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Chapter one

General Introduction



About this thesis

This thesis describes various analyses of life science data resulting in new
knowledge, which can be used to support decision-making in early drug
discovery. The results obtained herein are envisaged to lead to efficiency
gains in future experimental campaigns and novel insights into compound
mode-of-action (i.e., the protein target modulated for the desired phenotypic
effect). Below, I introduce the relevance of computational drug discovery, the
increase in publicly available life science data creating opportunities for
bioactivity modeling, and the role cheminformatics and bioinformatics play in
the latter. In the last section of this chapter, I specifically outline the objectives
of this thesis.

Background

As long as mankind exists, there is a need for medicines. Historically,
compounds of natural origin (i.e., original natural products, products derived
semi-synthetically from natural products, or synthetic products based on
natural product models) were used to treat diseases.! Later, early drug
discovery resulted from multidisciplinary research with key contributions
from (medicinal) chemists, pharmacologists, and clinical scientists.??
However, looking back today, drug discovery has come a long way.
Advances in molecular biology have increased our understanding of many
complex diseases, allowing for the design of drugs aimed at modulating key
protein targets in addition to phenotypic testing alone.®> At the same time,
rapid improvements in combinatorial and parallel chemistry, and
developments in assay technologies led to larger compound collections in the
pharmaceutical industry and the testing thereof across a larger number of
biological entities. Improvements in automation and robotics over the past
decades even created the possibility of rapidly testing very large collections
comprising 1-2 million compounds routinely (high-throughput screening —
HTS), aiming to interrogate compound libraries in a brute-force manner to
identify promising active molecules (hits).*

Taken together, the aforementioned progress led to the increased publication
of diverse life science data, including bioactivity and phenotypic data,
describing compound activity on protein targets and on cells or tissues,
respectively. The idea of data sharing was further reinforced by the Wellcome
Trust, which awarded £4.7 million to EMBL-EBI to support the acquisition
and publication of data on drugs and drug-like molecules from Galapagos



NV.2 The data from this acquisition formed the basis of ChEMBL,® a large-
scale database which curates life science data for facilitated public access.

The availability of ever-growing amounts of unanalyzed data gives rise to a
central question: how can we exploit this data, convert it to knowledge and
support decision-making in drug discovery? Undoubtedly, many proposals
ranging broadly from the analysis of novel data types, data integration, to the
development of novel analysis methods answer this question. In this thesis, I
primarily focus on bioactivity data modeling, aiming to anticipate compound
activity in silico. Here, the intention is to save precious resources required for
experimental testing by prioritizing compounds by their likelihood of being
active, with the hope that such prioritization results in activity-enriched
subsets of compounds.

A core assumption forms the basis of bioactivity modeling: similar molecules
exhibit similar activity patterns (the principle of molecular similarity).”
However, this assumption is partially incorrect, as evidenced by the existence
of activity cliffs® that represent pairs of compounds that exhibit large
differences in activity despite their perceived similarity. Additionally,
similarity is an ambiguous concept and can be based on a number of
compound signatures (descriptors), which characterize compounds in terms
of their intrinsic properties. The choice of descriptor determines the relative
positioning of compounds in descriptor space, which in turn directly defines
their nearest and most distant neighbors. These descriptors can be based on
chemical properties (e.g., molecular shape, atom connectivity, solubility and
charge amongst many others),*!2 or biological properties (i.e., activity profiles
across a panel of relevant protein or cellular targets).!>1® The key benefit of
using the latter descriptor type is that the partially incorrect assumption that
chemical similarity correlates with similar activity patterns is circumvented,
while using empirical data to define similarity in the most relevant dimension
(bioactivity). An example of a similarity search originating from research
conducted in Chapter four, based on molecular structure (chemical descriptor)

and on activity profile (biological descriptor) is shown in Figure 1.
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Figure 1. An example of a similarity search originating from research conducted in Chapter
four, based on molecular structure (chemical descriptor — above) and on activity profile
(biological descriptor — below). Chemical analogs often have the same or a very similar
scaffold!” (i.e., molecular framework), whereas biological analogs have similar activity
profiles, but may have very different scaffolds. The ability to identify compounds with
similar activity profiles, but with different scaffolds (scaffold hopping) is one of the key

strengths of biological descriptors.

Chemical analogs are structurally similar to the query compound, with often
either the same or a very similar scaffold. By contrast, biological analogs are
similar with respect to activity patterns across protein and/or cellular targets,
and may be structurally dissimilar to the query compound, enabling scaffold
hopping. Recent studies have shown the use of the biological descriptor
“high-throughput screening fingerprint” (HTS-FP)! to be highly effective at
identifying diverse sets of actives?!%® and for mode-of-action analyses.!>!%20
After the molecules of interest including a set of known actives and inactives
(training set) and a set of compounds with unknown actives and inactives
(test set) are mapped in space according to a defined descriptor, the next step
is to employ a method to identify active compounds in the test set. This
method constructs decision boundaries in descriptor space, allowing for the
classification of actives and inactives. Here, simple methods such as similarity
searching approaches can be used, where only compounds classified as

neighbors of known actives given a similarity cutoff are predicted as active.



More sophisticated machine learning classification methods, such as Random
Forest?® and Support Vector Machines®? (non-linearly) re-scale descriptor
space prior to constructing decision boundaries (which are dependent on the
cutoff used). This often makes them more suitable for capturing the non-
linear relationships between descriptor space and activity commonly found in
drug discovery. Other classifiers, such as the Naive Bayesian classifier®?% do
not always capture non-linear relationships very well, but can perform well
on complex data regardless®* and require little computational resources.
Figure 2 illustrates how classification methods differ from similarity

searching methods with respect to the decision boundaries they construct.
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Figure 2. Hypothetical decision boundaries constructed by similarity searching (A) versus
those constructed using classification methods (B). Compounds present in the area within the
decision boundaries are classified as active according to the method used. Similarity
searching assumes that instances within a certain distance from the identified active
compounds (red) are active, due to their perceived similarity in descriptor space. Sometimes,
inactive compounds are incorrectly classified as active due to this simple assumption (A —
bottom decision boundary). Classification methods are able to learn from both active and
inactive compound data and construct more accurate decision boundaries. This can improve

the classification accuracy.

Similarity searching approaches construct simple decision boundaries, based
on the assumption that instances within a certain distance from identified

active compounds (red, Figure 2) are active, due to their perceived similarity
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in descriptor space. This assumption can sometimes lead to false positives
(Figure 2A - bottom decision boundary). Classification methods use more
sophisticated approaches to learn from active and inactive compound data,
and are therefore able to construct more accurate decision boundaries, often
leading to improved classification accuracy. However, depending on the size,
complexity and quality of the data available for training in addition to the
classification method used, this advantage can be offset by a high requirement
of computational power, sometimes warranting the use of similarity
searching. In this thesis, I used similarity searching, the Random Forest*
classifier and the Naive Bayesian classifier.??

Upon classification of molecules as actives or inactives, one has to assess the
performance of the method. The receiver operating characteristic (ROC) curve
illustrates the performance of a binary classifier as the cutoff defining the

decision boundary varies (Figure 3 — left).”
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Figure 3. The receiver operating characteristic (ROC) curve (left) and the precision-recall (PR)
curve (right). The area under these curves (AUC) is a metric for classifier performance across
a range of cutoffs, resulting in a number between zero and one. The dashed lines in both plots
represent random classification given 20% of all compounds in the test set are actives. This
random classification results in an ROCAUC of 0.5 and a PRAUC corresponding to the
relative prevalence of the active class (0.20). The ROCAUC is an appropriate metric when the
test set is class-balanced and early enrichment is not required. When early enrichment is
desirable - as is often the case in early drug discovery - the Boltzmann-enhanced
discrimination of ROC (BEDROC),% which computes the AUC by weighing early retrieval

of active compounds more heavily than later retrieval, is a more appropriate metric.
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Here, the true positive rate (TPR) is shown as a function of the false positive
rate (FPR). The TPR represents the fraction of true positives (active
compounds) retrieved by the classifier, and the FPR is defined as the number
of false positives (inactive compounds incorrectly classified as active) divided
by the number of true negatives (inactive compounds). The area under the
ROC curve (ROCAUC) is used to summarize the performance of the classifier
across the range of cutoffs, resulting in a number between zero and one, with
0.5 corresponding to random classification. Therefore, for a classifier to be
useful, the ROCAUC must be greater than 0.5 and preferably higher than 0.8
for good classification. While the ROCAUC is commonly used for assessing
the performance of a binary classifier (classification of “active versus
inactive”), this metric has some drawbacks.

Firstly, the ROCAUC is not an appropriate metric for highly imbalanced
datasets, with the number of inactives far outweighing the number of actives®
as is often the case with bioactivity modeling research in drug discovery.
Secondly, in settings where only a relatively small number of compounds
need to be selected from a much larger collection (due to limited amounts of
resources for testing) the ROCAUC falls short. The reason for this is because it
does not place sufficient emphasis on retrieving as many actives as possible in
the top most segment of compounds ordered by decreasing likelihood of
being active (early enrichment).?” In case of data imbalance, the area under the
precision-recall curve (PRAUC)® is a better metric than the ROCAUC, as it
captures the effect of the large number of inactive compounds on the model’s
performance (Figure 3 — right).*® When early enrichment is essential, the
Boltzmann-enhanced discrimination of ROC (BEDROC) can be used,??
which favors early retrieval of actives.

When only the performance at a specific cutoff is relevant, metrics such as
recall (the number of actives retrieved divided by the total number of actives),
precision (the number of actives retrieved divided by the total number of
compounds classified as active) and F-measure (harmonic mean of recall and
precision) can be used. In this thesis, I used the ROCAUC, PRAUC and the
BEDROC for bioactivity modeling on HTS data, and the recall, precision and
the F-measure for a case study on predicting the mode-of-action of anti-
malarial compounds.

Another key topic touched upon in this thesis is the concept of applicability

domain (Figure 4).
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Figure 4. Applicability domain of a classification model. Sampled compounds (yellow) allow
the classifier to understand the neighboring descriptor space, and test compounds in that
space (green) fall within the applicability domain and can in theory be predicted with more
confidence. Areas that are undersampled fall outside the applicability domain, and test

compounds in these areas (purple) may not be predicted with certainty.

The quality of machine learning classifiers is directly dependent on the
quality and diversity of the underlying training data. Test compounds with
close neighbors in the training set (green) are predicted with more confidence
regardless of whether they are predicted to be active or inactive, and fall
within the applicability domain of the classifier. By contrast, test compounds
with no close neighbors in the training set (purple) are more likely to be
predicted with less confidence, and possibly lie outside the applicability
domain. Awareness of the applicability domain is important, as it allows the
user to understand the strengths and limitations of the classifier used and
make decisions based on this insight. In Chapter five of this thesis, I used a
method to systematically sample uncertain areas of descriptor space to design
a training set with improved predictivity compared to randomly selected

training sets, by aiming to expand the applicability domain.
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Objectives of this thesis

In this thesis, I set out to investigate various aspects of bioactivity modeling
with the ultimate goal of increasing the efficiency of early-stage screening
campaigns (HTS or secondary screening) by anticipating compound activity
in silico.

Chapter two is a literature review on data-driven approaches used for library
design, hit triage and activity modeling in HTS. In particular, the recent rapid
progress in bioactivity modeling following the study of Petrone et al.'® is
discussed in detail, outlining its significance in the field.

In Chapter three, 1 inspect the relevance of chemical space for bioactivity
modeling. Effective model development requires that chemicals be described
in terms of a set of characteristics (descriptor) that computers can easily use to
assess similarity between molecules. In this chapter, commonly used
descriptors are employed to evaluate the diversity of a number of compound
sets ranging in size, diversity and origin (e.g.,, compounds from diversity-
oriented synthesis projects, metabolites, drug-like compounds). The degree to
which the descriptors used in this study correlated in their assessment of
diversity is examined in detail. This provides insight into how the choice of
descriptor used affects the sampling of diverse compounds from a large set.
Chapter four illustrates the application of a computational method geared
toward systematic compound prioritization. Here, I retrospectively validate
the concept of iterative screening on Novartis HTS data. The screening
strategy consists of the iterative selection of compounds chemically and
biologically similar to actives identified in multiple rounds of testing, leading
to consistent increases in efficiency over conventional HTS campaigns.

In Chapter five, a data-driven approach is used to derive an “informer
compound set”. Once screened, this set provides the most information on
which yet untested compounds from the remainder of the compound
collection to screen next, irrespective of biological target. The derivation of
this informer set involves the concept of active learning, which attempts to
enhance the applicability domain of the classifier. Retrospective validation of
this method is performed on public HTS data.!

The final research chapter, Chapter six, represents a case study in a different
context. Here, the application of two machine learning methods (Bayesian
target prediction and proteochemometrics modeling) is illustrated for
simultaneous polypharmacology and affinity predictions. This approach is

used to elucidate the mode-of-action of a collection of anti-malarial
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compounds identified in phenotypic screens by GSK, in an attempt to combat
neglected diseases.*

Finally, Chapter seven draws general conclusions from this thesis and provides
some future perspectives where I discuss some of my views on (early) drug

discovery in academia and the pharmaceutical industry.
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Abstract

High-throughput screening campaigns are routinely performed in
pharmaceutical companies to explore activity profiles of chemical libraries for
the identification of promising candidates for further investigation. With the
aim of improving hit rates in these campaigns, data-driven approaches have
been employed to design relevant compound screening collections, enable
effective hit triage, and perform activity modeling for compound
prioritization. Remarkable progress has been made in the activity modeling
area since the recent introduction of large-scale bioactivity-based compound
similarity metrics. This is evidenced by increased hit rates in iterative
screening strategies and novel insights into compound mode-of-action
obtained through activity modeling. Here, we provide an overview of the
developments in data-driven approaches, elaborate on novel activity
modeling techniques and screening paradigms explored, and outline their

significance in high-throughput screening.

Introduction

In the past, knowledge from the areas of pharmacology and medicinal
chemistry was combined to design potentially active compounds for testing.!
However, improvements in robotics, automation, and combinatorial
chemistry led to the development and increasing use of high-throughput
screening (HTS). HTS allowed rapid screening of large compound libraries®¢
and enabled pharmaceutical companies to explore the bioactivity profiles of
compounds covering a larger amount of chemical space” with the intention to
increase the chances of identifying (diverse) hits for further investigation.
However, multiple non-trivial challenges still exist in HTS. Firstly, the
effectiveness in HTS directly depends on the compounds screened, and
therefore, the design of compound libraries is of great importance.® Secondly,
HTS at times cannot be performed for certain assays (such as those involving
complex biological systems that do not allow for mass-production), making it
an unviable option in such cases.>” Thirdly, measurement errors and artifacts
related to assay miniaturization and screening technologies used can
complicate the analysis of screening results, making effective triage for
follow-up screens a prerequisite for successful campaigns.® Lastly, despite
improvements in screening technology, HTS campaigns are still costly due to
the large amount of resources required in relation to the number of active

compounds discovered.
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The above-mentioned drawbacks highlight the need for intelligent measures
to increase efficiency in HTS. This need, fueled by the increasing amount of
bioactivity data available’® and advances in cheminformatics, has prompted
numerous data-driven and computational efforts to improve various aspects
of HTS.1-14

Approaches suggested for library design include focused design for target
classes such as GPCRs or kinases with many known active chemotypes,?*!>1¢
and diversity-based design for target classes with few known active
chemotypes or for phenotypic assays. For the latter, structural diversity in
screening libraries is ensured to increase the chances of finding multiple
promising scaffolds for further development across a wide range of assays.!”!
In addition, much effort has been made to improve hit triage,** as the
selection of actives from primary screens for follow-up screening is not trivial
due to the low signal-to-noise ratio in HTS. Finally, virtual HTS (vHTS)
approaches are used to prioritize compounds for testing, based on
computational model predictions. Recently, ample progress has been made in
this area, which we will discuss in detail below.232531

In this review, we summarize the recent developments in data-driven
applications to improve effectiveness in HTS and discuss the strengths and
limitations of these methods. We briefly discuss library design, experimental
error management and hit triage. Furthermore, we elaborate on recent
developments in bioactivity modeling. Finally, we explore some recently
introduced new screening paradigms and highlight their use in further

improving efficiency.

Diversity-based library design for targets with few known active

chemotypes or phenotypic assays

While over 10% drug-like molecules possibly exist,* likely only a fraction of
these molecules is therapeutically relevant as evidenced by the success of HTS
campaigns comprising “only” 10° molecules.’** Therefore, efficient
exploration of relevant chemical space is important for targets with few
known active chemotypes or phenotypic assays.®* Diversity-based library
design addresses this need by optimizing biological relevance and compound
diversity to provide multiple starting points for further development (Figure
5A).17.18
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Figure 5. Diverse libraries compared to focused libraries. Structurally diverse libraries are
used to efficiently explore relevant chemical space for targets with few known active
chemotypes or for phenotypic assays (A).35 This is performed to provide multiple starting
points for further development. Due to the diversity of the compounds tested, a wide range
of activities can be observed: from inactive (blue), through somewhat active (yellow) and
moderately active (orange), to highly active (red). By contrast, focused libraries are often
designed for targets with many known active chemotypes, such as GPCRs, kinases, and in
some cases ion channels (B). These libraries focus around active chemotypes found
previously, for instance through diversity-based screening.2#4 Here, analogs often exhibit

fewer differences in activity.

