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Abstract

Providing safe, timely and affordable treatments is a major challenge addressed by big phamporiant
computational technique that is established in risk assessment as an alternative method to animal testing
Quantitative Structurdctivity Relationship (QSAR) modelling. In drug discovery, QSAR models are utilised to
predict the properties ofemw compounds, thus reducing the number of tests required and associated risks of
potential side effectéeading to high costs and drug attritioviet, their value is limited in the absence of

information regarding the reliability of their predictions.

The current research contributes to the understanding of limitations associated with uncertainty estimatior
methods for QSAR models and their implications on the validation of Absorption, Distribution, Metabolism and
Excretion (ADME) models. The aim of thisdsis is to investigate the value of machine learning algorithms in

the estimation of errors in QSAR models and report on their performance for different ADME endpoints.

The study focuses on the evaluation of error models as a method for identifyinggredityed compounds and
estimating the uncertainty of QSAR predictions. Assessment of the models takes into account the correlations
the error estimates to the actual prediction errors and the magnitude of the error estimates in relation to tt
experinental error. The error models are then integrated in the conformal prediction framework for the estimation
of compounespecific prediction intervals. For this purpose, a new normalisation method that combines error
models and applicability domain featuissiefined. The results of the assessment suggest that the performance
of error models is influenced by the quality of the QSAR model and the presence of measurement bias in th
modelled ADME data. It is shown that considering different types of featrdseierror models provides a
flexible approach for optimising not only the efficiency of prediction intervals buteaisaringthat they are
correlated tothe actual prediction error.
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Chapter 1 Introduction

In the present age of Big Dataachine learning algorithms hawsnergedas an indispensable tool for the
exploration of complex data across many domains. In chemoinformatics, machine learning algoedppised

to mine chemical databases and identify trends in experimental dataathée exploited for chemical property
prediction particularly, in the study of Quantitative Structuketivity Relationships (QSAR) and Absorption,
Distribution, Metabolism and Excretion (ADME) property prediction. These techniques are of primary interes
the pharmaceutical industry where they are used to guidedevelopmenbut also in the regulation of chemicals

for the assessment of risk. Despite their widespread use, the use of machine learning algorithms has been critici
due to the lack afeliability estimates for their predictions. A range of approaches for the estimation of reliability
in QSAR predictions are available, yet, there is no eosigs on a single best approach: omthod involves
estimating the errors @f prediction modalsng a secondnodel i.e., anerror model.

This thesis aims to investigate the performance of error models and assess whether these are useful for 1
estimation ofuncertainty inphysicochemical and ADME property models. The focus iewauating error
models in the detection of poorly predicted compouadd theestimationof uncertainty in QSAR predictions

with confidenceThe objectives of this study are threefold: 1as3esshe predictive performance of regression
error models, 2) tevaluatehe utlity of error models ithe detection of prediction error outliensd 3o evaluate

the utility of error models as methodsconfidence estimation. The contents of each chapter are outlined below.

Chapter 2 provides a brief introduction to chemoinformatics and defines basic concepts such as molecular
similarity and the representation of molecules. It also discusses the use of chemoinformatics techniques that &

applied to support the drug discovery process.

Chapter 3ntroduces the theoretical assumptions of QSAR modelling, the main components of a model and the
guidelines for the development of a standard modelling workflow. It discusses the importance of statistical
techniques for the purpose of modeliop$ation and validation, and introduces the standard measures used to
assess model performance. The main methods for estimating the reliability of QSAR predictions using the conce
of the applicability domain is reviewed and an introduction to confideatimation methods applied in QSAR

is provided.

Chapter 4describes the datasets that were used to buildnitierlyingQSAR modelsand error models that were

investigated the experimental chapters that follow.



Chapter 1 Introduction

Chapters 5 to describe the experimental vkacarried out in this thesis and report the resafltie investigations.
Chapter Fescribes the QSAR modelling workflow and presents the underlying models that were used as a bas
in the investigations ofhe following chapters. Chapter @Fesents thesrror models that were built for the
estimation of prediction errors of the wunderlyin
evaluated for their ability to rank predictions based on their true accuracy. The size of the error estatsaes i
assessed while taking into account the experimental error of the data. This Isyaégpdying an information
theoretic framework, which requires that measurements and predictions are represented aktyprobabi
distributions. In Chapter @onformalprediction is applied to estimate prediction intervals using the estimates of

error models and their results are analysed to evaluate the utility of error models in confidence estimation.

Finally, Chapter 8 summarises the conclusionthisf work, outlines the limitations and makes suggestions for

future investigations.



Chapter 2 Chemoinformatics

2.1 Introduction

Chemoinformatics is focused on the development of computatiogthlodghat address chemical problems and
facilitate decisiormaking proceses in the chemical and related industries. The emergence of the term dates to
the late1990s andis linked to the technological advances of the time that resmltisdtreasing chemical data
generated by the industry and the reseamhmunity(Engel, 2006) Y et, important statisticalechniqueshad
already been developéar the study of organic chemical structufemm as earlyastheé 3 (Fgjita & Winkler,
2016)The invention of computers in the 1940s meant that they woulddlzle for researchybthe 1950s

During that decade, lat of work focused on documentation, such as the development of methods for archiving,
processing and centralising collections of data of then@ical Abstract Service (CAS)YPowell, 2000; Willett,

2008) The storage and retrieval of chemical information in databases were among the first challengesiaddress
which helped establish fundamental concepts and methods for the representation of chemical compounds in
machinereadable formaby the end of the decadEhe next three decadesre followed by the development of
computational methods for the analysis of substructures in chemical databases and their extension to mo
advanced applications, such as the development of strattivity relationships and chemical expert systems

for automated structure elucidation and compatded synthesiéEngel, 2006; Leach & Gillet, 200.7By the

early 1990s, advancements iiotechnology and higthroughput screening technologies contributed to the
development of molecular modelling and structo@sed virtual screening techniques, which created new

opportunities for the discomgand development of new drufisavecchia & Di Giovanni, 2013; Powell, 2000)

This chapter is a brief introduction to the basic concepts of molecular similarity and molecular representation ir
chemoinformatics. It also discusses how chemoinformatics has contributed to the development of the moder

drug discovery process andiitrates the types of problems that chemoinformatics techniques aim to address.

2.2 Similarity -property principle

A concept that is widely usén chemoinformatics applications is thmablecules with similar structureselikely

to exhibit similar chemical mperties(Johnson, Basak, & Maggiora, 1988his is more widely know as the
similarity property principlgMaggiora, Vogt, Stumpfe, & Bajorath, 2014hd its implications extend to the
interactions of molecules in biological systems and their ability to bind to biological tafgetsresult, the

concept of molecular similarity is widefpplied for examplein similarity searching to search for moldes that

3



Chapter 2 Chemoinformatics

are similar to a known compoundth a desired property; or in quantitatisguctureactivity relationshipgo
predict theactivity of new compoundghat are structadly similar to other compounds that have been tested
However,the definitionof similarity is not trivial as it depends on the molecular representation selected to
investigate a structwactivity relationship(Nikolova & Jaworska, 2003)A main limitation of the similar
property principle is that it not continuous, as it is too simple to explain more complex, chemieaitione
(Bender & Glen, 2004)This introduces discontinuities in the structacgivity relationship caused by molecules
with similar structuredput significantly different bioactivity values(Maggiora, 2006)These discontinuities are
referred to asctivity cliffs and, recentlythey havebeen exploited tounderstandhe limitations ofstructure
activity relationships and how these may be best utiliselde structural optimisatioof newcompoundéCruz
Monteagudo et al., 2014; Stumpfe, Hu, Dimova, & Bajorath, 2014)

2.3 Molecular representation

In chemistry, molecular structure is encoded using three main formats: structure diagrams, molecular formula
andsystematic namestr8cture diagram are he mostfrequently use@nd information rich representation of the
three, as they illustrate the topological arrangement of atoms and bonds in the structure using chemical symbc
and linesThis representation ebles chemists to estimate molecular properties (e.g. electrostatic) empirically or
theoretically based aeir intuition ofinter- or intramolecular interactions of the atoms using pencil and paper.
Chemical diagrams also represent informatiat is ofen implicit to the structure and can do this via formalisms,

e.g. d, I- stereochemistry, which may be easily interpreted by a chemist but more difficult to interpret by a
machine. Molecular formulas provide a summary of the atom count and atom typaa betambiguous, as the
same molecular formula may be used to describe more than one chemical stiiadile#2-1). More than one
chemical name may be available taclébe a single structure and even though a systematic, unambiguous name

of a structure may be defined, it maly be intuitive to chemists.
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Table2-1. Example of chemical nomenclature for caffeine

Graph — O\ >

Systematic Name | 1,3, Ftrimethyl2,3,6, #tetrahydrepurine2,6-dione

1,3, #trimethylpurine2,6-dione
Chemical Name 1,3, #trimethylxanthine
Caffeine

Molecularformula | CsH1oN4O-

2.3.1 Chemical representation in computers

Various techniques that translate chemical representations to maehdable formats have been developed,
which facilitate the storage and processing of chemical information in computers. The methods that are mor
widely used are mathematical graphs, regtion tables and linear notations; although thesesadmainly in

the representatioof small organic molecules. More specialised representations and notations are available for

more complex structures, such as proteins, polymers, mixtures and inorgdecules.

Mathematical graphs and connection tabldsathematical graphs may be used to define-dimoensional
structural diagrams where atoms and bonds are represented, respectively, by nodes éBdgsdgeB806). The
graphs preserve the topology the structure and atom information but also strictly adhere to the valence
connectivity rules that apply to chemical structure diagrams. The properties of mathematical graphs have bee
utilised in the development of search algorithms for the identificaif substructures and isomorphic structures
inchemi cal databases as well as the devel opment of

activity relationship studies.

A connection table may encode twar threedimensionaktructural information of a molecule in tabular form.

A simple connection table consiststafo main sections whereby the fiista list that enumerates all taloms
presentn the structur@andt he second i s a tabl e t dthertatoragheaan& Giket, e s
2007) More detailed connection tables contain additionaperties, suchastet oms & coor di nat e
stereochemistry centres atom chargeT he mo st widely wused connection
Molfile and the SDF format
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Linear notationsLinear notations translate connection tables irgtriag representation following a set of rules.

This representation was developed to support fast search, transnaisd compact storage of large collections

of moleculesin chemical database®ne of the earlst linear notations used, from the r@ifisuntil the 80s, was

the Wiswesser Line Nation (WLN). The WLN notation represented molecular structures as a string of letters;
and each letter represented a structural fragment. It was then replaced by the Simplified Molecular Input Lin
Entry System (SNLES) notation, which was easier to interpret even by-exerts in the fieldXu & Hagler,

2002)

The SMILES strings represent atoms by their atomic symbols; with uppercase characters denoting that they a
aliphatic and lowercase characters that they aromatic. Hydrogen atomgegssed, as irl aepresentations,
unless they belong to functional groups, which are enclosed in brackets. The notation also uses special charact
to encode charges, bond order, chirality and isomers. Rings represented by attaching a number to the atoms c
ring-opering bond and branches are enclosed in parentiiésash & Gillet, 2007;Weininger, 1988) An
important requiremerior the storage and retrieval of the correct structimdatabase systerissthat there should
correspond a unique and unambigustring representatioto eachmolecular structuréXu & Hagler, 2002)

This is done through canonicadition, which assigns atoms of a molecular graphs a unique order. The Morgan
algorithm is a wetknown method for applying canonicalization, which orders the atoms by calculating their
connectivity value over a number of iteratiofisach & Gillet, 2007) Atoms are ordered by descending
connectivity values and ties are dealt with by taking &tcount the atomic number and the bond ofZmonical
SMILES that are unique for each molecule are generatadimilar wayusing the CANGEN algorithr{Leach

& Gillet, 2007)

The International Chemical Identifier (InChl) was developed by the International Union of Pure and Applied
Chemistry (IUPAC). It was mainly developed for the pwgof establishing a universal identifier and to address
unresolved issues of SMILES strings regarding stereochemistry and tautomers. Each unique, chemical identifi
is a canonical alphanumeric string that encodes the structural information of thesguctu n 61 ay er s 6
i.e.,constitution, charge, fixed hydrogens, stereochemistry, isotopes and the reconnected layer. As standard InC
strings increase in length and become more complex as molecule size increases, they can be replaceddvith stan
InChl keys, which are compact chemical identifiers generated by hastetigr, McNaught, Pletnev, Stein, &
Tchekhovskoi, 2015)
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Table2-2. The connection table representation for caffeine in MDL Molfile fdrgemerated using Marvin Sketch
(ChemAxon, 2016) and linear notations retrieved from DrugR#ikhart et al., 2018)

Mrv16b2109851917443D
1415 8 @ @ @ 999 V2008
48401 -1.7846 ©.0908 N © © © @ @ © O © © 1 @ @
-6.3465 -1.3844 ©.0006 C © © © @ @ © @ 8 @ 2 @ @
-6.8224 ©.0802 ©.0008 N © © © @ @ © @ © © 3 @ @
57919 1.2247 ©.8988 C © B © @ @ © 0 B © 4 @ O
-4,2855 ©.9845 ©.0008 C © © © @ @ © © © © 5 @ @
-3.8097 -9.5601 ©.0988 C © O © @ @ © O O O 6 @ ©
-2.2697 -B.5601 ©.8988 N © B © @ @ © © 8 @ 7 @ @
-3.8397 1.897 ©.0088 N © © © @ @ © © © © 8 @ @
-1.7938 ©.9845 ©.0908 C © © © @ @ © O © © 9 @ @
-7.3779 -2.5288 ©.0006 0 © © © @ @ © © © 010 @ @
-6.2678 2.6893 ©.00008 0 © © © @ @ © @ © ©1l1 @ @
-3.8397 3.3497 ©.0088C © B © @ @ © 0 B 012 @ @
. 4,343 -3.1692 ©.0088 C © © © @ @ © © © 013 @ @
Connection table -8.3287 ©.4804 ©.0908C © © © @ @ © O O 014 @ ©
1210 00 @
2310 0 0 @ 12
34100 00 " ‘
4510 @ 0 8 0
56 20 0 0 0 Ng
1610 00 @ > 9
8 9 10 0 0 @ 14-_.__?;l \ /
7 920 0 0 8 N
7610 008 6 7
5810 0 0 @ )z\m
218 2 8 @ 0 @ g
411 2 8 @ @ © 10
812 1 @ @ 0 @ 13
113 1 8 @ @ @
314 1 06 @ 0 @
M END
Canonical SMILES | CN1C=NC2=C1C(=0)N(C(=0)N2C)C
InChl INChl=1S/C8H10N402/c10-4-9-6-5(10)7(13)12(3)8(14)11(6)2/h4HAH3
InChl Key RYYVLZVUVIJVGH -UHFFFAOYSAN

2.3.2 Molecular descriptors

A descriptor is a numerical representation of one
output oflogical or mathematical operations applied to the molecular representation or an empirical estimate fron
experimental data. More than 5,270 molecular descriptors, which are only included in the latest version o
DRAGON softwaréTodeschini & Consonni, 2009have been developed to convey the chemical information
that is present in a molecular structarel have a wide scope of application. However, only few descriptors may
be relevant to a specific structypeopertyrelationship, while others may contain redundant information. The
relevant descriptors are identified using descriptor selection techniques and are encoded as a set of numeri
valuesfor each molecule,e., a descriptor vector, that can be processeddmgputational algorithms to make
predictions or perform similarity search. An overview of description selection methods is provided in the

following chapter.

There are different ways of organising the molecular descrifassed orscope descriptorsnay be classified
into global or local, as they describe a property of the whole molecule or a property of its structural components
7
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i.e., fragments, respectively. Fragment descriptors may also be combined to compute the property of large
fragments or the tole molecule(Kubinyi, 1993b; Leach & Gillet, 2007)an important technique in the
development of QSAR. Based on the dimensionality of the structural information dnit@gemay be classified

into: a) OD, which include molecular weights and dswf atoms and bonds, b) 1D, which consist of functional
and fragment counts, c) 2D, which are calculated fromdingensional molecular graphs, d) 3D, which are
generated from the threBmensional structure and structural conformation of the molecdle)a4D, which take

into account multiple structural conformations. A more detailed description is provided below on 1D and 2D

descriptorghat are widely used in the study of QSARs.

Constitutional The simplest and most rapakscriptors to calculate farmolecule are the counts of atoms, bonds
and rings.These can be calculated from the 2D connection talle.number of heteroatoms, hydrogen bond
donors and acceptoase indicators of the overallrding capaity of a molecule, as they may be utiligedorm
intramolecular or intermolecular interactions. The number of multiple bonds, rotational bonds and aromatic rings
carry information about bonding capacifiexibility and the overall volume of the structure. These descriptors

have a low discriminaig power among molecules and &exjuently used along with other types.

Topological indicesThe representation of molecules as topological graphs makes it possible to encode their
structural information in matrices from which topological indices (s} describe thsize,connectivityand
shapeof the molecule may be derivédeach & Gillet, 2007; Winkler, 2002YIs were first introduced in work

of Wienerin the late 1940s and later evolved into malac descriptors for structugroperty relationships in
diverse dataset¥atritzky & Gordeeva, 1993)The irst generationTls are integer indices and characterise the
mol ecul esd branching and composi t i,alsoreferfedto &isdhe patht e r
number, which igdefined as the sum of bonds for @lbm pairs and was designed to correlate with the boiling
point of alkanesA limitation of first generation TIs is that the same value may be calculated for more than one
molecule(Balaban, 1995)thus, not allowing their structures to be differentiatond generatiomls consist

of real numbers ahtakeinto accounthe degree of atom connectiviiye., the numbe of atoms attached to the
bond The best known example Ba n d i dledufar camnectivity index, which encodes the sum of the bond
connectivitiesof all atoms(Leach & Gillet, 2007) This was later generalized by Kier and al v al en
connectivity indices, whicinclude longer atom paths and heteroatoms with additional valéxuather example

isB a | asbagerage connectivity index, which encottespresence of cyclic structur@g&atritzky & Gordeeva,

1993) Third generation indices are derived framomplex matrix operationand includeKie r and Ha
electrotopological indices (Btate), whichencodeinformation on atom valence and sigma electrons, thus

encodingheinfluence ofatomsthat are more distaf¢Vinkler, 2002).

Fingerprints. Fingerprintsrepresent molecular structure laigstrings that encode the presence or absence of
substructures in a molecuby setting the bits to O or 1, respeely. Thesewere originally developed for fast

screening and similarity searches in chemical datalimgdsave been redefined for use as descriptors in QSAR.

8
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They may be generated following the definition of substructure dictionariesesito identify all thepossible
patternsof atons in a structure and are classified into three, main fingerprint systems: structural keys, hashec
fingerprints and circular fingerprints.

Structural keys are b#tring dictionaries that encode specific functional grouog systems, heteroatoms or
other structural feature¥his means that other structural features that are present in the molecules will not be
encoded. Thegredefinedby applying substructurgearches compound librariesAs the structural features are
assigned to specific bit positions, the information encoded in the set bit positions may be used to aid th
interpretation of structurproperty results and identify important structural feat(icesch & Gillet, 2007)Two
well-knowndictionary systems are the MDL and the BCI structural K€pe. MDL MolecularACCess System
(MACCYS) dictionary contains the definition 860 keys which encode the nature of the atoms, boaddthe

atom environment ofspecific structural featuresAnother MDL set of 166 keys encodes the atom
propertiegDurant et al., 2002Focused dictionaries that encode special features of interest may also be defined
using theBCl fingerprintsystem whichallows thedefinition of structural keys by the user based on a specific or

nonspecificdefinition of atoms and bond€ereteMassagué et al., 2015; Leach & Gillet, 2Q07)

Hashed fingerprints encode all the structural features that are present in the mélesylean algorithm
exhaustively generatdisiear paths through the structure of molecules; then, a hashing algorithm encodes these
paths into the bits of the fingerprint representatidmlike structural keys, they are not interpretable as the set bit
positions cannot be mapped to the structwaturegLeach & Gillet, 2007)Daylight fingerprints are generated

by producing exhauste lists of linear paths with varying length for every structure. The presence of these paths
is encoded in a molecular fingerprint of fixed lenttat may besparselypopulatedj.e., fewer bits are set to. 1

As information density increases with molesulsize and complexity, the fingerprint typically requires
optimizationthrough the process of foldiigi Day | i ght T h e oRonUnitylingewpsnts, pathsf0 1 1
varying size in a structure are identified and encoded in different fingerprint regions. Certain fragments can alsi
be encoded in the form of ASCII strings. Uniitygerprints have a size of 988 bits out of which %8 capture

the presence of the defined paths in the compound, while the rest encode specific atom typeg tirggs an

frequency of occurrend@Vild & Blankley, 2000)

Unlike structural keys and hashédgerprints that were developed for substructure screening applications,
circular fingerprintsvere developed tencodeimportant structural features for SAR stud{@ogers & Hahn,

2010) Furthermore, instead oflying on predefined structures, circular fingerprints encode structural information
on the local neighbourhood of atoms in the male¢Glen et al., 2006)Extended connectivity fingerprints
(ECFPs) treat atoms as centres of concentric neighbourhoo@hendeinformation about the connectivity of
atoms and their environment by examga neighbourhab within a specifiedadius. ECFPs are derivéxy
assigningdentifiers to all atoms using a variation of the Morgan algorithm and a hashing function. Depending on

the required detail of their application, ECFPs can be optimized for the neighbourhosdfragasprint size and

9
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frequency of occurrence for each identifi€he functional class fingerprint (FCFP) is a variation of ECFP that
encodes features of pharmacoph@Regers & Hahn, 2010)This allows for atom types that are identified as
halogens, hydrogen bond donors or acceptors, aromatic or ionisable in a structure to be encoded nusing a nc
specific identifier that is representative of its functional class.

AtomPair descriptors An atom pair is defined as tlshortest patftontaining two nofhydrogen atoms and is
measured bthe number atoms that are geat in the bonded pafbeach & Gillet, 2007)It may also be extended
to include a wider range of atom&he hformation ecoded in atom pair descriptoirscludes atom type,
hybridization, structural efmonment and substructure size. Atom pair descriptane originally developed to
encode structural features from high dimensional representations for SAR studies withegjutrement of
complex mathematical transformatiobat are also widely used in similarity searchif@arhart, Smith, &

Venkataraghavan, 1985)

Physicochemicaproperties Different to the topological descriptors which are calculated directly from the
molecules 6 structur e, physicochemical descriptors are
(Katritzky & Gordeeva, 1993)Widely usedmolecular descriptors include properties suchipsphilicity and

molar refractivity, which are described below. Other physicochemicadrigors includemolecular weight,
molecular véiume and molecular surface area may be estimasing fragment, atom or propertybased
methods.

The logarithm of the octanelater partition coefficient, agP, isone of the mosexperimentallyaccessible
propertieghat is used to model lipophilicity with many available implementations for its estin{dembhold,
Poda, Ostermann, & Tetko, 200%)is directly associated to other properties, such as aqueous isplabd
membrane permeabilifKubinyi, 1993a) Well-knownmethods for the estimation of Logktlude:The CLogP
program, which alculates logP values brddingtheempirical LogPvalues of cordragments andhen, applies

a set of correction factors for intermolecular interactonsGhose and Cri ppends met ho
of its atom contributior, which are estimatefdom a regression modéhat consists ofhe contribution of 115
atoms types$o the lipophilicity of approximately 8.3 thousacompoundsA variation of this method is based on
alinear function of the number of atoms and correction factors for rigidlipophilic carbons and intramolecular
hydrogen bondgHou & Xu, 2003) Another approach for the estimation of LogP Mgriguchi et al. usesa
structureproperty regression modbbhsed orthe number ohydrophobicand hydrophilic atoms as descriptors

(Moriguchi, Hirono, Liu, Nakagome, & Matsushita, 1992)

Molar refractivityis awidely used physicochemicpérameter, whicks an expession of the overall polarizability
of amolecule In QSARSstudies,it has been correlated with other additive properties, like lipophilicity, molar

volume and steric bulk. These have shown that molar refractivity may be used to predict the binsingtfre

10
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to a polar surface or its steric hindrance to the binding site of a recépadable methods for its estimation are
mainly atom and fragmenbased Kubinyi, 1993a)

2.4 Chemoinformatics in drug discovery

In the early 1990s, the appearamierew computational tools and automated processd¢ldrpharmaceutical
industry introduced changes in the traditional drug discovgm®lipe Figure2-1). Delays caused at the early
stages of drug discovery, particularly in the identification of biologically active molecules against a disease targe
severely slowed down the entire process and increased the cost of drug devetamuielsteXu & Hagler,

2002)

Disease Target Lead Lead Preclinical
Selection Hypothesis Identification Optimization Trial

Figure2-1. Traditional drug discovery pipeline

New strategies implemented were aimed at making the synthetic and screening processes more efficient for t
discovery of lead compounds. These included the deployment of high througtgautisg (HTS) technologies,
which had been previously been used only as init
existing records, i-tol aad?®b otol@ad eptiniisatioreprocessds itaradivelg apglié® h i
and involves the screening of a chemical library, the validation and prioritisation of the hits identified, as well as
the application of structuractivity relationships for the identification of a lead se(@sffy, Zhu, Decornez, &
Kitchen, 2012)

The emergence of combinatorial chemistry technologies permitted the synthesis and testing of ghmfusand
molecules in parallel, thus, significantly reducing the amount of time to produce new compounds. The applicatiot
of these techniggs resulted in an explosion of assay data and demanded the developmentdztaeriven
methodgo deal with the analysis of the increasingly large amoafrdsta(Bajorath, 2018)However, this came

with the realisation that the majority of hits obtairiezin parallel screens were not useful, as they did not have
suitableabsorption, distribution, metabolism, excretion and toxicol@ddyMET) properties. The problem was
addressed with the development of chemdtbiaérsity based methods in chemoinformatittha time. These were
focused on the design of diverse compound libraries for screening experiments with the aim of increasing th

number of hits and identifying new lead se¥s & Hagler, 2002)

Nevertheless, the implementation of compiaieled technologies in the drug discovery process has not reduced
the time or the costs for the development of a new drug nor have they been able to predict failures due to clinic
toxicity (Ekins et al., 2019)The average time taken to move a drug from the early stages othetetire market

is 1012 years with an average cost estimate of 2.56 billion ddakdasi, Grabowski, & Hansen, 2016)hus,
11
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there is interest in identifying compounds that are likely to fail early, whilectis¢ of failure is still low.
Computational techniques may be applied prior to experimental testing to eliminate molecules with low predictec
bioactivity or poor ADMET and toxicity properties that would make them more likely to fail during clinical trials
Other techniques, such as virtual screening and molecular modelling, may be used to study-tdrgedrug
interactions and guide the optimisation pro@ésdaus Begam & Satheesh Kumar, 2012)

The study of molecular structure features ansirthssociation to a biological phenomenon, also known as
structure activity relationship (SAR), is a computational tool that is used for the predittctive structures.
When thecorrelation of features and measured activity is good and an accuraégical predictiormay be

derived thenthis may be referred to as a QSAR

The role of QSARmethods as an alternative to asbaged methods for the prediction of the biological activity
and ADMET properties of compounds has been recognised (ECHA, 2083yR®redictions for compounds

with no available experimental dataay be used as an initistreenof large chemical libraries to support the
prioritisation of compounds witlow risk property profiles for testing. Further to their predictive role, QSAR
models may also be used to interpret mechanisms of bioactivity based on the structural features of molecule
Examples of such modefmve been applied to identify novel structures and structural anal@gulea & Jurs,

2004) as well as to augment dathere measurements in experimental data are unavajRdgba, Kovarich, &
Gramatica, 2009)inally, they provide a solution towards the reduction of animal testing in toxicological studies
and constitute an alternative, nt@sting method for the assessment of risk in chemical substances foramgulat
purposes (REACH]Tetko et al., 2008)

2.5 Conclusions

This dhapter has introduced the field of chemoinformatics and presented a fundamental concept that has be
exploited for the development of many chemoinformatics techniques applied in drug discovery, namely the
similarity-property principle. However, therinciple is merely an abstraction and may be invalidated by
considering alternative methods of molecular representation. Yet many descriptors have been developed to encc
structural features and physicochemical properties of molecules, which fadiléatedlysis and organisation of
compound collections using computational methods. The implementation of chemoinformatics in drug discovery
and drug development aims to aid the discovery of new chemical entities and their optimisation into useful lead
anddrug candidates. In particular, QSAR studies are widely applied to guide decision making at the early stage
of drug discovery,.e., in screening experiments, but also to optimise the biological activity and ADMET
properties that are responsible for thidure of drugs during clinical trials. A detailed account on the development

and application of QSAR methods is provided in the following chapter.
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3.1 Introduction

This chapteintroduces the main concepts of QSAR and the requirements for the development and validation o
a QSAR model. First, it outlines the available techniques for descriptor selection, then it describes the main theol
of stateof-the-art machine learning algthms and validation methods. The last section of this chapter introduces
the concept of the applicability domain and the variousswagt this has been applied to evaluate the reliability

of future predictions.

3.2 Overview of QSAR

A QSAR model is a matheatical or statistical function that describes the dependence of the measured property,
or biological activity, on the structural features of the molecules in a déadenyi, 2002) The model is derived
by applying statistical techniques to the dataset and may be used to predict the property or actitéistexd
molecules. Predictions are obtained as numerical estimates using regression methods or as labels usi

classification methods.

According to Fujita & Winkler (2016) QSAR modelling methods are divided into classical approaches and
machine learningpproaches. Classical approaches use simple, linear regression models to predict the relationsh
between the structure and biological activity of molecules. An example is Hansch analysis, which estimates th
bioactivity of molecules additively asthe samf t he mol ecul esd® el ectronic,
contributions(Hansch, 1969)FreeWilson analysis uses a similar approach where the bioactivity of a molecule
is estimated by summing the bioactivities of #teuctural fragmentgFree & Wilson, 1964)Due to their
theoretical basis, these methods produce interpretable modelsettadil@to explain which structural features
contribute the most to the observed respdfsiita & Winkler, 2016) However, the scope of classical QSAR
methodsis o c al a n dappidaklity domdires hreesiricted to series of congeneric compounds with little

structural variation.

