.

For the analysis of fingerpt bits, the 18 bits having the highest positive weights (referred to as Top
18 bits) are displayed. Also displayed are bits that encode atom environments linked to the potential
chemical features identified from the Td® compounds analysis. This wasd to examine whether
those bits have significant positive weights, even though they are not part of thd3 dgs. Due to

the nature of Morgan fingerprints, a chemical group such as a +atdth toxicophore is encoded by
multiple fingerprint bits and lhthose bits need to be considered to determine the neuron activation

caused by the group.

8.2.6 Networkwide activation analysis for prototypical toxicophore compounds

To understand what activations single compounds cause across the network, acsviaticsimple
compounds containing known toxicophores for mutagenicity were obtained. In particular, the number
of activated neurons was determined for various thresholds. Since all the compounds possess well
characterised chemical groups linked to mutagégj this analysis allows an estimation of how many
hidden neurons may potentially be responsive to compounds havinggheifictoxicophore. Finally,
neurons strongly activated by the aromatic azide compounds were analysed in more detail. In
particular,activations for azide compounds in those neurons were compared to mean activations for
all training compounds. In addition, learned weights for fingerprint bits corresponding to various atom

environments linked to azide groups were compared between thesgons.

8.3 Results and Discussion

8.3.1 Model evaluation

Figure 82 reports various classification metrics of the selected model on both the training and the
validation set. Unsurprisingly, the model performs better on the training set. Nonethdlessfarms
reasonably well on the validation set with a R®IGC of around 0.9, accuracy of 0.82 and an MCC of
0.65. The balanced accuracy is similar to the (regular) accuracy indicating that the model possesses

comparable predictivity for both mutagenic @monmutagenic compounds.
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Figure8-2 Performance of the neural network modelCompared are performances on the training and the validation set

using a range of classification metrics.

8.3.2 Exploration bneuron activations

The first analysis of the trained network was conducted on hidden neuron activations obtained when

training compounds are given as inputs to the model. FigeBesBows the maximal (A) and mean (B)
activation for all hidden neurons ogouted across all the training compounds and TabRI8ts the

percentiles of these distributions.
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Figure8-3 Maximum and mean activation of hidden neuron¥hemaximum and mean activatiovalues ér the hidden
neurons were computed across all training compounds.

Table 8-2 Percentiles of distributions for maximum and mean activation of neuroriBhe percentilesdescribe the
distributions depicted in Figui@-3.

Max activation Mean activation
20" percentile 0.274 0.011
40" percentile 0.537 0.037
50" percentile 0.610 0.050
60" percentile 0.681 0.063
80" percentile 0.847 0.089
100" percentile (max) 1.77 0.35

For most neurons, the highest activati values found are below 1 and the mean activation values

across training compounds are below 0.1. For some of the neurons, none of the training compounds
cause strong activation. For instance, for 46 of the neurons there were no activation values above
0.01. These neurons seem to be irrelevant to the model, as their activation does not vary between

different compounds.

To further understand the activation space of hidden neurons, the distributions of activation values
for single neurons over training compnds were inspected. For this analysis, four exemplary hidden
neurons were selected, based on the different characteristics of the distributions. Figush®&ws

the distribution of training compound activations for the neuron&73 (A), 1392 (B), 1478 (C) and
1-511 (D).
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Figure8-4 Activations for individual neuronsA: 1-173,B:1-392,C:1-478,D: 1-511. Note that the activation axes for the
neurons are on different scales.

Some differences can béserved between the different distributions. For neurod18, around 5000

of the training compounds cause an activation noticeably larger than zero, whereas for the other
neurons fewer than 2000 compounds cause an activation. In addition, the maximehtiacts
observed vary from around 0.2 for neurorlZ3 to 1.2 for neuron-b611. These findings demonstrate
that some neurons seem to be activated by a wide range of compounds and hence different input

descriptors, whereas for others a narrower set of compas leads to significant neuron activations.

In the following, pairwise correlations between hidden neurons were analysed in order to investigate
potential relations between different hidden neurons. In particular, activations for all training
compoundswere used as a vector to represent activation space for each nedrdrigh positive
correlation between two neurons suggests that those neurons detect similar chemical patterns,

whereas negative correlations indicate compounds that possess high actvdipmeuron A, and
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low activations for neuron B, or vice versa. Neuron correlations for the training set are visualised as a

heat map in Figure-8A and as a histogram in Figur&B.

Figure8-5 Pairwisecorrelations of neuron activationsFor the training set, all pairwise neuron correlations were computed
and visualised as a heatma}) @nd a histogramB). Only neurons with a maximum activation larger than 0.01 in the training
set were included. Thidlitering led to the exclusion of 46 of the 512 hidden neurons.

In the heatmap, blue cells indicate a positive correlation between neurons, red cells a negative
correlation, and white cells a correlation coefficient of around 0. The highest pairwiseatmmel

(not considering correlations of neurons with themselves) were found to be around 0.8. It can be
hypothesised that these pairs of neurons learned to detect similar or even the same chemical patterns.
Negative correlations in the dataset were fourndae weaker than the positive ones (strongest around
-0.5). Negatively correlated pairs of neurons cannot be expected to detect the same or similar

chemical features. A hidden layer neuron may possess learned negative weights for certain bits of the
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