However, diversity is an ambiguous term,** as it can be based on a wide
range of chemical descriptors (fingerprint-based,®® shape-based,®* or
pharmacophore-based)? or even biological descriptors (affinity
fingerprints??42 or HTS-FP),” potentially yielding contrasting results.** While
chemical descriptors characterize compounds in terms of structural and/or
physicochemical properties, biological descriptors represent compound
phenotypic effects and bioactivity against the druggable proteome. Recent
studies at Novartis have shown that these biological descriptors often

significantly outperform chemical descriptors regarding hit rate and scaffold
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diversity in HTS campaigns, and can even be used in conjunction with

chemical descriptors for augmented performance.!3242

Focused library design for targets with many known active
chemotypes

Contrary to diversity-based libraries designed for targets with few known
active chemotypes, focused screening libraries are often designed for well-
studied targets, such as GPCRs, kinases, and in some cases ion channels.
Focused libraries center around active chemotypes found through diversity-
based screening (Figure 5B)>*# and can be selected from larger diversity-
based libraries using structure-based and/or ligand-based similarity metrics
as shown by Tan et al.¥’ The knowledge of binding mode (such as hinge
binding, DFG-out binding, and invariant lysine binding for kinases) is often
used during library design to develop ligands with desirable properties.*
Overall, for target classes with known active chemotypes or with additional
information on structure-ligand interaction, focused libraries lead to higher
hit rates than diversity-based libraries. This was evidenced in the study by
Harris et al.*® where 89% (kinase-focused) and 65% (ion channel-focused) of
focused libraries led to an improved hit-rate compared to their diversity-
based counterparts. However, despite higher hit rates, focused approaches
may not effectively sample diverse chemical space. This could be problematic
when certain chemotypes are to be avoided due to off-target effects or
intellectual property reasons. Hence, focused libraries are not necessarily a
replacement for diversity-based approaches, even for well-studied target

classes.

Management of experimental error in HTS

As any experimental technique, HTS is not exempt of experimental errors and
the large amount of data obtained from these campaigns make their detection
challenging.®% In general, errors in HTS can be classified as random or
systematic. Random errors are usually caused by noise and have a low impact
in the overall results, as no methodical bias is introduced. By contrast,
systematic errors are associated with consistent over- or underestimated
activity across the screening collection.” Many procedural, technical and
environmental reasons exist for systematic errors, such as malfunctioning
robots, readout interpretation from plates, reagent evaporation, degradation

of target protein, or cell decay.”">! Awareness of these problems has prompted
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efforts to find new ways of detecting and correcting these errors in order to
achieve a better selection of compounds.

Statistics plays an important role in the analysis and detection of errors in
HTS.#%2 Dragiev et al.®® used three statistical approaches to detect systematic
errors in HTS data: the x? goodness-of-fit, the Student’s t-test, and the
Discrete Fourier Transform in conjunction with the Kolmogorov-Smirnov test.
These methods were used to measure the error in the hit distribution surface,
to measure errors for samples with different sizes, and to analyze signal
frequency, respectively. In a more recent study, Dragiev et al.5! proposed two
widely used methods, namely Matrix Error Amendment (MEA) and Partial
Mean Polish (PMP), for correcting errors in HTS with improved results. A
deeper discussion of statistical methods for normalization and error
correction can be found in two informative reviews.*

A wide range of software packages® is available to facilitate analysis and

error correction of HTS data (see Table 1 for an overview).

Table 1. An overview of software available for HTS data analysis. Most software packages
enable data analysis and error correction, and more advanced software such as HTS

navigator allows for both cheminformatics analysis and visualization.

Software name | Description Reference
(year)
HTS-Corrector Analysis and error correction of HTS data 54 (2006)
HDAT Web-based HTS data analysis 55 (2013)
HCS-analyzer Analysis and error correction of high-content | % (2012)

screening data

HTS navigator Cheminformatics analysis, visualization and error | 5 (2014)
correction of HTS data
WebFlow Analysis of HTS cytometry data 58 (2009)

Earlier programs such as HTS-corrector™ enable the analysis of background
signals, data normalization, and clustering. Building on this foundation more
recent and advanced software such as HTS navigator®” provides features such
as loading multiple datasets, visualization, and cheminformatics analysis. The
key benefit is that the user can perform a larger part of the analysis on a single

platform.

22



The importance of hit triage

The goal of HTS triage is to prioritize a subset of the large number of detected
actives in the primary screen for further investigation and optimization.®
However, the analysis of HTS data can be complicated by large library sizes
and experimental errors caused by artifacts related to assay miniaturization or
screening technologies used. A number of filters such as rapid elimination of
swill, pan-assay interference compounds (PAINS), the rule of three, and the
rule of five are routinely used to discard compounds with undesirable
properties (e.g., promiscuity, poor physicochemical properties or presence of
problematic functional groups).**-> While ideally this should take place at the
library design stage, analysis of historical HTS data requires that this filtering
is applied at the triage stage as well, as often historical assays contain
undesirable compounds due to improper filtering at the time of design. This
is followed by the selection of diverse sets of actives for follow-up testing
based on potency and scaffold structure-activity relationships (SAR).5¢%6
Chemically diverse compound sets are preferred over sets comprising many
analogs, as the former allows multiple starting points for compound
optimization, increasing the overall chances of success. Nevertheless, some
analogs in the screening set are desired to enable SAR analysis. HTS data is
used to develop models for each chemical class (i.e., scaffold), and active
classes are identified based on the relative prevalence of (primary) hits within
the class. Actives belonging to an active class are prioritized over those
belonging to poorly performing classes, as the latter may more likely be false
positives. Additionally, rescuing false negatives is also important; a number
of data mining approaches have been explored to this end.* Often SAR
analysis takes place after secondary screens and concentration-response
curves have been performed on a much smaller set of selected compounds.
However, a study by Varin et al.®* demonstrated the benefit of including this
analysis immediately after the primary HTS screen. Here, primary screening
data was preferred over secondary data due to its size and completeness,
despite the lower quality. Hit triage results are commonly organized in a
scaffold tree with well-defined chemical entities, allowing for intuitive

classification and decision-making from a medicinal chemist’s point of view.*
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Developments in virtual HTS (vHTS) and new screening

paradigms

vHTS is used in parallel to intelligent library design, error management, and
hit triage. vHTS attempts to learn from existing biochemical or phenotypic
data and prioritizes subsets of much larger screening libraries for
experimental testing.

The wide range of techniques used in VHTS can mainly be divided into two
groups: structure-based and ligand-based vHTS. The former relies on three-
dimensional structural information (X-ray crystal or NMR structure) of the
target protein to study possible interactions with compounds in the screening
library.®*®” The most common structure-based method is molecular docking,
which predicts a binding pose for the compound and assigns a score based on
the interactions formed in the protein-ligand complex, representing the
suitability for experimental testing. By contrast, ligand-based approaches
exploit structural information of known active compounds to identify new
actives. A number of ligand-based approaches exist: pharmacophore
modeling,®% quantitative structure-activity relationship (QSAR) modeling,”
and similarity searching” among others.%¢”

The low cost and resources required for vHTS combined with the
introduction of large public bioactivity databases!® facilitate its application to
many drug discovery campaigns. This has resulted in numerous success
stories: the discovery of inhibitors/ligands of DNA methyltransferases
(DNMTs), 27 kinases™” and GPCRs”®”7 among other relevant targets (see
Table 2 for an overview).”®”” Nevertheless, the success of VHTS depends on

initial data quality and validation procedures.

Table 2. Successful applications of vHTS. Additional examples have been reviewed by Matter

and Sotriffer.s”

Target Main contribution Method Reference (year)
DNMT Olsalazine, an anti-inflammatory | ligand-based 72(2014)
drug as DNMT inhibitor
DNMT Nanaomycin as selective | structure-based 73 (2010)
DNMT3Db inhibitor
Chk-1 Thirty-six inhibitors with ICs | ligand-based, 74(2003)
kinase values between 68 nM and 110 | pharmacophore-
uM based and
structure-based
JAK3 Identification of a diazaindazole | ligand-based and | 7 (2011)
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scaffold (ICso = 98 nM) structure-based

NPY5 Eleven antagonists (ICso <1uM) | ligand-based and | 76 (2005)
receptor pharmacophore-
based
Adenosine | Six high affinity adenosine | ligand-based and | 77 (2012)
receptors receptor ligands binding pocket-
based
Neurokinin- | One compound with ICso = 0.25 | pharmacophore- | 7 (2004)
1 receptor uM based and
structure-based
mGlu4 Six agonists from a library of | structure-based 79 (2005)
receptor 720,000 compounds

With the recent advent of the “high-throughput screening fingerprint” (HTS-
FP), which describes compound bioactivity across ~200 biochemical and cell-
based assays at Novartis,® the concept of bioactivity-based similarity was
taken to an unparalleled level. HTS-FP builds on the idea of affinity
fingerprints,?”»% allowing a bioactivity-based comparison of compounds.
Petrone et al.> demonstrated the benefit of this descriptor over state of the art
chemical descriptors in vHTS and scaffold hopping. This study formed the
basis for a body of work on using bioactivity-based similarity searching for
mode-of-action analyses*?%152 and bioactivity modeling, resulting in
enhanced (scaffold) hit rates3?25 (Figure 6). Building on this success, a
public version of HTS-FP was later designed based on PubChem bioactivity

data.?*
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Figure 6. Overview of recent studies improving (scaffold) hit rates and providing insights
into compound mode-of-action. Describing compound bioactivity across ~200 assays at
Novartis, Petrone et al.%5 took the concept of bioactivity-based similarity to an unparalleled
level. Here, biological analogs of hits were prioritized for testing (A). Later studies leveraged
bioactivity profiles of structural analogs of poorly characterized compounds to select subsets
of compounds for virtual screening (B),2 or employed a screening strategy using biological
and chemical similarity metrics in parallel to iteratively expand around hits from multiple
rounds of screening (C).3 Further improvements resulted from changes in experimental
design strategy,® machine learning methods for predicting actives,?® and informer sets for
routine exploratory screening (D).% Other studies used bioactivity-based similarity searching

for mode-of-action analyses both at Novartis, Roche,®2 and in the public domain (E).26

Wasserman et al* developed a method named “bioturbo similarity
searching”. For insufficiently profiled probe compounds, bioactivity profiles
of structural analogs were leveraged to select subsets of compounds for
virtual screening. Screening these subsets led to higher (scaffold) hit rates
compared to when only structural similarity metrics for expansion around
probe compounds were used. Further work addressed the use of bioactivity-
based similarity searching for target prediction,® detection of frequent
hitters,*¢ and iterative selection of activity-enriched subsets of the compound
collection for screening.®* Driven by the gained momentum in machine
learning,® a comprehensive benchmarking of machine learning classifiers in

conjunction with chemical and biological descriptors was performed, with the
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overall net result that fusing both HTS-FP and chemical descriptors led to the
best performance.?® Moreover, a study by Paricharak et al.% described the
implementation of an active learning approach to derive “informer
compound sets” smaller than 10% of the entire screening collection. Such sets
were shown to provide improved predictivity over the remainder of the
screening collection compared to randomly selected training sets. Hence the
availability of these sets enables routine exploratory screening in an assay-
agnostic manner for improved hit expansion.®

In pursuit of increased efficiency over conventional HTS campaigns, new
screening paradigms have recently been suggested.*®® Paricharak et al?
performed a large-scale validation of iterative screening based on Novartis
HTS data. Herein biological and chemical similarity metrics were used in
parallel to iteratively expand around hits from multiple rounds of screening,
resulting in significantly improved efficiency. Overall, screening 1% of the
entire screening collection led to the retrieval of 7500 hits and a cumulative
active scaffold coverage of 40%, with efficiency gains realized across a wide
range of assay biology.> Maciejewski et al.%* suggested an experimental design
strategy depending on assay throughput and objective (e.g., hit retrieval or
exploration of chemical space for model building). For systems allowing high
throughput, conventional expansion around hits was suggested. By contrast,
an active learning approach was considered best for iterative screening with
smaller compound sets with the explicit aim of developing a model for later
use. Here, active learning was preferred due to better sampling of chemical
space. When the objective was to optimize cumulative (scaffold) hit rates in
iterative screening, the “weak reinforcement strategy” was suggested, where
expansion around hits and exploration in under-sampled areas of chemical

space was performed simultaneously.®

Conclusions

Although HTS has greatly gained momentum over the past decades, much
profit can be realized by employing intelligent measures to improve efficiency
at the library design, hit triage, and activity modeling stages. Data-driven
approaches have consistently been used for improving these aspects, with the
aim of systematically prioritizing structurally diverse sets of compounds for
further interrogation. HTS-FP and the concept of bioactivity-based similarity
have formed the basis for numerous studies showing remarkable

improvements in hit retrieval and mode-of-action analyses. However, we note
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that while previous work has described harnessing the accumulated
knowledge across ~200 assays, the in-depth analysis of activity correlations
across independent biochemical and cell-based assays represents an
unexplored opportunity. We propose this analysis as an outlook for further
investigation, potentially leading to unmapped insights into bioactivity-based

similarities between proteins.
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Abstract

Chemical diversity is a widely applied approach to select structurally diverse
subsets of molecules, often with the objective of maximizing the number
of hits in biological screening. While many methods exist in the area, few
systematic comparisons using current descriptors in particular with the
objective of assessing diversity in bioactivity space have been published, and
this shortage is what the current study is aiming to address. In this work, 13
widely used molecular descriptors were compared, including fingerprint-
based descriptors (ECFP4, FCFP4, MACCS keys), pharmacophore-based
descriptors (TAT, TAD, TGT, TGD, GpiDAPHS3), shape-based descriptors
(rapid overlay of chemical structures (ROCS) and principal moments of
inertia (PMI)), a connectivity-matrix-based descriptor
(BCUT), physicochemical-property-based descriptors (prop2D), and a more
recently introduced molecular descriptor type (namely, “Bayes Affinity
Fingerprints”). We assessed both the similar behavior of the descriptors in
assessing the diversity of chemical libraries, and their ability to select
compounds from libraries that are diverse in bioactivity space, which is a
property of much practical relevance in screening library design. This is
particularly evident, given that many future targets to be screened are not
known in advance, but that the library should still maximize the likelihood of
containing bioactive matter also for future screening campaigns. Overall, our
results showed that descriptors based on atom topology (i.e., fingerprint-
based descriptors and pharmacophore-based descriptors) correlate well in
rank-ordering compounds, both within and between descriptor types. On the
other hand, shape-based descriptors such as ROCS and PMI showed weak
correlation with the other descriptors utilized in this study, demonstrating
significantly different behavior. We then applied eight of the molecular
descriptors compared in this study to sample a diverse subset of sample
compounds (4%) from an initial population of 2587 compounds, covering the
25 largest human activity classes from ChEMBL and measured the coverage
of activity classes by the subsets. Here, it was found that “Bayes Affinity
Fingerprints” achieved an average coverage of 92% of activity classes. Using
the descriptors ECFP4, GpiDAPH3, TGT, and random sampling, 91%, 84%,
84%, and 84% of the activity classes were represented in the selected
compounds respectively, followed by BCUT, prop2D, MACCS, and PMI (in
order of decreasing performance). In addition, we were able to show that

there is no visible correlation between compound diversity in PMI space and
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in bioactivity space, despite frequent utilization of PMI plots to this end. To
summarize, in this work, we assessed which descriptors select compounds
with high coverage of bioactivity space, and can hence be used for diverse
compound selection for biological screening. In cases where multiple
descriptors are to be used for diversity selection, this work describes which
descriptors behave complementarily, and can hence be used jointly to focus

on different aspects of diversity in chemical space.

Introduction

Computational methods play a pivotal role in modern drug discovery,
extending from de novo computer-aided drug-design methods'? to tasks such
as storing and analyzing large combinatorial chemical libraries.® The size of
chemical space is difficult to quantify, but there is no doubt that it is very
large in nature and, according to one estimate, there are ~10% organic small
molecules that could be formed of up to 30 heavy atoms.!* Considering the
fact that likely only a very small fraction of that space is therapeutically
relevant, it is of high importance to develop novel computational approaches
that will allow efficient exploration and effective selection of molecules that
could be tested for bioactivity against proteins of interest.>

One concept in this direction that has gained importance in recent decades, in
particular with the advent of modern combinatorial chemistry and high-
throughput screening (HTS), is chemical diversity. Chemical diversity, a
concept complementary to (but not just the mirror image of) chemical
similarity,®” is routinely utilized in library design and compound selection to
quantitatively evaluate the presence of distinct structural features (however
defined) present in chemical libraries.®® To this end numerous computational
methods are currently available which allow for the selection of structural
diverse subsets that maximize the chemical space, i.e., selecting a set of
compounds with the maximum degree of structural variation, while retaining
a manageable number of molecules to be screened or tested for novel
activities.!