Machine learning approaches use statistical algorithms to learn nonlinear staatiwite relationships between
independent variables and the experitaknesponse of large datasets. There are two broad mdehiméng
approaches: the frequentist, which treat experimental observations as random, repeatable events and infer

optimum model based on a maximum likelihood parameter estimate; and theaBayelsich treat model
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parameters as random variables and learn the model from prio{\Mdateek & Baskin, 2012)Frequentist
methods report predictions as point estimates while Bayesian methods explicitly report the uncertainties of the
predictions, which are useful in decisimaking(Sahlin, 2015)Although Bayesian methods are computationally
demanding, recent improvements in computational resources and the optimisation of Bayesian algorithms, suc
as neural networks, have increased thee in QSARMa, Sheridan, LiawDahl, & Svetnik, 2015)However,
because these methods rely on large numbers of descriptors and often lack mechanistic transparency, obtain
interpretative models is not always feasible. Frequently used alternatives are nonparametric methods based
ensemble trees, such as Random Forest (RF), and kernel methods, such as Support Vector Machines (SVM). N
that, only the former magroduceuncertainty estimatdsr individual predictions, directlySection3.4 provides

a more detailed account of the algorithms applied in this thesis.

The key components in the development of QSAR models are the quality of the data, the representation
structural features and tieodelling algorithmwhich determines how the similgroperty principle is applied.

To achieve high accuracy for a QSAR model it is required that the data is of high quality, as model performanc
is limited by the accuracy of the experimental data. Thlecoular structures are typically represented as numerical
descriptors or fingerprints indicating the presence or absence of structural features, however, these need to
relevant to the modelled property. The selection of important variables may bd gyidgpert knowledge or
automated descriptor selection methods, which may also be embedded in the modelling algorithm itself. Prior t
training the modelling algorithm, it may also be required that the descriptor ranges are scaled so that the
contributeproportionally to the model. Thaodellingalgorithm is then optimised using methods such as-cross

validation and validated on external data, if available.

3.3 Descriptor selection

The representation of chemical data poses a challenge in the developmentatEa@SAR models. As discussed

in the previous chapter, the information present in a chemical structure may be encoded in numerical form &
molecular descriptorsr asfingerprints. Machine learning methods are efficient in handling large numbers of
desciptors, yet, the risk of overfitting due to added noise in the form ofrel@vant desdptors (Topliss &
Edwards, 1979and descriptors carrying redundant information is tf[ganishuddin & Khan, 2016; Hawkins,
2004) Therefore, it is required that feature selection and dimensionality reduction techniques are applied for th

removal of unnecessarynables.

In QSAR, the aim of feature selection is to identify the descriptors that drive the prediction of the target variable
Ideally, this process is implemented during crestidation, or by descriptor sampling using resampling methods,
to avoid intoducing descriptor bias imtthe modelTetko et al., 2008)Feature selection techniques may be

applied as filters on the original set of descriptors, as wrappers to the modelling wokfldvey may be
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embedded in the modelling algorithm. Filter methods are independent of the modelling algorithm and have th
advantage that they are easy to apply prior to model development. The descriptors are filtered using a relevan
score that is based on, for example, the correlation with the target variable, the distavern the nearest
neighboursn descriptor and tget spac¢RobnikGi k onj a & K o oronotwahirkoomatioith 0ti3e)
descriptor{Danishuddin & Khan, 2016) Wr apper met hods make use of the
relevance by sampling different subsets of descriptor combinations. These methods aspawiielnd their
effectiveness is influenced by the nature of the modelling algorithmtteechumber of descriptor subsets
(Chrysostomou, Chen, & Liu, 2008; Danishuddin & Kharl.@0Embedded feature selection methods are-built

in to the modelling algorithm and, thus, specific

An example of a filter is the Variable Importance in Projection (VIP) score that is obtained from thdqzestial
squares algorithm. A VIP score represents the amount of variance that an individual desqiptos @xthe
model(Abdi,2010) As the average of the VIP scoresdé sum o
is, typically, applied for descriptor selectig¢firan, Afanador, Buydens, & Blanchet, 201#owever, other
methods for deriving robust thresholds have been sugg@stadachantachote, Chadcham, & Saithanu, 2014)

due to the sensitivity of this criterion to the underlying data distribution and its lack of theoretical justification.

Variable importance scores may also be obtained from Random Forests. These may hedcasgbe
permutation accuracy importance sc{B&robl, Boulesteix, Kneib, Augustin, & Zeileis, 2008)hich measures

the change in prediction accuracy caused by the random permutation of a variable; or the mean decrease
impurity (Menze et al., 2009Wwhich measures the change in the prediction variance attributed to each variable.

Dimensionality reduction techniques, also referred to as feature extraction, aim to dinepliymplex structure

of a high dimensional space by applying linear or nonlinear transformattotie featuregJindal & Kumar,

2017) The result is a low dimensional space, typically of two to threalas, that preserves the most important
information in the data without deteriorating thi
applies a linear transformation to the independent variables to generate a new set of orthogamed;reéated
variables. Although PCA is efficient for data with linear underlying structures, it cannot handle data with more
complex, nonlinear structures. These are effectively addressed using nonlinear dimensionality reductiol

techniques based on manifolhtning(Gaspar, Baskin, & Varnek, 2016)

3.4 Modelling algorithms

The theory underlying four algorithms with widespread use in QSAR is outlined below with a focus on regression
These algorithms are representative examples offiashinelearningfamilies, namely dimensionality reduction

methodsnearest neighbour methods, kernel methods and ensemble tree methods.
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3.4.1 Partial Least Squares

Partial Least Squares (PLS) regression is based on the principles of PCA and multiple linear regressios. Firs
PLS algorithm transforms bothe independeniX) and dependent (Y) variables into a common set of orthdgona
X-scores, also known as latent variabbesile accounting for most of the covariance between X and Y. This step

is followed by applying linear regression betwélea latent variables, Bnd Yfor the estimation of Y for new
compounds. EquatioB.1 describes the decomposition of the original variable matrix, X, as a product of T and
their weights (loadingsP. In EquatiorB.2, the estimate ofthendependent vari able vec
product of the new latent variables, the regression weights, B, and the weight matrix of X, C.

X=TP" 31
t =TBCT 3.2

It is generally the case that the first few latent variables encode most of the variation present in the origina
variables. As a result, high dimensional data may be reduced into a significantly smaller number eb\tagabl

contain most of the information present in their original representation. Although two to three latent variables are
frequently selected in methods such as PLS, the optimal number of latent variables may be selected using cro

validation.
3.4.2 NearestNeighbours

The K-Nearest Neighbours (KNN) algorithm is an instabased learner that does not require learning of the
mapping function. In regression, the algorithm memorises the training data and makes predictions for new dat
by calculating the weightealverage response of their nearest neighbours in descriptor space. Nearest neighbour
are usually determined in Euclidean space, although other metrics may be used based on domain knowledge ab
the training data distributio@Chomboon, Chujai, Teerarassammee, Kerdprasop, & Kerdprasop, J0ib)
original version of thalgorithm uses uniform weightlat assign equal contributions to all neighbouring values.
However, different weightingchemes may be introduced based on domain knowledge about the training set
distribution in descriptor spa¢@nava & Levy, 2016) The simplest variation of the KNN uses a distanased
function,i.e.,inverse square distance, to assign adrigiontribution to the values of the neighbours closest to the
test compoundMitchell, 1997; Nigsch et al., 2006Pptimisation of the KNN algorithm is simple as it requires

the parametrisation of a single parameter K, which is the number of nearest neighbours. For a small K, predictiot
will be biasedowards the estimates of their local neighbourhood while for large K, where model predictions are
estimated from overlapping neighbourhodatie predictions will converge to the data mean. The selection of K
may involve making a tradeff based on the inteled purpose of the model. For example, a smaller K value may
benefit the accuracy of a predictive model, while a mechanistic model aiming at the description of an overall tren

may benefifrom setting a larger K valug@ltman, 1992)
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The algorithm is sensitive to the presence of outliers and sparse regions in the data that cause the performance
KNN to deteriorate. Limitations of the algorithm include its inability to deal with unscaled descriptors, high
dimensional data and sked data distributions.

3.4.3 Support Vector Machine

The support vector machine (SVM) algorithm was originally introduced for the binary classification of labelled
data. The algorithm uses a kernel function to map the training data into a high dimensional descriptor space whe
a linear separating hyperplaegists between the two classes. Although more than one hyperplane may exist, the
optimal hyperplane is the one that yields the maximum separation of the two classes, thus, minimising the errc
of classificati on. -iAsensitve lgsfunctionswhichednirotséhd levelwf noise i thé)
data that is tolerated by the model. The size of
to fit the regression function. Another parameter, C, increases model complexitpraesponds to a larger
number of support vectors and a harder margin that applies greater penalties to predicted output with large erro
These data points are known as the support vectors and consist of the training data that are closest to thee hyperpl
(lvanciuc, 2007)

In SVM regression, the objective is to find a function that maximises the dewifitioall training data from the
experimental respongé/anciuc, 2007)This involves introducing slack variables that account for the deviation
of data points from each side of the linear hyperpl&uging fitting of the regression function, the prediction
errors of training data located inside the margin are set to zeite,tiv prediction errors of training data outside

the margin are proportional to their distance from the boundaries.

The use of kernels in SVM makes the algorithm efficient in high dimensional spaces because of a mathematic
property known as the kerngick. Instead of evaluating the mappifumnction for every data pointhe kernel

trick allows its replacement by a dwbduct, whichis easily computed between the test instances and each support
vector. Consequently, rather than being trained on #te descriptors, the SVM algorithm is trained on the
pairwise dot products of the data. Predictions are also obtained as dot products of the test data and the traini
data(Mahé, 2006)

A more @mplex separating hyperplane may be constructed using a nonlinear kernel. Standard nonlinear kerne
applied in SVM include the polynomial, the sigmoid and the radial basis function. Kernels that are specific to the
chemical domain are also available sashthe graph, Tanimoto, pharmacophore and matctudelcular pair
kernels(Lavecchia, 2015)

The radial basis function (RBF) is a Gaussian kernel funetisithe @ 'Q ® ¥ andt —, wherew

is the test feature vectog is a support vector andcontrols the shape of the hyperpldhanciuc, 2007)It is
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commonly used in regression due to its efficiency in computing the dot product in high dimensional descriptor

space.

3.4.4 Random Forest

Random forest (RF) is widely used, particularly in the faI@SAR, for its ability to build robust models and its
built-in mechanisms for descriptor selection and internal validation. The algorithm is an ensemble tree methoc

which yields stable and accurate predictions by averaging the predictions of manieurestdlom decision trees.

A decision tre€DT) algorithm sequentially applies conditional rules to distribute the data into internal nodes and
leaf nodes. During the growing phase, the decision tree learns the conditions that, if applied to the aftributes
the training data, minimise the mean squared error of the tree. At each patrtition, the data are split into intern:
nodes or leaf nodes. Internal nodes consist of data with large variation in the target response, which need to
considered for furthesplitting by applying additional conditional rules. The growing phase ends when all data
have been distributed into leaf nodes with low variation in the target response. The process is represented in t
form of a directed graph in which the root nodé¢hattop contains the full dataset and branches out to layers of
nodes that consist of the partitioned data. Each branch represents a conditional rule that is applied to tt
distribution of a single descriptor. In prediction, the conditional rules thatlbeese learned during the training

of the tree are applied on test data and the prediction for a given instance of the test data may be obtained as
average response values of the training data in the leaf node that it is placed in.

Overfitting of the RRo the data is avoided by applying different stopping rulesonethe response variatiom

the nodes, or by a procesalled pruning. Stopping rules are applied on each individual node during the DT
growing process using the information impurity maigation criterion, i.emean square error, to stop the splitting
when the target response variation threshold is reached. Pruning is applied retrospectively to all trees in the fore
First, the DT is fully grown by recursively partitioning the trainimata and, then, the nodes where the response

variation exceeds the target variation are pruned.

In RF, each tree is grown on a bootstrap sample of the training data and using a random subset of descriptors
bootstrap sample is a subset of the trairdata obtained by random sampling with replacement. Repeatedly
drawn bootstrap samples result in a fraction of the training set not being sampled, which is referred to-as the ot
of-bag sample. The owf-bag sample may be used to assess the predictiverparice of the RF in parallel with

the training process, thus, reducing the requirement of a separate validation set. Predictions for unseen data

made by averaging the individual tree predictions.
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3.5 Model validation

Following model development, evidenred t he model 6s ability to gener al

that it is useful. The most rigorous form of validation is done using external data but considerations such as tr
model s applicability domai nptiamsadthettrhimng datacheed tb beimadg. e

That is tosay, thedescriptor space of the external data should be representative of the descriptor space of th
training set and that their experimental protocols and environmental constraints should match.

In the absence of an adequate external test set, a random sample that is representative of the training set ma:
held out for model validation, typically, 22D% of the training set size. As performance estimates will vary for
different random samples peated holdout samples may be obtained to calculate a robust estimate of the averag
performance of a modéConsonni, Ballabio, & Tdeschini, 2010; Raschka, 2018)owever, the performance
estimates obtained may not r ef | eQtherratiohatsampling méthdds, p e
such as diversity sampling and titbased data splitinpnay yi el d more realistic
prospective performand&olbraikh & Tropsha, 2002b; Martin et al., 2012; Sheridan, 2013a)

Crossvalidation is particularly useful for small datasetsere holding out a set of compounds from the training
set significantly r e d-ioldeassvaidatiomidvelved partitipning theotnainirey nlatae .
into N folds and holding out one fold in each iteration, until all folds have beerdexicllihe model is trained at

each iteration on N folds, while the remaining fold is used for evaluattrh e model 6 s per f ol
reported as the average performance across the N fimbdsasing the number of folds, N, yields more accurate
errorestimates for the individual folds but also increases the variance of the average model estimate. As a resu
large datasets where each fold may contain a small, insignificant number of compounds, e.g., less than fiv
percent, will produce unreliable asates and, therefore, it is suggested that lemesout crossvalidation
methods are avoide@Golbraikh & Tropsha, 2002a)Crossvalidation is the gold standard forboth the
optimisation and the validation of QSAR modéletko et al., 2008) During model optimisation, the best
parameters are identified by minimising the average model error across all folds. Hows'estjrtiates biased

to the data and o0V eprosppdive padrsmancefChircd & Gramaticam20tle Krsbafc,
Buturovic, Leahy, & Thomas, 2014An unbiased estimate of model performance maybb@ireed by applying
nested crossgalidation methods, whichermitthe estimation of the average model error that accounts for the
optimal model parameters for alternative data spftemoser, Liebmann, & Varmuza, 2009; Krstajic et al.,
2014) Nested crossalidation consists of two loops: the inner loop, which is used to fit and optimise the model
at each iteration of the outer loop, which is used to estimate the average model etttoe difeerent data splits
represented by each fold. Repeated nested -uadisktion methods, which involve adding an external loop

whereby the data are randomised at each iteration of nested/alidssgion, have also been used to produce an
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intervalest i mat e of the model ds error that may be wused

additional descriptors need to be investiggtedtajic et al., 2014)

The coefficient of determination fRthe rootmeansquared error (RMSE) and the median absolute error (MAE)
metrics are calcul ated on tr aiRespectvendasureanaytbecaleulmtede s s
to assess the predictive performance of QSAR modets@ssvalidationor externatestdata but in this case

they are referred tasthe predictive squaredorrelation coefficientQ? and the roemeansquared error in
prediction (RMSEP)Correctionsin the calculation ofQ? have been proposed by several growgssilting to a

total offive Q? variants(Chirico & Gramatica, 2011; Roy et al., 2012; Schitrmann, Ebert, Chen, Wang, & Kiihne,
2008; Shi et al., 2001petailed evaluation dheavailable @ metrics by Todeschini et al. revealed that only one
introduced byConsonni, Ballabio, & Todeschi2009)was suitable fothereliable evaluation of QSAR models
(Table3-1) . Yet , it requires that t he mamant,thasthdir&aluessare wi t
within therepresentativealue range dhetraining set. The other variants of @ere shown to be either sensitive

to transformatioaapplied to the data, to overestimate the predictive abilityevenot well correlatd with the
RMSEP estimate of external or holdout d@fadeschini, Ballalm, & Grisoni, 2016) The definitions of three

main performance measures for the evaluation of model fit and the external predictive ability of QSAR regressiol
models on a validation set of size N are providethible3-1, wherew, & are the observation and the prediction,
respectively, of each validation compound andis the mean observed response of the training set. The RMSEP

and @ are calculted for external or holdout data.

Table3-1. Performance measures for the evaluation of regression models for prediction

Metric Reference
v B o (Alexander, Tropsha, & Winkler, 2011
P B o o
, , (Consonni et al., 2010)
R NL) 5 (k) (A)
YO YOO
B o o (Consonni et al., 2010)
0 p U
B w
0
Hi gh confidence may be placed in a model ds predi

model 6s error and predict i onisthexase dof lodalanodgls, the mesictidns a |

with residual errors that exceed a specified threshold may indicate the presence of compounds that are dissimi
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to the training compounds.e., novel compounds, with distinct structural characteristics or mofl@ction
(Dearden, Cronin, & Kaiser, 20Q9)o ensure high model accuracy, outliers that excdeltidf the experimental

error valug(Keefer, Kauffman, & Gupta, 2018y 3-fold of the standard deviations from the residual error mean
(Dearden et al., 2009luring internal validation, are usually excluded prior to rebuilding the model. In the case
of global models that consist of many diverse structures, however, there is interest in detecting wawualsstru
and incorporating them in the model to extend the

new compounds accurately.

The model 6s errors should al so b(&rikeshnetsali, 2003Regressisn z e
based on the minimisation of least square errors relies on the assumpttbeithatd e | 6 s err or s a
normally distibuted with a mean close to zero and constant variangdidraoscedastic. The presence of trends

in the model s6 residual errors or significant dep
the presence of systematic err@@®rtesCiriano, 2016; Roy, Ambure, & Aher, 201%yhich may be attributed

either to the presence of measurement bias in the data or the lack of important variables in the model. Systema

errors may be detected by analysis of the resigluats with the use o&sidual error plotéDearden et al., 2009)

3.6 Domain of applicability

In practice, the accuracy of a QSAR prediction for an untested compound can only be determined retrospective
and following experimental measurement. Therefore, even if a model has been validaizyl still produce
inaccurate predictionparticularly when the test data are dissimilar to the training data and are located in regions
of the chemical, descriptor oesponse space thate not well represented in the model, such as activity cliffs
(Keefer et al., 2013; Maggiora, 2008his is partly attributed to the bias of medicinal chemistry datasets in certain
regions of the chemical space. In facthousedatasets are integrated iqoblicdatasets to bias atapplicability
domain (AD) of the latteand improve the accuracy of QSAR moddlstko, Bruneau, Mewes, Rohrer, & Poda,
2006)

To be usefulQSAR predictions need to be accompanied by a statement regarding their confidence so that use
of the model may be warnéida prediction is not reliabléNetzeva et al., 2005)n QSAR, the confidence in a
model s pr edi gtakingintsacdount the selevarsce of te qgbery compound to the chemical space
of the training se{Sheridan, Feuston, Maiorov, & Kearsley, 2004) whi ch i s al so known
Compounds with high structural similarity to the training data are associated with reliathietipns made by
interpolation inside the model 6s AD, where the Q

expected to be less relial{eahigara et al., 2@).
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Many methods for defining the AD have been described in the literature but there has been little agreement as
how a model 6s AD is optimally defined. From a hi
detection method@viathea, Klingspohn, & Baumann, 201)d error estimation metho@Boplak et al., 2014)

3.6.1 Novelty detection methods

Novelty detection methods rely entirely on the input variables of the training and test data and may be applie
prospectively to the model 6s puseeditca i mmtsadibjactevd df albii t
these methods is to classify compounds as inside
the basis of their structurat molecular similarity to the training data. The boundaries are then used to distinguish
between high confidence and low confidence predictions. For example, range based methods apply thresholds
each individual descriptor to form an-dimensional bouridg box or define the smallest possible space by

applying geometrical boundaries to the descriptor value ranges of the trainiBgligara et al., 2012)

Continuous eliability estimates, which facilitate the application of more flexible, -deéined thresholds, are
obtained from distane@nd densitypased methods. Distanbased methods calculate the distance between the
test compound and a reference point in thaing data; and evaluate the confidence in a prediction based on a
defined statistical threshold. The reference point may be defined as a) the mean of a single or K nearest neighbo
in the training set, b) the mean of all training set compounds oclas&r of compoundéStanforth, Kolossov,

& Mirkin, 2007). Equivalent methaglbased on similarity measures are defined when the structural representation

of molecules is based on binary fingerprints rather than numerical descriptors.
Distancebased methods

Distance is typically calculated using the Euclidean, Mahalanobis or Manhafistance metrics in
multidimensional descriptor spa¢daworska, Nikolovaeliazkova, & Aldenberg, 2005; Sahigara et al., 2012)
The Euclidean distance is the most frequently used metric and it is applied on previously standardised data. Tl
Mahalanobis distance accounts for correlated descriptors araldtdation is similar to the Euclidean distance

but also requires calculating the covariance matrix. The Manhattan distance is more suitabledémtinanus
numercal descriptor¢Jaworska et al., 2005 he defitition of the distance metrics for two compounds x and y

in N-dimensional descriptor space is provided &ble3-2.
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Table3-2. List of measures used to calculate the distance between compound x and y

Euclidean O B & ®

Manhattan @) B = s

Mahalanobis [0 O O ® ®

S: covariance matrix X, descriptor vectors of x and
T: transpos@f matrix

The leverage is another related distance metric, which is used to assess the influence of training data points on
model 6s fit, i f excluded. Thi s menhanihe referencepainbipther t i

centroid of the training set, and it assumes that the multivariate descriptor distribution is normal.

Training set compounds with a high |l everage are m
model(Jaworska et al., 2008nd are considered to extend the covecdghemicakpacdGadaleta, Mangiatordi,

Catto, Carotti, & Nicolotti, 2016)The leverage of test data is useful for identifying compounds that are
extraplated by the modg€Netzeva et al., 2005; Tropsha, Gramatica, & Gombar, 2003; Worth et al., Z0@5)
leverages of the data are derived from the calculation of the hat matrix, H, and model extrapolations are identifie
by comparinghe leverage values to a warning threshold. The warning leverage is associated with the amount ¢
noise in the prediction and is set to 3(p+1)/n, where p is the number of descriptors and n is the size of the trainir
set. The parameters required for thieaiation of the leverage of a compodiith a descriptor vectabto the

training set with descriptor matrik are provided imable3-3.

Table3-3. Parameters for the calculation of leverage for a comp@und

Hat matrix O OO ®
Leverage foiQ MM o dd
\Warning leverage QM on p7TE

A userdefined threshold is applied ézsess whether a test compound lies inside or outside the boundaries of the
AD. Five strategies for defining distanbased thresholds on the training data were investigated by Sahigara et
al. (2012). The thresholds suggested by the authors are theifglidy the maximum distance to the centroid of

the training set; 2) double; or 3) triple the average distance to the centroid; 49 frer@mtile of the training set
distances; and 5) the sum of the average distance and the standard deviationstdribesdmultiplied by an
arbitrary factor z. The fifth strategy was found to be stricter than the other four as it integrates information abou

the density of the local neighbourhoods of the query compound and, thus, excludes more compounds from tt
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AD compared to the other methods. It was concluded that, generally, the results obtained by applying the san
threshold on different metrics may differ and that the choice of threshold needs to account feof bretteeen
the number of training set compousnid be excluded and the improvement in model performance.

Densitybased methods

Density methods evaluate the AD as the average of a Gaussian distribution in the multivariate descriptor spa
using kernel density estimation (KDE). KDE estimates the préiadensity of higher dimensional data as a
function of known parametrical distributiorisletzeva et al., 2005)The representation of the AD using the
probability density distribution of the data makes it possible to identify the highest density regipieddry a
(userdefined) fraction of data in descriptor space. The potential of each compound is calculated using a know
kernel function, for example, Gaussian, and statisticabffutalues may then be applied to define the AD
threshold. Compounds with smaller potential than the AD threshold are considered to be outside the AD
(Sahigara et al., 2012)These compounds are easily identified visually in low confideggiens of the density

distribution and correspond to predictions that are extrapolated by the model with high uncertainty.

Despite their simplicity in defining the AD of a model, novelty detection methods are inefficient in high
dimensional spacgdlathea et al., 2016; Netzeva et al., 2086y are unable to explain the poor accuracy of
model 6s predictions inside the AD. Reliability es
obtained by applying consensus approaches, which combine various AD metrics, including akmeithim
reliability estimates. Examples of $@approaches are implemented in the workrafos, Gilles, & Alexandre
(2009) Sheridan(2012, 2013b, 20153nd Yun et al.(2017) and are discussed in the following section. A
consensugapproach that involves the integration of multiple AD definitions duringehdevelopment has also

been suggested KHanser, Barber, Marchaland, & Werner, 20IB)e authors propose that the various AD
methodscontribute different types of information tbhe modelling process, all of which need to be taken into
account to evaluate a new prediction. They categorise the methods based on the following three elements
information that a fully described AD should have: the relevance of the test datartorting tdata; whether the
amount of training data is enough to yield an accurate model; and whether the model may vyield confiden
predictions Table3-4).

Table3-4. El ements addressed in the defin@a6on of a model 6.
Layer Element Method
1 Relevance to training set Range, Similarity/Distance
2 Sufficiency of data Density(D2NN)
3 Confidence Density
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3.6.2 Confidence estimation based on model error

Confidence estimation methods are applied retrosp
and algorithrespecific reliability estimate@Mathea et al., 2016; Sahigara et al., 20%ushko et al., 2010l
machine learning, the confidence in a prediction is reported in the units of the endpoint, in the form of a predictior
error estimatéToplak et al., 20149r an interval estimate.

As mentioned before, the uncertainty e slaysdieettlg s o
available when using machine learning algorithms, however, these may beedhtsiintroducing additional
techniques into the modelling process. For example, resampling methods may be applied to build an ensemble
models(Sahlin, Jeliazkova, & Oberg, 2014yhereby uncertainty is estated as the variation of a prediction
across the ensembl e. Anot her technique uses the
estimate the errors of future predictions,,ian error mode(Sheridan, 2013b)These may then be used to
calculate confidence i nt er v a predictiorointervaldh @themechngluedmmay f u
be used to estimate the prediction intervals, ssatoaformal predictiofEklund, Norinder, Boyer, & Carlsson,
2012)or modified ensemble tree algorithr(iseng, Svetnik, Liaw, Pratola, & Sheridan, 2019; Meinshausen, 2006;
Zhang, Zimmerman, Nettleton, & Nordma2019)

Prediction intervals are associated with a probability that the future measurement will be indgthitedhe
defined value rang@Willink, 2012). In statistical inference, a prediction interval (PI) is a range of values that
contains the future observatiab, , with a certain degree of confidence. A PI should not be confused with a
confidence interval (Cl) for t he prediction as
estimates) ; while a Pl also accounts for the uncertainty of the future observatiagn, . As a result,
the PI for a future obseriian will always be wider than a Cl of a prediction. For a confidence level of 95%, a PI
is interpreted as foll ows: alt i s e s tilenweyceainthd at
future measur ement s @ unceftding ofpredictionshrant linearaqynessisnane talculabed
parametrically Table3-5). The assumption is made that the data are independent and identicaliytéistflID)
and the model ds err or s ar -distribyignrBoth typesaof iddrvgls anecalcoiadd o
usingEquation3.3, but, as seen iMable3-5 theerrormargin (EM) of the PI for a new predictionhicontains an
additional parameter.

Cl=® o_. EM 23

Where t: critical value at (1) % confidence
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Table3-5. Error margins used to calculate intervals in linear regression and sampling.

Interval type Error Margin (EM) Application

P - —— Linear regression
Cl of the observatior
mean

i E Sampling
£
i p E % Linear regression
Pl of the individual E Bo a
prediction
i p g Sampling

Other knavn nonparametric methods for prediction interval estimation include bootstrap resampling, mean
variance estimation, the delta approach and the Bayesian apjkaanmel, Bonate, Dingemanse, & Krause,
2018) Methods for Pl estimation have also been developed for neural networks, which may also be applicabl

for nonlinear machine learning modéRasmussen & Hines, 2003)
3.6.2.1 Resampling

The standard deviation froan ensemble of models built with resampling is reportedly the best estimator of
accuracy of a (Kaoeko&klFénatsu01d;deatko ¢t al.p2Q08)s considered the goktandard

for the estimation of prediction errors as it is able to distinguishbeélleen small and large err@ietko et al.,
2008)

Ensembles may consist of hundreds of motigiimed using the same algorithm Hlifferent subsets of data,
variables or model parameteffiese may be built through the implementatibbootstrap samplingKaneko &
Funatsu, 20149r crossvalidation methodéBaumann & Baumann, 2014; Tetko et al., 20@B)sembles formed
as a consensus of separately trained models using different algorithms have also been refjeticnl diy
al.(2008)

An ensemble prediction isatculated by averaging the predictions, of the individual modelsQ and its

confidence is estimated by the standard deviation (STD) of the prediction d{&auation3.4).

The standard deviation informs about the degree of discord in the ensemble. A large STD for a prediction,

implies that the new data is very different to the training set and, thus, that the prediction is less reliable and th
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the prediction is likely to have a large prediction error. However, predictions with a large STD may still have
small prediction epors. In the study of Kaneko & Funatsu (2014) it was found that ensembles based on variable
sampling are more efficient in identifying large prediction errors in diverse datasets, while ensembles based o
data sampling are suitable for less diverse dataeder, neither of the sampling methagisible to capture the

bias in the predicted valy&aneko & Funatsu, 2014yvhich is introduced in the model by the data distribution.
While this bias may be accounted for in Aased metrics, it has been difficult to integraterisemblegKaneko,

2018; Kaneko & Funatsu, 2014Jhis is mainly due to the complexity jufining the ADs of the individualQ
models, which are based on different variables (Kaneko, 2018).