Chemical diversity is by no means a uniquely defined concept, and it has
been argued that it could only be measured by relevant external criteria and
thus cannot be inherently “objective”.!’ Nevertheless, it has developed into a
concept of high practical relevance in the field of cheminformatics and, in
particular, the design of screening libraries, as it allows one to quantify the

similarity (or dissimilarity) of two or more chemical libraries and rationally
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select chemically diverse compounds from a much larger population of
molecules. This approach is particularly suitable when knowledge about the
chemical matter active on a protein target is limited (in this case, more
focused compound selection would often be performed), or when the aim is
to design a general screening set that can be applied to multiple protein
targets.®

An important aspect when measuring chemical diversity is the choice of
molecular descriptors, which is used as input for distance or similarity
measures to quantify this measure. An ideal molecular descriptor might, for
example, show good correlation with human perception of chemical
diversity, so that it resembles the human mind in decision-making processes.
However, this is, in practice, difficult to realize for at least two reasons: first,
because it is difficult to say with certainty how humans actually assess
chemical structures that are displayed in front of them,'? and, second, because
there is a remarkable inconsistency in assessment, both between chemists, and
also when displaying the same structures to a chemist repeatedly.” Hence,
resembling human perception might actually not be a desirable goal to
pursue in the end, and quantitative measures related to the problem at hand
might be more suitable to measure the performance of diversity assessment
methods. As described in detail later, the quantitative “external” measure that
we decided to pursue in the current work was bioactivity space coverage,
given that in many cases diversity selection of compounds aims at assembling
a library of small molecules with increased chances of identifying hits against
both current and future targets.

Recent studies have demonstrated that the use of different descriptors could
generate significantly different results when selecting subsets of diverse
molecules,*'* underlining that the choice of molecular descriptor clearly
affects (or biases) the perception of chemical diversity present in a library.
Furthermore, as was shown by Fergus et al.,, the diversity of a library is
dependent on the number of library members, and very small libraries could
give counterintuitive estimates of diversity and should be treated with
caution.'” Different diversity assessment methods can yield vastly different
results,’® depending on what type of chemical libraries they are used to
analyze, the size of the libraries, as well as the source of the molecules, which
can be compounds stemming from combinatorial chemistry, or natural

products.”
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Currently, various methods are routinely being used to assess chemical
diversity, including fingerprint-based,!® shape-based,®® and pharmacophore-
based methods.?! Fingerprint-based methods compare small molecules in
terms of the presence or absence of a set of substructural or fingerprint
features (derived from molecular graph representations), hereby taking into
account atom connectivity, and are widely used in virtual screening.?
Alternatively, shape-based methods encode molecular conformational
information, which can be internal distances or external molecular properties,
which are then applied to compare molecules based on those properties.
Examples of such shape-based methods are ROCS descriptors, which
compare molecules based on their molecular shapes, by assessing atom-
centered overlapping Gaussians and calculating the maximal intersection of
the volume between molecules?® Furthermore, pharmacophore-based
methods compare molecular similarity in terms of the presence or absence of
pharmacophoric features (which may, in turn, often be represented as
fingerprints).?!

Despite the wide usage of all the above-mentioned methods, each descriptor
focuses only on one aspect of the chemical information available. For
example, shape-based methods are scaffold-independent, whereas
pharmacophoric descriptors focus on pharmacophoric points and do not take
into account the entire molecular surface, and structural keys encode only the
presence or absence of predefined substructural features but not the
connectivity among them. An alternative approach to quantify molecular
diversity that has been explored recently (and also in this work) is based on
“in silico” bioactivity profiles, which maps chemical structural space into a
predicted bioactivity profile against a large number of protein targets.? Given
that diversity in bioactivity space is often the main aim of diversity selection
projects, basing the decision of how diverse compounds are on their
bioactivity profiles might well be a purely empirical, but still rather suitable,
decision to make.

Common to all of the above descriptors, once chemical structures have been
encoded in a computer-accessible way, selection algorithms come into play
that, in principle, can be based on any of the descriptors mentioned above.!
The objective of these methods is to select subsets of compounds with
maximum structural diversity from an initial large pool of compounds, while
retaining the overall diversity of the initial population of molecules. Because

of the large size of libraries, which can be in the order of 10° or larger in HTS
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campaigns, these are mainly heuristic methods, since exhaustive enumeration
of all possible subsets would be computationally unfeasible and can be
categorized as® (i) maximum dissimilarity-based algorithms,? (ii) clustering,”
(iii) partitioning of cell-based approaches,® and (iv) optimization methods.?
All methods provide approaches to cherry pick diverse sets of compounds
from large libraries; however, they still depend on molecular descriptors to
compare compounds and, therefore, are affected by the shortcomings and the
behavior of the descriptor applied.

In this study, we will focus on the descriptor aspect of chemical diversity
selection, given that no comparative study using bioactivity coverage as an
objective function has been published yet, according to the best of the
authors” knowledge, despite its importance for selecting diverse screening
subsets. To this end, the behavior of 13 widely employed descriptor types was
assessed, which fall into four main categories, namely, fingerprints, shape-
based methods, pharmacophoric methods, and two-dimensional (2D)
properties. In addition, we utilized “Bayes Affinity Fingerprints” as
descriptors,®? that represent molecular structures based on their in silico
bioactivity profiles.

These descriptors were applied for diversity selection across different
chemical libraries varying both in size and diversity, and were assessed with
respect to their similarities and differences in rank-ordering compounds in
diversity selection procedures by employing the Spearman’s rank correlation
coefficient. In addition, coverage of bioactivity space was measured to assess
descriptor performance, in addition to differences in behavior. Hence, the
objective of this study is to assess correlation among widely employed
chemical descriptors across a large set of libraries, in order to obtain a better
understanding of the situations in which these descriptors correlate and when
they do not, as well as to evaluate their ability to cover large numbers of
bioactivity classes in the selected subsets. This is of relevance for selecting
compound subsets for biological screening, in particular, in cases where either

different target families or orphan targets will be screened.

Methods

Molecular Datasets. The behavior of the different diversity assessment and
selection approaches was assessed on diverse sets of small molecule libraries,

namely, compounds generated via Diversity-Oriented Synthesis (DOS)
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approaches,® metabolites from HMBD,*® DrugBank PubChem,® and
ChEMBL.%

FN, CEH, HEB, DRS, and Da Libraries. All of the libraries from this category
stem from Diversity-Oriented Synthesis (DOS) approaches, and they were
used since they claim to contain large chemical diversity by their very
nature.” The FN, CEH, and HEB datasets consist of 45 nonpeptidic
macrocyclic compounds in total and are part of a larger library of such
compounds generated using a DOS approach.* The compounds all contain
macrocyclic rings, a structural motif which is argued to be of value for
targeting the extended binding interface associated with protein—protein
interactions.** The DRS library consists of 28 compounds, which were not
based on any general scaffold type. The Da library consists of 27 small
molecules generated using a branching DOS strategy.*“? All of these DOS
libraries were synthesized with the intent of providing hits against diverse
biological targets, and, indeed, the screening of the Da and DRS libraries has
identified compounds with antibacterial activity already.*+

HMDB: Human Metabolome Database (HMDB). The Human Metabolome
Database® is a comprehensive resource of small endogenous molecule
metabolites found in the human body. For this study, HMDB version 2.5 was
stored locally in SDF format, containing 8535 compounds in total. Random
selection was applied, followed by a filtering criterion of MW < 900 Da. In
total, 981 molecules were selected for the current study.

DrugBank. DrugBank® constitutes a comprehensive resource for drugs and
drug target information. For this study, DrugBank version 3 was used and
stored locally in SDF format. Compounds with a molecular weight of 900 Da
or less were randomly selected, leading to a total of 1036 drugs and druglike
molecules considered in this study.

PubChem. PubChem® is a large open repository for small molecules and
biological properties of small molecules for public access, hosted by the U.S.
National Institutes of Health (NIH). For this study, the PubChem FTP service
was accessed and 10 random subsets of compounds from the full database
were selected and downloaded locally in SDF file format. Consecutive
random selection steps were applied to select molecules. In addition, the
molecular weight was set not to exceed 950 Da, leading to a total of 947
compounds selected and used in this study. No diversity selection algorithm
was applied prior to analyzing the results, to avoid introducing descriptor

bias.
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ChEMBL. ChEMBL?* is a database containing binding, functional, and
ADMET information for a large number of druglike bioactive molecules
maintained by EMBL-EBI. ChEMBL version 14 was utilized for this study,
downloaded, and installed on a local MySQL server. The 50 most-populated
human protein targets were selected, based on the number of compounds
annotated with K, ICso, ECs0 and Ka values equal to or better than 1 uM. These
data consisted of various types of targets including enzymes (proteases,
lyases, reductases, hydrolases, and kinases) representing 48% of the classes,
membrane receptors (GPCRs and non-GPCRs) representing 44% of the classes
and transcription factors and transporters each representing 4% of the classes.
The target classes contained 1573 compound associations on average, varying
from 1014 to 2971 data points. Subsequently, 2587 compounds were randomly
selected from the 25 largest classes. This resulted in classes containing 103
data points on average, with the smallest class containing 12 data points and
the largest class containing 190 data points. This dataset was utilized to
compare the performance of how molecular descriptors sample diverse
subsets of compounds and achieve protein target coverage.

TIMBAL. TIMBAL® is a database containing small molecules that modulate
protein—protein interactions. All compounds with annotated Ki, ICso, ECso, or
Ka values of 10 uM or better were selected, which resulted in a total of 1995
unique compounds across 34 target classes after standardization (as described
in the following subsection, “Library Preparation”).

Library Preparation. Molecules were standardized using ChemAxon’s
Standardizer with the options Remove salts (keep largest fragment),
Neutralize, Remove Explicit Hydrogens, Aromatize, Mesomerize, and
Tautomerize.* Following standardization, molecules were loaded to
Molecular Operating Environment 2011.10% (MOE) and three-dimensional
(83D) molecular conformations were calculated using MOE,* applying the
Rebuild 3D option, while retaining existing chirality (default options).
Molecular Descriptors. Twelve (12) widely employed structural molecular
descriptors and one descriptor based on predicted bioactivity spectra, namely,
the “Bayes Affinity Fingerprints”, were utilized in this study for the
representation of molecules. Molecular descriptors are listed in Table 3 and
briefly described in the following.

Table 3. Molecular descriptors used in this study and software implementation.

| Descriptor type | Descriptor name Implemented in | Description
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Fingerprint- ECFP4 MOE v2011.102 | atom  type, extended
based connectivity  fingerprint,
maximum distance = 4
FCFP4 MOE v2011.10# | functional-class-based,
extended connectivity
fingerprint, maximum
distance = 4
MACCS MOE v2011.102 | 166 predefined MDL keys
(public set)
Connectivity- BCUT MOE v2011.102 | atomic charges,
matrix-based polarizabilities, H-bond
donor and acceptor
abilities, and H-bonding
modes of intermolecular
interaction
Shape-based rapid overlay of | OpenEye shape-based molecular
chemical structures | v3.1.24 similarity method;
(ROCS), combo molecules are described by

Tanimoto (shape and
electrostatic score)

smooth Gaussian function
and pharmacophore points

PMI

MOE v2011.10#2

normalized principal

moment-of-inertia ratios

Pharmacophore- | GpiDAPH3 MOE v2011.10¢ | graph-based 3-point

based pharmacophore, eight atom
types computed from three
atom properties (in pi
system, donor, acceptor)

TGD MOE v2011.102 | typed graph  distances,
atom typing (donor,
acceptor, polar, anion,
cation, hydrophobe)

TAD MOE v2011.10¢ | typed atom distances, atom
typing (donor, acceptor,
polar, anion, cation,
hydrophobe)

TGT MOE v2011.102 | typed graph triangles, atom
typing (donor, acceptor,
polar, anion, cation,
hydrophobe)

TAT MOE v2011.102 | typed atom triangles, atom
typing (donor, acceptor,
polar, anion, cation,
hydrophobe)

Bioactivity-based | Bayes affinity | in-house- bioactivity model based on
fingerprints developed in | multicategory Bayes
silico bioactivity | classifier trained on data
prediction from ChEMBL v. 14
model’!
Physicochemical- | prop2D MOE v2011.102 | physicochemical properties

property-based

(such as molecular weight,
atom counts, partial
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charges,  hydrophobicity
etc.)

(i) Fingerprint-based descriptors:

(1) MACCS keys (MOE).* 166 predefined substructural key sets of the public
subset as implemented in MOE, which were originally designed for quicker
database retrieval of compounds with certain predefined chemical
functionalities.

(2) ECFP4 and FCFP4 (MOE).* Circular fingerprints as implemented in MOE,
where E stands for atom type and F stands for functional class. Extended
connectivity fingerprints are derived from variation of the Morgan
algorithm,* and this descriptor type has been shown to capture much
information relevant to the bioactivity of a compound.**°

(ii) Pharmacophore-based descriptors:

(3) GpiDAPH3 (MOE).?' Graph-based three-point pharmacophore employing
any set of three possible atom types, namely, “in pi system”, “donor”, and
“acceptor” atom.

(4) TAD, TAT, TGD and TGT (MOE). Typed atom distances (TAD), typed
atom triangle (TAT), typed graph distances (TGD), and typed graph triangles
(TGT). Six different atom types are possible: donor, acceptor, polar, anion,
cation, and hydrophobic.

(iii) Shape-based descriptors:

(5) ROCS (OpenEye).?3525 Molecular shapes are described by smooth Gaussian
function and pharmacophoric points. “Combo Tanimoto” was used as a
similarity function.

(6) PMI (MOE).>* Three principal moments of inertia (PMI) derived from 3D
structures as implemented in MOE.

(7) BCUT (MOE).> Four-dimensional (4D) BCUT_PEOE descriptors as
implemented in MOE. BCUT descriptors are based on atomic charges,
polarizabilities, H-bond donor, and acceptor abilities and H-bonding modes
of intermolecular interaction.

(iv) 2D descriptors:

(8) prop2D. The first 10 principal components of all 2D physicochemical
properties as implemented in MOE (v2011.10), containing properties such as
molecular weight, atom counts, polar surface area, etc.

(v) Bayes Affinity Fingerprints:>

42



In silico predicted bioactivity spectra of small molecules generated using an
in-house-developed bioactivity model based on the multicategory Naive
Bayesian classifier and bioactivity data extracted from ChEMBL. Compounds
are initially described by circular molecular fingerprints and then are
subjected to a target prediction model containing 134450 bioactive
compounds that cover 477 human protein targets. Protein targets are then
ranked for each compound based on the likelihood of being active.

Distance Metrics.

Euclidean distances. Euclidean distances were employed as a distance function
for descriptors that assume continuous values, namely PMI, Bayes affinity
fingerprints, ROCS, BCUT and 2D physicochemical descriptors. Euclidean
distances were calculated according to eq 1:%

dp,q) =d(q,p) = (a1 —p)> + (@2 —P2)* + =+ (@n — Pn)? =
Y@ —p)* (1)

where p and g are the descriptors vectors of two molecules containing n
dimensions.

Hamming distance. The Hamming distance was employed as a distance
function for descriptors that take binary values (0 or 1), namely circular,
structural and pharmacophoric fingerprint based methods (ECFP4, FCFP4,
MACCS, TGD, TGD, TAT, TAD, GpiDAPH3). The Hamming distance, which
originates from information theory, is calculated for two equal n-length
vectors as the number of positions at which the corresponding bits are
different.®® The use of the Hamming distance was preferred over the
Tanimoto metric in this study, as the Tanimoto metric is a normalized metric
taking values between the intervals [0,1], while the Hamming distance is not
normalized. For two vectors p = (p1,p2, ---,Pn) and q = (¢4, 92, -+, qn), the

Hamming distance was calculated according to eq 2:

di(p. @) =1lp—qlls = Xilpi — a:l 2)

Spearman’s Rank Correlation Coefficient. The Spearman’s rank correlation
coefficient (p), was employed as correlation coefficient for assessing statistical
dependence between rankings obtained among molecules as a result of
applying different descriptors (each descriptor led to a unique ranking of

molecules depending on the properties encoded by the descriptor, which was
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then compared across descriptor pairs for each dataset used).” Spearman’s
rank correlation coefficient can assume values in the interval [-1,1], where -1
or 1 indicates perfect positive or negative correlation, and values of zero
indicate absence of any correlation between the two variables analyzed.

Spearman’s rank correlation coefficient was calculated according to eq 3:

2ikxi—)(yi—y)
= =——"(3
P V2ilxi=%)%(y;=y)? ®)

where x; and y; were the resulted rankings obtained from the distance
matrices for each molecular descriptor used.