Another ensemble method for obtaining prediction error estimates was suggeStetkdyet al.(2008nd
Sushkoetal2010)and i s based on the correlation betsaaden t
the distribution of training set predictions in the @nble. A correlation measure is defined as the maximum
correlation coefficient of the ensemble predictions of the test compound with the predictions of the training se
compounds. However, it is outperformed by the STD of prediction in the estimatioedattipn errors(Tetko

et al., 2008)

3.6.2.2 Error models

The useof error models to study the relationship of more than one AD metric and QSAR prediction errors has
been investigated in the work of Sheridan (2012). Regression algorithms, such as RF (2013a) énap8¢M

et al., 2018have been applied as a ddtéven approach to investigate the influence of different types of variables
on the model 6s i n dMathéadtala2016pSharidan, 20iAssificateom errar madels have

also been reported in the literatarrié, Pinto, Ecker, Sanz, & Pastor, 2014; Dragos et al., 2009; Klingspohn
et al., 2017)though, error estimates typically involve averaging of errors within binary or-cattgory classes
(Carri6 et al., 2014)

In the works of Dragos et al. (2009) and Sheridan (2012, 20h8ajansensus of AD metrics was shown to
synergistically improve the estimation of errors in individual QSAR predictions. Dragos et al. (2009) built
classification error models based on AD metrics and statidtecsdd metrics to distinguish between trustimo

and untrustworthy predictions of QSAR regression moddtikough their approach does not produce compound
specific reliability estimategheir results suggest that the robustness of reliability estimates may be improved by
using a consensus of AD imnies. Their proposed framework minimises the occurrence of inaccurate reliability
estimates in order to objectively apgy optimal AD threshold. Furthermore, they show that robust reliability
estimates may be obtained by resampling QSAR descriptor tsubsbout prior treatment of descriptor
correlations, and that applying an erbased threshold on the training data improves the performance of distance

to-model approaches.
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In his work, Sherida (2012) provides evidence thhe relative importance algorithmbased reliability metrics

and the similarity between the test and training set data varies across diverse datasets. A consensus AD appro
was also utilised in Carri6 et al. (2014). The Applicability Domain ANalysis (ADAN) approach uses a
combhation of six AD metrics to classify PLS and RF predictions into seven reliability cateffosies et al.,

2014) Each category represents the number of AD rules thmsholds, satisfeéefor each compound and is
associated with a range of prediction error estimates from validation, which are used to compute approximat
confidence intervals for each categdrpwever linear correlation between categories is apparent only on well

behavediata distributions and models with good predictive performance.

Similar results were obtained in (Sheridan, 2013dgr dfaining a RRegression error model on the cross
validation residuals of a RF QSAR model. Later work (Sheridan, 2015), revealesintilatity was a more
important variable for the estimation of prediction eramby/ in the case of local, less diverse datasets.
Considering the low performance of error models on evafidation datathe value of the error models when
applied to holdut or external data is not guaranteed. This is further supported by validation data supplied by the
author on a different studgheridan, 2013ajvhich indicates that crosalidation yields too optimistic estimates

compared to ther validation methods, suchtag use ofime-split or neighbouisplit test sets

Error models based on PI(®0od, Carlsson, Eklund, Norinder, & Stalring, 203NN and SVM(Lapins et al.,
2018)algorithms have also been reported in the literature but may require optimisation, whicretguired in

the case of RF. Another benefit of RFs is that resampling and feature selection are embedded in the algoritht
which yield robust prediction error estimates and facilitate the identification of important AD variables. In contrast
to the trainng of a QSAR model it is not clear as to whether error models should be optimised or not: as
optimisation of the error models introduces li@ghe error model it is likely to limit its predictive performance

on new test datéapins et al., 2018)

A method for assessing uncertainty estimation techniques that are based on resampling and error modellir
involves treating observations and predictions as distributions. The uncertainty estgersested by each
method are applied to ceert predictions to Gaussian distributicansd a likelihooebased measurie used to
assess the performance of the alternative techn{@addin et al., 2014; Tetko et al., 2008; Wood et al., 2013)
This requires thathe probability distributions of the observations are known, in other words, that information
about the experimental uncertainty of the data is available. The technique that produces the highest likelihoc
score for test data is the one that yields tha@r@dtprediction distributions, which are those with the smallest
uncertainty estimates for the maximum amount of overlap with the observ@eadns et al., 2014; Wood et al.,
2013)
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3.6.2.3 Conformal prediction

Conformal PredictioCP) is a confidence estimation framework with successful applications in a range of
classification and regression tasks solved by machine leaFuntierto its use irchemoinformatic§Ahmed et

al., 2018; Svenssoiorinder, & Bender, 20179ndQSAR (CortésCiriano, Bender, & Malliavin, 2015; Eklund

et al., 2012; Norinder, Rybacka, & Andersson, 2016; Sun et al., 28i&method has been use@pplications

such asbiomedical diagnosigPapadpoulos, Gammerman, & Vovk, 20Q9pioinformatics (Nouretdinw,
Gammerman, Qi, & KleiBeetharaman, 2012hetwork traffic predictionDashevskiy & Luo, 2008)image
analysigLambrou et al., 201&nd facial recognitio{Eliades & Papadopoulos, 201 ¢yber securityWechsler,
2015)and stock price prediction.

Definitions

CP isa nonparametric method and repecific to the modelling algorithm, thus, it may be applied on top of any
machine learning algorithm to obtain empirical uncertainty estimates for its predi®ewedopoulos, Vovk, &
Gammerman, 2011A conformal predictor yields a predictiamerval (PI) as output, which corresponds to a
range of values thas expected to contain the future observation with confidence. The confidence threshold,
which is set by the wuser, is applied o rmantpdraametico d e

distributions, i.e.t-distribution or zdistribution, for the calculation of prediction intervals.

Several i mplementations of CP that differ with re:
(TCP), inductive (ICP) ashaggregate (ACP). The original implementation is based on a TCP training schedule
whereby the model is retrained following the prediction of every additional test prediction made. An ICP training
schedule involves training the model only once; followiagtiioning of the original training set of sizento

the proper training set and the calibration set of kizndr, respectively, wher§ | andad N | . The

ACP training schedule, involves repeatedly sampling the calibration set from the orajmaltiset to produce

an average error distribution that i mproves the r
data are excluded from training of t hesampical eriory i n c

distribution.

The concepts of CP for regression tasks have been introdu¢Bdmdopoulos et al., 201Qiven the vector of

a training sampl&@with & hx 8 i N & , whered represents a compound with a descriptor vectes ahd

an observationab, a conf or mal predictor esti mat e sofotamew, c on
test compound with a descriptor vector @f . The only assumption made is that albh pairs are

independently and identically distributed (1ID) at least, exchangeable.

The nonconformity, i.e., the dissimilarity oft to the compounds of the training samiple given by a function

of the model 6s error, i . e., the signed r esidalal
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Chapter 3 Developing a QSAR model

nonconformity measur@ "Qd& . The nonconformity scores of calibration data may then be ordered to produce
a reference ranked listpgo8 @ , whi ch, in essence, represents the
nonconformity score agach reference compound is associated withaye (Equatiord.5), which is interpreted

as the fraction of compounds in the list that are at ledstra® n c onf or mi n g @&inuasen, 20Liie r e f

nmQ pBh pdd @
a p
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The error of new predictions is then estimated by applying a significance level threshotdp to the list. The
error estimate is equal to the valuedfthat corresponds to thevalue that satisfies the condition given in
Equation3.6:

Ao - 36

Thus, the calculation of the PI for all possible predictions of the madgel a confidence level of (1) % is

given in Equatior8.7.
0O 0 ® 37

However, EquatioB.7y i el ds uni form Pls for all compounds, wh
new prediction is equal. Compousgecific prediction intervalswhere Pls are scaled to the uncerttin

associated with the individual prediction, are obtained with the use of normalised nonconformity measures. Thes
are defined a® —, where, is an uncertainty estimate derived from a mathematical function, error model

or a reliability scorebtained from the evaluation of the ABKlund et al., 2012; Norinder, Carlsson, Boyer, &
Eklund, 2015; Norinder et al., 2016; Svensson et al., 200@)s, the normalised Pls for predictictsat a

confidence level of (@-) % are calculated as in Equati8r8.

0 ® o, 38

The requirement for highaonfidence yields larger intervals and, naturally, Pls are more likely to include the
future observation. At a fixed confidence level, 95%, normalised Pls obtained from different normalisation
functions may vary. The agreement of the different nasadlnonconformity measures is assessed for a dataset
by comparing the sizes of the average(Bland & Altman, 2003; Johansson, Bostrém, Lofstrom, & Linusson,
2014; Rasmussen & Hines, 2003)

The validity of the Pls is guaranteed lmg tassumption that the data are 11D, or at least exchangeable, which is a
common requirement in statistical inference and machine learning methods. It is satisfied by designing th
calibration and test data using random sampling methods, as they méeatariginal probability distribution of

the data. This assumption guarantees that future observations of the model will in fact be present in the specifi
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Pls at the stated probability. However, the assumption cannot be verified for new data urti¢ &xgetrimental
measurements are made; nor may it be, strictly, satisfied in diverse, pharmaceutical (EdasetsNorinder,

Boyer, & Carlsson, 2015Global QSAR models are periodically updated with predictions to account for the
newly assayed compounds, although predictions outside the desirable range are commonly excluded. Ti
diversity of compound struates is also greater in global datasets as a pharmaceutical company may work on
multiple projects that focus on different molecular scaffolds represented by different probability distributions.
Furthermore, temporal information may be associated with ttee dimce historical data is used to guide the
design of new compounds. As a result, the validity of the CP models may be compromitieel amckrtainty
underestimated. Nevertheless, CP may stilldefuleven if validity is only approximate. The traigischedule
applied for global QSAR models is compatible with a TCP setting, where the CP model is updated with every
new data prediction that is tested. However, as discusg&klumd et al., 2015)this setting is impractical for

their development. Instead, the ICP settingvhich the model is trained onds usuallyimplemented due to its

computational efficiency.
Evaluation of Conformal Predictors

The performance of eormal predictors is evaluated by their validity and efficiency. Validity holds if the CP
confidence estimate is confirmed on test data. In other words, a CP is valid, when the percentage of PIs that
not include the future measurement,, itbe errorrate of the CP, is less than or equal to the significance level.
The PIs estimated from a CP that is not valid are, thus, not useful. A conservative CP, that yields a much small
error rate than the significance level results in large Pls. Theob®, which is defined in Equatio9 for an N

di mensi onal space, may be used to measure the dif
rate for the full confidence distribution or part of$tvensson et al., 2017)

& o E o 39
The efficiency of CPs is evaluated by the average PI size for a dataset. As previously mentioned, efficiency i
greater at lower confidence levels where Pls are narrower than in bagifeetence levels. Narrow Pls are more
informative as they can be used to make decisions that require a greater precision. However, narrow enough F
may not be easy to obtainary high levels of confidence,g. 95% and, typically, setting the confiderievel

threshold at 80% yields a suitable traxfebetween confidence and efficiency.

In the work ofEklundet al. 012) normalised Pls were constructed by applying error models as normalisation
functions. The error models, similar to AD models, are considered as an alternative method for the estimation
prediction uncertainty based on the vailipiof the data in feature space. However, the combination of

uncertainty from different sources has not been addressed.
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3.7 Conclusions

This chapter has introduced the concepts of QSAR modelling and the main steps required to build a QSAR modk
Theseinclud t he sel ection of descriptors, the optimisa
performance on known data and the definition of t
development of regression QSAR models usngervised learning methods and the approaches for assigning
confidence estimates to their individual pr es@di ct i
nontrivial task; and thatombining information obtained from different AD methadsl errofbased reliability
estimation methods may be required to obtain confidence estimates. A promising method is that of error modellin
using regression algorithms, which may be used to explore the relationship between reliability metrics and QSAI
prediction errors. Assuming that error models are predictive, then they may be useful for the estimation o
confidence in individual QSAR predictiorBonformal predictiorprovides a robust mathematical framework for

this purpose; as it utilises calibratidatatoe st i mat e t he conf i denE&dimateqaret h e
obtainedn the form of Pls, whereby reliability estimates derived from the definition of ADs or error models may
be used to generate compotspkcific Pls. The predictive performamnof error models anteir utility for the
purpose of confidence estimatifitmn ADME modelsis investigated and discussed in greater detail in the following

chapters of this thesis.
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Chapter 4 Description of Datasets

4.1 Introduction

This chapter describes the datasets thatuaesl throughout the thesis. The sections that follow provide an
overview of the dataset characteristics and provide additional details regarding -ffregessingand data
curation stepsapplied to the data. Eleven datasets were studied in total anidtoonene physicohemical
property dataset, namyel.ogD, and ten datasets that represent ADME endpoints. Each of the datasets contains

experimental measurements from a single assay.

4.2 LogD dataset

The distribution coefficient, LogD, is the concentration ratio of a compound between two immiscible solvents,
such as roctanol and water. It is closely related to the partition coefficient, LogP, which gquantifies the
lipophilicity of a molecule in neutrdbrm; however, the LogD vyields a more realistic estimate of lipophilicity in
physiological conditions as it quantifies all forms of the moledide the ionised and neutral sta®¥ang et al.,

2015) In ADME prediction, LogD may be used as an estimate of membrane permeability. The wide availability
of reliable LogPmeasurementi public datasets has prompted the development of many methods for the
estimation of LogP. However, these are lacking forlofipr which large datasets of experimental data are not
available and the estimation is more comgEatko et al., 2006; van de Waterbeemd & Gifford, 2003)

The LogD dataset (CHEMBL3301363) used here was retrieved from CHEMBL (v.21) asistsaf 4200 data
points. Each data point corresponds to a single compound represented by its SMILES string and a sing
measurement of its coefficient of distribution (LogD) in a buffer solutioraftanol and water at pH = 7.Bhis

dataset is a smadlubset (7%) of the LogD AstraZeneca datdbat has been described in severddications

and is associated with an experimental assay estimate of 0.1 LogD uni{$Venlock & Carlsson, 2015; Wood

et al., 2011)

Prior to thecalculation of descriptors, compounds with missing measurements and molecular structures
representing mixtures of compounds,rijemic molecules or salts were removed using the RDKit salt stripper
node in KNIME. The remaining structures were standardised by applying the RDKit structure Normalizer node
which removes salts, neutralises charged structures and resolves the strugthiels ihe stereochemistry is not

accurately represented. The canonical SMILES were then generated edrigkh Canonical SMILES node.
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Three compounds with missing measurements were identified and subsequently excluded from model trainin
and validatio. Following the data curation processd the removal d@7 structures that could not be resolved; a
total of 4170 structures were used to generate canonical SMILES strings for thetioalaflanolecular
descriptors the details of which are providedhe following chapter. The holdout data was sampled randomly
for the purpose of model validation with 85% of the dataset assigned to the training set and the remaining 15%
the test sefTable4-1 below shows the descriptive statistics of the training set and holdout test set measuremen

distributions.

Table4-1. Descriptive statistics of the LogD trainisgt and holdout test set

Data Partition Size Range Median Mean Standgrd
Deviation

Train 3574 [-1.50 4.50] 2.37 2.19 1.19

Test 596 [-1.48 4.50] 2.33 2.16 1.24

4.3 ADME datasets

Ten datasets representing ADME endpoints were supplied by Eli Lilly. Dtleeto confidential nature, the
training set and test set of each dataset were provided @slpodated matrices of descriptpighich were
calculated followinghe same data curation protocol described for the LogD dataset in KNObtRils on the
calcubkted descriptors are provided in the following chaptérfigures reported below refer to the curated data.

An external test set was provided by Lilly, which was derived from temporal ordering, i.espgiitheand
represented future data measuremetibsvever, separate holdout test sets were generated by randomly sampling
20% of the training data. The holdout test sets were used to validate the underlying model€bajter sand

the eror models in Chapter. Both the randomly selected holdoutttests and the temporal test sets were used

to validate the conformadrediction results in Chapter 7

The provided measurements had been previously normalised at Eli Lilly to fall within the range [0, 1] by applying
a log transformation, unless these wergorted as a percentage or a fraction. Measurements that were reported
as censored data, e.g. >1 or <0, were excluded. Repeated measurements in the data were averaged and repl
by their mean value for modellin§able4-2 below lists the endpoints and the descriptive statistics of the training

sets and the external test sets of all ADME datasets.
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Table4-2. ADME endpoints and descriptive statistics of the training sets and external test set measurements

Standard

Dataset Endpoint Partition Range Mean o Median  Size
Deviation
1 Brain-to-plasma Train [0.00, 1.00] 0.39 0.21 0.35 866
concentration ratio Test [0.04,1.00] 0.40 0.22 0.38 230
5 Total concentration, plasma Train [0.00,0.96] 0.34 0.11 0.34 928
Test [0.03,0.81] 0.34 0.09 0.35 248
3 Fraction unbound proteiii Train [0.00, 1.00] 0.49 0.23 0.48 1429
mouse, brain Test [0.06,1.00] 0.51 0.23 0.50 375
. . Train [0.00,1.00] 0.18 0.19 0.10 2089
4 Passive permeability
Test [0.02,0.80] 0.19 0.19 0.11 548
5 Fraction unbound protein  Train [0.0, 1.00] 0.18 0.14 0.13 2401
human, microsomal Test [0.03,0.85] 0.22 0.16 0.15 621
5 Fraction unbound proteiri Train [0.00,1.00] 0.38 0.20 0.37 3133
mouse, plasma Test [0.00,0.85] 0.32 0.18 0.32 824
. - Trai 0.00, 1.00] 0.28 0.25 0.19 2959
7 Metabolic stability human rain ! ]
Test [0.00,1.00] 0.33 0.30 0.23 804
. - Train 0.00,1.00] 0.33 0.28 0.25 2962
8 Metabolic stabilitydog [ ]
Test [0.00,1.00] 0.34 0.27 0.28 803
9 High throughput solubility  Train [0.02,1.00] 0.47 0.27 0.47 12022
assay Test [0.04,1.00] 0.47 0.27 046 3116
. . Train [0.00,1.00] 0.49 0.34 0.45 22094
10 Metabolic stabilityrat
Test [0.00,1.00] 0.44 0.33 0.36 5524

The repeats were used to estimate the error of the individual measurements using the coefficient of variation. Tl
coefficient of variation was calculated for compounds with repeated measurements as the standard deviation
the repeats divided by their am@ The average experimental error of the datasets was estimated as the mediar
coefficient of variation (CoV) of the compounds with repeated measurerabte4-3 showsthe percentage of
compounds with repeated measurements in the training data, which were used to calculate d@he @@/ip

house estimates ekperimental erroior each dataset thatere provided by Eli Lilly. Théatter were calculated

as the MSD, i.e., the square root of Mamimum Significant Ratio (MSR) that a statistical parameter that
characterises the repr ocdknsintwvd orimbrg exmefimergblaas, &Eassvaod,6 s
Iversen, & al., 2013)The MSRis an estimate of assay variabilaynd it is obtainedrom historical data using
analysis of variance (ANOVA)Both estimates were similar for some datasets but for others, the median CoV
estimates were too small and, thus, it was decidedribdatter should be used. The estimates of experimental
error were used in the validation of the QSAR models, error models and conformal prediction models in the

following chapters.
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Table4-3. Percentage of repeated measurements in training set and experimental error essithetedefficient of

variation (CoV) and the square root of the minimum significance ratio (MSD)

Percentage of repeal

Dataset in training set Median CoV MSD
1 5.9 0.072 0.133
2 5.7 0.089 0.087
3 5.9 0.030 0.061
4 6.2 0.078 0.070
5 6.8 0.074 0.044
6 8.6 0.050 0.069
7 100 0.262 0.218
8 100 0.188 0.184
9 4.2 0.027 0.133
10 11.3 0.126 0.182

4.4 Conclusions

This chapter has provided details on the datasetsvidratused to develop the models in the following chapters.
The details provided also include information regarding data procemsithdata curatiosteps,as well aghe
experimental details of the dafeurtherinformation on thecalculation of molecular descriptoase provided in

thenext chapter
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5.1 Intro duction

Poor physicochemical and ADME properties are identified as a major cause in the high failure rates of drug
candidats during drug development. There is, therefore, a need to have access to methods that can predict the
properties, both, accurateind reliably. The aim of this chapter is to build QSAR regression méatethe
datasets introduced @hapter 4using different statef-the-art machine learningML) algorithms and validate

their performanceThe main objective is to produce QSAR mod&kst will be utilised as underlying models in

the investigations of théollowing chapters which focus on the estimation of errors in individual QSAR

predictionsusingerror models.

5.2 Methods

This sectiordetailsthe methods that were applied for the development of the QSAR médaisamary of the
QSAR modelling workflow is illustrateth Figure5-1. It covers thesteps followed fodata curatiofpreparation

the descriptor filtering procesthe optimisation of the modelling algorithms and their evaluation using validation
techniques Details on the definition opplicability domais are provided wherever these are applicahble

summary of each of the steps is described first before full details being given below.

Data Molecular Model Model
preparation representation Optimisation Evaluation
e Removal of missing e Removal of collinear o Cross validation o Cross validation
values and complex and uninformative e Repeated nested o Holdout data
structures features cross validation o Applicability domain

o Correction of structures

: ® Descriptor scaling
e Removal of replicates

Figure5-1. Summary of the QSAR mod#ig workflow

The first step was described in the previous chaptedatails regarding the output data curatiorwere also

provided

The second step dealt with the calculation of molecular descriptors and descriptor selection. Numerical descripto
that are suitale for use in regression analysis and are calculated from thditwemsional representation of

molecules were used throughout this thesis. The presence of collinear descriptors, which carry redundal
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information and introduce noise to the model, wagerehy applying filters based on a correlation threshold and
variable importance methods. The descriptors were standardised as this resulted in improved performance for
algorithms.

The third step investigated the optimisation of four regression digmwiaind the selection of the best models by
means of crosgalidation. The final step evaluated the average performance of the models on holdout data anc
their applicability domain.

5.2.1 Molecular representation and kature selection

Themolecular descriptoff®r all datasetsvere calculated using the RDKit Descriptor Calculation node in KNIME
and consisted of 11¢onstitutional, physicochemical arntdpological descriptors in total. The molecular
descriptors of the training data were standardised using/amdince scaling, and the mean and variance values

used to scale the training data were applied to the testfoiatdl datasets

Redundant information present in the descriptors was removed by excluding collinear descriptors with a pairwis
correlationcodf i ci ent greater than 0.95 (PearsonosdThs in
procedure was followefbr all datasets, i.e., the Logiiataset and the ADME datasets.

As discussed in Chapter feature selection may also be applied usimgvidriable importance scores obtained
from the PLS and RF algorithms of previously trained QSAR mobéiferent feature selection methods were
investigated for the LogD dataset as described below. Feature selection was not attempted on the ADME datas
due to their large number and the limited benefits seen for the LogD data.

The PLS and RF models wenaihed on nonanvariant (i.e, not constant), near orthogonal descriptors using
default settings for both algorithms. The variable importance scores were extracted from the models with the ai
of scri pt s saikitiearngibrdPyy Debcoptols swe removed as having negligible contribution to the
model sé6 performance by a@tp theiriPLS varablelingporence scandsaip,s h o |
Afanador, Buydens, & Blanchet, 201at)d an arbitrary lower threshold of 0.2 to the RF feature importance scores.
The two descriptor subsets obtained by PLS and RF variable importance filtering were then used to train Logl

models usindour regression algorithms.

The Gini i mpurity score of each descriptor in the
Gini impurity represents the number of times the descriptor is selected for growing the trees in the forest and |
indi cative of the descriptords contribution to the

descriptor subsetd &ble5-1); whichwere then used to train the algorithms with default settings.
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Table5-1. Description of the five descriptor sets compiled by filtering

Descriptor set | Details

1 All descriptors
2 Non-invariant, nean r t hogonal desaq
3 Norni nvari ant, near orthgd

Feature Importance (RF)

4 Noni nvariant, orthogonal
Variable Importance in Projection (PLS)

5.2.2 Model optimisation

The parameters of folL algorithms (PLS, SVM, KNN and RF) for LogD and two algorithms (SVM and RF)

for the ADME datasets were optimised using the reduced subset of descrifablss-1, Descriptor set 2). The
optimal parameters for each algorithm wirend by implementing a grid search algorithm in a crealdation

loop. All models were built, optimised and validated gsiy t h echkid karn library. The gridsearch
optimisation was implemented using the model selection function, while the evaluation metrics of the optimum
parameters were calculated using the cradislation and metrics functions availabledoikit learn The G

values were calculated using a customised script.

A range of parameter values for each modelling metvasprovided as input to the grid search algorithm, which
was used to compute the crasdidated MSE and coefficient of determination meas for all parameter
combinations. The algorithm reported the optimum parameter combinations that were evaluated using errc
minimisation. To prevent overtraining the crasdidation measures of all parameter combinations were plotted

to aid visual inspction of the optimum parameters and, subsequently, manual parameter selection. The paramete
and the ranges of values that were investigated during the optimisation of each modelling algorithm are shown |
Table5-2.
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Table5-2. Parameters and ranges of values provided as input to the grid search algorithm

Algorithm Parameters Range
PLS Number oflatent variableg 17 50
SVM RBF kernel: Gamma 2 =827, 29

Penalty C C=(0.1,1,2,5,10)
KNN Number of neighbours | 1-25

Averaging weights Uniform weights or

Distancebased weights

RF Number of trees 507 500

Size of leaves 17 50

5.2.3 Model validation

The average performances of the QSAR models were evaluated dsldgibssvalidation and on holdout data
using the R @, RMSE and MAE measurégélexander et al., 2015; Consonni et al., 2009)e measures were
computed according to the definitions provided @ble5-3.

Table5-3. Definition of measures for the evaluation of QSAR models

v B o ® e p , , 060 p . .
B 0w o
- B 0 o - B 0w f) 0
0 U ;
P B o O P B A P B o
0

w:measurement : prediction
0 : mean of traininget measurements
0 € 10 :size oftraining set 0

: mean of external test set measurements

: size of external test set

The error distributions estimated from crasdidation and the holdout data were also examinediéparture

from normality; as a nenormal error distribution may indicate the presence of bias in the model or the lack of
an important variable. Normality was confirmed visually, by inspecting the residual error plots and -quantile
quantile (QQ) plots ofte model sd& err or s and onesamn@eKadlnsogoroeSmirnbwy |, b
(KS) test. A QQ plot is used to compare an empirical distribution function with another theoretical or known

distribution function, e.gGaussian. The quantiles of the tdistributions are plotted in a tadimensional plane
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and the distributions may be assumed to be equal only if they overlap with the d{@d@sal2010a)Thetwo-
sampleKS test is used to evaluate the goodrdd#t of two distributions. The KS test statistic is defined as the
largest absolute deviation between the theoretical distribution function and the engisticadition function

(Thas, 2010b)Theones a mp|l e KS test was scigylibay.l ated using Pyt

5.2.4 Definition of the applicability domain

The AD was definednly for the LogD modelsisingtraditional AD definitions implementeid QSAR that are
independent of the ML method. These were used to
for the holdout data ahwere based on randpased, distanebased and densityased AD definitionsTable5-4).

The AD assessment and the calculations of the reliabilitynasts were implemented using the Applicability
Domain Toolbox in MATLAB(Sahigara, Ballabio, Todeschini, & Consonni, 2014; Sahigara et al.,.2012)

Compounds in the holdout test set were classified as inside or outside the domain by the different AD methoc
for descriptor set 1 (all, 117 descriptors) and descriptor set 2 (82 descriptors). Classification was made using A
thresholds that were calculdtasing the parameters specified for methodiainle5-4.

For the leverage method, the threshbldias calculated by setting the warning leverage fatdhree. The
warning leverage then corresponds to three times the average levepageonhpounds, whergis the number

of descriptors and is the size of the training set. The threshold values for both descriptor sets are prokided as
andh,.

Theother distancéased thresholds were based on the Euclidean distance of the test compound to the centroid
the training set or its average distance from the 5 nearest neighbours or 9 nearest neighbours, the latter determi
following the optimisation bk for values between-25 over 1000 iterations on validation data 20% the training

set size.

The densitybased threshold was applied to the probability density of the holdout test set. The probability density
distribution of the training set was estinttasing a Gaussian potential for each training set compound with a
smoothing factor that is optimised by default. The threshold was set to the value of ther&hntile of the

training set density distribution.
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Table5-4. Domain of applicability methods investigated and thresholds applied

Method Parameters Threshold

Rangebased

Bounded box - -

Bounded box with PCA - -

Distancebased

Leverage Threshold factor = 3.0 h;=0.098
h,=0.066

Distance frontentroid Euclidean dh=15.22
d>=12.40

Distance KNN- fixed K Euclidean, K5 d1=8.30
d=7.54

Distance KNN- variable K Euclidean, -

K1=10,K>=11
Densitybased
Potential functions Gaussian kernel Threshold = p95

Smoothness= 0.1
Smoothness= 0.9

5.3 Results

The following sections present the results from the evaluation of the underlying LogD and ADME models.
Detailed results from the optimisation of the PLS, KNN, SVM and RF LogD models are provided and include the
results from their evaluatiamsing7-fold crossvalidation anda single holdout test set. The evaluatioeadh of

the ADME modelsvas conducted usintp-fold cross validation and single holdout test set
5.3.1 LogD dataset

Descriptor selection by filtering, based on the exclusion of collideseriptors (linear correlation <0.95), and the
variable importance thresholds of FI (threshold=0.01) and VIP (threshold =0.1), resulted in a total of 82, 31 anc
23 descriptors, respectively. The ranking agreement of the two variable importance methousag@ed using
Spearmanés rank order correlation coefficient, w
association between the ranks of two set0s36, which dat

indicates weak, negativmrrelation of the ranked features obtained by RF and PLS.

The ten highest ranking descriptors based on their importance computed by the RF and PLS algorithms are sho

in Figure5-2. Besides the expected high importance of the SlogP descriptor, which is abasetnestimate of
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LogP (Wildman & Crippen, 1999)other important descripteidentified by both methods were the number of
hydrogen bond donors (NumLipinskiHBD), the number of acyclic oxygen atoms (M@N@0yen, Blum, Van
Deursen, & Reymond, 2008)nd t he mol ecul e 6s v dributird) éora prédafiadd sitergal r f
of LogP values (slogP_VSAlQ)labute, 200Q)The RF algorithm gave a higher importance to descriptors based
on surface area contributions to partial charge (peoe_VSA) and logP (slogP_VSA), though it is clear that the firs
two features contribute the mostttee impurity reduction criterion of RF. On the other hand, PLS gave higher
importance to molecular topological counts, such as the number of aromatic rings, rings, hydrogen bond dono
and amide bonds, cyclic divalent nodes (MQN30), acyclic oxygens (MQiNttDEmembered rings (MQN36).