Principal Component Analysis (PCA). In order to obtain visualization of the
arrangement of descriptors in multidimensional space, PCA was performed
using the R statistical environment (version 2.15.2)® and the three first-
principal components were visualized using Vortex.°!

Assessment of Bioactivity Coverage. The performance of each compound
diversity selection method was assessed based on the coverage of activity
classes achieved by sampling a 1% diverse subset from the initial population
of the compounds and by counting number of activity classes being retrieved.
The experiments were repeated three times and the average number of
protein targets presented in each sampled set was assessed. The descriptor-
based diversity selection was performed utilizing MOE’s function “Calculate
Diverse Subset” with the option Output limit set to 100. In case of Bayes
Affinity Fingerprints the approach as described by Nguyen et al* was
applied. Not all molecular descriptors were utilized in this step due to high
computational cost (e.g., calculating a similarity matrix among compounds in
the PubChem dataset based on ROCS descriptors took approximately one
week on an Intel Core 2 Duo desktop with 8 GB of RAM). Instead, eight
representative descriptors were used, as shown in Table 4.
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Table 4. Activity classes covered by sampling a diverse subset of 4% (100 compounds) from

an initial set of 2587 compounds extracted from the 25 largest ChREMBL human activity

classes. Using Bayes Affinity Fingerprints considering only predicted protein targets with a

Bayes Score above 30, 92% of the initial activity classes were sampled, hence outperforming

all other descriptors marginally. Using the descriptors ECFP4 and GpiDAPH3, TGT and

random sampling, 91%, 84%, 84%, and 84% of the activity classes were represented in the

selected compounds respectively. Random sampling retrieved approximately 84% of activity

classes (averaged over three attempts), showing similar performance on this dataset with

GpiDAPHS, TGT and BCUT, while outperforming molecular descriptors such as prop2D

(80%), MACCS (80%), and PMI (75%).

%  Activity
classes

f f
sampled Nu.m'ber 0 Nu'm'b er o Number of
. activity activity ..
(subset size activity
classes classes
. of 25 classes) classes
Descriptor sampled sampled Average
averaged sampled out
out of 25 | out of 25
over  three of 25 classes
classes — 15t | classes -
attempts attempt nd attempt | 3t attempt
(relative P P
ranking)
Bayes
affinity
fingerprints | 92% (1%) 22 24 23 23
(“Cutoff
30”)
ECFP4 91% (2nd) 22 23 23 22.7
GpiDAPH3 | 84% (3) 21 22 21 21
TGT 84% (4th) 20 21 22 21
Rand
andomm 84% (5th) 21 21 19 21
Sampling
BCUT 83% (6™) 21 20 21 20.7
prop2D 80% (7t) 21 21 19 20
MACCS 80% (8™) 19 20 20 20
PMI 75% (9 19 18 19 18.7

Results and discussion

Results obtained on the overall correlation of descriptors used in diversity

assessment and averaged across all libraries are visualized in Figure 7.
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Figure 7. Spearman’s rank correlation coefficients obtained from descriptors used in this
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study averaged over all included libraries. Darker colors indicate higher Spearman’s rank
correlation, whereas lighter colors indicate lower correlation. The descriptor PMI
demonstrated the least correlation with any other descriptor indicating that this type of
descriptor behaves significantly differently from any others included here. Overall, it can be
seen that pharmacophore-based descriptors such as TAT, TGT, TAD and TGD show some
correlation with fingerprint-based descriptors (ECFP4, FCFP4 and MACCS, with MACCS
keys also showing some correlation with other descriptor types).

The PCA visualization performed on the matrix obtained from Spearman’s
rank correlation among molecular descriptors is presented in Figure 8, where
the first three principal components explained 74% of the accumulative
variance as shown in Figure 9, whereas ~90% of the variance in descriptor
space is explained by the first five principal components.
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Figure 8. Similarity of molecular descriptors in perceiving the diversity of chemical libraries
visualized in PCA space. The Spearman’s rank correlations between the descriptors were
subjected to principal component analysis (PCA): ~74% of the accumulative variance is
captured in the first three principal components shown here; therefore, descriptors located
close to each other show stronger correlation based on the Spearman’s rank-correlation
coefficient. Overall, it can be observed that two clusters of descriptors emerged that show
high correlation within their groups: first, the fingerprint-based descriptors ECFP4 and
FCFP4, and, second, the pharmacophore-based descriptors TAT, TGT, TAD and TGD. In
addition, MACCS keys and GpiDAPHS3 descriptors did not show any significant correlation
with other type of descriptors, nor did the descriptors BCUT, PMI, and prop2D.
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Figure 9. Scree plot of the PCA of the 13-dimensional descriptor space (compared to the 37-
dimensional descriptor space in an earlier study by Bender et al.¢2). The first three principal
components capture 74% of the total variance, while five principal components are required
to capture 90% of the total variance. In an earlier study by Bender et al.,®* the first three
components captured only 50% of the total variance, while 10 principal components were
required to capture 80% of this measure. It cannot be definitely concluded whether more
variance is captured in fewer dimensions, because of more similar behavior of descriptors or
simply their lower number; however, it can be seen that a small number of dimensions
already is sufficient to capture similarities and dissimilarities of the molecular descriptors
when it comes to molecular diversity assessment, as employed in this study. When compared
to the study by Bender et al. the increase in the percentage of accumulative explained
variance for the first five principal components is very similar (41% here, compared to 38%),
indicating that the first part of the curve is similar in both cases, albeit with a different
percentage of variance, explained by the first principal component (49% here, compared to
only 24% in the study by Bender et al.®2).

It can be seen in Figure 7 that the pharmacophore-based descriptors TAT,
TAD, TGD, and TGT show a strong correlation with each other, with all
Spearman’s rank correlation coefficients observed being 0.74 (among TGT and
TAT) or higher, indicating very similar behavior of those descriptors in
diversity selection procedures. Accordingly, they were found to cluster
together in Figure 8. The fifth pharmacophore-based descriptor utilized here,
namely, GpiDAPH3, showed lower correlation with the previously
mentioned descriptors, with Spearman’s rank correlation coefficients
observed with the descriptors TAD, TGD, and TGT of 0.46, 0.47, and 0.52,
respectively, with the exception being TAT, which had a correlation
coefficient with GpiDAPHS3 of 0.65. This result is not surprising, considering
that both of the latter descriptors capture pharmacophoric triangles (as

48



opposed to TAD and TGD, which use pharmacophore points), with
GpiDAPHS3 taking into account three-point pharmacophore fingerprints
calculated from molecular graphs, and TAT taking into account atom-typed
triangles calculated from the 3D conformation of a molecule. In addition, the
pharmacophore-based =~ GpiDAPH3  descriptor showed intermediate
correlations between 0.54 and 0.67 with the fingerprint-based descriptors
ECFP4 and FCFP4 and MACCS structural keys. The rest of the descriptors
showed correlations of 0.51 or lower with the pharmacophore-based
descriptors, indicating low similarity in behavior.

The fingerprint-based descriptors ECFP4 and FCFP4 showed a Spearman’s
rank correlation coefficient of 0.89 with each other, indicating stronger
correlation with each other than the pharmacophore-derived descriptors, as is
also clearly visible in Figure 8. This high correlation can be explained by the
fact that both ECFP4 and FCFP4 are both derived from radial atom
connectivity, and their similar behavior has been observed before in the
context of similarity assessment.®? In addition, MACCS structural keys have
been shown to be correlated with ECFPP4 and FCFP4 with a Spearman’s rank
correlation coefficient of 0.69 and 0.68, respectively, which can be explained
by the local nature of both descriptor types. Rather surprisingly, the
descriptors ECFP4 and GpiDAPH3 demonstrated a Spearman’s rank
correlation of 0.62, indicating that these two types of fingerprints demonstrate
relatively similar behavior, which is more difficult to rationalize, given that
the GpiDAPH3 descriptor takes into account graph-based pharmacophoric
representations, as opposed to 2D structural features or atom type or counts.
On the other hand, this is still lower than the correlation between TAT and
GpiDAPHS3 descriptors, so the relative ordering of descriptor pairs remains
consistent with our initial expectations. The results discussed here indicate
that molecular descriptors derived from atom topology or graph-based
pharmacophoric representations tend to behave rather similarly overall, as
shown in detail in Figure 7 and Figure 8.

When now visiting descriptors of very different nature, we can see that
overall PMI shows Spearman’s rank correlations of 0.22 or lower with other
type of descriptors, indicating very different behavior, whereas for ROCS, the
Spearman’s rank correlation coefficient with all other descriptors was also
0.55 or lower. ROCS and PMI also demonstrated significantly different
behavior from each other, as measured by the Spearman’s rank correlation

coefficient, which was found to be only 0.22 (see Figure 7 and Figure 8), even
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though they both capture molecular shapes. This can be attributed to the fact
that while PMI project molecular shapes (i.e,, how similar molecules are to
archetypal shapes such as spheres, disks, and rods) and are size-independent,
ROCS considers not only molecular shape by comparing molecular shapes by
overlapping Gaussian volumes, but also chemical similarity/atom types, thus
being size-dependent. Similar differences exist for other descriptor types,
where, e.g., 2D physicochemical descriptors, such as atom counts, molecular
weight, and polar surface area, tend to increase as the size of the molecule
increases and, hence, are often inherently size-dependent, while molecular
fingerprints encode only the presence or absence of chemical substructures,
and accordingly pay less attention to size.

As a nonstructural descriptor considered here, Bayes Affinity Fingerprints
describe molecules by their predicted bioactivity spectra, and they showed
low correlation with the rest of the descriptors utilized in this study:
Spearman’s rank correlations with all other descriptors did not exceed 0.53 in
the case of FCFP4 and MACCS keys, and it was as low as 0.28 with
GpiDAPH3 pharmacophores.

In order to further illustrate the extent to which different descriptors assess
different aspects of chemical diversity, an example of comparison between
two molecules in the Da library is given in Figure 10, where the ranks are
shown for each descriptor employed (lower ranks mean higher similarity,

whereas higher ranks mean lower similarity).

Query molecule Target molecule | Descriptor Ranking (%)
2D properties 93
BCUT 89
Bayes affinity fingerprints 41
\H N ECFP4 26
o o FCFP4 26
MACCS 11
’ ° [ GpiDAPH3 100
PMI 26
ROCS 100
5 - TAD 19
- o TAT 11
TGD 11
TGT 11

Figure 10. Two molecules from the Da library that showed significant differences in ranking

positions obtained from different descriptors used. These molecules were selected from the
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Da library, which was shown to contain multiple molecules with antibacterial properties.*.4
Pharmacophore-based and atom environments fingerprint descriptors showed very similar
results, most likely because they encode only the presence or absence of chemical features,
but do not take into account the size and/or molecular surface of the molecules, with the
exception of GpiDAPH3. On the other hand, shape-based and 2D descriptors perceive the
two molecules as significantly different, most likely because they take into consideration the
entire molecular shape, hereby perceiving larger molecules as different from smaller ones
(even if they consist of similar substructures). Hence, two chemical compounds subjectively
perceived to be chemically similar by medicinal chemists could be considered as very similar,
moderately similar, or even very different according to the descriptors used to assess

chemical diversity.

It can be observed that, overall, there are significant differences among
ranking positions obtained (ranks range from 3 to 27, given the library size of
27). MACCS keys and the pharmacophore-based descriptors TAT, TGT, TAD,
and TGD showed very similar results (they all ranked the molecules with in
the library at similar positions), and the fingerprint-based descriptors ECFPP4
and FCFP4 also showed very similar results, compared among themselves
(they both assigned a moderate similarity ranking).

However, the descriptors GpiDAPH3, ROCS, prop2D all perceived the
molecules considered to be highly dissimilar. One possible explanation for the
results observed above is that the descriptor MACCS was originally designed
for indexing molecules and contains a small key set comprised of only 166
bits, which is the public subset (corresponding to predefined chemical
functionalities), and it therefore appeared to be unable to distinguish well
between relatively more similar molecules (much the same as the
pharmacophore-based descriptors TAT, TGT, TAD, and TGD). However, the
fingerprint-based descriptors ECFP4 and FCFP4 do take into account
fingerprint features that are present in each molecule (independent of any
predefined keyset), and they are hence able to also identify more subtle
dissimilarities between those overall similar molecules. On the other hand,
the descriptors prop2D and ROCS take into account substructural feature
counts, molecular shape, and atom connectivity, and hence aggregate
differences among the compounds, resulting in a perceived significance, with
respect to physicochemical properties and shape of the structures. Hence, our
tindings illustrate that two molecules subjectively perceived to be chemically
similar by visual inspection could be considered as highly similar, moderately
similar, or even extremely different, according to the descriptors used to

assess chemical diversity.

51



A comparison of descriptors on multiple datasets revealed that, although the
Spearman’s rank correlations between descriptors for larger datasets (such as
PubChem, see Figure 11) resemble the correlations between descriptors for
the compounds averaged across all libraries, analyses for particular datasets

do not always show the same trend.

4

Figure 11. Spearman’s rank correlation coefficient based on the overall averaged results over
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Bayes_affinity

the PubChem library. Darker colors show higher correlation, whereas lighter colors show
lower correlation among molecular descriptors. Overall, it can be seen that the Spearman’s
rank correlation pattern for the PubChem library is very similar to the overall Spearman’s
rank correlation pattern averaged over all libraries used in this study (recall Figure 7), with
fingerprint-based and pharmacophore-based descriptors showing the most correlation
among each other and within their respective group.

It can be seen that the descriptors correlate better for the DRS dataset (see
Figure 12), where the average correlation for the DRS dataset across all
descriptors was 0.53, whereas, for the PubChem dataset, this was only 0.31
(see Figure 11).
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Figure 12. Spearman’s rank correlation coefficient based on the overall averaged results over
the DRS library. Darker colors show higher correlation, whereas lighter colors show lower
correlation among descriptors. It can be observed that the descriptors correlate better for the
DRS dataset than for the much larger PubChem dataset (see Figure 11): the average
correlation for the DRS dataset across all descriptors was 0.53, whereas, for the PubChem
dataset, this was only 0.31.

The Bayes Affinity Fingerprints show more similarity to fingerprint-based
descriptors (which could be explained by the fact that this descriptor type was
generated by a model trained on fingerprint-based descriptors) and shape-
based descriptors, whereas PMI shows very low correlation with all other
descriptors. Some descriptors show much higher correlations with other
descriptors in the DRS dataset than either the PubChem or the overall dataset.
For example, BCUT correlates very poorly with other descriptors (with an
average correlation of 0.19) for the PubChem dataset, whereas for the DRS
dataset, it shows a higher correlation of 0.49. Similarly, ROCS correlates
poorly with other descriptors for the PubChem dataset (0.28), whereas for the
DRS dataset, the average correlation was twice as high (0.57). These findings
illustrate that the behavior of descriptors is highly dependent on the dataset
analyzed and therefore, size and chemical composition of datasets should be

taken into account when interpreting chemical diversity.
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In order to correlate our findings with previous related studies, we compared
our findings with the main results in the study previously reported by Bender
et al.,’> where PCA of the molecular descriptor space was performed, with
respect to the similarity of molecules, with the objective being to understand
which descriptors contain orthogonal information and which descriptors are
correlated with each other. Many agreements and disagreements were
observed regarding the correlation among the descriptors used between our
PCA (Figure 8) and the PCA conducted by Bender et al.'> First, fingerprint-
based descriptors such as ECFP and FCFP cluster together in both PCA plots,
as do the 3D pharmacophore-based descriptors TAT and TGT. However, the
pharmacophore-based descriptor GpiDAPH3 is positioned away from other
pharmacophore-based descriptors, but closer to the fingerprint-based
descriptors in the current study, whereas, in the previous analysis by Bender
et al.,”® it has been located near other pharmacophore-based descriptors. In
addition, MACCS keys (referred to as MDL in the study by Bender et al.'®) are
correlated with fingerprint-based descriptors in our study; however, this is
not the case in the study by Bender et al.,’> where MACCS keys are more
correlated to pharmacophore-based descriptors instead. Differences observed
in this study compared to the previous study reported can be attributed to
different objectives, because, in this study, the objective was to evaluate the
correlation of molecular descriptors based on rankings obtained from
calculated distances among compounds present in chemical libraries for
diversity assessment, instead comparing the performance of molecular
descriptors in retrieving active compounds for virtual screening assessment.

In order to assess not only similarities and dissimilarities in the behavior of
different descriptors when applied to diversity selection but also their
performance, with respect to a relevant measure, eight out the 13 descriptors were
used for diversity selection and their performance was assessed by the
coverage of protein targets in bioactivity space. (Some methods could not be
used due to computational demands, given that the full compound similarity
matrix needed to be computed for diversity selection using the methods
employed here.) The performance of each method was assessed based on the
number of activity classes covered by sampling a diverse subset of 4% (100
compounds) from an initial set of 2587 randomly selected compounds
covering the 25 largest ChEMBL activity classes of human protein targets.

These 25 activity classes contain 103 data points on average and vary in size
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from 12 data points to 190 data points, indicating that this is an unbalanced
dataset.