SlogP SlogP
peoe VSAl4 NumAromaticRings
peoe_VSAT MQN30
g NumLipinskiHBD g NumRings
2 MQN10 a slogp_VSA6
§ slogp_VSA10 § NumLipinskiHBD
a smr_VSA10 a MQN10
peoe_VSAL3 MQN36
slogp_VSAS MQN14
peoe_VSAB MQN16

0.00 005 010 015 020 025 00 05 10 15 20 25 30

Fl VIP

Figure5-2. Ten most important descrip;or based on their ranki ngs (ldfty

and PLS6s (right) wvariable i mportance in proj

Given that the feature importance ranks depend on the performance of the algorithm the ranking is sensitive
model parametrisation. Consequendliyhough the importance rankingsHigure5-2 illustrate the most important
features for the LogD models; the robustness of the results coinddstigatedoy r esampl i ng of

parameters.

The performance measures computed for the modelling algaritamed on the full descriptor set and the three
descriptor subsets are showriliable5-5. Filtering of redundant information and collinear descriptors is seen to
improve the accuracy of all algorithms, except KNN. With subsequent application of the Fl threshold the accurac
of KNN and PLS increases; while it decreases for SVM and, surprisingly, RF. On the other hand, the use of th
VIP filter results in similar improvement in the performance of PLS but deterioration in the performance of the

other algorithms.

While there is no valelin maintaining descriptors that do not contribute to model perform&rceeen that the

RF and SVM algorithms are able to yield accurate models without feature selection. Yet, their accuracy improve
by excluding collinear variables that carry redamidinformation. As for KNN, removal of collinear descriptors
followed by the FI filter yields the best results. Furthermore, despite the ability of PLS to extract the underlying
latent variables; the performance of the algorithm improves with prior rérabeallinear descriptors and with

the application of either variable importance method.
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Table5-5. Performance of algorithms using default parameters for the four descriptor subsets

Descriptor set  Model R?  RMSE RZ?(CV) RMSE(CV) R2-RZ?(CV)

KNN 0.68  0.679 0.48 0.859 0.20

PLS 0.24  1.040 0.23 1.044 0.01
1 All(117)

RF 0.92 0.343 0.55 0.803 0.37

SVM 0.74 0.615 0.59 0.765 0.15

KNN 0.66  0.693 0.46 0.874 0.20

PLS 0.25  1.032 0.24 1.038 0.01
2 LC(82)

RF 0.92 0.333 0.56 0.786 0.36

SVM 0.75 0.595 0.59 0.759 0.16

KNN 0.70 0.658 0.52 0.829 0.18

PLS 0.27  1.020 0.26 1.025 0.01
3 FI(31)

RF 0.92  0.341 0.55 0.795 0.37

SVM 0.72  0.629 0.59 0.766 0.13

KNN 0.67  0.686 0.46 0.875 0.21

PLS 0.26  1.025 0.26 1.028 0.00
4  VIP (23)

RF 0.92 0.343 0.53 0.815 0.39

SVM 0.64 0.721 0.52 0.825 0.12

It is understood that feature selection introduces bias to the model by resticingtnod el 6 s app!l i ¢
and bydoingsgl i mi ts the model 6s ability to generalise f

Hawkins, 2004). Therefore, the decision was made to proceed with model parametrisation using descriptor set
that is the output of filtering collinear degxors.

The optimisation curveareshownin Figure5-3 and illustrate the change in thédhd mean squared error (MSE)

for the parameter values optimised for eactheKNN, PLS, RF and SVMlgorithms.
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Figure5-3. Optimisation of A) the number of nearest neighbours and weighting method of KNN, B) the number of latent

variables in PLS, C) the number of trees and $&ad of RF and D) the C and gamma parameter of the RBF kernel in SVM

The bestparametergéound withgrid searckbased optimisatioare providedin Table5-6 with the metrics from

the evaluation of the algorithmso6é performance
Table5-6. Optimum parameters identified by the grid search algorithm
Algorithm Parameters  R? RMSE R2?(CV) RMSE(CV) R2-R?(CV)
KNN K=9 1.00 0.029 0.52 0.827 0.48
PLS LV=30 0.46 0.879 0.41 0.916 0.05
Leaf size=1,
RF Trees=500 0.95 0.274 0.61 0.747 0.34
SVM =10, _ 0.98 0.178 0.64 0.710 0.33
gamma= 2
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The grid search algorithm is strictly driven by error minimization and as a result it can easily leadttaiogdr
models and underestimate the prediction error of novel compountsblieb-6, overtraining is evident from the

large difference between the fitted &d the crossalidated R (qRR? > 0.3). For this reason, it was decided to
identify analternative set of parameterBaple5-7) t hr ough vi sual i nspection
curves based on the cresslidation performance measur@&se parameters were selected by taking into account
the ruleof parsimony according to which the most generalizable model with similar performance should be
chosen.This approachresulted in less optimistic performance metrics and reduced the difference between the
fitted and crossalidatedR? in the case of the R&nd SVM algorithms but increased in the case of KNN and

PLS.

Table5-7. Optimum parameters identified from visual inspection

Algorithm Parameters R? RMSE R2?(CV) RMSE (CV) R?-R?(CV)

KNN K=5 1.00 0.029 0.50 0.846 0.50

PLS LV=5 0.46 0.879 0.35 0.962 0.11
Leaf size=5,

RF 0.86 0.449 0.59 0.766 0.27
Trees=250

C=2,

SVM 0.76 0.591 0.60 0.753 0.16

gamma= 2

In Figure 5-4, visual assessment of the final QSAR models was carried out by overlaying the cumulative
distributions of the actual and predicted endpoint values of the-eatidation and holdout dat&hough scatter

plots are the most common way of visually assessing the quality of a regression model, theFmote 54

clearly summarise the abiligf the differentML algorithms to reproduce the LogD data distributions. Smaller
distances in the predictedmulative density distribution (CDDY the crossvalidation data from the actu@bDD,

in comparison to th€DDs for theholdout data, indicate théhe performance of the algorithms on the cross
validaion data is higher. The result f’NN and SVM are better in estimating the full data distribution, while a
larger distance of the PLS and RF CDFs from the actual data distribution indicates thalighiedms performed

less accurately on the tails of the distribution. In addition, PLS generated predictions outside the response vall
range in the crosegalidation data. These results are also reflected in the ranking of the algorithms produced by
the KolmogorowvSmirnov (KS) statistic from the two sam@#e& test, which was applied between the actual

measurements and the predictions of each algorithm for the holdouT dbte-8).

46



Chapter 5 Developing the Underlying QSAR ddlels

5 5
= 1.0 -= 1.0
g —— KNN g —— KNN
Eos | = PLS 5o | = PLS
2 — RF a — RF
a a
_é* 06 | —— SVM é* 06 | —— SVM
b —— Actual 2 — Actual
[ 1]
0 04 0 o4
g g
b= 5
© 02 o 02
g g
3 00 3 0.0
-4 -2 0 2 4 6 -4 -2 0 2 4 6

Endpoint values Endpoint values

Figure5-4. Cumulative density distributions of QSAR predictions and the actual measurements -oftidzgmon
(left) and holdout daté&ight).

Table5-8. Two sample Kolmogorasmirnov test for holdout measurements predictions

Model KS statistic p-value

KNN  0.143 0.00
PLS 0.181 0.00
RF 0.169 0.00
SVM  0.122 0.03

The model 6s per f or weidatedeandrheldow dataars pravided &ible®9s The estimates

of the model ds accuracy f or -validaton pre sirilarvoethe gstimates af t |
holdout data, yet slightly optimistic withdifference of 0.0% 0.05 units. However, a limitation is that these could
vary for other holdout samples and further investigation using resampling methods or other data partitioning

approaches would have to be incorporated into the modelling process.

Table5-9. Performance measures estimated from evasidation and holdout data.

Model Parameters R2(CV) RMSE (CV) Q? RMSE (Holdout)

KNN K=5 0.50 0.846 0.48 0.859

PLS LV=5 0.35 0.962 0.28 1.012
Leaf size=5,

RF 0.59 0.766 0.55 0.804
Trees=250
C=2,

SVM 0.60 0.753 0.57 0.784
gamma= 2
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The residual error distribution of each model was tested for departure from normality by plotting the quantiles o

the residual distribution against the quantiles of the theoretical, ndrstidbution Figure5-5).
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Figure55.Q-Q pl ots of the model sd errors

Given theabsence of major trends indicating departure from normalifjgare5-5, it is reasonable to assume
t hat the model sd error di st distributed.i Then resulta were, conéirmear o
guantitatively by applying a one sample KS test, which produced a KS statistic of 0.5 and p=0.0 for the residual

of all models(seeAppendix,A 1).

Evaluation of the reliabilityoft he model s & pr edi c tusingthe different ADtmeteodsh o |
produced varied result¥able5-10 showsthe percentage of the holdout test set that was classified as outside the
AD defined by the individual methods using the original set of descriptors calculated, descriptor set 1, and thi
filtered set of descriptors, descriptor s€¢s@eTable5-1 for details). The joint AD was calculated by taking into
account the predictions that weskassified as ouwbf-domain by at least four AD methods. This was done to
investigate the overlap in the results produced the different AD definitions. The density method producec
surprisingly different results for the different descriptor sets, clasgifyiost of the holdout data as outside the
applicability domain using descriptor set 2. The difference between the numberasfdaumhain compounds

identified by the rangbased and distance based methods using different descriptor sets is much smaller.

48



Chapter 5 Developing the Underlying QSAR ddlels

Table5-10. Statistics of the evaluation of AD for the holdout dagang descriptor sets 1 and 2

Outside AD (%)

Method

Descriptor set 1 Descriptor set 2
Rangebased
Bounded box 0.3 0.3
Bounded box witiPCA 0.8 0.8
Distancebased
Leverage 3.3 2.5
Distance from centroid 5.1 4.9
Distance KNN- fixed K 55 5.2
Distance KNN- variable K 4.7 3.9
Densitybased
Potential functions 0.0 91.8
Joint AD (exc. density based) 1.3 1.7

Table5-11 compares the mean absolute errors (MAES) calculated when no applicability method is applied to the
holdout test setndicated as Nonewith the MAESs calculad for compounds classified as inside (In) and outside
(Out) the AD specified using each method, respectively. Highlighted in bold are the results for which the MAE is
reduced following the removal of predictions for compounds that werefadmain. Indtated in italics are
results were the MAE increases following the application of the AD. It is seen that the most efficient AD is

obtained using the distant@model definition with a variable number of neighbours.
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Table5-11. Mean absolute residual errors of holdout test datssified as in/out of the AD defined using different methods

(calculated for descriptor set 2)

AD method Number of N pLS RF  sSVM
compounds
None - 596 0.620 0.786 0.592 0.556
) In 594 0.618 0.784 0.587 0.553

Bounding box

Out 2 1.354 1.351 1.902 1.358
Bounding box In 591 0.619 0.784 0.591 0.556
with PCA out 5 0.729 1.020 0.658 0.592

In 567 0.618 0.782 0.585 0.557
Distancefrom centroid

Out 29 0.658 0.875 0.718 0.542

In 565 0.620 0.787 0.587 0.555
Distance- fixed k

Out 31 0.628 0.772 0.670 0.570

In 573 0.616 0.778 0.580 0.548
Distance- variable k

Out 23 0.734 0.986 0.882 0.739

In 577 0.614 0.785 0.584 0.556
Leverage

Out 19 0.825 0.837 0.830 0.565
Joint In 586 0.618 0.783 0.587 0.555
oin

Out 10 0.743 1.007 0.881 0.630

The AD outliers that were identified by all methods (excludirgydensitybased methgdare highlighted in the
residual plots bthe holdout data for models figure 5-6. Although most of theAD outliers lie within the
boundaries of 2 and 3 standard deviations of the residual errors, indicated by the riedHiges 5-6, it could

be argued that these should be removed and the model retrainedeh, this was not done here.
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joint AD

There are 10compounds that were identified as-offbounds byat least four AD methods representih@ % of

the holdout dataA total of 52compoundswvere classified as outf-domain by combining the results of all AD
definitions by at least one AD metho8urprisingly, only 1 compound was identified by all methodstlaischad

a residual error between05- 1.5across the four LogD modelthus, it may not be considered a residual error
outlier. The distancbased methods were maeccessful in identifying predictions with large residuiads was

the consensus of the methoids,, based on the jotrAD, yet, many compounds that were poorly predicted by the
four ML algorithms failed to be identifiegls outof-domain by any method

This highlights the fact that the assessment of the reliability of predictions using these AD definitions is rather
simglistic as it does not take into account the modelled response and, practically, implies a linear relationshi
between the similarity of the compounds and their accuracy of predictiaddition, the ML algorithms used to

build the QSAR models are applg amore complex statistical treatment that cannot be expldipedsimple
rangebased or densitipased reliability metric. These methods may be useful in verifying the theoretical

assumptions of the QSAR experiment, such as for example, testing wheiresticion is the result of an
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interpol ation or extrapolation in the model 6ds AD
that were classified as outside the ABre actually predicted well therefore these methods may not be verly usefu
for identifying mispredicted compounds by ML algorithms.

5.3.2 ADME datasets

Regression models based on the SVM and RF algorithms were trained using the best parameterfmhtained
grid search optimisatiomhese are reported in thgpendix(seeA 2). Despite many othe models being over
trained these were chosen as they yielded models with the highest accuracy featidzdton and holdout data.
Model performance was evaluated usingfdd cross validation and by resampling the hold data 10 times.
The predictive performance of SVM and RF models estimated {igld @rossvalidation is illustrated ifrigure

5-7.

RF R? (10-fold CV) SVM R? (10-fold CV) RF RMSE (10-fold CV) SVM RMSE (10-fold CV)
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Figure5-7. Distributions of predictive Rand RMSE estimates (by fold) of RF and SVM models fronfiald cross
validation.

Both algorithms produced models with similar performance on-s@gtation dataThe crossvalidatedR? and

RMSE valuesare compared with the statistics obtained on the holdout databie5-12. It is seen that the SVM
models for datasets 1, 3, 6 and 10 were more accurate than the RF models by a small margin in the range of 0.(
- 0.011. The overall accuracy of the QSAR models ranges between, apgelyi 10i 30 % of the endpoint
values; with the models for the largest datasets being the least accurate. Dataset 2 produced ADME models w
the smallest erroron crossvalidation and holdout data, however, the measurements in the dataset were

accumulged in a smaller range of values.
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Table5-12. Average model performance of SVM and RF algorithms estimated from cross validation and holdout data

Dataset Model ~R2?(CV) RMSE(CV)  R?(Holdout) RMSE (Holdout) erf)?y

RF 0.33 0.170 0.41 0.170

1 0.133
SVM 0.36 0.166 0.41 0.169
RF 0.19 0.094 0.31 0.070

2 0.087
SVM 0.15 0.096 0.28 0.071
RF 0.55 0.151 0.59 0.142

3 0.061
SVM 0.61 0.140 0.61 0.137
RF 0.35 0.151 0.51 0.129

4 0.070
SVM 0.36 0.149 0.53 0.126
RF 0.45 0.104 0.52 0.091

5 0.044
SVM 0.45 0.104 0.54 0.090
RF 0.52 0.132 0.64 0.117

6 0.069
SVM 0.57 0.125 0.69 0.110
RF 0.20 0.221 0.51 0.183

7 0.218
SVM 0.20 0.221 0.33 0.214
RF 0.26 0.260 0.68 0.180

8 0.184
SVM 0.25 0.260 0.45 0.230
RF 0.32 0.220 0.42 0.201

9 0.133
SVM 0.31 0.218 0.34 0.212
RF 0.33 0.273 0.45 0.247

10 0.182
SVM 0.37 0.265 0.50 0.237

The accuracy of the models was compared to the available experimental error estimates by apyilgiiana
basedon he 30 r ualmedel withfaracorrhcy estimate that does not exceed 3 times the assay variability
estimate is considered suitable for use (Haas, 2004). The rule was applied by calculating the ratio between tl
average model error estimate and the experimental etihoraés and setting an upper threshold ofeailts not
shown). This condition was satisfied for the models of all datasets; however, a ratio greater than 2 for the ADMI

models of datasets 3, 4 and 5 suggetitatitheerrorwas closer to the threshold.

If a model has an average error value that is smalletlhiesassay variability estimatteis suggests that the model
is more accurate than the assay method. This is @ubéovthe average SVM and RF error estimates obtained

from holdout data for datatse?2 and 7, and the RF model of dataset 8. These three datasets were also the mo:
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difficult to model andperformediess well in crossalidation. The large difference between tifeaRd RMSE
values of the models in cresalidated and holdout data, suggethat the models perform better on kimddout
data. This is also observed between the accuracy estimates obtained frevaliatisn anl holdout data for all
datasetbut dataset &nd itis attributed to the presence of measurement bias in thendatd, is discussebelow.

The low RMSE values for the models of dataset 2 and dataset 5 are partly attributed to the narrow data distributio
rather than high predictive performance. The implications of this would have been clear if the normalised RMSE
had beerused for the ssessment of accuracy, which would allow comparisoacofiracy across data with
different values and distribution@®ormalised RMSEs used in the following chapters to compare the accuracy

of QSAR models and error modelBpor peformance was also observed for datasets 7 and 8 (average predictive

R?<0.3 and average RMSE > 0.@hich have wide distributions argh variation in the response.

The metabolic stability datasets (7, 8, 9 and 10) were the largest in size and, thelsacoaracy was expected
to be higher. However, they proved to be the least accurate models as they consisted of greater assay error

variation in the response distribution.

Figure5-8i | l ustrates the shape of the ADME model sb6 err
of crossvalidation data. A striking observation is thlé range of the residual errdistributions is very largj;
particularly, for the larger datasei%., datasets 8, 9 and 10. The presence of heavy tails on the residual error
distributions is a consequence of measurement bias in datasets 3, 4, 5, 6, 7 and 8 and shows that normality of
error distributions annot be assumed. This was also confirmed by visual inspection of the residual error
histogramgseeAppendix,A 4). Although the theoretical assumption of normally distributed errors is important

in regression analysis, it may not be strictly followed when appliedal data nor is it a requirement for ron
parametric methods and ML algorithms. Model errors that@né€>aussian distributed may also indicate the lack

of important variables in the models, however, additional descriptors were not investigated in this thesis and th
presence of measurement bias was quite clear, after inspecting the endpoint digrillitimigorithms generally
perform well close to the dataset response mean and are less accurate as the distance from the megsecreases
Appendix,A 2 andA 3), therefore the errors will also be larger where the data is sparser. This is a problem of
imbalanced data and is easily addressed in categorical datadsification by techniques such as oversampling

or undefsampling; but the treatment of continuous data that are unevenly sampled is less straightforward.

Excludingoutliers in the endpoint value range from maddaihingis not a suitable option as thi®uld represent
a reductionoft he model s6 appl i cmthe deterionatiordad timamodéls apnedr froersnual nt

external data, thus, outliers in the data have been retained
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Figure5-8. Resdual error distributions of RF and SVM moddiom 10fold crossvalidation

The distributions of the RF signed residuals differ from the SVM signed residuals on several ditasetsg);
as they are shifted to positivalues, indicating that the RF has overestimaléds is more obvious for the

distributions of datasets 2, 4, 5 and 7.

The reliability assessment based ba AD was not applietb these datasets. However, alternative methods for

the assessment of prediction reliability using error models are investigated in the following chapter.

5.4 Discussion

Models of reasonable predictive performance have been obtaindtefoogD and ADME datasets usiiv-
algorithms without the requirement ebmplextuning Nevertheless, the use of the automated gridsearch

algorithm formodel optimisatioproducednodels that were oveained.

From the LogD mode)sand withregard to desiptor selectionjt was found thatreatment of highly collinear
descriptors improved the accuracyRifS, RF and SVMilgorithmsbut notin the case of KNN. The accuracy of

PLS improved wih the subsequent application of the Fi&Bed and Rbased featurémportance methods;
however the predictive performance of the PLS model was very llowontrastthere was no improvement in

the performance ahe RF and SVMmodels following descriptor selection usifeature importance methods

The highestimprovement followingt he appl i cati on of RFWasobdersea foukNE. i m
It was also seen thatossvalidation estimates were generally more optimigian the holdout data. However,
more robust esti mates of bé bbtinethosihg heéted crpsdidation ortby o n

applying resampling techniqueBhe results showed that SVM and RF algorithms consistently provided more
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accurate predictions than PLS and KNN. Anal ysi s
normality may be assumed. Minor deviations from normality in the residual errors are observed either as an effe:
ofthemoddi ng al gorithm, thus, indicating the model 6s
data.

The reliability ofthe LogDpredictions wagvaluatedising applicabiliy domain methods that do not take account
of the modell ed response o rnonimbdel spadfid. & mé@indra@haak of these a n
approachess that they cannot efficientlyidentify compounds that are poorly predicted by ML algorithms.
Consequently predictions with high accuracy were considered unreliable, while many predictions with low
accuracy were considered to be reliaMet, the dstancebased applicability domainsere more efficienthan

the rangebased approaches fall modelling algorithmsAth ough t he eval uation of
domain is concerned with the theoretical assumptthas are implicitin the QSAR modelrather than the
statistical assmptions of the modelling algorithmit is important toconsider both aspects in tdetecion of
unreliable predictions to avoispending resources @aasing compounds that araccurately predictetly the

QSAR model.

The RF and SVM algorithms produced ratsdof similar overall performance for the ADME datasets. From the
average performance of the models and the error distributions of the models, it became clear that, although tl
models were able to predict the mean response of the dataset well, thégse@eeurate in predicting instances

that were further away from the response mean. This revealed that some of the datasets were biased;
measurements were either restricted to a short range of values or the measurement distributions were sever
skewed, i.e., imbalanced. Data that were associated with larger experimental errors also had very broad err

distributions regardless of the ML algorithm used to build the models.

5.5 Conclusions

This chapter focused on the developmehphysicochemical and ADME property regressiondels using
established ML algorithms that will be further studied for the estimation of their prediction dier®F and

SVM algorithms produced the most accurate models for all datasets, although ase¢hef several ADME
datasets the errors were found to be-nommally distributed. Analysis of the results from the validation of the
LogD models using AD definitions suggested that-Bdxed reliability estimates are not good indicators of the
accuracy inpredictions of ML algorithms as they do not take into account any information about the modelled
response or the model sdé errors. This suggests tha
with the accur acy sodedtblbeeonsiderddelh thedollquingctapters, wedinvestigate the
use of error models as an alternative approach to the definition of AD for the assessment of prediction reliabilit

and focus on thassessment of their performance.
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6.1 Introduction

The existing approachesilising machine learning methofts the estimation of uncertainty individual QSAR
predictons were discussed iBhapter 3 Previous studies have reported methods that are able to distinguish
between accurate angbiccurate predictions; yet, their performancABME data is often poor (Sheridan, 2013;
Toplak et al., 2014). The focus of this chapsetio investigate the performance mfchine learning algorithms

for theestimation of errorsnii QSAR models and assessesubefulness in confidence estimation. Error models
are developed with the objective of estimating the prediction errors ohttelying models built in the previous
chapter. Details regarding the variablegthods and measures for @valuation of the error models are described

in the sections below.

6.2 Methods

Two error model methods are evaluated on their ability to estimate thetimedirrors of individual QSAR
predictions and on their ability to rank predictions based on their actual prediction errors. These are both base
on RF regression but using different types of features: namely destrgsted features and Allased metrics

The performance of the two error based models are compared with a mietettijon method,e.,the direct use

of an ADdistanceto-model(D2M), and bagged ensembles as baseline methods. Each method is applied to the
underlyingQSAR models that were liliin the previous chapter using the LogD and ADME datasets described

in Chapter 4

The baseline methods are described first followed by the error mmdbbd. Thetwo different methods used

to evaluate performance are then described.

6.2.1 Binned D2M-based model

As discussed irChapter 3 distanceto-model methods rely on the assution that compounds with a greater
degree of extrapolation from the model 6s AD wi |
AD. This section describes the development of the baseline D2M error models that were used to evaltate the
models for the LogD dataset. These were built using the D2M indices and thevalidagon errors of the

underlying models. First, the D2M indices were binned and the mean prediction error of each bin was calculatec
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then, linear regression was éipd to the mean D2M andean erroof each bin. Binning was applied in KNIME
using the Autcoi nner node and | inear regression wascpyr un

library.

The D2Mindicesof the training data were calculated usihg descriptors of the underlying LogD models built

in the previais chapter. The descriptors aescribed in the Methods sectiohChapter 5The D2M index of

each training set compound was calculated as its mean Euclidean dististieré® nearestghbourswhich
isdefined inChapter3aThe Eucl i dean distances were cal cadpy.at ed

The D2Mindiceswere ordereénd tha distributed into nomverlapping bins of equal frequency. The prediction
errorestimateof each bin waslerived aghe meancrossvalidation error of the predictions assigned to each bin.
The performance of théinear regression modalas investigated fadifferentnumbes of bins, specificallyl0,
20, 50 and 100 bing.he D2Mindicesof the holdout datavere calculated as the mean distartoetheir three
nearest neighbours ithe training setand used to assigprediction error estimaseto the LogD prelictions

obtained from theicorresponding b
6.2.2 Bagged ensembles

Resampling techniques are widely applied in statistical inference for the estimation of uncertainty. In machine
learning, ensemble methods implement resampling techniques to construptenrmaltidels by sampling the
training data or thelata variables. The uncertaintigfsthe individual predictions arestimated as the standard
deviatiors of the predictions in the ensemble. Several studies in QSAR have suggested that the standard deviatic
of ensemble predictions correlates well with prediction accufigageko & Funatsu2014; Tetko et al., 2008)

Here the standard deviation of ensemble predictions is used as a benchmark for the performabog e

ADME error model estimates.

Ensembles were constructémt boththe LogD and ADME dataselsy applying bootstrap sampling on the data
and the features of thenderlyingmodels that were reported in the previous chaptstead ofusing thecross
validationerrors, as was done for all other error estimation methods in this chapter,-tifebagitdaa of the
bootstrap samples, i,¢he dah that were omittedue to sampling with replacement, were usdtk sizeof the
ensemble wasvaried between 10, 100 and 1000 modéle parameters of the ensemble models applee
the parameters that wepeeviously identified fronthe (visual) optimisationof the underlying models in Chapter
5. Prediction error estimates were directly obtained as the standard dewativmensemble predictisfor out

of-bag predictions and the holdout test data.
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6.2.3 Regression error models

According to Sheridan (2004), a single reliability method may not sufficiently explain the prediction errors of all
compoundsnor is it necessary that it encodes their molecular structure in the same way as the QSAR model
Thus, supenged learning algorithms may be used to explore thelinear relationships between several -AD
based reliability metrics and the prediction errors of the QSAR mad8etifically, the RF algorithm has the
functionality of identifying important variabldéiom a wide range of descriptors and contains #uitt validation

method basedonocof-bag esti mat es. I n Sheridanbés work (201:
errors of RF QSAR models using the structural similarity of the test compoitsditet nearest neighbour, the
QSAR prediction and the standard deviation of the QSAR prediction across the ensembdielafeaturesn

this study, RF error modetge built for the underlying QSAR models that were developed in Chapter 5 and to
predict the errors in holdout data. These RF error modele bult using QSAR descriptors amiD-based

metricsas features

Descriptorbased error models were generated by training the RF algorithm on thealidaton errors and the
descriptors of the uterlying models built in Chapter.he parameters of the RF algorithm were setriode

size of 10 and 200 trees.

The AD-based error models were trained on the evadislation errors of the undging models built in Chapter

5 andfeatureswhich combineAD-indices with predictions of the underlying model, similar to the approach
suggested by Sheridan. The featuretuded the mean and standard deviation of the D2M index, the prediction
of the underlying modeknd the standard deviation dfet QSAR preidtion, if the underlying algorithm was a

RF. The D2M was calculated as the average Euclidean distance of the test compound to its three neare
nei ghbours in the training set uscikiblgarnlibtary. Thestandagds t
deviation of the distanem-model metric was included as an additional descriptor to capture the local variation

in the test moleculesd D2M metric space.

Two distancewneighted error metrics described3heridan (2013ndKeefer, Kauffman, & Gupté2013) which
capture the continuity of the QSAR relationship in the local neighbourhood of the test moleculaJseere
consideredThese are defined ingdation6.1 and Ejuation6.2 below. The first, WRMSD1, is the weighted
difference between the QSAR pietion for the test moleculey , and the observatione, of its k=3 nearest
neighbours in the training set. The secam@MSD?2, is the weighted difference of theediction for the&k nearest
neighbours of the query molecule M, and their observations). The weights are given by the inverse of the
distance between the query molecule and‘tlmeighbour However neither of these were fournd improve the

model 6s p e rthfepweratherefoee, abamdbned.
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All error models were trained on the absolute residual errors obtained frorvalidsdgion. For the LogD error
models, these were obtained froAold crossvalidation; while for the ADME error modethere were obtained
from 10fold crossvalidation. Although otherfunctions of erromwere tried on several datasetégfied error,
|l ogarithm, square root, square) in preliminary ex

(results noshown); thus, subsequent error models were based only dotabeyoors.
6.2.4 Evaluation of error models using correlation

The regression error models obtained were initially assessed for their predictive performance\aiidaiesn
and holdout data, ugirthe standard regression metrics 68Rd the RMSE, defined in Chapter 4. The estimates
obtained from the ensemble models and the regression error modelseaissessed using the linear and rank
correlation of their estimates with their actual
correlation coefficient, r, and Spearmanét6s rank c
parametric method and requires t hatp()ishampachadiria asdr e
is applied to the ranks of the data. Although residual errors are, generally, assumed to follow a normal distributio
thismay notbethecas f or t he obtained prediction error estirt
wandwis given inEquation6.3:

ookt wm @0 6.3
wherei H are their respecti ve $isealtuated usingdre gama ¢quaton but by S p
replacing the continuous variables with their ranks. The values of correlation coefficients range Betvebn
+1, which indicate a perfect negative and a perfect positive correlation, respe®ieelyg.r sonés r and

} were calculated in KNIME using the linear and rank correlation nodes, respectively.

The ranking agreement between regression error modelateti and the benchmark, ,ihestandard deviation
oftheensemble was al so assessed using Spearmands corr el
estimates is also assessed wusing Kendal |-gammetio e f f
correlation coefficient that is used to express ¢ivellof agreement between more than two ranking methods. The

val ues of Kendall 6s coefficient of concordance r a
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between all the ranks obtained from all error estimation methods and 1 indicaitirepthelete agreement. The
calculations of the coefficient were applied with a custom script in PydibimyEquation6.4, where columns
refer to the raks of the individual ranking methods.

OO QB EDEQ 600EED D A
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6.2.5 Evaluation of error models using Kullback-Leibler divergence

Measurements were converted to distributions by assuming that they represent the means of Gaussian distributic
with a standard deviation estimated by the experimental error. For the datasets where repeated measnements v
available; compounds with repeats were considered to be less reliable than compounds with a single measurem
since repeats may either be the outcome of retesting due to a suspected systemac, emeironmental or

assay failure, or measurentethat have accumulated from multiple projects over tiFhe. opposite could also

be argued however: that average estimates of two or more repeated measurements are more reliable than estim
from a single measurement. Yegpeated measurements werdéyavailable for the ADME datasets, where in
most datasets they represented a small fraction of the data with the exception of two datasets where eepeats w
available for all compoundg¢see Chapter & For compounds with repeats, the standard deviatfothe

measurement was substituted by the propagated ,errthe measuremeny, " " i, Where

i represents the assay variability gnd j the variance of the individual measurement. This was done so
that the sizes of the error estimates represent the reliability of the measurements in a consistent manner. The pc
predictions of the QSAR models were converted to distributions using tlietfme error estimates obtained

from error models as estimates of their standard deviation.

The divergence between the measurement and prediction distributions of a compound was measured using

KLD score. This was calculated usingiation6.5

6.5

where' is the measurement value with a standard errpr dfe.,the measurement error andis the predicted

value obtained from the QSAR model with a prediction error estimate ofThe value ofO is unbounded,
nonnegative anequal to zes only when the twdalistributiors fully overlap; therefore, the smaller the value of

the KLD score the higher is the overlap of the two distributions. The order of the values increases rapidly whel
the distance of the means becomes increasingly larger than the standard deviationedlidtierpdistribution,

but also when the magnitude of the standard deviations of the distributions varies. The calculation of the KLL
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metric and a demonstration of its behaviour for the relative differences between the residual error, the predictio

errorestimate and the measurement error estimate are providedAppgbadix(B 1andB 2).

The mean KLD offte N measurement and predictaiatribution pairs of a dataset is calculated by ayieathe
KLD of the compounds (Guation6.6).

00 -B © 6.6

A mean KLD valwue that is close to zero indicates
distributions and measurement distributions. Error models that produce error estimates of the same order as t

experimental assay and the true pcédn errors, on average, will have lower KLD scores.

The individual KLD scores were calculated by substituting the standard deviation of the prediction distributions
with error estimates from the ABased error models, descriptmased error models anket standard deviation

of the ensemble predictions. Standard deviation estimates were only available for the ensemble models for tt
KNN, SVM and RF algorithms in the case of LogD.

The KLD scores using a uniform estimate based on the-vadiskation RMSEof the QSAR models were used

as a baseline for assessing the average performance of the error models. The experimental error estimates,
MSD, and the uniform prediction error estimates that were used for the calculation of the KLD scores of the
uniform, baseline error estimates are provideddble6-1.

Table6-1. Comparison of the assay variabilityieshat e and t hvalidation éreoll used to assign sirgform

uncertainty estimates to the measurement and the prediction distributions, respectively.

CV RMSE
Dataset MSD
RF SVM
1 0.133 0.170 0.166
2 0.087 0.094 0.096
3 0.061 0.151 0.140
4 0.070 0.151 0.149
5 0.044 0.104 0.104
6 0.069 0.132 0.125
7 0.218 0.221 0.221
8 0.184 0.260 0.260
9 0.133 0.220 0.218

(SN
o

0.182 0.273 0.265
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6.3 Results

6.3.1 Overall performance of error models

The overall performance of the error models was evaluatedegfiect to the accuracy of the error estimates and
their correlation to the actual prediction errarsd compared to the predictive performance of the underlying
LogD and ADME models that were built in the previous chaptee boxplotsn the left ofFigure6-1, represent

a total of 96 estimatesf thedescriptorbased and ABbasedRF error model@predictive performance for the two
undetying ADME modelsandthe fourunderlying LogD model®n crossvalidation and holdout dat&he error
models perform poorly and are not predictive, with an average squared correlation coefficient that is close to zer
The negative Rvalues indicate that some models are unsuitable for use as they are unableimotlexpla
variability of the errors and, thus, produce random outigualseth, 1985)This is more prominenvhenAD-
basedeatures areised to trairtheerror models, although the large variation in tRev&ues suggests thténere

may be cases where thgor estimates may be useful.

Normalised RMSE values were also used to facilitate the comparison of accuracy obtained across different mode
and datasets; as shown in the righFigfure6-1. The normalised RMSE of each QSAR model was calculated by
dividing the model 6s RMSE with the range of obser
was obtained by dividing the err or amook.eThednermdiddd E
RMSE was calculated for both the crasdidation and holdout data. On average, the accuracy of desdrgsted

error models is similar to the accuracy of the QSAR models; but marginally more accurate tharbieedD

error modés.

0.5 A é%ﬂ 0.25 1
.
0.0 é%ﬂ 0.20

05 A

RZ

0.15 1

nRMSE

=1.0 1
0.10 1

-1.5 A1

0.05

Figure6-1. Average performance of the error models relative to performance of the underlying QSAR models
measured by the R2 (left) and the normalised RMSE (right)
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6.3.2 Performance of error estimates for Lodp models

6.3.2.1 Binned D2M-based model

The strength of the underlying assumption that prediction error increases with increasing distance from th
mo del 0 s -lwheed ADrig fipsttewaluated for the PLS, KNN, RF and SVM LogD underlying models.

The crossvalidation errors of the underlying RF model are plotted against the D2M indices of the training data
on the left ofFigure 6-2. The red linallustrates the linar relationship between the mean D2M and the mean
errors of the binned dataing 10 bins of equal frequency. The black line shows the same relationship following
the removal of 26 statistical D2M outliarsthe D2M range of 11 40 (not shown)i.e.,data pointsvith a D2M

index greater than 3 ties the standard deviation of tb@M indicesof all compoundsOn the right, the same

lines areplotted against the linear regression of the median distances and median errors of the bins indicated t
the hashd ling with and without the D2M outlier§ he regression of the medians resultedleter fit thanthe

linear regression of the means.

— Mean
—— Mean (no outliers) 0.9 4

3.5 1

3.0

2.51

2.0

1.5 1

Prediction error
Prediction error

1.0 q

® Mean y=0.08x+0.226 RZ=0.89
A Median y=0.08x+0.111 R? =0.95
021 & ® Mean (no outliers)  ¥=0.09x+0.204 R”=0.89
A Median (no outliers) y=0.08x+0.114 R?=0.93

T r

0.5 1 3

004 o

0 2 a 6 8 10 2 3 a 5 6 7 8
Distance (D2M index) Distance (D2M index)

Figure6-2. Linear regression line of the mean distances arateplotted against the original D2M indices of t
training data and the RF cregalidation errors following the removal of the 26 D2M outliers (l&fihear regressior
of themean(red circle: outliers includedilackcircle: outliers excludgdandmedian estimatgged triangle: outliers

included;greytriangle: outliers excludgf theD2M bins (right).

The prediction error estimates obtained by averaging the-eatigated errors of the four LogD QSAR models

in each D2M bin are provided able6-2, without the removal of outliers
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Table6-2. Mean distances (D2M) arabsolute erro(AE) of bins used in the binned D2khsed error model for
KNN, PLS, SVM and RF predictions (bins=10, bin size=357) without the removal of outliers.

D2M KNN AE PLS AE SVM AE RF AE

Bin
Mean SD |Mean SD |[Mean SD ([(Mean SD Mean SD

1 151 042|036 0.31 |0.71 053 |0.27 0.23 | 0.34 0.26

2 236 0.16 | 049 042 |080 0.63 |0.35 0.36 | 0.46 0.38

3 288 014 |051 042 (084 059 | 038 031 | 050 0.37

4 339 0.15 | 060 050 [0.82 058 |[0.46 041 | 058 0.45

5 388 0.13 | 062 054 |0.79 061 | 046 040 | 058 0.45

6 437 0.14 | 0.68 0.56 |0.84 0.63 | 0.53 044 | 0.64 0.52

7 484 014 |0.79 0.62 |0.88 0.62 | 061 0.50 | 0.67 0.53

8 538 0.15 083 062 |090 0.63 |0.65 052 | 0.76 0.56

9 6.13 0.28 | 081 0.62 |0.80 0.58 |0.65 055 | 0.69 0.54

10 855 382|091 0.75 096 0.72 |0.77 0.64 | 0.84 0.62

The high variation in the residual errors tbe bins, which is indicated by the increasindgrge standard
deviatiors, illustrates the uncertainty associated with the binned error essimatuming a linear relationship
would require that the variation of the errors remains constant abedsss; however, this is not the case as the
standard deviation of the error is seen to increase. The increasing standard deviation of the birastithetes

also results in overlapping values across neighbouring bins. Higher variation in the binned estimates is observe
for the binned D2Mmockls of the PLS and KNN errors.

Strong correlations between the mean D2M and prediction error means &, tB& K and KNN models were

also obtained for the binned cresdidation data, when increasing the number of bins from 10 to 100 (not shown).

The prediction error estimates of the holdout data were assessgi$®jiy evaluating the agreement of the bin
estimate to the average true error of the predictions assigned to theFgure6-3, the average error estimate

is plotted against the averageererror of each bin for all four algorithms. It is seen that the performance of the
method deteriorates with increasing number of bins for each algorithm at different rates. This makes sense,
increasing the number of bins will result in fewer compoundsach bin and the average binnetinestes will

be less accurate. This is more obvioudios with higher D2M and prediction error estimates, which have greater
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variance. The binned models worked best for the SVM algorithms for up to2@bthalsperformed reasonably

well for the KNN and RF algorithms using 10 bins.
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Figure6-3. Effect of bin number on the predictive performance of linear D2M error models KiXIN, B: PLS
C: RF,D: SVM holdoutpredictions.

The rank correlation of the binned error estimates to the errors of the individual predictions was also evaluated

different binning levels for both the cregalidation experiment and the holdout datalfle 6-3). The ranking

ability of the binned models improves with increasing number of bins for the holdout data; albeit at a faster rate
in the case of the PLi& relation to the KNN, RF and SVM models. As in the creslgdation data, the increase

in the ranking correlation coefficient for the binned PLS models is likely attributed to the presence of large residua
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errors, which are greatly underestimated byhbthmodels with a small number of bins. As the number of bins
increases, the binned error estimates for predictions with larger D2M become more accurate, thus, improving tt
ranking ability of the binned model for predictions with large prediction errerseducing the overall linear
correlation of the average binned error estimaiés the average binned true errors.

Table6-3. Rank correlation between the mean binned estimates assigned to the indiédictioms and their absolute

errors at different binning levels

Binning level 10 20 50 100
Ccv 0.10 0.12 0.15 0.20

PLS
Holdout 0.13 0.22 0.35 0.45
Ccv 0.27 0.27 0.28 0.30

KNN
Holdout 0.31 0.34 0.38 0.45

Spear ma

Ccv 0.28 0.29 0.30 0.32

SVM
Holdout 0.33 0.34 0.41 0.48
Ccv 0.32 0.32 0.33 0.35

RF
Holdout 0.31 0.32 0.36 0.45

Given that prediction errors in the binned D2hbdel are described by the mean and standard deviation of the
binned error estimates; the prediction error of each bin may be represented by a Gaussian distribution as sugges
by Tetko et al. in (2008)This assumption nyabe used to assign individual prediction error estimates to the
compounds of each bin that are drawn from a Gaussian distribiitidrf), , where' is the mean ang is

standard deviation of the error estimates in each bin.
6.3.2.2 Bagged ensembles

The perfamance of thestandard deviations df he e ns e mb | aevasdisedpas a Benchmarkdfor the
correlation of error estimates to the actual prediciiorors. Listed imable6-4, below, are the calculated values
ofPear so8pesamamands r ank gboertrweeleant itohne ceonesfefmbcliee nptr e d i
and the actual prediction error calculated at-ai-bag data and holdout data for the KNN, SVM and RF

ensembles.
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Table6-4. Linear and rank correlation between standard deviation estimates and absolute errors of bagged ensembles

Pearsond: Spearsgnajn o
Data Feature Data Feature
Ensembles : . ; )
sampling sampling  sampling sampling
0o0B 0.60 0.03 0.52 0.02
KNN
Holdout 0.31 -0.02 0.28 0.01
0o0B 0.61 -0.03 0.58 0.01
SVM
Holdout 0.28 0.05 0.33 0.06
. 0o0B 0.81 0.12 0.71 0.12
Holdout 0.33 0.00 0.29 0.15

The results indicate that there is moderate to strong correlation between the RF, SVM and KNN ensembl
estimates obtained by data sampling to the actual errors on OOB data, but weak correlation on the holdout te
data. Feature resampling generally reslilterandom correlations between the estimates and actual prediction
errors, indicating that the estimates are not useful for ranking purposes.

6.3.2.3 Regression error models

The statistics of the descriptbasedand Al as ed RFs 6 performhnckeo®SARsbe
errors are provided ifable6-5. As indicated by the low Rcorrelation coefficients, the correlation of the error
estimates to the prediction errors is very poor or random. The RMSE values of the error models suggest that tl
descriptofbased RF error estimates are generally less varied than thagdd RFs, ahresult in estimates with

weak correlations to the prediction errors of the QSAR models. An increase in correlation of the PLS error

estimates of the descriptbased error model and the prediction errors is observed.

Table6-5. Predictive performance of the descripb@sed and AEbased RF error model on-f@ld CV and holdout data of
the four LogD QSAR models

Underlying Descriptor-based RF AD-based RF
Model Ccv Holdout Ccv Holdout
R? RMSE Q? RMSE R? RMSE Q? RMSE
SVM 0.17 0.447 0.18 0.500 0.04 0.480 0.02 0.547
RF 0.14 0.455 0.12 0.512 0.05 0.479 0.01 0.542
PLS 0.28 0.498 0.32 0.527 0.04 0.575 0.09 0.609
KNN 0.14 0.528 0.07 0.572 0.07 0.546 0.01 0.593

Comparison of the underlyingogD andthe RF errormodel®normalised RMSEcalculated orcrossvalidation

and holdout datan Table6-6 suggest thaerror models are less accuratdative totheir respectiveinderlying
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models Theonly exception is th&F error model for PLSwhich underestimatetheresidual error outliersf the

underlying model.

Table6-6. Accuracy of the underlying QSAR models relative to the accuracy of the RF error models calculated as the
normalised RMSE

Underlying QSAR Descriptor-based RF AD-basedRF
Model cv Holdout cv Holdout cv Holdout
SVM 0.099 0.127 0.123 0.128 0.132 0.139

RF 0.056 0.131 0.135 0.148 0.142 0.157
PLS 0.172 0.174 0.088 0.137 0.102 0.158
KNN 0.116 0.146 0.121 0.156 0.125 0.162

Table 6-7 shows the rank correlation coefficients between the estimates of the error models and the actue
prediction errors of the four LogD models where it is seen that desebiggecerror models ield error estimates

with higher correlation to the residual errofsthe underlyingnodelscompared to the Albased error models
Stronger correlation is obtained for the estimates of the PLS errors in the case of ddszsgdogrror models;

while inthe case of AEbased error models higher correlation, on aweregseen for the KNN errors.

On holdout data, the rank correlation of the descrb&sed error estimates was stronger than the ensemble based
error estimates to the actual errddeweverthe AD-based error estimates were more weakly correlated than the

ensemble estimates in the case of the SVM anth&dels.

Table6-7. Rank correlation coefficients between the estimates of the desdrgsat and ADbased RF error models and
the actual prediction errors of the four LogD models

Pearsonods Spear manoés
Underlying
Model Descriptor- AD-based Descriptor- AD-based
based RF RF based RF RF
Ccv 0.54 0.25 0.49 0.21
PLS
Holdout 0.57 0.29 0.50 0.30
Ccv 0.37 0.30 0.35 0.31
KNN
Holdout 0.29 0.28 0.29 0.28
Ccv 0.41 0.25 0.38 0.25
SVM
Holdout 0.44 0.28 0.43 0.30
RE Ccv 0.38 0.27 0.38 0.25
Holdout 0.34 0.24 0.36 0.24
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The ability of the erromodels to identify poorly predicted compounds was tested by applyiegholds to the

error estimates of the holdout data and calculating the accuracy of the predictions above and below the threshol
Table 6-8 shows thathe error modelgrenot very efficient in identifyinglarge prediction errors. Specifically,
usingdescriptofbased error estimatésfilter the predictions of all underlying algorithmesulted in the removal

of predictions with higher accura@ndincreasedhe error of the remaining holdout datxcept in the case of

KNN predictions In the case of the KNN LogD model, improvement in the accuracy of the holdout data was
trivial afterremoving20% ofthe predictios with the largest error estimatdhe AD-based error estimates were
more effectivefor filtering out poor predictions the case of the KNN and SVM models but less effective for
RF. Neverthelesgysing the error estimates efisemble methods resultedthre highesiaccuracyof holdout
predictions of all four models
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Table 6-8. Accuracyof the LogD holdout test set predictiorsbove and belovthe thresholds of the 8Cand the 98

percentileon the error estimateslculated as the mean absolute efkAE)

Underlying Error MAE Threshold =p80 Threshold =p90
Model model (All predictions) Below  Above Below  Above
AD-based 0.786 0.806 0.709 0.799 0.673

PLS Descbased 0.786 0.807 0.703 0.799 0.676
AD-based 0.620 0.607 0.673 0.601 0.796

KNN Descbased 0.620 0.619 0.625 0.617 0.647
Ensemble 0.620 0.555 0.881 0.597 0.830

AD-based 0.556 0.546 0.594 0.547 0.635

SVM Descbased 0.556 0.573 0.487 0.562 0.505
Ensemble 0.556 0.514 0.721 0.527 0.809

AD-based 0.592 0.590 0.596 0.600 0.516

Descbased 0.592 0.615 0.498 0.598 0.532

R Ensemble 0.592 0.546 0.773 0.559 0.880
SD 0.592 0.602 0.577 0.610 0.484

Analysis of the correlations aboweiggested that the descriptased error estimates were better at ranking
predictions based on their actual prediction errors than thbased error models or the ensemble error estimates,
however, the opposite was observed here. In addition, similkrcarelation coefficients were obtained of the
ensemble estimates and Alased estimates to the actual prediction errors but there is a clear difference betweer
the improvement of accuracy using ensemble anebAfed estimate® remove prediction errorutliers The

results indicate that moderate correlation between the error estimates and the prediction errors may not |

suggestive of the error model 6s ability to detect
6.3.2.4 Evaluation using Kullback-Leibler divergence

The quartiles of the KLD distributions obtained for the predictions of PLS, KNN, SVM and RF LogD models,
whereby their uncertainty is estimated using error models, are providedhlim6-9. The KLD distributions are
illustratedin the Appendix A 9), with a KLD cutoff value of 20. For each underlying model, thiferences
observed in KLD scores are attributed to the estimates of the error estimation methods, as the experimental er
and the residual errors remain constant. The minimum value of the KLD distributions for the uniformesstimat
is greater than 1 @uto thedifferencebetweerthe experimental error estimate and the cradslation RMSE
estimate. The foldlifference of the estimates ranges between 7 and 9; with an experimental error estimate of 0.’
and the crossalidation RMSE estimates between B@nd 0.96ZseeChapter 4) The KLD distributions of the
binned D2M estimates are shifted to larger values, as the error estimates assigned to individual predictions a

average binned estimates. Error modeith a median KLD score smaller than the bemebf the respective
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underlying models indicate that at least half of the error model estimates are more informative than the uniforn

error estimates and are shown in bold @ble6-9.

Table 6-9. Quartiles and mean of the KLD distributions calculated using the uniform and variable estimates from the
ensembles, Abbased and descripttwased error models. Thseores calculated using the error estimates from a single RF

are provided in parentheses

Error model Underlying model Min 1stquartile Median 3 quartile Max Mean
KNN 1.64 1.66 1.77 2.19 1098 2.16
) PLS 1.77 1.82 2.00 2.44 9.77 2.32
Uniform

RF 1.54 1.58 1.71 2.13 11.75 2.09
SVM 1.53 1.55 1.66 2.04 15.10 2.07
KNN 2.63 3.70 4.08 4,72 23.36 451
Binned D2M PLS 3.42 3.89 4,18 4.79 15.31 4.59
(10 bins) RF 2.39 3.62 3.93 4.57 19.76  4.37
SVM 2.63 3.70 4.08 4,72 23.36 4.1
KNN 0.06 1.05 1.58 3.79 86.87 4.16
PLS 0.24 1.23 2.36 5.55 7297 5.23

AD-based
RF 0.16 1.04 1.73 4.11 124.37 4.79
SVM 0.23 0.98 1.49 3.90 335.48 4.78
KNN 0.28 1.10 1.55 3.44 64.25 3.75
based RF 0.32 1.07 1.64 3.72 65.36 3.91
SVM 0.34 1.00 1.49 3.18 144.09 3.89
KNN 0.00 1.03 1.79 455 293.78 4.43
RF 0.00 1.16 4.65 15.53 440.15 16.17

Ensemble
RF (0.66) (1.51) (1.76) (2.23) (18.43) (2.28
SVM 0.01 0.83 2.40 6.74 217.26 7.45

The mean KLD scores for the variable error estimates were all larger than the mean KLD score of uniform erro
estimates and indicated that there is no improvement in their use. However, this is because there are predictic
with large residuals aremallpredictionerror estimates, which resultwery large KLD scorednterestingly, the

mean KLD scores suggest that the binned D2M estimates for the RF and SVM models are more informative the
the estimates of the ABrror modelsand the ensembleSimilarly, the binned D2M estimates for the PLS model

are more informative than the estimates obtained from the desdygdted and ABbased error model&ased

on the median KLD scores, error estimates of the deschpised and AEbased models indicate that yivesult

in higher overlap between the measurement and prediction distributions than the ensemble estimates in at le:
half of the data. For example, the maximum KLD of 293.78 for the ensdrabkel error estimate for KNN

predictions is attributed to agidual error of 2.45 and a prediction error estimate of 0.101.
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6.3.3 Performance of error estimates forADME models

The prediction errors of the underlying RF and SVM ADME models were estimated using the standard deviatior
of their ensembles and the error esties derived from the RF regression error models. The RF regression error
models were trained using the descrigiased and ABbased features described in the Methods section.

6.3.3.1 Bagged ensembles

Bagged ensembles derived from data sampling producedestimatesvith moderate to strongprrelationwith

the actual prediction errors of the aftbag (OOB) predictionson average However, tlese were not
representative of the correlations on holdout dBadole 6-10 shows thdinear andranked correlations between

the standard deviation of the predictions that were derived from bagged RF and SVM ensembles and their actt

prediction errors.

Table6-10. Linear and rank correlation coefficients between the bagged error estimates from data sampling and actual
errors of the ADME ensembles

Dataset 1 2 3 4 5 6 7 8 9 10

OOB 047 058 0.78 0.76 047 0.68 061 047 0.33 0.63

SYM Holdout 0.00 0.20 0.17 023 032 024 0.23 0.00 0.14 0.17

Pearso OOB 090 092 092 092 091 092 093 092 091 0.90
RF Holdout 0.14 032 0.32 042 051 037 032 0.03 023 014

0o0oB 0.35 0.0/ 040 032 014 028 057 054 026 0.55

SYM Holdout 0.09 0.08 0.23 0.26 020 0.25 0.29 0.00 0.15 0.18

Spearma RE OOB 084 080 086 085 079 086 086 089 0.85 0.87

Holdout 0.15 0.08 035 049 055 034 032 005 026 0.17

RF ensembles yiedd error estimates with strormear and rankcorrelatiors to their residual errors fadOB

data. However, there are large differences in the linear and rank correlations for individual datasets which ar
|l i kely due to the assmugnpmédto.nsPedr sPemd s omdass §u med
actual errors are normallystributed However,inspection of the histogranis Chapter 5 suggestisat the error
distributions are skewed due to the presence of residual error outliers. Téesefzsequent discussion of the
results focuses on analysis of the rank correlatiblasvever, forholdout testdata weak and moderaterank
correlation of the error estimates to the prediction errors were obtained for four (datasets 3, 6, 7 andd®) and tw
(datasets 4 and 5) datasets, respectively. Weak to moderate rank correlation was also observed for the er
estimates of SVM ensembles to the prediction errors of the OOB data. Weak correlations were also obtained fi

the estimates for the predictiorr@ns ofholdoutdata. The weakest rank correlations were observed for the error
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estimates obagged ensembles for the holddata of datasets 2 and 8, which were also the ADME models with

the poorest overall performance.

In Table6-11, the bagged ensembles from feature sampling have produced random estimates with very weak ¢
no correlation to the actual errors of OOB and holdout data. Weak correlations obtained for the holdout test dat
between the estimates of both SVM and RF ensesrdnid their respective prediction errors for dataset 5 and the
RF ensemble estimates for dataset 4 are likely the result of the skewed error distributions of thegserodels
FigureA 4in theAppendiy.

Table6-11. Linear and ank correlation coefficients between the bagged error estimates from feature sampling and actual
errors of the ADME ensembles

Dataset 1 2 3 4 5 6 7 8 9 10
00B 0.0v 0.03 -0.12 -0.13 0.19 -0.14 -0.10 0.03 0.00 -0.01
SYM Holdout -0.08 -0.03 -0.16 -0.10 0.30 -0.19 -0.02 -0.03 0.01 -0.01
Pearso 00B 0.00 0.12 0.09 0.09 0.14 0.02 0.04 0.00 -0.03 0.02
R Holdout -0.05 0.11 0.07 0.17 0.28 -0.05 -0.03 0.02 -0.02 -0.03
0o0B 0.06 0.05 -0.05 -0.11 0.17 -0.06 -0.09 0.01 0.00 -0.01
SYM Holdout -0.06 -0.03 -0.03 -0.09 0.20 -0.09 0.00 -0.01 -0.01 -0.02
Spearma RE 0o0B -0.01 0.11 0.09 0.13 0.13 0.01 0.05 0.01 -0.02 0.01

Holdout -0.11 0.01 0.02 0.24 0.29 -0.04 0.00 0.01 -0.03 -0.02

6.3.3.2 Regression eor models

In section6.3.], the descriptebased error models and the Aased error models were found to have similar
average performance for the underlying SVM algorithm; whilel#Bed error models were less accui@t¢he
estimation of RF errors, on average. Thessvalidated and holdoygerformance metrics of éherror models on
the ADME datasets are provided in

Table 6-12 and Table 6-13, for the descriptebased and AEbased error models, respectiveAs a general
observation, it is seen that the performance of regression error models is very poor and accurate error estima

for ADME predictions cannot be obtained.
With regards to the descriptbased error models; similar accuracy estimates aerasin

Table6-12for boththe RF and SVMnodels and the estimates obtained for ckadslation and holdout data are
in good agreement. The? Raluesfor datasets 3, 4, 6, 7, 9 and 10 indicate that the error estimates are weakly

correlated to the actual errors. Error estimates with the strongest correlation and highest accuracy to the actt
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errors of the underlying RF and SVM models are observeddfasdt 5, which also yields the best performing
ADME models. The ABbased error models resulted in highérvRlues on crossalidation data; but only for
underlying RF models. In comparison to the descriptmed error models; the Altased error modelsese less
accurate for the underlying RF models. However, they had similar accuracy to the debasgptberror models
for the underlying SVM models

Table6-12. Predictive performance of the descripb@sedRF error model on the #dld CV errors of RF and SVM
ADME models

RF SVM

Dataset cv Holdout cv Holdout

R? RMSE R? RMSE R? RMSE R? RMSE
-0.03 0.161 -0.05 0.153 -0.08 0.159 0.08 0.163
-0.06 0.077 0.10 0.120 -0.07 0.074 0.09 0.119
0.10 0.139 0.08 0.125 0.08 0.147 -0.01 0.116
0.18 0.148 0.16 0.189 0.09 0.119 0.10 0.162
0.35 0.078 0.24 0.115 0.23 0.076 0.25 0.121
0.09 0.153 0.10 0.147 0.01 0.152 0.08 0.133
0.16 0.183 0.07 0.181 0.12 0.202 0.12 0.193
-0.07 0.200 -0.05 0.214 -0.14 0.209 -0.04 0.216
0.11 0.163 0.07 0.165 0.08 0.083 0.16 0.145
10 0.13 0.161 0.05 0.159 0.08 0.145 0.03 0.162

Ol ([ N> | W[DN|PF

Table6-13. Predictive performance of RF error model trained usingb&Bed descriptors on thé-fold CV errors of RF
and SVM ADME models

RF SVM
Dataset Ccv Holdout Ccv Holdout

R? RMSE R? RMSE R? RMSE R? RMSE
1 0.39 0.213 -0.85 0.202 -0.09 0.155 -0.21 0.160
2 0.30 0.086 -0.15 0.134 -0.09 0.081 -0.12 0.131
3 0.39 0.184 -0.60 0.165 0.06 0.150 -0.07 0.119
4 0.58 0.166 -0.06 0.211 0.08 0.119 0.11 0.162
5 0.53 0.129 -1.08 0.191 0.28 0.083 0.09 0.131
6 0.37 0.264 -1.68 0.253 -0.01 0.170 -0.14 0.148
7 0.55 0.243 -0.46 0.241 0.04 0.213 -0.01 0.203
8 0.45 0.251 -0.85 0.268 -0.22 0.224 -0.14 0.232
9 0.37 0.217 -0.65 0.220 0.03 0.087 0.08 0.151
10 0.41 0.225 -0.87 0.222 0.09 0.129 0.09 0.144
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In Figure6-4 andFigure6-5. Comparison of the error modahdthe underlyingSVM model RMSE valuesn

crossvalidation (left) and holdout data (right)the accuracestimate®f the error models are plotted against the

accuracie®f the respective, underlyinmodels on crossalidation and holdout dafa units of RMSE These

results are also provided tabulated famatin the Appendix A 5 andA 6). Figure6-4, showsthat in general,

ADME modelswith higher accuracy result in more accuet®r modelsOn crossvalidation data, the descriptor

based error modelsere more accuratian the uderlying RF models for most datasets; particularhen the

underlying models hadrger errors (7, 8, 9, 10). The Aliased error modelgere less accuratkan the respective

ADME models on, both, cressalidation and holdout data.
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Figure6-5. Comparison of the error modahdthe underlyingSVM model RMSE valuesn crossvalidation

(left) and holdout data (right)

More accurate error models were obtained when the underlying algorithrm\8&48va The accuracy of the RF

error models is higher than their respective ADME models, particularly when the latter have larger errors. In

Figure 6-5. Comparison of the error modahdthe underlyingSVM model RMSE valuesn crossvalidation

(left) and holdout data (right), the average accuracy estimates of both error models are in good agreement on

crossvalidation and holdoutata; and overlappingstimates i@ obtained for three datasets (1, 3 and 4).
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Despite the poor predictive performance of the error models; the estimates obtained could still be useful fo
ranking predictions on their actual prediction errémsTable 6-14 and Table 6-15 the rank correlations of the

error model estimates to the actual prediction errorshierADME modelsindicate the presence of weak to
modera¢ correlations

Although the ADbased error modelse less accurate for the estimation of RF erforghe LogD data seh
section6.3.], it is seen that their error estimates for RF predictions are more strongly correlated than the estimate
from the descriptebased error models even when the underlying models are poor. However, this is likely
attributed to the standard deviatiohthe RF predictions being included as a variable in thelslSed models;

which is known to correlate with the residual errors of RF predic{i®hsridan, 2012; Tetko et al., 2008his

is confirmed by the results Table6-16, where it is seen to exhibit very similar ranking performance to the AD
based model. Iaddition, the results obtained frampssvalidationaresimilar to the result®n holdout datavhen

the underlying models hagmod predictive performangsuch as in the casettie SVM models of datasets 3, 4,

5, 6, 7 and the RF models of datasets 1, 3, 4, 5, 6, 7, 9.