Results of this analysis are shown in Table 4. Bayes Affinity Fingerprints,
considering only predicted protein targets with a Bayes score above 30
(“Cutoff 30”), sampled an average of 92% of bioactivity classes, hence
outperforming all other descriptors marginally. Using the descriptors ECFP4,
GpiDAPH3, TGT, and random sampling, 91%, 84%, 84%, and 84% of the
activity classes, respectively, were represented in the selected compounds.
Random sampling retrieved ~84% of activity classes (averaged over three
attempts), showing similar performance on this dataset to the descriptors
GpiDAPH3, TGT, and BCUT, while outperforming molecular descriptors
such as prop2D (80%), MACCS (80%), and PMI (75%). Despite the seemingly
high performance of random sampling, it should be noted that random
selection would only yield the best results (compared to any other method
based on molecular descriptors) in the case where all classes are of equal size
by picking up the most diverse subsets in bioactivity space. This could lead
one to the misconception that random selection is a better option than the
currently available methods used for diversity selection. However, in more
realistic situations, such as here, some biological targets are more
promiscuous than others, and hence they can accommodate a more diverse
set of compounds in their binding sites than others (therefore leading to
“larger activity classes” against those more promiscuous proteins). In such
cases, random selection would struggle to pick compounds from small classes
and, thus, does not seem to be the most suitable approach to be applied for
diversity selection. Diversity selection methods based on molecular
descriptors appear to be less successful in retrieving bioactive compounds
against a broad range of protein targets, since no prior knowledge of which
bits in the fingerprint matter (and lead to bioactivity differences) is considered
by these methods. Instead, Bayes Affinity Fingerprints, which are trained on
active compounds covering a large part of chemogenomic space, subselect
compounds by taking into account known bioactive chemistry (and
modifications leading to bioactivity changes), and thus appear to be able to
achieve better protein target coverage. Our results are consistent with our
previously reported study by Nguyen et al.,* where diversity selection based
on bioactivity spectra fingerprints outperformed commonly employed
circular fingerprint-based methods by up to 10%, when sampling bioactive

compounds.
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Finally, we attempted to assess whether PMI plots, which have frequently
been used to assess the diversity of, e.g., DOS libraries, can be used to this
end, when also paying attention to bioactivity coverage. This analysis is
presented in Figure 13, as a PMI ratios plot (nPR1 and nPR2) for 6 out of 50
ChEMBL activity classes.
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Figure 13. Normalized PMI ratios (nPR1 and nPR2) plot of 6 out of 50 ChEMBL activity
classes utilized; namely, the coagulation factor X (F10), vascular endothelial growth factor
receptor 2 (KDR), carbonic anhydrase 2 (CA2), prothrombin (F2), sodium-dependent
serotonin transporter (SLC6A4), and mitogen-activated protein kinase 14 (MAPK14). It can be
seen that molecular shape diversity of chemical libraries, measured by PMI, does not
correlate with or indicate diversity of coverage in bioactivity space, as compounds binding to
different protein families occupy similar space, and, in return, compounds from different
areas of PMI space are bioactive against the same protein. Hence, the authors would
recommend that, although PMI analyses give an insight into the shape properties of a
chemical library, they might not be the most suitable tool to assess compound diversity in

bioactivity space.

It can be seen that molecular shape diversity of chemical libraries, as
measured by PMI, does not correlate or indicate a diversity of coverage in
bioactivity space, because compounds binding to different protein families
occupy similar space, and compounds from different areas of PMI space are
bioactive against the same protein. However, one could argue that the targets
from ChEMBL represent a biased part of biological space (the space where it
has been easy to identify bioactive molecules with traditional medicinal

chemistry efforts). Therefore, a similar analysis on 1995 compounds with
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annotated Ki, ICso, ECso, or Ka values of 10 uM or better from the TIMBAL
database was performed,* which involves a database of compounds with
protein—protein inhibitory properties. It also can be seen that, in this case,
molecular shape diversity does not correlate or indicate diversity of coverage
in bioactivity space, because the compounds have a similar distribution to
that in Figure 13. Hence, in the authors’ opinion, PMI analyses, while giving
insight into the shape properties of a chemical library, should rather not be
used to assess diversity in bioactivity space. One might find this assumption
tempting to make; however, Figure 13 illustrates the rather small correlation
between diversity in PMI space and diversity in bioactivity space; moreover,
from this illustration, it is apparent that diversity in one space has little
predictive value for diversity in the other. In the opinion of the authors,
diversity in bioactivity space — even if only computationally established —
would be a practically more relevant measure for assessing the biologically

relevant diversity of small molecule libraries.

Conclusions

This study aimed at assessing both the correlations between molecular
descriptors in the context of diversity assessment, as well as their
performance, with respect to covering bioactivity space. It was found that
descriptors derived from atom topology (i.e., pharmacophore-based
descriptors, such as TAT, TAD, TGD, and TGT) and fingerprint-based
descriptors (such as ECFP4 and FCFP4) generally showed strong correlation
within each group (all with Spearman’s rank correlations of 0.74 or higher)
and between both groups (all with Spearman’s rank correlations of 0.59 or
higher). On the other hand, shape-based descriptors such as rapid overlay of
chemical structures (ROCS) and principal moments of inertia (PMI)
demonstrated behaviors that were significantly different from each other, as
measured by the Spearman’s rank correlation coefficient, which was found to
be only 0.22. Moreover, it was observed that descriptors correlate differently,
depending on the dataset used. For example, the average correlation of
descriptors for the DRS dataset, encompassing 28 dissimilar compounds (with
multiple scaffolds being present in the dataset), is 0.53, whereas for the much
larger and more diverse (on an absolute scale) PubChem dataset, the average
correlation reached only 0.31. Hence, overall our results indicate that
molecular descriptors differ in the way they assess chemical diversity,

depending on the diversity and size of the datasets used, and selecting the
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appropriate descriptor is a nontrivial task, which must take into account both
of these aspects. Moreover, the shape-based descriptor PMI showed no
correlation with any other type of descriptor utilized in this study,
demonstrating very different behavior from all other descriptors employed
here.

Given that diversity in bioactivity space is often the primary objective of
compound diversity selection procedures, we furthermore benchmarked the
descriptors employed here, with respect to covering 25 bioactivity classes
upon selecting 4% of 2587 compounds from a subset of ChEMBL. Here, it was
found that the Bayes Affinity Fingerprints showed the best performance by
covering 92% of bioactivity classes, hence outperforming all other descriptors
marginally. Using the descriptors ECFP4, GpiDAPH3, TGT, and random
sampling, 91%, 84%, 84%, and 84% of the activity classes, respectively, were
represented in the selected compounds, followed by BCUT, prop2D, MACCS,
and PMI (in order of decreasing performance). Random sampling retrieved
~84% of activity classes (averaged over three attempts), showing similar
performance of this dataset to the descriptors GpiDAPH3, TGT, and BCUT,
while outperforming molecular descriptors such as prop2D (80%), MACCS
(80%), and PMI (75%). In addition, we were able to show that there is no
visible correlation between compound diversity in PMI space and in
bioactivity space, despite frequent utilization of PMI plots to this end.

Overall, this study assessed which descriptors are able to select compounds
with high coverage of bioactivity space, and which can hence be used for
diverse compound selection for biological screening. It also gives guidelines
as to which descriptors behave rather collinear and which descriptors behave
more orthogonal in diversity selection tasks. We propose that a combination
of complementary descriptors such as Bayes Affinity Fingerprints, PMI, and
prop2D be used to computationally select a diverse set of compounds for
screening purposes. Such a computational “filter” might also add value to
current endeavors of assembling screening libraries against diverse targets,
such as the European Lead Factory,® as well as library enhancement

initiatives that are taking place continuously in pharmaceutical companies.
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Abstract

With increased automation and larger compound collections, the
development of high-throughput screening (HTS) started replacing previous
approaches in drug discovery from around the 1980s onward. However, even
today it is not always appropriate, or even feasible, to screen large collections
of compounds in a particular assay. Here, we present an efficient method for
iterative screening of small subsets of compound libraries. With this method,
the retrieval of active compounds is optimized using their structural
information and biological activity fingerprints. We validated this approach
retrospectively on 34 Novartis in-house HTS assays covering a wide range of
assay biology, including cell proliferation, antibacterial activity,
gene expression, and phosphorylation. This method was employed to retrieve
subsets of compounds for screening, where selected hits from any given
round of screening were used as starting points to select chemically and
biologically similar compounds for the next iteration. By only screening ~1%
of the full screening collection (~15000 compounds), the method consistently
retrieves diverse compounds belonging to the top 0.5% of the most active
compounds for the HTS campaign. For most of the assays, over half of the
compounds selected by the method were found to be among the 5% most
active compounds of the corresponding full-deck HTS. In addition, the
stringency of the iterative method can be modified depending on the number
of compounds one can afford to screen, making it a flexible tool to discover

active compounds efficiently.

Introduction

Early drug discovery traditionally has been the result of a close collaboration
between chemists, pharmacologists, and clinical scientists, where knowledge
from pharmacology and (medicinal) chemistry was combined to design
potentially active molecules for testing.!? From around the 1980s onward,
rapid improvements in automation and combinatorial chemistry led to the
development and increasing acceptance of high-throughput screening (HTS),
which allows rapid screening of large collections of compounds using
robotics and automated data processing. This enabled HTS to be used to
study relationships between compounds and putative biological targets on a
very large scale, so that libraries of 1-2 million compounds are routinely
screened in big pharmaceutical companies, several times per year.??

Conceptually, HTS aims to screen large numbers of molecules in a brute-force
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approach to identify hits, and the most promising chemical entities are then
selected as starting points for further investigation. It is hoped that screening
large numbers of molecules increases the chance of finding promising
chemical entities. However, the previous often iterative cycles of
design-screen-refine in small interdisciplinary project teams were somewhat
lost.

Over the past few decades, HTS has hence become increasingly popular and
has been augmented in capacity from being able to screen tens of thousands
of compounds a day to over 100000 compounds a day and has become — in
addition to many other techniques — of crucial importance for early drug
discovery.*® However, HTS also has some significant drawbacks. Cell-free
HTS campaigns, such as biochemical target-based assays, are not adequately
predictive of compounds’ ADMET (absorption, distribution, metabolism,
excretion, and toxicity) properties, which are important pharmacokinetic
parameters for drug development.” For cell-based phenotypic HTS assays,
which can be more predictive of certain ADMET properties such as
bioavailability and cytotoxicity, target deconvolution is an important
challenge.® Additionally, HTS campaigns sometimes cannot be performed at
scale for complex biological systems that cannot be mass-produced (e.g.,
organoids).’ Finally, and of most relevance for the current study, HTS remains
a resource-intensive endeavor with a large fraction of the compounds
screened being inactive or uninteresting. The latter renders the identification
of smaller screening sets which lead to a significant fraction of active chemical
matter detected very relevant.*

The mentioned drawbacks prompted efforts to optimize various aspects of
HTS campaigns, such as compound library design (for example, based on
chemical diversity, where libraries are chosen on the basis of chemical
knowledge),'* post-HTS data analysis for triaging active compounds (in
order to select subsets for further validation),>* and selecting novel
compounds similar to active compounds detected in the assay for further
investigation.””?! Given the recent perceived ineffectiveness of target-based
HTS,* a shift to phenotypic HTS has occurred,® hence increasing the need for
target identification methods. In this regard, a high-throughput screening
fingerprint (HTS-FP) capturing past performance of compounds across a
number of screens was developed by Petrone et al. at Novartis,?® which allows
the comparison of compounds according to their bioactivity across a range of

HTS assays. This approach was used for both similarity searching and various
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machine learning methods for target identification of hits from phenotypic
screens. Later, a public version of the same fingerprint was developed and
analyzed by Dancik et al.,** who also reported its usefulness in the elucidation
of the compound mode of action. However, despite these computational
advances in postscreen analysis, HTS campaigns remain an expensive
endeavor.

In this study, we aim to address efficient ways of screening subsets of
compound libraries, instead of screening entire compound libraries, while at
the same time optimizing the retrieval of active compounds. We developed
and retrospectively validated an iterative screening method on Novartis in-
house HTS data, in which selected hits from any given round of screening
were used as starting points to select chemically and biologically similar
compounds for the next iteration. This approach was developed with the
explicit aim to select much smaller subsets of compounds with enriched
activity, by harnessing the bioactivity information on compounds in the
previous iteration. While briefly mentioned by Mayr and Bojanic as an idea,®
and used on a small scale by Keenan et al. for the design of plasmodial kinase
inhibitors,® the concept of iterative screening has not been explored
systematically in the published literature. A related concept has been
previously described by Schneider et al. in the context of iterative virtual
synthesis and testing of individual molecules, where molecules are designed
automatically using evolutionary algorithms and particle swarm
optimization.*® However, our approach differs considerably, because we
iteratively generate sets of molecules instead of individual molecules, hence

investigating the concept on a much larger scale.

Methods
HTS Data. Novartis proprietary HTS assays comprising at least 1300000

compounds with an inhibitory assay readout were used, resulting in a total of
34 assays, of which 11 were cell-based assays and 23 were cell-free
(biochemical) assays. These assays covered a wide number of biological
events, including cell proliferation, antibacterial activity, gene expression, and
phosphorylation.

Starting Set for Initial Screening Round. We used a starting set of well-
studied and manually curated compounds, many with tested clinical
relevance, known to cover a large amount of druggable bioactivity space and
of which the mechanism of action (MoA) is known. This set (the MoABox)
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comprised 2757 compounds and is used as a starting point for many
phenotypic screening projects at Novartis due to the high-quality annotations
of each compound. The physicochemical properties and the chemical and
biological diversity of the MoABox were calculated using RDKit”. The design
of the MoABox inherently entails that most compounds have properties
favorable for cell-based screening. Owing to operational turnover of the
compound archive, not every full-deck HTS contains every compound of the
MoABox. Therefore, the starting set for each specific assay was the MoABox
compounds present in it at the time it was performed. The smallest starting
set comprised 2050 compounds, whereas the largest comprised 2692
compounds.

In order to determine the importance of the starting set for good performance,
we repeated our analysis with 10 randomly chosen starting sets and the
results were compared to those obtained with the MoABox as a starting set.
These sets were obtained by repeatedly selecting a random subset from the
entire screening deck of equal size to that of the MoABox present in the
corresponding assay, minus any MoABox compounds that might have been
coincidentally selected.

Iterative Screening Algorithm (ISA). For any given set of compounds, we are
able to look up its activities in a past assay with ~1.3 M compounds. This in
silico screening allows not only a relative ranking (according to activities
within the subset) but also an absolute ranking (according to the 1.3 M
compounds). Our aim was to iteratively optimize the absolute ranking of
subsets of compounds, thereby efficiently selecting highly active compounds
and steering the screening process toward success with much smaller
compound sets. Therefore, the method developed in this study consists of
three iterative procedures (see Figure 14): (1) ranking of compounds based on
retrospective activity data, (2) selection/triaging of hits, and (3) expanding

from hits to close analogs based on chemical and biological similarity metrics.
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Figure 14. Iterative screening algorithm (ISA) overview. The ISA developed in this study
consisted of three iteration steps: (1) ranking of compounds based on retrospective data, (2)
triaging of (i.e., selecting) top-performing compounds, and (3) expanding from top-
performing compounds to close analogs based on chemical and biological similarity metrics.
The starting set comprises the MoABox compounds present in the HTS assay. The ISA allows
for adjustment of parameters at the triaging stage (the number of compounds carried
forward, and the number of compounds originating from the same parent compound to limit
large numbers of closely related analogs). At the expansion stage, the parameters used
(chemical and/or biological similarity) can be adjusted, as well as the corresponding

similarity cutoff and maximum number of expansions per compound.

Since this study is a retrospective analysis on HTS data, the ranks of the
compounds selected correspond to the ranks of the same compounds had
they been screened in a full-deck screen. Our method is fundamentally
different from a basic similarity search using active probes, because we
perform a similarity search iteratively based on active compound information
at every round of screening, rather than only once. Circular fingerprints®
(SciTegic ECFP4-like) were used as features for determining chemical
similarity, and HTS fingerprints (HTS-FP)*® were used as features for
determining biological similarity.

Metrics Used for Performance Assessment. We used two criteria for
evaluating compound sets at each iteration: (1) the rank distribution based on
compound activity and (2) the cumulative coverage of Murcko scaffolds®
found in the top 0.5% of compounds ranked by activity. In conjunction, these
criteria assess the retrieval of not only active but also structurally diverse sets

of compounds. A median rank cutoff of 65000 is sometimes used to assess
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performance; this corresponds to 5% of a total screening collection of 1.3
million compounds.