Table6-14. Linear and rank correlation coefficients between the estimates of the desbapéat RF error model and the

actual prediction errors of RF and SVM ADME models

Dataset 1 2 3 4 5 6 7 8 9 10
SUM Ccv 0.01 0.07 0.36 0.34 0.49 0.26 0.05 0.39 0.29 0.30
Holdout 0.29 0.38 0.27 0.34 051 0.29 0.05 0.37 0.37 0.19
Pearson's r
RE Ccv 0.13 0.12 0.37 0.44 0.60 0.33 0.15 0.44 0.34 0.37
Holdout 0.22 0.33 0.35 0.41 052 0.32 0.05 0.30 0.34 0.24
SUM Ccv 0.00 0.09 0.32 0.38 0.44 0.24 0.41 0.06 0.26 0.30
Holdout 0.26 0.27 0.37 0.38 0.47 0.27 0.38 0.10 0.40 0.19
Spearman's}
RE Ccv 0.16 0.15 0.37 0.50 0.57 0.31 0.48 0.13 0.32 0.38

Holdout 0.19 0.27 0.43 047 055 031 0.37 0.07 0.35 0.24
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Table6-15. Linear and rank correlation coefficients between the estimates of the usibg#dd RF error model and the

actual prediction errors of RF and SVM ADME models

Dataset 1 2 3 4 5 6 7 8 9 10
SUM Ccv 0.07 0.02 037 035 054 026 -0.05 031 0.25 034
Holdout 0.17 0.11 0.27 040 0.48 0.18 0.02 0.15 0.29 0.32

Pearson's r
RE Ccv 0.64 061 066 0.77 0.74 064 071 0.76 0.62 0.65
Holdout 0.34 0.40 0.29 044 048 035 005 0.24 0.43 0.30
SUM Ccv 0.09 0.00 035 043 055 0.25 037 -0.03 0.25 0.38
Holdout 0.19 0.13 0.28 0.48 048 0.18 0.22 0.01 0.31 0.37

Spearman's}
cV 051 041 055 0.64 063 050 062 056 053 0.55

RF

Holdout 0.31 0.25 0.37 050 056 0.37 031 0.08 045 0.32

Table6-16. Linear and ranlcorrelation coefficients between the standard deviation of the RF predictions and their actual

prediction errors

Dataset 1 2 3 4 5 6 7 8 9 10

Ccv 061 055 065 070 073 0.60 0.68 0.62 0.56 0.58
Holdout 0.32 033 033 048 055 036 029 0.07 0.46 0.33
Ccv 055 045 059 065 064 051 062 054 053 0.55
Holdout 0.34 0.18 038 054 059 036 036 010 0.46 0.34

Pear sondé RF

Spearman's} RF

The diversity of each dataset was computed as the variance of its pairwise distance matrix using the Euclide:
distance metric for the crosmlidation and holdout data. IRigure 6-6 and Figure 6-7, the rank correlation
coefficients of the error model sd estimates are p
models respectively. It can be seen that the abilityrof @nodels to rank predictions is better in datasets that are
more diverse. The linear trend is more prominent on holdout data tharvaliosdion data. IfFigure6-6, the
AD-based error estimates have highank correlation to the actual errors of RF ADME models on €ross

validation data than on holdout data regardless of the diversity in the data.
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Figure6-6. Rank correlation of the descriptbased (left) and the Abased (right) error models for the underlyir

RF ADME model plotted against the diversity of the datasets subsets
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Figure6-7. Rankcorrelation of the descriptdrased (left) and the ADased (right) error models for the underlyi
SVM ADME model plotted against the diversity of the datasets subsets

As e in Figure6-8, the average performanoéthe error models ranking the RF ADME predictions based
on their actual errors is poorer than the performance of the standard deviation of the RF ensemliessredic
However the error models yieldimilar ranking performance to the ensemblenestes in the case of the
underlying SVM model sé6 predictions
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Figure6-8. Rank correlations of error model aadsemble estimates

The ranking agreement between the-B&sed and descriptbased error models and the ensemble estimates
assessed imable6-17. T h e K e raldea talculatedudfjesthat there is strong correlation between the
ranks assigned based on the error estimates, particularly in the case of the RF predictions. However, these res
were calculated on the full holdout test set and, thus, it canraisbened that all error estimation methods assign
similar ranks to poor predictions.

Table6-17.K e n d a Ifdr theserrdMestimates of the tirl- error modedand theerror estimates of the ensembles for the
predictions of th&RF and SVM ADME models

Dataset 1 2 3 4 5 6 7 8 9 10

CcVv 0.50 0.38 0.65 0.58 0.64 0.64 0.74 0.41 0.54 0.62
SVM
Holdout 0.57 0.52 0.67 0.63 0.68 0.59 0.72 0.48 0.59 0.55
Kendall's W

CcVv 0.69 0.69 0.79 0.84 090 0.75 0.81 0.66 0.71 0.74
RF
Holdout 0.72 0.70 0.80 0.87 0.89 0.78 0.79 0.68 0.70 0.67

Previously, there wasonapparent trend between the rank correlations and improvement in the accuracy of the
LogD hol dout predictions was observed after appl

However, he opposite is observed for the holdout data ofABME predictions inFigure 6-9. In the figure

below, the difference between the accuractheferror models fahe full holdout test set and the filegl holdout

data using the 80and 9" percentile values of the error estimates rank correlation is plotted against the rank

correlation between the error estimates and the ADME predictions for each holdout test set.
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Figure6-9. Trend showing the improvement in the accuracy of thedub predictions after removaf the upper 20%

(left) and 10% (right) error estimates

The improvement in the accuracy of the holdout testodletving the applicatiorof the threshold values to the
different types of error estimatésillustrated in detail for the RF and SVM ADME modelsTiable 6-18 and
Table6-19. The instances wherapplying the threshold reduct accuracy of the holdout data are underlined
and italicised.

It is seen that the removal of 20%tbé holdout predictions based on their error estimatesesatt indouble
the accuracy of therror models otnoldout data, such as in the case of datasets 3, 4, 5 ahd ®&F and SVM
models of dtaset8 and 10 which had the largest moeebrdid not benefit from filtering using Afbased error
estimates or ensemble error estimateis Eesulted in the removal of moeecuratepredictions, thus, increasing

the error of the predictions below the threshold

Interestingly, applying a higher threshold of p90 leading to the removal 0608 holdout data with the largest
error estimatesesults inhigher accuracy than the threshold of p80. In both cases, however, it is clear that the AD
based error models are more effective for identifying large prediction efrBfs models, while the descriptor
based error models angore effective in the case 8M models.n contrast to the results of the LogD models,

the ensembldased error estimates are the least effective for filtering large prediction errors in the ADME RF and
SVM models.
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Table6-18. Accuracyof the RF and SVM predictions for the ADME holdout data above and below thee8entile threshold value on the error estimates calculated as the mean
absolute error (MAE)

Underlying Threshold Mean
rodel Error model 080 1 2 3 4 5 6 7 8 9 10 Difference
Holdout 0.111 0.053 0.112 0.126 0.070 0.101 0.205 0.217 0.154 0.224
AD-based Below 0.070 0.032 0.059 0.056 0.031 0.063 0.117 0.224 0.077 0.152 0.049
Above 0.121 0.058 0.125 0.143 0.079 0.110 0.227 0.215 0.174 0.242
Holdout 0.111 0.053 0.110 0.126 0.070 0.101 0.205 0.217 0.151 0.224
RF Descbased  Below 0.068 0.034 0.051 0.060 0.028 0.059 0.128 0.211 0.086 0.162 0.048
Above 0.122 0.058 0.125 0.142 0.080 0.111 0.224 0.218 0.168 0.240
Holdout 0.112 0.056 0.115 0.129 0.075 0.105 0.211 0.217 0.160 0.229
Ensemble Below 0.085 0.051 0.059 0.067 0.027 0.067 0.148 0.224 0.107 0.193 0.040
Above 0.119 0.057 0.129 0.144 0.087 0.115 0.227 0.216 0.174 0.237
Holdout 0.111 0.060 0.099 0.126 0.077 0.093 0.205 0.213 0.154 0.342
AD-based Below 0.066 0.046 0.063 0.060 0.037 0.073 0.147 0.210 0.097 0.410 0.027
Above 0.122 0.063 0.108 0.142 0.087 0.098 0.219 0.214 0.169 0.324
Holdout 0.111 0.060 0.099 0.126 0.077 0.093 0.205 0.213 0.154 0.211
SYM Descbased Below 0.074 0.042 0.061 0.071 0.037 0.063 0.116 0.201 0.088 0.161 0.044
Above 0.120 0.064 0.109 0.140 0.087 0.100 0.227 0.216 0.171 0.224
Holdout 0.112 0.060 0.103 0.125 0.077 0.097 0.205 0.213 0.155 0.213
Ensemble Below 0.093 0.058 0.086 0.096 0.053 0.081 0.157 0.216 0.122 0.165 0.022
Above 0.116 0.061 0.107 0.133 0.082 0.101 0.217 0.213 0.163 0.225
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Table6-19. Accuracy of the RF and SVM predictions for the ADMHdwmut data above and below th@t® percentilehreshold value on the error estimates calculated as the mean
absolute error (MAE)

zg‘éeerl'ymg Error model Thrs;gmd 1 2 3 4 5 6 7 8 9 10 Dh!\f/'e?:ﬂce
Holdout 0111 0053 0112 0126 0070 0.0l 0205 0217 0154  0.224
AD-based  Below 0065 0032 0038 0035 0025 0.066 0089 0210 0056 0129 0063
Above 0116 0055 0120 0136 0075 0.105 0218 0217 0.165  0.235
Holdout 0111 0053 0110 0.126 0.070 0.0l 0205 0217 0151  0.224
RF Descbased  Below 0063 0026 0.045 0053 0022 0057 0117 0209 0062 0138  0.058
Above 0116 0056 0117  0.134 0075 0.106 0215 0218 0161  0.234
Holdout 0112 0056  0.115 0.129 0075 0105 0211 0217 0160  0.229
Ensemble  Below 0077 0053 0045 0061 0023 0054 0131 0234 0070 0170 0049
Above 0116 0056  0.123 0.136 0081 0111 0220 0215 0171  0.235
Holdout 0111 0060  0.099 0126 0077 0.093 0205 0213 0.154  0.342
AD-based  Below 0060 0040  0.049  0.065 0037 0074 0141 0204 0069 0435  0.031
Above 0117 0062  0.105 0.133 0081 0095 0212 0214 0164  0.331
Holdout 0111 0060  0.099  0.126  0.077 0.093 0205 0213 0154  0.211
SVM Descbased  Below 0046 0037 0042 0065 0035 0053 0098 0193 0073 0139  0.057
Above 018 0062  0.105 0.133 0082 0097 0217 0215 0163  0.220
Holdout 0112 0060  0.103 0.125 0.077 0.097 0205 0213 0155  0.213
Ensemble  Below 0069 0052 008 0077 0058 008 0171 0232 0116 0150  0.028
Above 0116 0061  0.105 0.131  0.079  0.099 0209 0211 0159  0.220
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6.3.3.3 Evaluation using Kullback-Leibler divergence

Table6-20 shows the mean KLD scores of the RF ADME models for the different error estimmegibods. The

full KLD distributions of the RF and SVM ADME models obtained using the uniform and variable error estimates
from error models ard#lustrated in the Apendix with a KLD cubff value of 10 FiguresA 10andA 11in the
Appendi®. Asin the results of the LogD models, the maximum KLD scoxegeded the order of two, as an

effect of a large difference in the means of the distributions and prediction error estimates.

In Table6-20andTable6-21, the KLD scores of the variable error estimates are genenallginformative than

the uniform error estimates. However, despite their larger KLD scores in comparison to the baseliewe ihi se
these are close to a value of one or lower, which suggests that there is some agreement in assumed measurel
and prediction distributions. Lower KLD scores are observed for théa#dad and descriptbased error model
estimates of datasets 1 a®dand the descriptdrased error model estimates of dataset 9. Although the standard
deviation of the RF predictions performed less well than uniform estimates, it resutieeér KLD scores than

the other variable estimatianethods in datasets 4, &,and 7. Conversely, the error estimates based on the
standard deviation of thensemble predictions resultedhigh KLD scores that indicate a poor overlap of the
measurement and prediction distributions.Table6-21, similar trends are observed in that the-B&sed and
descriptorbased error model estimates produced the lowest mean KLD scores for datasets 1, 3 and 9.

Table6-20. Mean KLD of RF prediction distributions where prediction error is estimated bipaded and descripttwased
error models, RF ensembles and the standard deviation of the prediction. The benchmark KLD score is calculated fror

uniformerrorestiat es based on the model 6s average CV error.

Dataset

Error model

1 2 3 4 5 6 7 8 9 10
Uniform 1.10 0.69 2.21 1.03 0.93 0.74 0.72 0.81 1.21 0.60
AD-based RF 0.75 1.11 1.16 1.45 1.30 0.85 1.72 1.09 2.72 0.80
Descbased RF 0.75 1.30 1.07 1.30 1.34 0.90 1.51 1.22 1.04 0.84
SD Ensemble 18.20 50.63 13.78 5059 2891 15.79 86.49 71.48 28.73 35.86
SD RF 2.44 2.24 4.20 1.15 1.17 0.76 1.41 1.35 21.83 0.80
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Table6-21 Mean KLD of SVM prediction distributionsalculated for the estimates obtained from-B&sed and descriptor

based error models and the standard deviation of SVM ensembles predictions

Dataset
Error model
1 2 3 4 5 6 7 8 9 10
Uniform 1.18 0.58 2.50 0.98 0.95 0.70 0.80 0.83 1.32 0.60
AD-based RF 0.85 0.74 1.00 1.56 1.14 0.91 1.87 0.98 1.19 1.56
Descbased RF 0.79 1.07 1.05 1.19 0.98 0.91 1.50 1.30 0.86 0.89
SD Ensemble 15.65 3151 9.10 1051 11.46 10.22 70.84 5574 21.12 12.76

6.4 Discussion

The poor predictions dhe models trained in Chaptecéuld not be sufficiently explained by defining their ADs;
therefore, the use of error models that account for other variables that might be assdtiatee poor
performance of the underlying models has been investigated. The use of a Rtorpostit the errors of another

RF QSAR modelusing similarity metrics as featuresas proposed by Sheridam(Sheridan, 2013b)TheAD-
basedRF error model utilised a seledteset of features that were based on similarity and the output of the
underlyingRF modelthus, exploiting a special characteristic of the RF residual errors, which are correlated to
the RF predictomnd t he predictionds variance.

In this work, the perfomance of RF error models was studied using desciijateed features, i,ehe same
features as the underlying model, and-B&sed features, similar to those defined in the approach by Sheridan
The descriptebased features included molecular and ploghiemical descriptors, while the Aliased features
consisted of the mean and standard deviation of the D2M in a local neighbowshdagidwere combined with

the prediction and the standard deviation of the prediction of therlymg RF modelMore spedically, the
performance of descriptdrased and ABbasedRF error modelsvasinvestigated in: 1) a well curated, LogD
dataset with no residual error outlitmsestimatehe prediction errors of four machine learning algorithmasnely

PLS, KNN, SVM and R; and 2) ten, diverse, ADME datasets where residual error outliers were left untimeated

estimate the prediction errors of RF and SVM algorithms

The error model s6 performance has been-DeM moiafore d t
the LogD data setwhich assigns mean estimates to predictions assigned to the same bin; and the standatr
deviation of ensemble predictions obtained from data sampling and feature sdmpiiregLogD data set and
the ADME data set§ he performance of erroradels was generally poor and had weak correlation to the residual
errors of croswalidation dataThe accuracy of the error models was higher or equivalent to the accuracy of the
QSAR models, but low Rvalues indicated that the errestimates were veryoorly correlated to the residual
errors of the unde rThelineargandmemidng pesfdmaimce ef thé erroriestimates were
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assessed and yielded equivalent or poorer results compared to the performance of the benchmark estimat
Nevertheless, the estimates loé terror models performdxbtterin the task ofdentifying predictions of ADME

RF and SVM models that had larger erroosnbired with statistical thresholddn the LogD models, ensemble
based error estimategere better irthis task while the error model estimates were less effective.

These results were in agreement with the performancghef error modelspreviouslyreportedby Sheridan
(Sheridan, 2013b)in that publication the error models were used to estimate the errors of LogD and other activity
models that utilisedtom pairsas descriptors instead of molecular descripteusthermore, similarity instead of
distance to model mets were used to build the error models.

The descriptebased error models performedteein ranking the residuarrorsof the PLS LogD model, which

was the LogD model with the lowest predictive performandghapter 5The average ranking performanoé

the error estimates for the RF and SVM LogD models, which were the best performing QSAR models, did not
exceed the benchmark performarae crossvalidation andholdout dataEnsemble based error estimates were
betterthandescriptorbased error estimateiientifying poor predictions dheLogD modelsdespite the stronger

rank correlation of the latter with the actual prediction errdnmsalysis based on theformationtheoretic
framework using KLD scores, suggested that descrlpased estimates were actually the most informative and,
that they may be useful for calculating confidence intervals that are more likely to include the measurement. The
KLD scoresalso indicated that, on average, the size of the prediction error estimates was comparable to the siz
of the actual prediction errors and the experimental error. Théoaded error models had poorer ranking
performance fothe LogD models but were founid be more effective in identifying large prediction errors than
descriptofbased error models. However, KD scores for the KNN and the RF predictions indicated that their
AD-basederror estimates, on average, were more informative than the benchstiarite based on uniform

estimates.

The AD-based error models outperformed the ranking performance of the desképént error models for
underlying RF ADME models on cresslidation data. However, this imainly due to the inclusion of the
standard dei at i on of t he unahdthd pyediction itdRIFaiadables of thel ADbasédRR

error model, whichcorrelate wellwith the RF prediction errors. However, the former is only available for
underlying RFmodels.Theranking performancef the error modelsvas still poorer than the standard deviation

of RF ensemble predictions, on average. Furthermore, there was no difference in the average ranking performar
of the error models and the SVM ensemble error estimates. Improvement in theercbre | s 6 abi | i
predictions was obtained with increasing dataset diversity. This could potentially indicate that the inclusion of
residual error outliers in the error models improves their ability to distinguish predictions with large residual

errors.

It wasalsof ound t hat the rank correlation was a useful

predictionsmade by the RF and SVM ADME models. Therefore, it was confirmed thaiased error models
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performed best in identifyinggor predictions of the RF ADME models and descritased error models
performed best in the case of SYM ADME models.

Analysis of the KLD scores made it clear that the RF error models yield more useful prediction error estimate:
than estimates based on the variation of individu
absolute residual error. Whitee variation of RF predictions is the best indicator of prediction error it may not
always be useful as a direct estimate and may needatdjlsted by regression.

6.5 Conclusions

This chapter hasvestigated the performanod RF error modelsand other approachédsr the estimation of
errorsin underlying QSAR modeld he resultsuggesthaterror models may be of potential use in identifying
novel predictiongor skewed ADMEdatasets that are easy to model. Howeias clear that the currergrror
models are not suitabfer the direct estimation of ADME prediction errors and other methods or \esiaidy

need to be investigatedhile further steps could potentially be added to the modelling process to obtain binned
esd i mates from the error modelsd output it was con
models and become even less tractdblethermore, as seen in the linear binned D2M error models, binning is
not suitable for the estimation widividual prediction error estimateEhe results from KLD analysis suggested
that the error estimates obtained may be useful for the calculation of interval estiinagesstimates are larger

and to some extent correlated with the actual predictimrse The following chapter discusses an alternative
approach for the estimation of uncertainty in individual prediction, namely conformal prediction, in the form of

prediction intervals.
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Chapter 7 Evaluation of Error M odels using Conformal

Prediction

7.1 Introduction

The CP framework facilitates the estimation of compespekcific prediction intervals that represent the
uncertainty associated with the individual predictions. These are produced by normalising tlsednodelr r or s
the output of ap uncertainty estima&in or reliability scoring method, thus, simplifying the comparison of
uncertainty estimates and reliability indices to a direct comparison of prediction interval (PI) estimates. The bes
method among alternatives for the normalisation of the errors@mthihat produces the narrowest Pls on average

so that these may be informative for decision making. A studjobgnsson, Bostrom, Lofstrom, & Linusson
(2014) suggests that normalisation can significantly imprake efficiency of Pls particularly when the
normalised Pls are strongly correlated with the actual prediction errors. Therefore, in spite of the low predictive
performance of error models built in the previous chapter, their error estimates may baukefaktimation of

Pls with CP as long as they produce Pls that correlate well with the prediction errors.

The aim of this chapter is to investigate the utility of error models for the estimation of confidence in ADME
regression models within the confanh prediction (CP) framewor k. Th
parameters is demonstrated, first, for the LogD dataset and is, then, followed for the ADME datasets. Th
estimates from different error models are used to generate normalised Pls foreaHginmadnodels builin
Chapter 5which are then assessed on their utility for the purpose of compound prioritisation.

7.2 Methods

Conformal predictiofCP)was appliedn an aggregate conformal prediction (ACP) setting for the estimation of
Pls of the LogD and ADME models buitt Chapter 5As discussed i@hapter 3ACPi nf er s a model ¢
error distribution from calibration data that are repeatedly sampled from the training set. The effect of the
following three ACP parameters wasdid on the Pl estimates of the underlying models: a) the size of the ACP,
i.e., the number of calibration sets repeatedly sampled, b) the sampling method and c) the method applied |

normalise the error.
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The effect of the ACP size and the sampling methect investigated on standard ACPs, which generate uniform
Pls i.e., without normalisation. First, standard ACPs of size 10 were built to estimate uniform Pls for all
compounds and assess how the Pl size for each ADME model varies with respect td tiectsnf@ence. An
arbitrary threshold of 80% confidence was then chosen, which is common in CP applications within the
chemoinformatics domaifCortesCiriano & Bender, 2019; Norinder et al., 2016; Svensson et al., D0i18)so
produced acceptable results forrabbdelstrained following confirmationThe same threshold was also applied

in subsguent investigations.

The sizes of ACPs explored were 10, 100 and 1000. Larger ACPs were not studied as they were computationa
expensive, particularly in the case of the larger datasetsiso when applying normalisation. The sampling
methods applietly the ACP to draw calibration data from the training set included bootstrap sampling, random
sampling and crossubsampling. Bootstrap and random sampling involve sampling N calibration set samples at
random, each at 30% of the training set size withvaitttbut replacement, respectively. The implementation of
crosssubsampling is equivalent to applyingfdld crossvalidation, and involves randomly partitioning the
training data into N foldsvith each fold representing calibration sample draw. As a résthe size of the
calibration set drawn by crossibsampling is 10% of the training set for an A€Bize 10. The optimal size and
sampling method identified were those that minimised the average Pl estimates of the AtbBseanére then
applied to lild normalised ACPs.

Nor mali sed ACPs were trained for the estimation o
errors usinga distancdo-model (D2M) indexand three error models. The distatoenodel index (D2M) was
calculated foeach instance as the average Euclidean distance of 5% of the nearest neighbours in the training s
in descriptor spacgCarrid et al., 2014)Two of the error models were built using RF afVBalgorithms and

the molecular descriptors utilised by the ADME model. The third error model was dragddl RF error model

with three variables: the ADME prediction, the D2M index and the standard deviation of the distances to the 5%
nearesheighboursn the training set. For the ADased error modghetwo distancebasedvariables introduced
information regarding the deihgof the local neighbourhood:small D2M and small standard deviation indicates

a densely populated neighbourhood for a compowhde a large D2M indicates a sparser neighbourhood. Note,

that the standard deviation of the RF ADME prediction was not included in these experiments.

The performance of the ACPs was evaluated at the set confidence level of 80% on holdout data sisreg mea

of validity and efficiency. Validity was assessed using the difference of the ACPs expected error rate that i
associated with the set confidence threshold and the actual error rate on holdout data. Thus, for an 80% confider
threshold the expectexiror rate of the ACP is 0.2; which means that 20% of the PI estimates for the holdout data
will be wrong. In other words, 20% of the Pls will not contain the true measurement. However, this error rate is
only guaranteed if the CP assumption regardingett@hangeability of calibration and test data is valid. In

practice, an ACP is considered valid if the difference between the expected and the actual ey imtamall,
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although a maximum threshold on the difference is not clearly defineggative difference indicates that the
ACP fails to account for the errors of holdout data and is less desirable, while a positive difference is acceptabl
as the ACP accounts for all errors of the holdout data. In this work, the implications of a ndiffatieace and

a difference that is greater than 0i85explored A difference greater than 0.05 usedas a threshold as it
represents an ACP that fails to explain more than 5% of the holdout data and is also a standard threshold appli

in significan@ testing.

The efficiencies of the ACPs weassessed based on their average Pl size; smaller Pls are preferable as the
indicate a smaller amount of uncertainty associated with the predictions. The size of the standard Pls was used
a benchmark for # efficiency of the normalised ACP&.normalising method is optimal if it produces Pls that

are, on average, more efficient than the stanftamdnormalised)ACP on holdout data.

Finally, the usefulness of the Pl estimatess evaluated based on thdresand their correlation to the actual
prediction errors. The former was done by comparing the Pl estimates of the standard ACPs to the experiment
error estimates of the data and the endpoint value range, which were piov@thegbter 4The correlation of the

normalised Pls to the actual predictemors of the holdoutdatawasa | cul at ed wsidn ¢ pRaa s

} .
A summary of the ACP parameténsesigatedis provided inTable7-1.

Table7-1. Summary of parameters optimised during training obtgregate CPs

Cross subsampling

Sampling Random subsampling

Bootstrap

SVM

Underlying model
RF

SVM error model

RF error model

Normalising method
AD-based RF model

D2M index

ACP was i mpl e me n hoaconformssiibrary ang gecessarg dadifications of the original code
using Python scripts that were required for the normalisation applied using the D2M index andithsedIRF

error model.
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The ACP models built were based on the underlying QSAR modélkayfter For the LogD and ADME data.
Due to the incompatibility of the PLS algorithm with the nonconformist package, ACPs could not be obtained for
the PLS LogD model.

The peformance of the ACPs for the LogD models was evaluated on the same holdout data used for the evaluatic
of the QSAR and error models built in the previous chapters, while the performance of the ACPs for the ADME
models was evaluated on separate holdoat datltiple holdout data and tirsplit data. The performance of the

ACPs on multiple holdout data was assessed for ADME models trained using different settings than thos

previously described and their details are provided in the results section.

7.3 Results

In this section, the results obtained from the optimisation of standard and norroafif&unal predictorfor the

LogD dataset are first presented and discussed. These are then followed by the results obtained from fi
optimisation of the conformal pdéctors for the ADME datasets and the evaluation of the utility of their PI
estimates for the identification of novel compounds. Finally, the performance of the ACPs on repeatedly sample

holdout data and temporal test data of the ADME data is discussed.

7.3.1 LogD dataset

Standard ACPsvere built for the KNN, RF and SVM LogD models and were then optimised for the ACP size,
the sampling technique and the normalisation method. The conformal predictors were evaluated at 809

confidenceonrandomly sampletioldoutdata from each ADME training set.
7.3.1.1 Conformal predictor optimisation

Figure7-lillustrates the error rates of tseandardACPs and the size of tH8s estimated for the KNN, RF and

SVM LogD models aall levels of confidenceDn the left, the expected error rate, which is indicated by the black
diagonal line, is plotted against the actual error rate of the ACPs for the holdout data. The expected efror rat
the ACP at each confidence levdl,is calculated as the significancell and is indicated by the black diagonal

line in the confidence vs. error rate plots. The ACPs are valid at all confideret® \Wath small fluctuations in

the expected eor rates. The RF ACP yield the smallest fluctuations and are consistently in high agreement with
the expected rates. The SVM and KNN ACPs yield smaller error rates than the expected error rate for confiden
levels between 180%. This suggests that the REPs are more reliable than the SVM and KNN ACPs as their

error rates are closest to the expected error rates.
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To theright of Figure7-1, the size othe PI estimates for the predictions of the LogD models is plotted across all
confidence levelsThe narrowest Pls are obtained for the SVM LogD model, which igtedsmos accuratésee
Chapter %, while the RF and KNN LogD modepsoduce Pls of similar size

The hashed lines iRigure7-1 mark thechosen confidence threshati80%,where it can be seen thailid Pls
are obtainedvith only small differences between the actual and the expected errofaatee three models.
Furthermore, the size of the Pls estimates is betw&eand 2.0 which is approximately 30% the LogD value

range of the modelled data.