Systematic Exploration of Parameters. The number of compounds triaged
per iteration as well as the number and types of expansions affect the size and
diversity of the compound sets selected. First, the number of top-performing
compounds triaged can be varied. Second, expansions can be adjusted
(chemical and/or biological similarity), as well as the corresponding
Tanimoto®® similarity cutoff and maximum number of expansions per
compound. Moreover, the maximum number of compounds originating from
the same parent compound can be adjusted in order to limit the number of
closely related analogs. We systematically explored the influence of these
parameters in a number of in silico experiments (see Table 5), where the

influence of each parameter was analyzed individually.

Table 5. Summary of parameters explored over nine in silico experiments. Here, experiment 1
was considered as the reference experiment, which was chosen on basis of a trade-off
between number of compounds screened over 10 iterations (approximately 1% of screen size)
and performance. All other experiments varied one parameter, therefore allowing an
assessment of its influence with respect to the reference experiment. For example, a
comparison of experiment 3 with experiment 1 shows the effect of doubling (from 100 to 200)

the number of compounds triaged per iteration.

Experiment Iteration count Triaged number of | Maximum number of
number compounds expansions (structure-
based)

1 10 100 50

2 10 50 50

3 10 200 50

4 10 100 100

5 10 100 50

6 10 100 50

7 10 100 50

8 10 100 50

9 10 100 50

Tanimoto cutoff | Maximum number | Tanimoto  cutoff | Maximum number of
(structure-based) | of expansions (HTS- | (HTS-FP-based) compounds triaged per

FP-based) parent compound
0.6 50 0.6 5
0.6 50 0.6 5
0.6 50 0.6 5
0.6 50 0.6 5
0.8 50 0.6 5
0.6 100 0.6 5
0.6 50 0.8 5
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0.6 50 0.6 2
0.6 50 0.6 10

Experiment 1 was considered as a realistic reference experiment that balances
performance and the number of compounds screened over 10 iterations (~1%
of entire collection, ~15000 compounds). All other experiments varied one
parameter, therefore allowing an assessment of its influence with respect to
the reference experiment. For example, a comparison of experiment 3 with
experiment 1 shows the effect of doubling the number of compounds triaged
per iteration from 100 to 200.

Data Analysis. The workflow comprised Python and Perl scripts for data
analysis and the Indigo toolkit®! and RDKit? for cheminformatics calculations.
Spotfire® was used for data exploration, and R* and Cytoscape® were used

for the visualization of results.

Results and discussion

Here, we present in detail the results belonging to the reference experiment
(experiment 1 in Table 5), followed by a comparison to other experiments.
Experiments 4, 6, and 7 showed the same results as the reference experiment
and are therefore not discussed separately; these experiments highlight,
however, that more than 50 expansions or a more stringent HTS-FP similarity
cutoff do not change the results.

Iterative Screening Is Highly Effective Across Assay Types. The median
rank of the compounds selected was 36101 (excluding the starting set) across
all assay types, which corresponds to the top ~2.8% of a collection of ~1.3 M
compounds. In other words, half the compounds selected across all iterations
(except for the starting set) are found among the top 2.8% of the
corresponding 1.3 M compound screen, indicating a clear enrichment in
activity of the compounds selected. Of note, the performance is consistent for
a large number of different assay types (median rank below 65000, see Figure
15).
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Figure 15. Ranks of compounds from iterations for all assay types. Boxplots of ranks for all
compounds selected by the iterative screening algorithm (ISA) for iterations 1-10 (excluding
the starting set) are represented for each assay type. The performance for enzyme
activity/cleavage assay, protein cleavage assay, protein functional assay, and protein—protein
binding assay is much worse (median rank of 200000 on average) compared to other assays,
with also a broader rank distribution. Red, median rank below 65000; blue, median rank
above 65000. The first 65000 compounds correspond to the top ~5% of 1.3 M.

However, for the types enzyme activity/ cleavage assay, protein cleavage
assay, protein functional assay, and protein—protein binding assay, the
performance was reduced, as evidenced by a median rank greater than 65000
combined with a higher standard deviation.

Interestingly, performance is better for the cell-free assays than the cell-based

assays (rank distributions for both assay formats is shown in Figure 16).
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Figure 16. Ranks of iteratively selected compounds for cell-free and cell-based assays. Green,
cell-free assays; orange, cell-based assays. There is a consistent difference in median rank
(and interquartile range, extension of boxplot) across iterations 1 to 10 between cell-free and
cell-based assays. This indicates the relative difficulty in selecting compounds that are able to
satisfy cell-based screening requirements (e.g., cell permeability). Median ranks are
significantly different (paired t-test, p-value < 10-%), as are the rank distributions for each

iteration (Kolmogorov-Smirnov test, p-value < 10-5).

In order to investigate whether this difference was statistically significant, a
paired t-test was performed for the median ranks across iterations 1 to 10. In
addition, a Kolmogorov-Smirnov test was performed for every iteration on
compound ranks of different assay formats. All p-values were smaller than
10, hence indicating a statistically significant difference in distribution of
rank between cell-free and cell-based assays. This difference is likely due to
the fact that in order for compounds to have an effect in cell-based assays,
they have to be able to cross the cell membrane to reach the target of interest
(in cases when this target is not membrane-bound). Hence, these compounds
must have suitable physicochemical properties (such as permeability), in
order to be effective. Since our method on purpose did not distinguish
between cell-free and cell-based assays, these results are in line with
expectations; however, specific compound criteria for cell-based assays (e.g.,
incorporation of logP values, past performance in cell-based assays) are likely
to diminish this observed gap in performance between the two assay formats
in the future. Our starting set, the MoABox (see Methods), is geared toward

hypothesis-generating cell-based phenotypic screening; as a result, this set of
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compounds performs equally well on cell-based and cell-free assays (Figure
16, iteration 0).

Next, median compound ranks were evaluated per assay type (Figure 17).
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Figure 17. Median rank per iteration across assay types. The median rank of the compounds
of the selected subset at each iteration is plotted versus iteration. The iterative screening
algorithm (ISA) performs consistently well for most assay types, but there are a number of
assays for which the median rank of compounds selected swiftly deteriorates after around
iteration 3. These assays are for protein-protein binding, protein cleavage, protein function,
and enzyme activity/cleavage and are the same ones shown to have an overall median rank
greater than 65000 (Figure 15).

The iterative method performs consistently well for the majority of assay
types (median ranks are smaller than 100000 for iterations 1-10 for 11 out of
the 16 assay types), but there are a number of outlier assay types for which
the median rank of compounds selected swiftly deteriorates after around
iteration 3. These assays cover the biological events protein—protein binding,
protein cleavage, protein function, and enzyme activity/cleavage and are the
same ones shown to have an overall median rank above 65000 (Figure 15).
These results suggest that expansions in chemical and biological space are
unable to effectively retrieve the most active compounds for these assay types
after the first few iterations.

Chemical Diversity Analysis of Iterative Screening Results. In addition to
the rank distribution of the iteratively selected compounds, we also analyzed
the percentage of highly active scaffolds cumulatively retrieved. Highly active
scaffolds were separately defined for each assay as the Murcko scaffolds®

belonging to the top 0.5% most active molecules in the assay. While Murcko
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scaffolds are useful for assessing structural diversity of cyclic compounds (the
definition by Bemis and Murcko? is based on ring systems and linkers), this
measure of diversity is biased for assays where many aliphatic compounds
are hits. In the absence of a more inclusive and/or appropriate definition of
scaffold, the following analysis only includes chemical matter with a defined
Murcko scaffold.

The average retrieval rate of highly active scaffolds after 10 iterations across
all assay types is 41% (~1600 unique scaffolds per assay, ~9 analogs per
scaffold), with an average of 14959 compounds screened across all iterations
per assay. These results indicate that our method is able to prioritize diverse
chemical matter despite much smaller screening sets. In addition, it performs
substantially better than a traditional similarity search as the retrieval of
highly active scaffolds is only 11% in the first iteration where the similarity
search would stop, compared to 41% after 10 rounds of iterative screening.
The percentage of cumulatively retrieved highly active scaffolds steadily
increases with the iteration count (Figure 18), with the steepest increases

occurring in the earliest iterations.
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Figure 18. Cumulatively retrieved highly active scaffolds (%). For all assay types, the
percentage of cumulatively retrieved highly active scaffolds (scaffolds of the 0.5% most active
compounds of the full HTS) steadily increases, with the steepest increases occurring in the
earliest iterations. Most assay types display a scaffold retrieval of between 30 and 45% after
10 iterations. The calcium quantification assay showed relatively poor scaffold coverage
(~20% after 10 iterations), whereas the phosphorylation assays showed much better scaffold

coverage compared to other assay types (~55% after 10 iterations).

73



Most assay types display a scaffold retrieval of 30-45% after 10 iterations. The
calcium quantification assay showed relatively poor scaffold coverage (~20%
after 10 iterations), whereas the phosphorylation assay, typically used for
kinase inhibitors, showed much better scaffold coverage compared to other
assay types (~55% after 10 iterations). Given the presence of many series of
high-quality kinase inhibitors from past drug discovery programs in the
Novartis screening archive, in combination with the promiscuity of kinase
inhibitor binding,®% it is likely that many active inhibitors retrieved are
structurally/biologically similar. Hence, this is a possible explanation for the
preferred retrieval of a higher number of active scaffolds for phosphorylation
assays. Another interesting observation is that the assays for protein—protein
binding, protein cleavage, and enzyme activity show mediocre median ranks
(> 65000), while having average scaffold retrieval rates (30-40% retrieval after
10 iterations). This suggests that while our iterative screening algorithm (ISA)
is able to retrieve many compounds present in the top 0.5% of most active
compounds (to an extent comparable with the majority of other assays), many
inactive compounds are retrieved as well, resulting in a higher standard
deviation in rank (see Figure 15). The hypothetically best scaffold retrieval
among the top 0.5% of compounds screened would be achieved by sorting the
top 0.5% of compounds by activity and picking their scaffolds. We observed
that after picking 5000 compounds, this best possible performance retrieves
~75% of highly active scaffolds, compared to ~10-25% of highly active
scaffolds (depending on assay type) retrieved iteratively and ~0.4% that
would be retrieved if selection was random. In other words, iterative
screening of ~15000 compounds recovers a third of the structural diversity of
the top 5000 compounds of a 1.3 M compound screen.

The fraction of highly active scaffolds retrieved was also analyzed across all
assay types. Here, we determined the fraction of highly active scaffolds for
each iteration (see Figure 19).
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Figure 19. Fraction of highly active scaffolds retrieved (%). The iterative screening algorithm
(ISA) exhibits a general trend for all assays: for the first two or three iterations, the fraction of
highly active scaffolds retrieved per iteration sharply increases from ~10% to 30-80%
depending on assay type (the active scaffolds which are easy to identify are quickly
retrieved), after which it slowly decreases, as it becomes increasingly difficult to find the
remaining highly active scaffolds. Nevertheless, active scaffolds are still retrieved at the last

iterations.

We observed that, in general, the active scaffolds which are easily identified
are quickly retrieved: for the first few iterations, the fraction of highly active
scaffolds retrieved sharply increases from ~10% to 30-80%, after which it
slowly decreases, indicating the progressive difficulty in finding the
remaining highly active scaffolds. A possible explanation is the presence of
unreachable singletons in the screening archive that are beyond the
expansions we implemented thus far.

Visualization of Stepwise Exploration of Chemical Space. In order to
illustrate the iterative compound selection in more detail, we showed the
expansions for an inhibitory cell-free kinase assay in a network graph (see
Figure 20).
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Figure 20. Visualization of stepwise exploration of chemical space for an inhibitory cell-free

kinase assay. Expansions for an inhibitory cell-free kinase assay are shown in a network
graph. All compounds from the starting set (zeroth iteration) leading to no further
expansions have been omitted from the network graph, whereas those that led to at least one
further expansion are depicted on the large circle on the left part of the figure. All the
compounds present in the subnetwork in the upper-right corner of the figure represent
expansions from one single compound from the starting set (MoABox). In the lower-right
corner of the figure, we show an example of scaffold hopping, which is commonly caused by
expansions based on biological similarity (HTS-FP), enabling the method to explore chemical
space that is not reachable via expansions based on chemical similarity. In addition, the
depiction of activity cliffs?” (represented by bold and wide edges) allows the identification of

scaffold hopping leading to relatively sharp increases in activity.

All compounds from the starting set (zeroth iteration) leading to no further
expansions have been omitted from the network graph, whereas those that
lead to at least one further expansion are depicted on the large circle on the
left part of the figure. Compounds are color-coded according to their rank
(lower/ better and higher/worse ranks are represented by green and red
nodes, respectively), and edges are colored according to the expansion type
(chemical similarity expansions are orange and biological similarity
expansions are turquoise). Certain compounds from the starting set lead to
very few further expansions, and hence produce very few branches. Other
compounds lead to a larger number of expansions, as can be seen in the
upper-right corner of the figure: all the compounds present in that
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subnetwork represent expansions from one single compound of the starting
set. In the lower-right corner of the figure, we show an example of scaffold
hopping, which is commonly observed for biological similarity (HTS-FP)
expansions, enabling the method to explore chemical space that is not
reachable via chemical similarity. In addition, the depiction of activity cliffs¥
(represented by bold and wide edges) allows the identification of scaffold
hopping indicative of a relatively sharp increase in activity.

Tuning Iterative Screening to Assay Requirements. The number of
compounds triaged per iteration has a large effect: as more compounds are
carried forward, both the median ranks and the scaffold retrieval for
compounds selected in iterations 1-10 increase (comparison of experiments 2

and 3 with reference, see Figure 21 and Figure 22).
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Figure 21. Effect of varying the number of compounds triaged per iteration in terms of
median compound rank. As the number of compounds triaged increases, the median ranks
consistently increase for iterations 1 to 10. These results are in accordance with our
expectations: as the number of triaged compounds is increased (i.e., a less stringent selection
criterion is applied for compound triaging), more expansions take place and more
compounds are screened overall.
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Figure 22. Effect of varying the number of compounds triaged per iteration in terms of
percentage cumulatively retrieved highly active scaffolds. As the number of compounds
triaged increases, scaffold retrieval is higher as well. These results are in accordance with our
expectations: as the number of triaged compounds is increased (i.e., a less stringent selection
criterion is applied for compound triaging), more expansions take place and more

compounds are screened overall.

When the number of compounds triaged was increased from 50 to 100 and
from 100 to 200, median ranks of the compounds selected in iterations 1-10
increased significantly from 23517 to 36101 in the first case and from 36101 to
63721 in the second case (paired t—test p-values of 1.2 x 10° and 3.4 x 10,
respectively). Scaffold retrieval increased from 20% to 28% and from 28% to
38% for the same comparisons, with respective paired t-test p-values of 1.1 x
10° and 9.9 x 10°®. Less stringent hit selection during triaging leads to more
subsequent expansions and increases the total number of compounds
screened. The overall net result is an increased retrieval of active scaffolds at
the cost of screening more inactive compounds as evidenced by higher
median ranks.

When investigating the dependence of scaffold coverage on fingerprint type,
we found that HTS-FP-based and structure-based expansions accounted for
90% and 50%, respectively, of total highly active scaffold retrieval after 10
iterations. Since HTS-FPs capture the biological profile of compounds, HTS-
FP similarity leads to more structurally diverse sets of biologically similar
compounds compared to structure-based expansions.

Increasing the Tanimoto® cutoff from 0.6 to 0.8 (comparison of experiment 5

to the reference experiment) for structure-based expansions decreased both
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median compound ranks from 36101 to 16831 (paired t-test p-value of 9.4 x
104) and scaffold retrieval from 28% to 16% (paired f—test p-value of 2.6 x
107¢). The maximum number of compounds triaged per parent compound did
not have a clear effect on the diversity nor the ranks of the compounds
screened. Lowering this number from 5 (reference experiment) to 2
(experiment 8) resulted in a 2% higher scaffold retrieval (paired t-test p-value
of 0.047), whereas an increase to 10 (experiment 9) had no significant effect on
either median ranks or scaffold retrieval. In summary, the number of
compounds triaged was the most influential factor, which can be adjusted
depending on the number of compounds one intends (or can afford) to
screen.

Finally, iterative screening was repeated with 10 randomly chosen starting
sets, and the results were compared to those obtained with the MoABox as a
starting set. The latter resulted in better median ranks only until the first
iteration, virtually identical median ranks from iteration two onward, and
slightly higher scaffold retrieval throughout all iterations. While minor
differences across starting sets can be observed, the key findings presented in
this study are independent of the precise composition of the starting set.
However, the availability of a high-quality starting set, as the MoABox for us,
can provide biological insight early on through comprehensive compound

annotations.

Conclusions

Even though alluded to in the literature and theoretically appealing, no
comprehensive practical evaluation of iterative screening was published. In
this study, we have performed an unequaled large-scale validation of iterative
screening on 34 HTS assays comprising at least 1300000 compounds and
showed greatly improved efficiency over conventional HTS campaigns. For
most assays, half of the compounds found by iterative screening of only 1%
(~15000 compounds) of the entire collection correspond to the top 5% of the
full collection screen. Put differently, screening only 1% of the collection
provides ~7500 top-quality hits for further optimization. On average, the
compounds selected covered over 40% of the scaffolds belonging to the top
0.5% most active compounds for each assay, hence also ensuring structural
diversity. Our method allows for exit points during the iterative screening
process: performing large numbers of iterations is not necessary in order to

retrieve active compounds, as they are retrieved starting from the first
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iteration already, and therefore, a large investment in resources upfront is not
required. As expected, the method in its current state performs better for cell-
free assays compared to cell-based assays; a future improvement can gear
toward physicochemical properties more adapted to cell-based screens.

We used network graphs to visualize the compound selection process, and to
highlight activity cliffs,*” scaffold hopping, and the effect of changing the
number of compounds triaged (which was found to have the largest influence
on compound selection). As an outlook for further refinement of our method,
we propose (1) investigating activity cliffs¥ (to be able to prioritize expansion
types) and (2) employing iteratively retrained machine-learning methods® to
rank the screening collection in parallel to the structure-based and HTS-FP-
based expansions currently performed. We believe that the iterative method
developed here can easily be fine-tuned for specific assay types, provides
multiple exit points, and can potentially lead to considerable savings in both

time and resources.
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Abstract

Despite the usefulness of high-throughput screening in drug discovery, for
some systems, low assay throughput or high screening cost can prohibit the
screening of large numbers of compounds. In such cases, iterative cycles of
screening involving active learning (AL) are employed, creating the need for
smaller “informer sets” that can be routinely screened to build predictive
models for selecting compounds from the screening collection for follow-up
screens. Here, we present a data-driven derivation of an informer compound
set with improved predictivity of active compounds in HTS, and validate its
benefit over randomly selected training sets on 46 PubChem assays
comprising at least 300000 compounds and covering a wide range of assay
biology. The informer compound set showed improvement in
BEDROC(=100), PRAUC and ROCAUC values averaged over all assays of
0.015, 0.010 and 0.016, respectively, compared to randomly selected training
sets, all with paired t-test p-values < 10-°. A per-assay assessment showed
that the BEDROC(a=100), which is of particular relevance for early retrieval of
actives, improved for 40 out of 46 assays, increasing the success rate of
smaller follow-up screens. Overall, we showed that an informer set derived
from historical HTS activity data can be employed for routine small-scale
exploratory screening in an assay-agnostic fashion. This approach led to a
consistent improvement in hit rates in follow up screens without
compromising on scaffold retrieval. The informer set is adjustable in size
depending on the number of compounds one intends to screen, as
performance gains are realized for sets with more than 3000 compounds, and
this set is therefore applicable to a variety of situations. Finally, our results
indicate that random sampling may not adequately cover descriptor space,
drawing attention to the importance of the composition of the training set for

predicting actives.

Introduction

Over the past three decades, high-throughput screening (HTS) has become a
well-established method used during early drug discovery.!” However, low
assay throughput or high screening cost can at times prohibit the screening of
large numbers of compounds.’’ Given this drawback, iterative cycles of
design-screen-refine involving active learning (AL) strategies can be used
when only a small number of compounds can or should be screened.!®!? This,

in combination with recent advances in machine learning, has recently
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prompted efforts to improve bioactivity modeling in order to identify active
compounds in silico, with the aim of increasing the hit rates in compound
screens.!!

For this purpose, a high-throughput screening fingerprint (HTS-FP) was
developed by Petrone et al.®® and later by Dancik et al,'* which profiles
compounds according to their bioactivity across a range of HTS assays. This
work was based on the idea that such fingerprints are predictive of
compound affinity on targets not covered in the fingerprint and showed the
value of HTS-FP for virtual screening and biodiverse selection of actives. This
concept has previously been explored computationally on smaller datasets,>®
but without large-scale experimental validation. More recently, Riniker et al."?
benchmarked the predictive performance of chemical fingerprints and HTS-
FP in conjunction with a variety of classification methods across a large
number of assays performed in Novartis and those in the public domain
(available in PubChem).? It was found that random forest (RF) methods with
HTS-FP often outperformed machine learning methods developed on
chemical descriptors.’” On a related note, Maciejewski et al.?! explored an
experimental design strategy where AL was used to enhance the chemical
diversity of large training sets comprising over 50000 compounds, leading to
improvement in model performance. While the mentioned studies addressed
the dependence of the model on descriptor and classification method used, a
comprehensive assessment of how the composition of the initially screened
compound set (training set) affects model performance and early retrieval of
actives from the remaining screening collection was not performed.

The effectiveness of HTS screening sets in identifying actives has been widely
discussed.?? Given the possible existence of over 10° drug-like molecules,” it is
remarkable that HTS campaigns comprising “only” 10° compounds succeed
in finding hits at all.?*?* A plausible explanation for this is that screening
libraries are not random, but rather biased towards biogenic compounds,
likely to interact with the druggable proteome. This claim has been reinforced
by studies showing the chemical similarity between metabolite space, natural
product space and bioactive space.”? A comprehensive analysis by Klekota et
al?® showed that certain “privileged” chemical substructures, such as
benzodiazepines,” enrich for bioactivity, creating further avenues for
modeling the likelihood of compounds being bioactive in any therapeutically

relevant setting (hereafter referred to as joint bioactivity modeling), rather
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than target- or phenotype-specific bioactivity modeling (also shown by Gillet
et al.).

In this study, we harnessed bioactivity information from a large number of
PubChem? HTS assays to derive an assay-agnostic “informer compound set”
that, once screened, predicts bioactivity better than randomly selected sets for
almost all HTS assays, improving the efficiency of subsequent screens. We
used AL to iteratively derive this set. Due to the difficulty in implementing
AL under extreme class imbalance® as is the case for all HTS assays analyzed
in his study, activities from multiple assays were combined to derive binary
labels representing assay-agnostic bioactivity for each compound. This was
based on the idea of joint bioactivity modeling®* and led to a class-balanced
dataset suitable for AL. HTS-FPs were used as descriptors, as they showed
improved performance over chemical fingerprints.!” Moreover, this informer
set was constructed with the aim to facilitate routine screens, as pre-
composed sets are easier to screen routinely from an infrastructure point of

view.

Methods

HTS Data. The public HTS data used by Riniker et al.!” was used in this study
(see Tables S1 and S2 of this reference for the list of assays used). HTS data
from the NIH molecular libraries program (MLP) comprising at least 300000
compounds per assay, and submitted by the NCGC, the Scripps Research
Institute Molecular Screening Center, or the Burnham Center for Chemical
Genomics were extracted from PubChem.? This resulted in a total of 141 cell-
based and target-based assays (mainly using fluorescence readout
technologies), covering a wide range of assay biology (kinases, proteases, ion
channels, GPCRs and other target classes). Assay-specific z-scores were
calculated for all compounds tested based on the activity measurement used
to define the PubChem activity outcome. The set of assays was subsequently
split into 2 groups: 95 “group 1 assays” (comprising over 338000 compounds)
and 46 “group 2 assays” (comprising 300000-338000 tested compounds,
depending on operational turnover of the compound collection at the
screening centers). Group 1 assays (referred to as “historical assays” by
Riniker ef al.)’ were used exclusively for the construction of HTS-FP,® a
fingerprint used as a descriptor for machine learning, profiling the activity of
a compound across HTS assays based on z-scores (float version).’* Group 2

assays (referred to as “test assays” by Riniker et al.)' were used for deriving
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labels and for model training and testing. This distinction between assay
groups ensured that there was no overlap in targets between the two
groups.”

HTS-FP. For each compound, an HTS-FP was computed, in which each
element corresponds to the z-score (based on activity) of the compound in one
of the group 1 assays. Missing z-scores (15% of all data points; not every
compound is tested in each assay) were assumed to be 0 (the mean of z-
scores), as implemented earlier by Riniker et al."®

Workflow. In this study we tested the performance of bioactivity models
developed on an informer set derived with AL. First, we evaluated the
performance for predicting bioactivity independent of tested assay (Figure 23,
joint bioactivity modeling).

Joint bioactivity ~ Assay-specific
modeling validation

Select 1k top and Select 1k top and
bottom ranked bottom ranked
compounds for all 46 | |~ compounds for 45
‘group 2 assays (~60k | | group 2 assays (leave:
total) 1 assay out)

| |

Assign binary labels: | [ Assign binary labels

- Active - Activeif
compound is compound is
active in at least active in at least
one assay one of 45 assays

- Inactive otherwise | |- Inactive otherwise

compounds

Determine uncertain

predictions according to

pre-defined uncertainty
threshold (UT)

Determine uncertain

predictions according to

pre-defined uncertainty
threshold (UT)

Rank predictions by

Rank predictions by
sample uncertainty (SU)

sample uncertainty (SU)

Assess performance | [ Look up activities of

atevery set size training set in assay

left o sess

perform every

set size (on assay left
out)

Figure 23. Overview of workflow. In this study, two analyses were performed. Firstly (left), a
joint bioactivity model was developed on the 1000 top and bottom ranked (based on z-scores)
compounds. An AL approach was used to iteratively augment the training set, for which
model performance (ROCAUC) was assessed at every set size. The second analysis (right)
involved an assay-specific validation, where a joint bioactivity model was developed on all
assays except the assay left out of training. The training set was iteratively augmented with
uncertain samples using AL, and at every set size, activities of these compounds were looked
up in the assay left out. Subsequently, model performance (ROCAUC, PRAUC, BEDROC) for

the training set was assessed on the assay left out, rather than on the joint activities dataset.

Here, activities from group 2 assays were combined to derive binary labels
representing assay-agnostic bioactivity for each compound in order to
construct a class-balanced dataset suitable for AL. Improved model
performance at this step was considered a prerequisite for the more
challenging task of predicting actives for individual assays. An assay-specific

validation was performed to address the latter task: the informer set was
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derived from activity data from 45 group 2 assays and predictivity was
assessed on the one assay remaining (Figure 23, assay-specific validation).
This was repeated 46 times, effectively leaving each group 2 assay out once.
Joint Bioactivity Modeling. The 1000 least and most active compounds
(based on z-scores) were selected from each group 2 assay, resulting in a total
of 58768 compounds. A skewed distribution of the number of assays these
compounds were active in was observed, with 45%, 33%, 12% and 10% of
compounds active in 0, 1, 2 and more than 2 assays, respectively. Each
compound was labeled as “active” if it was active in any of the group 2 assays
(as defined by the PubChem activity outcome) or “inactive” otherwise,
resulting in a total of 32171 actives and 26597 inactives. This labeling was
based on the concept of considering activities independent of the assay they
were tested in (joint bioactivity). An RF model (scikit-learn)®3* was developed
on a randomly selected class-balanced training set of 5000 compounds, and
the performance of the model was assessed on the remaining compounds.
Using AL, this training set was iteratively augmented with up to 1250
uncertain samples at each iteration, with the aim to improve model
performance on the remaining compounds (see “Active Learning” section for
more details). The model for this informer set was benchmarked against a
model developed on a randomly selected set at each set size using the area
under the receiver operating characteristic curve (ROCAUC).

Assay-specific Validation. Here, the informer set was derived from activity
data from 45 group 2 assays, and a model was trained on group 1 assay HTS-
FPs and labels derived from the one assay left out. The starting set was a
randomly selected class-balanced set of 1000 compounds, which was
iteratively augmented by up to 500 compounds using AL (see “Active
Learning” section for more details). The size of the training and augmentation
set was kept smaller here than for the joint bioactivity modeling due to
observed improvement in performance at the earlier stages of the algorithm.
Performance on the assay left out was assessed at each set size using the
ROCAUC, the area under the precision-recall curve (PRAUC),* Boltzmann-
enhanced discrimination of ROC (BEDROC) (a=100),%%" and the retrieval of
Murcko scaffolds® belonging to the active compounds. The BEDROC(a=100)
was used due to its relevance in early retrieval of actives in imbalanced
datasets and the PRAUC was used because it captures the effect of the large
number of inactive compounds on the model’s performance.*® Both these

metrics were therefore considered more relevant than the ROCAUC for the
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assay-specific validation (by contrast, for the joint bioactivity modeling the
ROCAUC was considered an adequate metric due to class balance).

The model was benchmarked against models developed on a randomly
selected set and a set comprising compounds with the highest median z-
scores across the 45 assays left in (the frequent hitter set). The latter
comparison was included to ensure that the performance gain for the
informer set was better than when simply more actives from other assays
(including more frequent hitters) were trained on.

Machine Learning. The RF parameters used were: 100 trees (no maximum
depth), minimum samples to split = 2, and minimum samples for a leaf = 2.
Active Learning (AL). The AL approach consisted of three iterative steps: (1)
training of an RF model, (2) model testing on the remaining compounds and
(3) augmenting the training set with a randomly selected subset of uncertain
labeled samples (1250 and 500 compounds for the joint bioactivity modeling
and assay-specific validation, respectively); when the number of uncertain
samples was smaller than the size of the subset, all uncertain samples were
selected. The AL algorithm was terminated when the number of uncertain
samples was zero. Sample uncertainty (SU) of a given compound ¢ was
defined as the absolute probability difference in active versus inactive class

predictions:

SUC — |pgctive _ pé'nactive| (4)

with SU. in the range of 0-1 where 0 and 1 represent the most uncertainty and
complete certainty in prediction, respectively. Only samples with an SU value
smaller than the uncertainty threshold (UT) were considered uncertain. We
investigated the effect of varying the UT from 0.5 (least stringent) to 0.01
(most stringent) for the joint bioactivity modeling, and used a UT of 0.1 for
the assay-specific validation. The presence of uncertain samples suggests
undersampling of bioactivity space. Including these samples could improve
model performance over random sampling.1°

Software Used. The workflow comprised Python scripts for data analysis,
using scikit-learn® for machine learning and RDKit* for scaffold derivation.
Tableau* was used for data exploration and R* was used for the visualization

of results.
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Results and discussion

The development of an informer set for the prediction of joint bioactivity is
presented first (see Figure 23 — left). Prediction of joint bioactivity allowed the
identification of compounds more likely to be bioactive regardless of the
assay used. This was followed by a performance assessment of the informer
set on individual assays (assay-specific validation; see Figure 23 — right), and
an analysis of scaffold retrieval and set composition. The assay-specific
validation was performed in order to determine whether the informer set is
more useful than a randomly selected set in predicting actives for novel
assays one might perform.

Joint Bioactivity Modeling. The gap in ROCAUC between models developed
on the AL sets and on randomly selected sets consistently widens from set

sizes of ~5000 onwards (see Figure 24 — top).
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Figure 24. Comparison of model performance for the AL and randomly selected training sets.
The ROCAUC (top) is shown for the models trained on AL and randomly selected sets.
Performance across all set sizes is consistently better for all AL sets than it is for the randomly
selected set. At a set size of 40000 an average gain in performance of 0.08 is observed. In
addition, lower UT values led to better performance than higher UT values. A UT value of 0.1
was chosen for the assay-specific validation on the basis of a trade-off between improvement
in performance and maximum training set size. For the AL set (UT = 0.1), the number of
uncertain samples declines faster compared to the randomly selected set (bottom), indicating

more efficient sampling of bioactivity space.
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At a set size of 40000 an average gain in performance of 0.08 is observed for
the AL sets (average ROCAUC of 0.83 compared to 0.75 for randomly selected
sets). Stringent UT values led to sets with a greater gain in performance at the
cost of maximum set size, as fewer samples are classified as uncertain, and the
number of uncertain samples reduces to zero earlier in the AL process.
Moreover, the number of uncertain samples declines faster for the AL (UT =
0.1) set than for the randomly selected set (Figure 24 — bottom), indicating the
benefit of AL in sampling relevant bioactivity space more efficiently. For
example, almost all uncertain samples were exhausted for a set size of
approximately 40000 using AL, whereas the random set did not exhaust the
uncertain samples even at set sizes upwards of 50000. These results indicate
that AL is able to consistently sample descriptor space better than random
sampling, hereby improving the identification of compounds bioactive in one
or more group 2 assays. For further analysis, we chose a UT value of 0.1 on
the basis of a trade-off between gain in performance and maximum training
set size.

Predictive Performance of Informer Set on Individual Assays. In an attempt
to translate performance gain in predicting joint bioactivity (see previous
section) to performance gain in individual large-scale assays, we performed
an assay-specific validation for all group 2 assays. Improved predictive
performance in this setting would corroborate the usefulness of an informer
set, as no prior information about the assay left out would be required for its
construction.

The BEDROC(a=100),°%” PRAUC and ROCAUC were calculated for an RF
classifier trained on the informer set (AL), a randomly selected set, and the
frequent hitter set. These values were averaged over all 46 assay-specific

validation experiments and were binned by set size (see Figure 25).
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Figure 25. Comparison of model performance for the AL (UT = 0.1), random and frequent
hitter training sets (assay-specific validation). The BEDROC(a=100)337 (top), PRAUC
(middle) and ROCAUC (bottom) binned by set size are shown for all three training sets (bin
width=500). The assay-averaged performance for the AL set (all metrics) is consistently better
than that for the randomly selected set. For the frequent hitter set, performance is consistently
worse than both the AL set and the randomly selected set for training sets larger than 5000
compounds. These results indicate that models trained on the AL set consistently retrieve

more actives compared to models trained on the other sets.