ACP (n=10) ACP (n=10)
1.0

[OR: y R ettt

0.6 o

confidence
confidence

0.4 o

— KNN
RF
—— SVM

0.2 A

0.0 +———"—"7—"r"—""rr—"—"T+—"—"—T1"—
0.0 0.2 0.4 0.6 0.8 1.0

Error rate Pl size

Figure7-1. Error rate (left) and size of Pls (right) estimated by standard ACPs of size 10 for the underlying

RF andSVM models of the LogD dataset on holdout data from random sampling.

7.3.1.1.1 ACP size

The results from the evaluation of the standard ACPs with different sizes on holdout data for the underlying KNN
RF and SVM models are summarised able7-2. In Table7-2, the validity of the ACPs for different sizes was
evaluated at 80% confidence and is expressed as the difference between the expected and the actual error r
gEr, of the conformal predictor on holdout data. The A@RB a negativeyEr, i.e.,the actual error rate larger
thanthe expected error ratare italicized. It is seen that increasing the ACP size from 10 causes the error rate of
the ACP to increase in the case of the KNN and RF models, but to decrease in the case of the SVM model. T
differences in the error ratare small, however, and dotrexceed the set thresholdg#r at 0.05. An interesting
observation is that the actual error rates of the ACPs for the SVM model are consistently smaller than the expect
error rate of 0.2, while in the case of KNN and RF the actual error rates éx@edncreasing the ACP size
improves the efficiency of the Pl estimates only in the case of the RF model, as the Pl size steadily decrease
however, in the case of the KNN and the SVM model the most efficient Pls are observed for sizes of 10 and 10

regectively.
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Table7-2. Difference between the expected and actual errorqiteand the Pl size of ACPs (N= 10, 100, 1000) for the

underlyinglogD models at 80% confidence

N KNN RF SVM

10 0.000 -0.008 0.015

oEr 100 -0.009  -0.013 0.012
1000 -0.001  -0.013 0.017

10 2.065 2.048 1.742

Pl size 100 2.078 2.033 1.736

1000 2.076 2.029 1.742

A smalldifference between the expected error rate and the actual errofggtef an ACP for the set confidence

level suggests that the ACP yields approximately valid results. Ther@tks 7-2 indicates that valid ACPs

have leen obtained for all three models with Pl estimates that span 0@&280f the LogD value rangehich

is 6 log unityseeChapter 3). A larger difference, whereby the actual error rate is smaller than the expected errol
rate suggests that the ACP penfigrbetter than expected on holdout data as it yields more Pls that are valid on
holdout data than on calibration data. This is an effect of the calibration errors being larger than holdout errors :
an 80% level of confidencavhich decreases the erroreats the Pls are more likely to include the measured

values of the holdout data.

For example, aB0% confidencealuesuggests thahe expected error rate is 0.2, so that fbypothetical value

of gqkEr =+0.05Q the actual error rate will be 0.1%.,gEr = expected actual = 0.2 0.15. This means that while

80% of the estimated Pls for calibration data are expected to contain the true measurement; 85% of the estima
Pls contain the true measurement on holdout data. In contrast, a vglae=of 0.05, suggests that the errors of

the holdout set are larger than the errors of the calibration set for the specified confidence threshold and, thus, t

Pl estimates exclude the actual measurements of the holdout data more frequently than egpéstédn.

Regardless of whether the difference is positive or negative, a large difference in the expected and actual err
rates indicaes thathe theoretical ssumption of exchangeability is not valid and that the ACP is not refiable

the holdoutlata Therefore, an ACP is valid only for smattr values This observation highlights the importance

of the error models, which were investigated in the previous chapter, being predictive, as they may be used
estimate the prospective error distriion of holdout data and teé advance whether a valid ACP may be

obtained.

7.3.1.1.2 Sampling

The influence of the three sampling methods on the validity and the efficiency of the ACPs is shalle 73

for different ACP sizes. The most efficient Pl estimates are in bold.
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Table7-3. Difference between the expected and actual errorqite.and Pl size of ACPs for the underlyilegD models

N Sampling KNN RF SVM
Bootstrap 0.015 -0.005 0.014
®@Er Crosssampling -0.015 -0.018 0.002
Random 0.000 -0.008 0.015
10 Bootstrap 2.185 1.980 1.779
SITzle Crosssampling 1.978 1.966 1.662
Random 2.065 2.048 1.742
Bootstrap 0.012 -0.010 0.012
®E r Crosssampling 0.012 -0.006 0.019
Random -0.009 -0.013 0.012
100 Bootstrap 2.152 2.001 1.759
SFi)zIe Cross-sampling 2.108 2.012 1.729
Random 2.078 2.033 1.736
Bootstrap 0.005 -0.006 0.012
@E r Crosssampling 0.042 0.037 0.044
Random -0.001 -0.013 0.017

1000
Bootstrap 2.161 2.000 1.760
SFi)zIe Crosssampling 2.330 2.205 1.952
Random 2.076 2.028 1.742

The PIs obtained by crosampling of the calibration data are sensitive to changes in ACP size, while those
obtained by bootstrap sampling and random sampling are more robust. Increasing the size of the ACP results
an increase of the Pl size by approately 0.4 when crossampling is applied. For an ACP of size 10, cross
sampling produces the narrowest Pls but at the cost of the increasing error rate when the underlying algorithm
KNN and RF, which is indicated by a negatigEr. For an ACP of siz&000, crossampling leads to the least
efficient PlIs for all models and a large decrease in the actual error rate of the ACP. The least variation betwee
the PI estimates obtained by cra@ssnpling and the other sampling methods is observed for an AE€Bfgif0,

while the highest variation is observed for the Pls from ACPs of size 1000. This is a consequence of the differenc
in the calibration set size in cresampling; the calibration data sampled at each iteration represent 10%, 1% and
0.01% of thenraining set data for ACPs sizes of 10, 100 and 1000, respectively. This demonstrates that applyin
the same threshold to an error distribution estimated from a smaller calibration set with smaller size will increas

the size of the error estimate, thusking it less accurate.

Bootstrap and random sampling yield Pl estimates of similar size across all methods and the actual error rat
obtained are less varied. For ACPsize 100 and 1000, bootstrap sampling produces more efficient Pls for RF

models, whie random sampling produces more efficient Pls for KNN.
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7.3.1.1.3 Normalisation

Different methods were tried for the normalisation of the ACPs, naaBigM index descriptothased RF and

SVM error models and an ADBased RF error model. These were applied for A®RS size 10 andross
samplingas these settinggoduced the most efficieRis for holdout data for all three underlying algorithms with

no normalisation. IMable7-4, the performance of the normalised ACPs is compared to the performance of the
standard ACRvith the most efficient Pls underlined and in bdlle ACPs normalised usitigedescriptofbased

RF error model in the case of RF and SVM QSARbdels, and théescriptorbasedSVM error models, in the

case of the KNN QSAR model, yielded the smallest difference between the expected and the actual error rate a
the most efficient Pls. The largaluefor theaverage Pls for the KNN model normalisgging the ABbased

error model is attributed to poor error estimates produced by the model, which is trained on the residual errors
the training data rather than the cresfidation data. Note that this is thaain difference in the error models
trained using the Python implementation@® and the error models trained separately in Chapter 5. As a result
the errors of the calibration data are underestimated and their normalisation with the error estimates produces ve
large critical values for theatculation of the Pls. Nevertheless, this suggests that the current normalisation is not
suitable for the KNN model and that the error model would have to be trained onalidation errors to improve

theefficiency of the Pl estimates.

Table7-4. Comparison of the difference between the expected and actual erroiand mean Pl size of standard and
normalised ACPs (N=10) for the underlying RF and SVM models

ACP KNN RF SVM
Standard -0.015 -0.018 0.002

D2M index 0.012 -0.018 0.015

RF 0.014 0.010 0.000

= SVM 0.004 0.031 0.012
AD-based RF 0.026 0.031 0.020
Standard 1.978 1.966 1.662
D2M index 2.164 2.042 1.789
Plsize RF 2.524 2.000 1.723
SVM 2.057 2.144 1.908
AD-based RF 5.780 2.122 1.860

7.3.1.2 Evaluating the usefulness of normalised Pls

In the previous results, it was seen that the size of the PI estimates is approximately a third of the LogD valu

rangewhich isone order of magnitude largéranthe experimental error estimate of 0.1. This highlights the large
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prediction uncertainty of the LogD models in relation to the experimental error, which suggests that the model:

cannot achieve as high precision as the assay at 80% confidence.

However, a already mentioned, the sizes of the normalised Pls may be used to prioritize compoundsefor furth
testing. Large PIs indicatagh uncertainty associated with the predictions sugge#tat the model does not
have enough data for the respective compauhesefore, further experimental testing of similar compounds is
required.

The linear and rank correlation of the normalised Pls to the actual prediction errceskdith RF and SVM
LogD models arshown inTable7-5. Higher correlation is seen between the Pls obtained by normalisation with
the descriptobased error models and the errors of the underlying RF and SVM models, as well ashthecdD

Pl estimates with the underlying RF errors. Interestingly, normaRfdedhat are estimated using SVM error
models are morstrongly correlated witlthe errors of the RF LogD model than the normalised Pls estimated
using RF error models. Overall, the results suggest that Pls obtained following normalisatitire itk and

SVM error models may be useful in the prioritisation of compounds.

Table7-5. Pearson and Spearmearrelation coefficiergbetween the variable Pl estimates and the actual prediction errors
of the underlyingno d epredidiions

ACP KNN RF SVM

D2M index 0.08 0.06 0.08

RF -0.05 0.31 0.28
Pear son

SVM -0.01 0.38 0.25

AD-based RF -0.11 0.27 0.12

D2M index 0.06 0.01 0.05

RF 0.06 0.33 0.24
Spear man

SVM 0.07 0.39 0.23

AD-based RF -0.29 0.28 0.12

7.3.2 ADME datasets

Standard ACPs were built for tiier the RF and SVMADME models andas for the LogD dataset, were then
optimised for the ACP size, the sampling technique and the normalisation ngtisectiory.3.2.1describes

the results from the optimisation of the ACPs on holdout data that were randomly sampled from thedatgning
using a ratio of 8@20. ubsection/.3.2.2contains the results of the ACPs applied on the full training set and the

external test set that was originally supplied bijyLi
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7.3.2.1 Conformal predictor optimisation

The performance of standard ACPs apptiethe underlying RF and SVNMDSAR models is illustrated for all
levels of confidence ifrigure 7-2 andFigure7-3, respectively. The plot shows the actual error rate and the size
of the PI estimates for the holdout test set.

The confidence vs. error rate plots in the lefEagure 7-2 andFigure 7-3 indicate that for the two underlying
algorithms the ACPs had smallerror rates on the holdout data at higher confidence levels. However, larger
actual error rates than the expected error rate were obtained for the RF models for most datasets at low
confidence levelsparticularly datasets 1 and duggesting that thens less agreement between the error
distributions of the calibration and holdout data. At 80% confidence, which was the chosen confidence thresholc
valid Pls with small differences between the actual and the expected error rates were observeddsgsallrdat
closer look at the data shownHhigure 7-2, indicates that the highest observed margins for the error gdes,

were observed for the RF model of dataset 2 ardSVM model of dataset 7 wihizes of 0.010 and 0.011,
respectively, whictare bothwell below thegEr threshold of 0.05. These values suggest a higher than expected

error rate by 1.0 % and 1.1 % fiie holdout sets of dataset 2 and dataset 7, respectively.
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Figure7-2. Error rate (left) and size of Pls (right) estimated by standard ACP (N=10) for the underlying RF |
of the 10 ADME datasets drldout data from random sampling.
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Figure 7-3. Error rate (left) and size of Pls (right) estimated by standard ACP (N=10) for the underlying
models of the 10 ADME datasets on holdout data frandom sampling.

In the confidence vs. Pl size plots in the righFigfure7-2 andFigure7-3, narrower Pl distributions are, generally,
obtained for more accurate ADME modelsvels of confidence 50% or lower, where half of the future
measurementer moreare likely to fall outside the Pls, are of less value; asPtisewill be too narrow and
inaccurate most of the time. However, as dadhe figuresabove higher confidence levels are associated with

| arger Pl s. Further mor e, as the Pls are éugtonjiitmat e
follows that underlying models with low accuracy will also yield large Pls that are less informative at high
confidence level¢see $ction7.3.2.3. This highlights thatetting a suitable confidence level requires making a
tradeoff with the PI size by taking into account the error distribution of the calibration data.

For example, irfFigure7-2 andFigure7-3, a 99% confidence threshold resut$| estimates with size between
0.77 1.4; which correspondsto 7094 4 0 % cover age of the endpointsé v
may be obtained, with a size of 0.2 or less, given an 80% confidence threshold.

7.3.2.1.1 ACP size

The performance obtandad ACPs for the uderlying RF and SVM models were compafed ACP sizes 10,

100 and 100@o find the optimal sizeand to the performance of an ACP of sizevhich uses a single calibration
sample for the estimation of the Pls. An ACP of sizis quivdent to an inductive CP, therefore, it is referred

to as ICP below. Ifigure7-4 validity is measured as the difference between the expected error rate and the actua
error rate of the ACPs for increasing size.,qEr. The ICPs are generally valid with smaller errdesahan the

ACPs, except in the case of dataset 3. However, the ICP results were not robust as the Pl estimates were base!
a single calibration set draw. For increasing ACP size, the actual error rate decreases for the underlying RF mod
of datasetd, 5 and 6, and the underlying SVM models of datasets 1, 2 and 6, as indicated by the increase in tt
difference between the expected error rate and actual error rate. In fact, a difference greater than 0.05 was obser
for the larger ACPs of the undeny SVM models of dataset 6. Increasing the number of calibration set draws

from the training data results in greater covera
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Increasing the size of the SVM ACP from 10 to 1000 reduces the ateoofrdatasets 3 and 4 and improves the
efficiency of PIs by 0.05.

RF
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Figure7-4. Difference between the expected and actual error rate of ACPs with different sizesifatetiging
RF (left) and underlyig SVM (right) models

The validity and the efficiency measures of the ICP with size 1 and the three ACPs with sizes of 10, 100 and 10C
are provided below. Ifable7-6 andTable7-7, the validity is expressed as the difference between the expected
error rate and the actual error rate of the CP on the holdougdataNegativeqEr values are italicized ands
discussedbarlier,indicate that the actual error rate of the conformal predictor exceeds the expected eror rate.
negativeqgEr is less preferable than a positigEr asit indicates that a larger number of Pls will excludeet
observed holdout measuremenpastive gEr indicates that a smaller number of Pls will exclude the observed
holdout measurementAs mentioned in theéMethods section ofhis chapterthe differenceis considered

significant when thefEr is greater thaf.05 andsuch values are indicat@dbold in thetables

In Table7-6, which shows results of the RF QSAR mod@&l€Ps with increasing size result in a decrease in the
Pls of datasets 3,ahd 8 but an increase thePlIs of datasets 2, 5, 9. Tiable7-7, which shows the SVM QSAR

model resultsincreasing the size of the ACP results in a decrease d¢flthizes of datasets 3, 4 and 9 and an
increase of the PI size for datasets 6, 7 and 8. The size of the PI estimates of both algorithms was subject to sma
variations in datasets 1, 5, 6 and 10 for ACPs of different sizes. It is seen that roun#ihgdtimates of these
datasets to a precision of two shows no difference in the estimates obtained by ACPs of different sizes, while f
all other datasets rounding to a precision of two results in a differ@i0.01 in the PI estimates.
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Table7-6. Difference between the expected and actual error rate and size of Pl estimated for RF predictions at 80%

confidence by standard ACP

Standard N Dataset

ACP 1 2 3 4 5 6 7 8 9 10
1  -0.008 -0.001 0.019 0.008 0.007 0.001 -0.003 0.003 0.003 0.002
10 0.020 -0.010 0.000 0.029 0.015 0.024 0.001 0.020 0.007 0.018

e 100 0.025 -0.010 0.006 0.025 0.015 0.033 -0.002 0.021 0.009 0.019
1000 0.025 -0.010 -0.003 0.025 0.021 0.031 -0.001 0.018 0.009 0.017

1 0.402 0.177 0384 0308 0.172 0.309 0477 0.682 0.530 0.618

bl size 10 0403 0.179 0366 0.311 0.166 0.308 0.479 0.681 0.525 0.614

100 0.400 0.184 0364 0309 0.166 0.306 0480 0.676 0.529 0.614
1000 0.403 0.182 0.362 0.308 0.168 0.307 0480 0.673 0.528 0.613

Table7-7. Difference between the expected and actual error rate and size of PI estimated for SVM predictions at 80%
confidence by standard ACP

Standard N Dataset
ACP 1 2 3 4 5 6 7 8 9 10
1 0.010 0.010 -0.007 0.002 0.002 -0.003 0.006 -0.003 0.002 0.003
10 0.031 0.010 0.016 0.031 0.011 0.038 -0.011 0.010 0.013 o0.018
PET 100 0.020 0.020 0.016 0.029 0.005 0.052 -0.006 0.010 0.013 0.015
1000 0.031 0.020 0.013 0.027 0.002 0.053 -0.006 0.012 0.011 o0.017
1 0.406 0.191 0.347 0.321 0.202 0.292 0.453 0.627 0.512 0.586
bl size 10 0.393 0.191 0350 0.326 0.203 0.287 0.446 0.629 0.513 0.582

100 0.393 0.196 0.345 0.318 0.202 0.290 0.449 0.632 0.510 0.581
1000 0.395 0.195 0.343 0321 0.202 0.291 0450 0.636 0.511 0.581

7.3.2.1.2 Sampling

The effect of random subsampling, cressampling and bootstrap sampling on the performance of the ACPs
with size N=10 at 80%onfidenceare provided ifmmable7-8 and for the RF and SVM models, respectively. The
results for ACPs of size 100 and 1000 from different sampling methods are providedppérelix(TablesA

12 andA 13) and show similar trends to those observed for the LogD dataset.

On aveage, theras a smaller difference between the expected error rate and the actual error rate of ACPs with

random sampling in relatioio the other sampling methods. However, ACP with cagssampling resulted in
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more efficient Pls for botthe RF and SVMalgorithms. The PI estimates obtained from bootstrap sampling and
random sampling had similar sizes; while the sizes of the Pl estimates frorswbsasnpling were different due

to the difference in the calibration set size. This trend was similar toltsatved in the LogD results. Smaller
fluctuation in the PI estimates acrdke different sampling methods were observed for datasets 4, 5, 6 and 9 for
both underlying algorithms.

Table7-8. Difference between the expected and actual error rate and Pl size of ACPs (N=10) for the undeingERF
models across different sampling methods

Dataset
1 2 3 4 5 6 7 8 9 10
B 0.036 -0.020 -0.010 0.022 0.021 0.033 0.017 0.018 0.015 0.023
qEr C 0.015 0.015 -0.006 0.022 0.027 0.025 -0.002 0.014 0.005 0.017
R 0.020 -0.010 0.000 0.029 0.015 0.024 0.001 0.020 0.007 0.018
B 0.405 0.183 0.355 0.311 0.163 0.309 0.491 0.679 0.527 0.618
SIiDzle C 0.391 0.192 0.355 0.303 0.168 0.299 0.477 0.670 0.518 0.599

R 0.403 0.179 0.366 0.311 0.166 0.308 0.479 0.681 0.525 0.614
B: bootstrap sampling, C: creassbsampling, R: random sampling

Table7-9. Difference between the expected and actual error rate and Pl size of ACPs (N=10) for the underlying SVM

ADME models across different sammimethods

Dataset
1 2 3 4 5 6 7 8 9 10
B 0031 0.045 0.026 0.018 0.011 0.049 -0.009 0.010 0.013 0.017
®@Er C 0.03 0035 0.023 0.020 0.009 0.047 0.001 0.010 0.011 0.011
R 0031 0.010 0.016 0.031 0.011 0.038 -0.011 0.010 0.013 0.018
B 0408 0.203 0.347 0.326 0.205 0.294 0.447 0.644 0511 0.585
sFi)zle C 0409 0198 0.336 0.306 0.199 0.286 0.460 0.634 0.506 0.568

R 0393 0.191 0.350 0.326 0.203 0.287 0.446 0.629 0.513 0.582
B: bootstrap sampling, C: cressbsampling, R: random sampling

The influence of ACP size is on average smaller than the influence of the sampling method on the size of the |
estimates and error rates of ACPs. It was seen that ACPs with a size of 10 were able to produce valid ACPs f
all datasets and the size of Pls obtained were similar to the sizes of Pls estimates from ACP with a larger size f
a precision of 2. SubsequekCPs were, therefore, trained with an ensemble size N = 10 and random sampling
to further study the effect of normalisation on the utility of the PI estimates obtained for the RF and SVM ADME

models.
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7.3.2.1.3 Normalisation

Compounaspecific Pls were estimated froACPs of size 10 that were normalised uding D2M index and
prediction error estimatesbtainedfrom the descriptebased RF and SVM error models and prediction error
estimatesbtainedfrom the AD-based RF error models. The performance of the normalised ACPs is compared
to the performance of the standard ACPs on holdout datdisgussed above uaeful normalisation method is,
generally, expected to yieRls that are more efficieritanthe Pls from no normalisation. The results are provided

in Table7-10for the underlying RF ADME models and

Table7-11for SVM ADME models, where normalised Pl estimates that are smaller than the@moalised Pls
are in bold and underlined. A large difference between the expected and actual error rate of the ACP is indicate

in plain bold.

It is seen that the most efficient Pls were obtained from normalised ACPs using debasptbRF and SVM

error models.On the other handAD-based error models and the D2M index resulted ifehst efficientP|
estimatesNormalisation gnerally reduced the error rates of the ACPs, which is indicated by the positive increase
in the difference between the expected error rate and the actual error rate. This is because, during normalisatic
large Pl estimates are assigned to compoundshigitter uncertainty than the calibration data, which increase the
average PI size and, eventually, makes it more likely that the observed value will be included in the P, i.e., th

error rate is reduced.

Normalisation using error models did notgrove the efficiency of thBlsfor the RF QSAR modelsf datasets

2, 5 and 6, nor the efficiency of the Bis the SVM QSAR modelsf datasets 2, 5, 6 and 8; as the average PI
estimates were equal or larger than the-mommalised Pls. In mosasesnamalisation using SVM error models
produced more efficient Pls than the D2M index. For theQF¥AR models, normalised ACPs that used SVM

error models as the normalising function were more efficient, particularly for datasets 2, 3, 4, 5 and 6.
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Table7-10. Comparison of the difference between the expected and actual errgiatnd mean Pl size of standard and

normalised ACPs (N=10) for the underlying RF models

Dataset
ACP

1 2 3 4 5 6 7 8 9 10

Standard 0.020 -0.010 0000 0029 0015 0024 0001 0020 0007 0.018
D2M index 0.020 0000 0042 0020 0013 0030 0002 0012 0002 0.015

RF 0.041 0005 0035 0016 0036 0031 0036 0026 0018 0.030

T sum 0.015 0005 0026 0004 0034 0052 0017 0014 0024 0027
AD-based RF  0.020 -0.005 0.035 0056 0.046 0068 0.042 0064 0.023 0.039
Standard 0403 0179 0366 0311 0.166 0.308 0479 068L 0525 0.614
D2M index 0412 0190 0356 0.291 0.166 0315 0465 0.697 0538 0.600

o RF 0430 0192 0368 0290 0174 0308 0470 0704 0523 0.594
SVM 0401 0187 0369 0.294 0182 0309 0449 0.664 0531 0.594

AD-based RF  0.438 0.200 0.376 0.302 0.182 0.324 0507 0.799 0.566 0.622

Table7-11. Comparison of the difference between the expected and actual error rate and mean PI size of standard and
normalised ACPs (N=10) for the underlying SVM models

Dataset
ACP
1 2 3 4 5 6 7 8 9 10
Standard 0.031 0.010 0.016 0.031 0.011 0.038 -0.011 0.010 0.013 0.018
D2M index 0.031 0.015 0.042 0.029 0.000 0.014 0.007 0.015 0.013 0.015
DE T RF 0.025 0.025 0.032 0.038 -0.010 0.058 -0.003 0.010 0.009 0.019
SVM 0.047 0.015 0.026 0.022 0.025 0.069 0.018 0.008 0.009 0.022
AD-based RF  0.047 0.050 0.035 0.058 0.046 0.050 0.014 0.026 0.033 0.029
Standard 0.393 0.191 0.350 0.326 0.203 0.287 0.446 0.629 0.513 0.582
D2M index 0.398 0.203 0.356 0.313 0.201 0.295 0452 0.665 0.530 0.600
s[iDzle RF 0.406 0.199 0.337 0.317 0.205 0.301 0451 0.681 0.499 0.562
SVM 0.383 0.195 0.341 0.308 0.203 0.291 0.428 0.643 0.498 0.567

AD-based RF  0.421 0.219 0.343 0.318 0.208 0.297 0.471 0.716 0.501 0.563

7.3.2.2 Evaluating the usefulness of normalised Pls

The efficiency of the Pls estimated AZP is strongly determined by the accuracy of the underlying models and
the quality of the modelled data. In the leftFdfure 7-5, theaverage size afiniform, i.e. noanormalisedPls

estimated withstandard ACPRis plotted against the if@ld crossvalidation RMSE of the underlying models. It
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is seen that modeisith an RMSE greater than 0.20 m@arpduce very large Pihatspan over @ % or moreof

the endpoint value range of [0, 1].

In the right ofFigure7-5, it seen thatarge Pls aralso associated witttatasets with experimental errgneater
than 0.1,i.e., 10% of the endpoint value range. The resudtgygesthat obtainingPIs as low as 0.2 at 80%

confidencerequires thathe underlying moddias high accuracy with an RMSE value thatlase to 0.10.
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Figure 7-5. Size of nomormalised Pls estimated from standard ACPs of size 10 plotted against the accurac

underlying RF and SVM ADME models (left) and the experimental error of the data (right) measured by RMSE

Experimental gor was used to assess the utility of the average Pl size as it is often used as a benchmark of QSA

model accuracy. This involved calculating the ratio between the error margin of the Phalf the Pl size,
obtained from standard ACP and the experital error estimate of the dafhe ratio between the Pl error

marginsfor the RF and SVM QSAR modedsd the experimental error estimate is provided for each dataset in

Table7-12.

A maximum threshold of threélaas et al., 2013yas used to assess whetRés were useful. Using this criterion,

the Pls for all models were useful. However, the Pls for the RF and SVM models of datasets 1, 2, 7 had a rat

closer to one, which suggeskst the experimental and prediction uncertainties are of similar sizioAclose
to two suggests that the prediction uncertainty of datakefs 6, 8, 9 and 10 is approximatelfddd the
experimental uncertainty. Finally, a ratio of three suggestioll3lifference in the prediction and experimental

uncertainties of daset 3, which is on the borderline of the utility threshold.
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Table7-12. Utility assessment of standard ACP Pl estimates based on the ratio between the PI error margin and the

experimental error estimate

Ratio
Dataset

RF SVM
1 1.5 1.5
2 1.0 1.1
3 3.0 2.9
4 2.2 2.3
5 19 2.3
6 2.2 21
7 11 1.0
8 19 1.7
9 2.0 1.9
10 1.7 1.6

More efficientPIs may be obtained, however, if normalisation is applied using an uncertainty estimation method
thatcorrel ates well with the actual errors of the m
efficiency of Pls was observed for the models that were less accurate than the RF and SVM models of dataset:
and 5.

Pear sonods cicienrwas caltulatednbetweeretliefnormalised Pl estimates and the actual prediction
errors of each dataset and the results are provid€dhle 7-13 ard Table 7-14, with correlations greater than

0.40 marked in bold and underlindtbr the RF QSAR modelsnaveragestrongercorrelations wex observed

for the normalisedPIs obtained from descriptibased RF and SVM error modei®r the SVM QSAR models,
weaker correlations were obtained fmrmalised Plsbutthese were stronger wheormalisation with the AP

based RF error models was applied. In additionsttengestorrelations between the normalised Pl estimates
and prediction errors on the holdout data were observed for nibedeisere more efficiemithoutapplyingany
normdisation.The <cal cul ati on of Spearmanés rank correl af
provided as additional information in the Appendix (Tabl24 and TableA 15).
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Table7-13. Pearson's correlation coefficient between the variable Pl estimates and the actuabprdars of the

underlying RF predictions

Normalisation method

Dataset
D2M AD-RF RF SVM
1 0.07 0.06 0.27 0.15
2 0.10 0.06 0.21 0.25
3 0.26 0.47 0.42 0.40
4 0.22 0.35 0.38 0.36
5 0.21 0.62 0.57 0.60
6 0.20 0.27 0.31 0.35
7 0.18 0.39 0.39 0.34
8 -0.04 0.07 0.12 0.11
9 0.07 0.09 0.30 0.30
10 0.04 0.28 0.36 0.34
Mean 0.13 0.27 0.33 0.32

Table7-14. Pearson's correlation coefficient between the variable Pl estimates and the actual predictiohteerors
underlying SVM predictions

Normalisation method

Dataset
D2M AD-RF RF SVM
1 0.03 0.10 0.16 0.10
2 0.10 0.02 0.14 0.18
3 0.19 0.37 0.21 0.32
4 0.22 0.34 0.30 0.33
5 0.20 0.54 0.51 051
6 0.24 0.27 0.17 0.25
7 0.13 0.32 0.39 0.33
8 -0.04 0.06 0.11 0.08
9 0.06 0.33 0.30 0.23
10 0.03 0.23 0.30 0.26
Mean 0.12 0.25 0.26 0.26

For most datasets, normalisation has produced Pls with weak correlation to the actual prediction errors of th

underlying models. Despite their poor predictive performance, estimates from error models seem to be a bett
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option for normalisation than a sohe D2M index, particularly when the underlying model is a RBure7-6

and Figure 7-7 show the normalised Pls plotted against the actual prediction errors of datasets 5 and 3.
respectivelyThese plots are provided for other datasets with weaker correlation between the Pl size and the actu
predictin errorin the Appendix (FiguresA 16 - A 21). Highlighted in black are the predictions with a Pl size
greater than the 8Qpercentile of the PIoints to the left of the diagonal correspond to predictions with non
valid Pls, as theiprediction errorsare larger than the normalised Pl estimates. For both datasets, many of these

correspond to prediction error outliers. Here we define prediction error outliers using"tperéntile as a

threshold for the actual prediction errors,jethcorresponds tavalue of 0.2 for dataset 5. It is seen that, applying

the 80" percentile as a threshold is effective enough to identify most outliers of the RF and SVM predictions using

the AD-based error model Pls, but is less effective for theoPtained from the descriptor basedtor models.

However, it is also seen that many accurate predictions that have been assigned largdsdksxaheded. The

errors of dataset 3 are less variable and using a similar threshold is not as effectwas likady, therefore, that

linear correlation between the Pl size and the actual prediction strorger than 0.5 is required to identify

prediction error outliers successfully.
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The average performance of the standard ACPs of size 10 was evaluated on 10 holdout sample®ybtained

random sampling and temporal test sets, as described in Chapter 3, for which the exchangeability of the data

not guaranteed. The performance of amalised ACP using a RF error model was reassessed for comparison,

but on different random holdout sets than in the previous section. The validity and the efficiency metrics of the

standard and normalised ACPs are providedable 7-15 and Table 7-16, respectively. Normalisation was

applied using a descripttvased RF error model with a size of 200 trees for all datasets.
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Table7-15. Difference between the expected and actual erroanatsize of Pl estimated for theedictionsof the RF QSAR

modelsat 80% confidence

Dataset
ACP
1 2 3 4 5 6 7 8 9 10
Standard 0.020 0.010 0.003 0.003 0.016 0.008 0.002 0.002 0.005 0.007
QE T \',\‘vi‘;[]m;‘l':'sed 0.041 0.038 0.015 0.017 0.031 0.030 0.029 0.036 0.026 0.027
o, Standard 0.365 0.171 0.348 0.296 0.162 0.287 0.394 0.721 0.506 0.599
size \’,\'Vﬁgmé‘l':'sed 0.416 0197 0361 0.295 0.186 0321 0506 0742 0531 0.617

The mearPl| estimatesor RF QSAR modelsvere more stabléhan for the SVM QSAR modelwsith higher
fluctuations observednly for dataset 1 (SD=0.028). The normalised Pls watas #icient asthe non
normalised Pls, except for dataset 4 where they were ap@mttinequal Greater fluctuationsveregenerally
observedin the mean PI estimageof the SVM QSAR modeldor datasets 2 (SD=0.025), 3 (SD=0.033), 4
(SD=0.021) and 6 (SD=0.020). The highest correlatiotme Plswith the absolute residual errors was observed
for thePl estimates of the SVM QSAR modéds dataset 5 (r=0.408~0.476) and dataset 7 (r= 0.44/~0.444.

For the normalised Pls of RF QSAR models the highest correlation was olisattaéaset 4 (r= @775 =0.554),
dataset 5 (r= 0.508~0.529) and dataset 7 (r= 0.3$20.412).

Table 7-16. Difference between the expected and actual error rate and size of Pl estimated for SVM predictions at 80%

confidence
Dataset
ACP
1 2 3 4 5 6 7 8 9 10
Standard 0.021 -0.005 0.007 0013 0.016 0.002 -0.001 -0.002 0.001 0.007
; :
o= mm@sad 0.027 0.029 0036 0.021 0036 0022 0020 0018 0.016 0.025
Standard 0378 0.187 0316 0308 0.199 0268 0471 0776 0.499 0.570
PI
size V'\\'/i‘:{]mg‘ﬁsed 0403 0207 0342 0322 0203 0299 0496 0718 0512 0587
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The validity and the efficiency of standard ACPs on the temporal holdout set is illustriaigarav-8 andFigure

7-9. Non-valid ACPsthatexceed the expected error rate appear on the umglgeofthe diagonal dfigure 7-8.

The hashed, horizontal line indicates that for the 80% confidence threshold, valid Pls were obtained for the R
QSAR models of datasets 1, 2, 3, 8 and 9 and valid Pls for the SVM QSAR uia@siksts 1, 2, 8 and 9. However,

Pls that were consistently valid for all confidence levels and both underlying models were obtained only for
datasets 1 and 2. The training set and ACP parameters were the same as in the standard ACPs that were use
estmate the Pl fiothe holdout data inegtion 7.3.2.1.3thereforethe distributions of the Pl estimates for external
data are the same. Howewvetth the exception of datasets 1 and 2, the increased error rates for the ACPs of the
RF and SVM QSAR models for thexternal datasuggesthat theexternal data are not representative of the
calibration data. As a resuR] estimates underestimatetheuncari nt y of t h asfantbedertdrrald p
test set. Furthermore, this implies that the external data represent a greater shift from the descriptor space of

underlying model for these dataseteridalisation was not appliddr the external dat
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Figure7-8. Error rate (left) and size of Pls (right) estimated by standard ACP (N=10) fc
underlying RF models of the 10 ADME datasets on &l test data.
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Figure7-9. Error rate (left) and size of Pls (right) estimated by standard ACP (N=10) fi
underlying SVM models of the 10 ADME datasets on tgBpét test data.
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7.4 Discussion

The CP framework provides guarantees about the vatiti®y estimates produced under the main assumption of
exchangeability. In QSAR this assumption is satisfied by ensuring that the holdout data are representative of tt
model 6s applicability domain. Al t kshtdatgthatardrepresentatiet
of the model 6s applicability domain are also repr
seenin Chapter Shat commonly applied applicability domain metricSQ8AR are not well correlated withe
algorithmspecific erros. However, egardless of the quality of the reliability estimates, conformal prediction is
still able to produce valid estimates by applying a high confidence threshold. Variation is introduced to the Pls o
the individual preditions by normalisation, whereby the sizef the Pls aracaled to represent the difficulty
associated with making the prediction. The difficulty is assessed in relation to calibration data; and prediction:
that are less reliable than the calibration d&téie chosen threshold are assigned larger Pls while predictions that
are more reliable are assigned smaller PIs. As a result, it is possible to obtain valid Pls using any reliabdity scorin
method even if it is random. However, using random reliatslitgres to assigRls to predictions would not be
meaningful to the user; even if the Pls were correlated to prediction errors by chance. This was seen in sectic
7.3.2.2where the normalisation of ACP using D2M indices yielded Pls with very weak or no correlation to the
actual prediction errors. Meaningful Pls that may be utilised to rank predictions require strong correlation of the
Pl estimates witlthe prediction errors, which is alshallenging using error models. Moderate to stroangk
correlation of error estimates withe predictbn errorsmay be sufficient to highlight the presence of prediction
error outliers even if theverall predictiveperformance of the error models is loMormalised ACPs with rank
correlations below 0.40 are not very useful for prioritisataitiyough, on average, they may yield more efficient

Pls than standard Pls, which assign uniform Pls to all predictions. Aresting observatiois that stronger
correlations between normalised Pls and the wundert
predictions were more strongly correlated to the prediction efsersTable A 22 in the Appendix). This
highlightedt hat t he mo doeld ean importentviar@lle inothre estimation of errors in biased data,
where prediction error increases or desesamonotonically with the predictiamlue, i.e.,due to the lack of

sufficientmeasurements on the upper or lower end of the endpoint value range.

Furthermore, standard ACPs at 80% confidence produced Pls with sizes approximately double the error of tt
underlyingmodel, on average. The intervals covered betweerD8 of the modelled endpoints value ranges,
which are too wide to be useful in practite the work of(Svensson et al., 2018)s forsmaller datasetsere
reported with approximatel30% coverage of the endpoint value ranf@lowing the removal of outliers
Normalised PIs resultad similar coverage on averageith a number ofndividual Plsexceedinghe endpoint
measurement rander datasets 4, 7, 8, 9, 10. However, the large coverage is a weakneasoliitng models

for datasetd, 8, 9 andLOwhich are less accurasmd are associated with high expseintal error. Tie presence

of compounds inhe holdout data thatre less conforming tahe calibration datawhere conformity was
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determined by the error modgelsombined with the low accuracy of the underlying model is the reason for
exceedingly large miividual Pls.Overall, the normalised Pls obtained were not useful as quantitative estimates
of prediction uncertaintjor all datasetdutthey could be useith compound prioritisation thighlight the need

that further sampling or testing is requifed similar compounds awithin a range of endpoint values so ttieg

mo d euhcertaintiewill be reduced

It is noted that datasets that contain prediction error outliers may produce large Pl estimates at high confidenc
levels if these are sampled in ttedibrationdata Although these will improve the validity of the ACPs, as larger

Pls are more likely to include future measurergghey will also reduce the efficiency of Pls. However, statistical
outliers are often defined at higher percentiles tinen8®", therefore, selecting a lower confidence threshold
avoids this problem. Also, as the prediction error distribution dfutuee data is unknown and may contain large
prediction errors; it would not be beneficial to remove prediction error aitiam the calibration data. Retaining

them is expected to produce more conservative Pls that are more likely to include the future measurement. Outli
removal under differerautlier definitions,i.e., descriptor, response, error outliers, and threstarelsopics that

couldbe investigated in future work.

7.5 Conclusions

The CP framework was implemented to evaluate the utility of error models in the estimation of cosygeificl

Pl estimates for QSAR predictions. From the optimisation of the ACPs it was found that the size of the ACPs ha
less influence on the efficienof the Pls than normalisation and that efficient enough Pls could be obtained from
small ACPs with a size of 10. It also became clear that-sutssampling was sensitive to the ACP size, which
implicitly affected the size of the calibration samples; witibotstrap and random sampling resulted in equally
efficient Pl estimates. The investigations showed that using a single approach for the optimisation of conforme
predictors did not yield useful Pls for all datasets; but this was, mainly, because vafritok accuracy of
underlying models rather than the normalisation method. It is therefore expected that more informative Pls wil
be estimated for models with high accuracy, which are obtained from datasets with low experimental error
Underlying models Wth low accuracy produced Pls that were too broad to be useful but some improvement in

the efficiency of their average Pls was observed with normalisation.

Correlation of the normalised Pl estimates and the prediction errors was not always associatgataviéments

in the efficiency of nomormalised PIs. The correlation of normalised Pls and the actual prediction errors was
weak for most datasets; with stronger correlations identified in holdout data where residual error outliers were
present. The higleorrelation indicated that predictions with high uncertainty could be identified or at least
extracted by ranking the Pls of the holdout data. Normalisation usinggasBd RF error models and the

descriptorbased SVM models was more effective for the mirgation of RF predictions than descriptzaised
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RF error models. However, both descripbased error models produced more efficient Pls, while the normalised
Pls using ADbased RF error models were less efficient than-mamalised in most occasionBurther
investigation is required to better understand how to improve the accuracy of the uncertainty estimates of errc
models so that the size of the Pls provide a more accurate representation of the actual prediction error.
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8.1 Summary of Findings

This thesis has investigated the application of machine learning algorithms for the iestiofigbrediction
uncertainty inADME regressiomrmodels andhasassessed their performance as methods for assigning coefidenc
to individual predictions. The use of supervised learning methods to construct error models represents a
i mportant opportunity for the syst easanorncgodetséfilitatei t i
the investigation of notinear relationships betweehe underlying data structure or other reliability indicators
andtheaccumy of t he mo tdNevérthelessgrorenddeldhat weverpiedictivior ADME datawere
challenging to obtaim this workbut analysis othe correlations of the error estimates with the prediction errors
was enougho confirm that, in fact, error modelgth poor performancean contributesomeuseful information

to the QSAR modelling process

In Chapter 5 underlying regression models were built for LogD and ADME datsusing stateof-the-art
machinel ear ni ng al gorit hms. Val i dat i on -basedand distabde-g D m
mo d e | definitions of the applicability domain sho
explainedUnderlyingmodelscreatedising RFand SVM algorithmshowedoerformance across all datasets with

R? valuesin the range of 0.160.61 and normalised RM3E the range of 0.0560.268. For the ADME datasets,
analysis of the residual error distributions revealed that ADME datasets m&ncoreasurement bias, which
results inmodels with skewed error distributions. Thisan important observation as a common assumption for

confidence estimation is thatodel errors are randomly and normally distributed.

The performance of regressioneérro model s for the estimation of the
then investigated i€hapter 6 RF error models were trained on the crealidationerrors of the RF and SVM
mocels usingooththe underlying molecular descript@sd therapplicability domairbased reliability estimates

as featurs. Evaluation usingtandard measures regressioranalysissuggested that the error models were not
predidive on holdout data and that alternative variables or techniques should be explored for the purpose c
prediction error estimation. The use of applicabitiymain based descriptors yielded surprisingly better
performance in the estimation of RF prediotierrors measured by the Bn cresvalidation data but larger
RMSE values However, this was attributed to the use of the standard deviation of RF predictions as adescript
in the error model, which correlates well with the prediction errors of RFabitiey of the error models tank

predictions based on their true accuracy was then investigated. A higher correlation between the error estimat
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and the actual prediction errors indicated that the error distributions were skewed as a result ofneeisiase

in the data. Yet, this was only apparent for data with low experimental error that were easier to model. Highe
correlatiors between the error estimataadthe actual errorsvere observed in more diverse datasets; which
suggested that the ernmodels may be useful in identifying compounds that are different to the modelled data or
underrepresented in thmeasured endpoint value rang&hen statistical thresholds were applied, it was
confirmed that error estimates with higher correlation to tkdiption errors were more effective in idenify

poorly predicted compounds.

The magnitude of the error estimatgas assessed by applying an information theoretic approach; whereby
measurements and predictions were represented as Gaussian pratiabilitions. This approach facilitated

the evaluation of the individual prediction error estimates while taking into account the actual error and the
experimental error of the assay. The mean KullHagikler divergence (KLD) scores calculated using the
estimates of each error model were used to assess the average overlap of the paired distributions. The scc
suggested that the estimates of the error models resulted in higher overlap of the prediatieasandment
distributions than estimates baset the standard deviation of the ensemble predictions;tlyete was less
overlap in the majority of the castwn when assigning a uniform estimate based on average modelTdreor

KLD distributions calculated for each error model also suggested that for all ADME models there was overlap in
more than 80% of the holdout data. These results suggested that the error estimates provided a large enough €
margin for thecalculation ofprediction intervalsHowever the lack of robustness in the error models and the

poor correlation of the error estimates and the actual prediction errors did not justify this.

In Chapter 7 conformal prediction was applied to estimate the prediction intervals (PIs) for the underlying RF
and SVM models from the error distribution of calibration data. Aggregate conformal predictors (ACPs) that
applied RF and SVM error odels for normalisation were used to estimate compspetific prediction
intervals. Severa\CP parameters were optimised to produce Pls for different datasets, such as the ACP size, th
sampling technique and the error normalisation method; yet, they faend to beless important than the
experimental error of the data and the accuracy of the underlying model when assessing the overall utility of th
Pls. The different samplingtechniquesand error models used for normalisation of the AGRswedsuccess
acrossseveraldatasets bubho single approach consistently emerged as best across all datassidelling
methods It was concluded that, ahCP wouldhave to be optimised across various alternative normalisation
methods to generate compotspkcific Pls for a new tedlowever, RF error models aadlexible alternative as
they facilitate the investigation of different types of features using the algowhm.It was seen that the utility
of the prediction intervals is mainly deter mined
accuracy are likely to produce more efficient prediction intervals. Useful intervals were defiapglping a
prediction interval size-8ld the experimental error at the set confidence level. This meant that the Pls for models
with 15% error or less qualified, and most importantly that useful Pls could not be obtained for models of
endpoints with asgeerror that exceeded 108btheresponse range.
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A more realistic application of conformal prediction involved the use of ACP for the estimation of uncertainty in
the predictions of temporal holdout daltarge error rates of the ACRerean indicationtha the holdout data

were less conforming to the calibration data and, effectively, the modelled data. As a result, uniform Pls estimate
by ACP were not valid across all confidence levels with the exception of the Pls for the models of two smaller
datasetshat were generally less diverse in descriptor space and more likely to conform to the modelled data.

Analysis of the correlation between the error estimates and the actual prediction errors suggested that the er
models may be useful for the identifican of compounds that are underrepresented in ADME datasets due to
measurement biag\ssessment of the error models as methods for the estimation of prediction intervals was
evaluated by applying an information theoretic approach and conformal predidterutility of prediction
intervals estimates is limited, however, particularly for models of ADME wigkelower accuracy.

Further to the I imitation of the error model sé po
error modellingoutside the conformal prediction framewotkn be rather complicated, particularly if the
propagation of the errors of both the underlying QSAR and the error model need to be taken into\&tount.
regards to the methods applied for the evaluation efdiror modelghe dataare also subjectto several
requirements. First of all,naestimate of experimental error is required to evaluate the utility of error model
edimates as prediction intervalse., using KLD scoresncluding the Pl estimates derad usingconformal
prediction. hformation on the experimental error of the data or siaglmy ADME datasets with repeated
measurements are not easily available in public datatiieally, the validity of the results by ACB guaranteed

for data thafre exchangeable. This means that the estimated Pls for external data may not be valid if the test da

arenot representative of the modelled data.

8.2 Suggestions for Future Investigations

The availability of large, singlassay ADME datasets in public dadabs is fairly limited to allow a large scale
study to confirm the performance of error models. However, this could be done using available datasets of sme
to medium size in the PHYSPROP and CHEMBL databases with available experimental error estiraages. T
are also many other descriptors that could be utilised in the underlying models, including calculated estimates «
other physicochemical properties. It could then be assessed whether the error in the calculated descriptors may

used to estimatether edi ct i on er r asinglnéar heddEandsoror propagation.

Further investigation could be carried out on the use of statistical divergence measures as significance tes
whereby the evaluation of t hehemwetaiities®f measurdmentsnraadn c
predictions. The mathematical properties of alternative measures to the KLD metric may facilitate the definition

of threshold values that are universal, i.e. they can be applied to all datasets.

116



Chapter 8 Conclusions

Investigations could ab be conducted in conformal prediction with respect to sampling of the calibration data.
Unlike aggregate conformal prediction which repeatedly samples calibration data from the training set to estimat
the model 6s aver age dstisgtiorasskss the walidity and the efficientydf abgesgate n
conformal predictors when the calibration data are sampled from outside the training set, i.e., from a large
population. This could help understand when the exchangeability assumption of tbemebrprediction
framework is invalidated and how this may be assessed prior to the estimation of PIs.

Alternative methods for the estimation of PIls may also be compared to the Pl estimates of conformal predictior
Several methods are available for théneation of Pls of RF models and are based on the use of quantile
regression RF, a variant of the original RF algorithm, which predicts the quantiles of individual predictions rather
the mean. Two known methods have been discuss@ddigishausen, 200@nd(Zhang et al., 2019)
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Appendix A

A 1. Results from one sample KS test famrmality applied to the residual errors of the LogD models

Model KS test p

KNN 0.50 0.00
RF 0.501 0.00
PLS 0.502 0.00

SVM 0.501 0.00

A 2. Optimal parameters for the RF and SVM ADME models identified by grid search optimisation

SVM RF
Dataset Number Min. Max. number
gamma ¢ of trees leaf size of features
1 0.001 2 100 5 default
2 0.01 0.1 100 35 default
3 0.01 2 100 5 default
4 0.01 1 100 5 sqrt
5 0.001 2 100 5 sqrt
6 0.01 1 100 5 default
7 0.01 0.1 100 5 default
8 0.01 0.1 100 5 sqrt
9 0.001 10 100 5 default
10 0.01 1 100 5 default

default: total number of descriptors
sqrt: square root of the total number of descriptors
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A 3. Overlay of measurements and SVM predictions for the ADME datasets
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A 4. Histograms of RF (left) and SVM (right) residual errors
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dataset 9
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A 5. Accuracy of underlying QSAR models and the descripsed RF error model expressed in units of nRMSE

Dataset 1 2 3 4 5 6 7 8 9 10
Ccv 0.170 0.094 0.151 0.151 0.104 0.132 0.221 0.260 0.220 0.273
QSAR Holdout 0.170 0.070 0.142 0.129 0.091 0.117 0.183 0.18 0.201 0.247
RF Ccv 0.161 0.077 0.139 0.148 0.078 0.153 0.183 0.200 0.163 0.161
Error model Holdout 0.153 0.120 0.125 0.189 0.115 0.147 0.181 0.214 0.165 0.159
Ccv 0.166 0.096 0.140 0.149 0.104 0.125 0.221 0.260 0.218 0.265
QSAR Holdout 0.169 0.071 0.137 0.126 0.090 0.110 0.214 0.230 0.212 0.237
SUM Error model Ccv 0.159 0.074 0.147 0.119 0.076 0.152 0.202 0.209 0.083 0.145
Holdout 0.163 0.119 0.116 0.162 0.121 0.133 0.193 0.216 0.145 0.162
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A 6. Accuracy of underlying QSAR models and the -BBsed RF error model expressed in units of nRMSE

Dataset 1 2 3 4 5 6 7 8 9 10
QSAR Ccv 0.17 0.094 0.151 0.151 0.104 0.132 0.221 0.26 0.22 0.273
Holdout 0.17 0.07 0.142 0.129 0.091 0.117 0.183 0.18 0.201 0.247
RF Error model Cv 0.213 0.086 0.184 0.166 0.129 0.264 0.243 0.251 0.217 0.225
Holdout 0.202 0.134 0.165 0.211 0.191 0.253 0.241 0.268 0.220 0.222
QSAR Ccv 0.166 0.096 0.14 0.149 0.104 0.125 0.221 0.26 0.218 0.265
SUM Holdout 0.169 0.071 0.137 0.126 0.09 0.11 0.214 0.23 0.212 0.237

Error model Cv 0.155 0.081 0.150 0.119 0.083 0.170 0.213 0.224 0.087 0.129
Holdout 0.160 0.131 0.119 0.162 0.131 0.148 0.203 0.232 0.151 0.144

A 7. Fold-difference between the average errors of the desciiypieed RF error model and the average errors of RF and
SVM QSAR models on crosslidation ancholdout data

Dataset 1 2 3 4 5 6 7 8 9 10

RF cv 0.9 0.8 0.9 1.0 0.7 1.2 0.8 0.8 0.7 0.6
Holdout 0.9 1.7 0.9 15 1.3 1.3 1.0 1.2 0.8 0.6

SVM Ccv 1.0 0.8 1.0 0.8 0.7 1.2 0.9 0.8 0.4 0.5

Holdout 1.0 1.7 0.8 13 13 1.2 0.9 0.9 0.7 0.7

A 8. Fold-difference between the average errors of theb&Bed RF error model and the average errors of RF and SVM

QSAR models on crosglidation and holdout data

Dataset 1 2 3 4 5 6 7 8 9 10

RF cv 1.3 0.9 1.2 11 1.2 2.0 11 1.0 1.0 0.8
Holdout 1.2 1.9 1.2 1.6 21 2.2 1.3 1.5 11 0.9

SVM cv 0.9 0.8 11 0.8 0.8 1.4 1.0 0.9 0.4 0.5

Holdout 0.9 1.8 0.9 1.3 15 1.3 0.9 1.0 0.7 0.6
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A 9. Overlay of KLDdistributions for thepredictionsof the LogD models with KLD cut-off at 20
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A 10.0Overlay of KLDdistributions for the Ripredictionsof the ADME
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Dataset 7
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A 11. Overlay of KLD distributions for th&VM predictionsof the ADME modelswith a KLD cutoff at 10.
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A 12. Difference between the expected and actual error rate and Pl size of ACPs for the underlying RF ADME models

N 1 2 3 4 5 6 7 8 9 10

10 0.036 -0.020 -0.010 0.022 0.021 0.033 0.017 0.018 0.015 0.023

B 100 0.036 -0.005 0.003 0.027 0.023 0.034 0.001 0.021 0.015 0.023
1000 0.036 0.000 0.013 0.020 0.017 0.086 0.002 0.025 0.016 0.024

10 0.015 0.015 -0.006 0.022 0.027 0.025 -0.002 0.014 0.005 0.017

®@Er C 100 0.137 0135 0.077 0.067 0.050 0.043 0.076 0.074 0.009 0.022
1000 -0.170 -0.155 -0.174 -0.027 0.042 0.024 -0.028 -0.059 0.043 0.064

10 0.020 -0.010 0.000 0.029 0.015 0.024 0.001 0.020 0.007 0.018

R 100 0.025 -0.010 0.006 0.025 0.015 0.033 -0.002 0.021 0.009 0.019
1000 0.025 -0.010 -0.003 0.025 0.021 0.031 -0.001 0.018 0.009 0.018

10 0.405 0.183 0.355 0.311 0.163 0.309 0.491 0.679 0.527 0.618

B 100 0413 0181 0.366 0.305 0.167 0.308 0.483 0.683 0.531 0.616
1000 0.410 0.184 0.364 0.307 0.166 0.309 0.483 0.685 0.531 0.616

Pl 10 0.391 0.192 0.355 0.303 0.168 0.299 0477 0.670 0.518 0.599
C 100 0580 0.338 0423 0.361 0.177 0.312 0.601 0.801 0.519 0.601
1000 0.263 0.126 0.226 0.263 0.172 0.291 0.436 0.585 0.558 0.669

10 0.403 0.179 0.366 0.311 0.166 0.308 0.479 0.681 0.525 0.614

R 100 0400 0.184 0.364 0.309 0.166 0.306 0.480 0.676 0.529 0.614
1000 0.403 0.182 0.362 0.308 0.168 0.307 0.480 0.673 0.528 0.613

size
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A 13. Difference between thexpected and actual error rate and Pl size of ACPs for the underlying SVM ADME models

N 1 2 3 4 5 6 7 8 9 10

10 0.031 0.045 0.026 0.018 0.011 0.049 -0.009 0.010 0.013 0.017

B 100 0.036 0.030 0.023 0.034 0.011 0.056 -0.007 0.020 0.021 0.019
1000 0.041 0.030 0.016 0.031 0.013 0.056 -0.002 0.021 0.019 0.020
10 0.036 0.035 0.023 0.020 0.009 0.047 0.001 0.010 0.011 o0.011
Er C 100 0.142 0.145 0.094 0.061 0.019 0.055 0.078 0.067 0.014 0.011
1000 -0.133 -0.145 -0.119 -0.045 -0.012 0.030 -0.021 -0.027 0.045 0.053
10 0.031 0.010 0.016 0.031 0.011 0.038 -0.011 0.010 0.013 0.018

R 100 0.020 0.020 0.016 0.029 0.005 0.052 -0.006 0.010 0.013 0.015
1000 0.031 0.020 0.013 0.027 0.002 0.053 -0.006 0.012 0.011 0.017
10 0.408 0.203 0.347 0.326 0.205 0.294 0.447 0.644 0.511 0.585

B 100 0.404 0.197 0.347 0.331 0.204 0.297 0.457 0.651 0.512 0.587
1000 0.404 0.170 0.184 0.330 0.205 0.296 0.460 0.651 0.514 0.588
10 0.409 0.198 0.336 0.306 0.199 0.286 0.460 0.634 0.506 0.568
C 100 0.566 0.331 0.395 0.351 0.202 0.291 0.636 0.824 0.511 0.568
1000 0.264 0.135 0.319 0.260 0.189 0.273 0.428 0.583 0.542 0.644
10 0.393 0.191 0.350 0.326 0.203 0.287 0.446 0.629 0.513 0.582

R 100 0.393 0.196 0.345 0.318 0.202 0.290 0.449 0.632 0.510 0.581
1000 0.395 0.195 0.343 0.321 0.202 0.291 0450 0.636 0.511 0.581

Pl

size
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A 14. Spearman's rank correlation coefficient between the variable Pl estimates and the actual prediction errors of the

underlying RF predictions

Normalisation method

Dataset
D2M AD-RF RF SVM
1 0.1 0.08 0.30 0.12
2 0.12 -0.04 0.21 0.29
3 0.31 0.5 0.45 0.45
4 0.33 0.42 0.46 0.46
5 0.11 0.57 0.60 0.57
6 0.17 0.26 0.33 0.34
7 0.24 0.38 0.44 0.41
8 -0.02 0.05 0.12 0.14
9 0.08 0.1 0.31 0.28
10 0.08 0.3 0.40 0.37
Mean 0.15 0.26 0.36 0.34

A 15. Spearman's rank correlation coefficient between the variable PI estimates and the actual prediction errors of the
underlying SVM predictions

Normalisation method

pataset D2M AD-RF RF SVM
1 0.05 0.17 0.22 0.12
2 0.11 0.08 0.13 0.23
3 0.32 0.37 0.28 0.35
4 0.17 0.4 0.33 0.37
5 0.15 0.51 0.48 0.42
6 0.23 0.19 0.19 0.24
7 0.19 0.34 0.4 0.38
8 -0.02 0.1 0.12 0.09
9 0.02 0.33 0.31 0.24
10 0.01 0.27 0.32 0.28
Mean 0.12 0.27 0.28 0.27
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A 16. Normalised Pls using descriptbased RF error models plotted against prediction errors of thi
ADME models for holdout data.

The diagonal separates naalid (left) from valid (right) PlIs. In black are the predictions vidts greater thar

the 80" percentile of the PlIs, which is indicated by the vertical line. The horizontal line indicates™r

percentile of the actual prediction errors which is used to define prediction error outliers
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A 17. Normalised Pls using descriptbased SVM error models plotted against prediction errors of thi

ADME models for holdout data.

The diagonal separates naalid (left) from valid (right) Pls. In black are the predictions with Pls greater

the 80" percentile of the Pls, which is indicated by the vertical line. The horizontal line indicates™r

percentile of the actual prediction errors which is used to define prediction error outliers.
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