The frequent hitter set was used as a benchmark, to ensure that the
performance gain of the AL set was better than when simply more actives
from other assays (including more frequent hitters) were trained on.

Overall, the performance for the AL set was enhanced compared to the
randomly selected set, with an average increase of 0.015, 0.010 and 0.016 in
average BEDROC, PRAUC and ROCAUC, respectively (all with paired t—test
p-values < 107%%). The apparent low values of the average BEDROC (0.25-0.40)
can be explained by the Boltzmann enhancement, as early retrieval of actives
is strongly preferred. Low values of the average PRAUC metric (0.10-0.25) can
be explained by the extreme class imbalance: a random classifier would
achieve a PRAUC of ~0.007 given the average fraction of actives is only ~0.7%.
For the frequent hitter set, performance is consistently worse for set sizes

larger than 5000, indicating that simply including more actives from other
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assays does not account for the performance gain observed for the informer
set. This finding is in line with the results of the “weak reinforcement
strategy” as described in the study by Maciejewski et al.?! Here, training sets
with a large number of actives similar in descriptor space (including frequent
hitters* in our study, as the descriptor space is based on bioactivity profiles)
were found to be poor at identifying the remaining small number of actives in
the test set due to insufficient coverage of descriptor space. By contrast,
training sets containing compounds outside the applicability domain,
corresponding to uncertain samples in this study, were much better at
identifying the remaining actives in the screening collection.

Next, the average improvement in performance over all set sizes of the

informer set was calculated separately for each assay (see Figure 26).

_
§ 0.10
[os]
S 005 III ' m
5 T 2
e 0.00 ..- ------f----—-i+ﬁ‘ﬁi--;-ﬁ<}? : *—a.L-!’! 8
b =
@ -005 3
§ S
-0.10
g
8 o010
-
< 0.05
3 NN 3
8 oo mHEE el UL L BRSO DY NP R ———
| | L] c
s S
£ -0.05
1
o -0.10
]
[-% 0.10
£
: ol I :
2 o0 3
3 o
£
g- -0.10
- SEENVE RIS S EVLRREEESNE B VLYLLH Ve PR LIV LS LSS0
VS USNDSSONDSO VNSNS OSNNSVNHODNDONVSDSONNDODSHBD0SDNVO
GE VU VVUFV™PE VLI L VVVVVRPIY VT VO VF VAV VISV ~BY R
YY ¥ ¥ ¥Y WYY YYEE ¥ WY ¥ S ¥ VY YVO V¥

PubChem Assay ID

Figure 26. Improvement in model performance for the AL (UT = 0.1) set compared to the
randomly selected set for separate assays. The average difference in BEDROC(a=100)%3"
(top), PRAUC (middle) and ROCAUC (bottom) between the AL set and the randomly
selected set is shown for separate assays. Error bars represent standard error of the mean. For
25 out of 46 assays all three metrics improved, whereas the BEDROC(a=100), which is of most
relevance for early retrieval of actives,?% improved for 40 out of 46 assays. In practice, the
results indicate that if a subsequent screen were performed for each assay, more actives

would be retrieved for 40 assays, compared to when random training sets would be used.
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For 29 out of 46 assays, all three metrics improved by average 0.02 on average,
whereas the BEDROC, which is of most relevance for early retrieval of
actives, ¥ improved for 40 out of 46 assays by 0.02 on average. The best
increase in performance was observed for assays number 463210 (caspase 7),
463141 (caspase 3), 2280 (GLD-1 protein) and 2174 (lysophospholipase 1), with
BEDROC improvements of 0.08, 0.06, 0.05 and 0.04, respectively. While
improvement was modest for most assays, it was consistent, as shown by the
error bars representing the standard error of the mean difference in
performance between the informer set and the randomly selected set across
all sizes. Given the relatively small training sets, varying in size from ~0.3% to
10% of the entire screening collection, large improvements in predictive
power over the remaining 90%-99.7% would be unrealistic. We attempted to
investigate the cause for the performance loss for the remaining 6 assays, but
could not find an explanation: there was no apparent relationship with the
average performance for that assay, nor the number of actives in that assay.

Scaffold Retrieval for Individual Assays. We analyzed the scaffold retrieval
rate (defined as the retrieved percentage of unique scaffolds belonging to
active compounds in the test set; see Figure 27 — top) and the median z-scores
(see Figure 27 — bottom) of actives identified in the top 5% ranked compounds

in order to assess whether these actives were enriched for frequent hitters.
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Figure 27. Active scaffold retrieval (%) and median z-scores of actives in top 5% (assay-
specific validation). Similar values in scaffold retrieval and the median z-scores of actives in
the top 5% ranked compounds for the AL set and the randomly selected set indicate that the
AL approach does not compromise on the scaffold retrieval of active compounds, nor does it
substantially enrich for frequent hitters. For the frequent hitter set, scaffold retrieval is
consistently reduced, hence showing that simply including active compounds from other

assays in the training set does not improve the retrieval of diverse sets of actives.

Similar values in scaffold retrieval (45%-55%) and median z-scores (~0.20) for
the AL set and the randomly selected set indicate that the AL approach does
not compromise on the retrieval of diverse sets of active compounds, nor does
it substantially enrich for frequent hitters. Remarkably, the fluctuation in
scaffold retrieval is somewhat higher for the random set. This finding is not
surprising, as the number of active scaffolds in the training set (which varies
in different random sets of compounds due to chance) determines scaffold
retrieval in the test set. By contrast, the AL set is iteratively augmented with
uncertain compounds that are more likely to have different scaffolds, and
hence shows less fluctuation in scaffold retrieval. The frequent hitter set
consistently shows worse performance than the other two sets in scaffold
retrieval. In addition, the median z-score of the actives retrieved consistently
drops from 0.09 to below 0 (Figure 27 — bottom). The latter drop is likely

caused due to fewer compounds with high median z-scores remaining in the
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test set as training set size increases. Relative stability of the median z-score is
observed for both the AL and random sets, indicating no enrichment for
frequent hitters in the training set. In summary, we conclude that when the
AL approach is used the scaffold retrieval is not impaired, frequent hitters are
not enriched for and at the same time overall hit rates are improved.

Composition of informer set. In order to analyze the composition of the
informer set in more detail, we calculated the fraction of the number of active
compounds picked from the group 2 assays relative to the number of active

compounds for each assay (see Figure 28).
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Figure 28. Composition of the informer set in terms of active compounds selected from group
2 assays. The heat map represents the composition of the informer set at varying sizes in
terms of the fraction of the number of active compounds selected from group 2 assays relative
to the number of active compounds for each assay. On the one hand, active compounds from
assays number 493008 (troponin C type 1), 2797 (vasopressin Vla receptor), 2435 (oxytocin
receptor) and 492972 (platelet-activating factor acetylhydrolase 1b subunit y) are consistently
overrepresented (fold change > 1.3 at a set size of 30000). On the other hand, active
compounds from assays number 1950 (EBNA-1 protein), 2805 (intestinal alkaline
phosphatase), 493012 (DNA deaminase APOBEC-3G) and 2177 (lysophospholipase 2) are
underrepresented (fold change < 0.8 at a set size of 30000). While the AL approach improves
performance for all assays, the average BEDROC(a=100) is much higher for the assays with

overrepresented actives (0.75) than for the assays with underrepresented actives (0.20).

On the one hand active compounds from assays number 493008 (troponin C
type 1), 2797 (vasopressin Vla receptor), 2435 (oxytocin receptor) and 492972
(platelet-activating factor acetylhydrolase 1b subunit y) are consistently
overrepresented in the informer set (maximum fold change > 1.3) while on the

other hand active compounds from assays number 1950 (EBNA-1 protein),
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2805 (intestinal alkaline phosphatase), 493012 (DNA deaminase APOBEC-3G)
and 2177 (lysophospholipase 2) are underrepresented (minimum fold change
< 0.8). While the AL approach improves performance for all the assays
mentioned above (see Figure 26), interestingly, the average BEDROC is much
higher for those assays of which the active compounds are overrepresented
(0.75) than for the assays of which the active compounds are underrepresented
(0.20). This indicates that more actives are picked from assays already
exhibiting good performance. In addition, as determined by Riniker et al." the
assays of which the active compounds are overrepresented share over 20% of
actives with at least six group 1 assays, whereas the assays of which the active
compounds are underrepresented share over 20% actives with only at most
one group 1 assay (group 1 assays were used to define descriptor space),
explaining the difference in BEDROC between these assays.

We attempted to investigate whether bias towards active compounds from
particular assays in the informer set was related to improvement in
performance over models trained on randomly selected sets for those assays,
but could not find any link. We therefore conclude that this improvement in
performance is due to better sampling of bioactivity space, as the AL

approach iteratively augments the informer set with uncertain samples.

Conclusions

Strategies involving iterative cycles of feedback-driven compound selection
and testing can be used when low assay throughput or high screening cost
hinders the screening of large compound libraries. This creates the need for
the exploratory screening of smaller informer sets to build predictive models
for compound selection for follow-up testing. In this study, we performed a
data-driven construction of an informer compound set with improved
retrieval of actives in a subsequent selection round for apparently unrelated
HTS assays. The benefit of this informer set was validated over randomly
selected training sets on 46 PubChem? assays comprising at least 300000
compounds. Overall, we highlight that such a set — of adjustable size,
depending on the number of compounds one intends to screen — can be
employed for routine exploratory screening in an assay-agnostic fashion for a
gain in predictive power.

Averaged over all assays, an improvement in BEDROC, PRAUC and
ROCAUC (of 0.015, 0.010 and 0.016 respectively) was observed with respect

to random training sets, all with paired t-test p-values < 10-°. The informer set
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improved the BEDROC for 40 out of 46 assays, indicating better early
retrieval of actives. In addition, we found that our approach did not
compromise on the retrieval of diverse sets of active compounds, nor did it
enrich for frequent hitters, as both scaffold retrieval and the median z-score
activity of the actives retrieved were unaffected. The informer set
overrepresented actives from certain assays, and underrepresented actives
from other assays. Interestingly, while the informer set increased performance
for both groups of assays, the BEDROC was much higher (0.75) for the assays
of which the actives were overrepresented, than for assays with
underrepresented actives (0.20).

We conclude that our AL approach is able to more effectively sample
descriptor space, expected to improve the retrieval of active compounds in
subsequent screens, thereby reducing the time and expense required to arrive

at the same number of hits.
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Chapter six

Proteochemometric Modelling Coupled to in Silico
Target Prediction: an Integrated Approach for the
Simultaneous Prediction of Polypharmacology and

Binding Affinity/Potency of Small Molecules

Reproduced from Shardul Paricharak, Isidro Cortés-Ciriano, Adriaan P. IJzerman, Thérése
E. Malliavin, and Andreas Bender. (2015) J. Cheminform. 7, 15-25.
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Abstract

The rampant increase of public bioactivity databases has fostered the
development of computational chemogenomics methodologies to evaluate
potential ligand-target interactions (polypharmacology) both in a qualitative
and quantitative way. Bayesian target prediction algorithms predict the
probability of an interaction between a compound and a panel of targets, thus
assessing compound polypharmacology qualitatively, whereas structure-
activity relationship techniques are able to provide quantitative bioactivity
predictions. We propose an integrated drug discovery pipeline combining in
silico target prediction and proteochemometric modelling (PCM) for the
respective prediction of compound polypharmacology and potency/affinity.
The proposed pipeline was evaluated on the retrospective discovery of
Plasmodium  falciparum DHFR inhibitors. The qualitative in silico target
prediction model comprised 553084 ligand-target associations (a total of
262174 compounds), covering 3481 protein targets and used protein domain
annotations to extrapolate predictions across species. The prediction of
bioactivities for plasmodial DHFR led to a recall value of 79% and a precision
of 100%, where the latter high value arises from the structural similarity of
plasmodial DHFR inhibitors and T. gondii DHER inhibitors in the training set.
Quantitative PCM models were then trained on a dataset comprising 20
eukaryotic, protozoan and bacterial DHFR sequences, and 1505 distinct
compounds (in total 3099 data points). The most predictive PCM model
exhibited R% st and RMSEest values of 0.79 and 0.59 pICso units respectively,
which was shown to outperform models based exclusively on compound (R%
test/ RMSEiest = 0.63/0.78) and target information (R% st/ RMSEest = 0.09/1.22), as
well as inductive transfer knowledge between targets, with respective R% st
and RMSEest values of 0.76 and 0.63 plICso units. Finally, both methods were
integrated to predict the protein targets and the potency on plasmodial DHFR
for the GSK TCAMS dataset, which comprises 13533 compounds displaying
strong anti-malarial activity. 534 of those compounds were identified as
DHEFR inhibitors by the target prediction algorithm, while the PCM algorithm
identified 25 compounds, and 23 compounds (predicted pICso > 7) were
identified by both methods. Overall, this integrated approach simultaneously
provides target and potency/affinity predictions for small molecules.
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Introduction

In recent years it has been demonstrated that drugs exert their therapeutic
effect by modulating more than one target, in fact six on average.! Therefore,
the early evaluation of the bioactivity profiles of lead compounds is essential
for the success in developing new drugs, although efficacy is sometimes
attained by the inhibition of single targets, e.g., viral proteins. Similarly,
understanding drug polypharmacology can help in anticipating drug adverse
effects.?

In parallel, the availability of public bioactivity databases has enabled the
application of large-scale chemogenomics techniques to, among others,
predict protein targets for small molecules, and to predict their affinity on
therapeutically interesting targets.* These techniques capitalize on bioactivity
data to infer relationships between the compounds, encoded with numerical
descriptors, and their targets, which can be represented as labels in a
classification model or explicitly encoded by e.g., protein or amino acid
descriptors.*

In silico target prediction algorithms assess potential compound
polypharmacology through the computational evaluation of the (functionally
unrelated) targets modulated by a given compound, or its selectivity to
species-specific targets, as they predict the probability of interaction of that
compound with a panel of targets.® Initially, target prediction models were
developed using Laplacian-modified Naive Bayesian classifiers® and the
Winnow algorithm.” Later, Keiser et al.® developed a model which related
biological targets based on ligand similarities and ranked the significance of
the resulting similarity scores using the Similarity Ensemble Approach (SEA),
followed by Wale and Karypis® who applied SVM and ranking perceptron
algorithms to rank targets for a given compound. More recently, Koutsoukas
et al.'® compared the performance of both the Naive Bayesian and Parzen-
Rosenblatt Window classifiers, concluding that the overall performance of
both methods is comparable though differences were found for certain target
classes.

The ligand-target prediction methods described above generally predict the
likelihood of interaction with a target, and they do not predict compound
affinity or potency (e.g., Ki or ICso). On the other hand, quantitative bioactivity
prediction techniques, e.g., proteochemometric modeling (PCM),® predict the
potency or affinity for compound-target pairs, normally in the form of pICso

or pKi values. PCM combines information from compounds and related
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targets, e.g., orthologs, in a single machine learning model,*!! which enables
the simultaneous modeling of chemical and biological information, and thus
the prediction of compound affinity and selectivity across a panel of targets.
Nonetheless, the effects of a compound at the cellular or the organism level
are poorly understood in this case, as these methods cannot account for the
interactions of a compound with other unrelated targets, which are not
captured in the PCM model.

Given the limitations of both purely qualitative and purely quantitative
bioactivity modeling approaches, in the current work, we propose an
integrated drug discovery approach, combining in silico target prediction for
the qualitative large-scale evaluation of compound bioactivity, and PCM for
the quantitative prediction of compound potency. The proposed approach
was evaluated on the discovery of DHFR inhibitors for Plasmodium falciparum
(P. falciparum), the causative agent of the most dangerous form of malaria.!
Whilst there are multiple anti-malarial drugs on the market, resistance to anti-
malarial drugs is on the rise,’*'* and there are only 21 compounds in clinical
or pre-clinical trials.'®

In order to combat the lack of novel drugs for malaria, big pharmaceutical
companies have generated a wealth of phenotypic data, namely the
GlaxoSmithKline (GSK) TCAMS dataset, as well as the Novartis-GNF Malaria
Box.!17 Both datasets contain phenotypic readouts, describing how effective
the compounds present in the datasets are in inhibiting the growth of P.
falciparum. Nonetheless, none of them contain annotations about the P.
falciparum target(s) involved, making it a challenge to elucidate the mode of
action (MoA) of the compounds in the dataset, and hence, making the dataset
difficult to interpret. This renders these datasets a very suitable case study for
the algorithms we are presenting in this work.

In the context of malaria drug discovery, previous studies have applied
machine learning algorithms to predict whether plasmodial proteins are
secretory proteins based on their residue composition,’® and to predict the
bioactivities of compounds against particular plasmodial targets.!”? These
approaches, though, did not account for the polypharmacology of anti-
malarial compounds.

To overcome the limitations of these methods, we now integrate both in silico
target prediction and PCM in a unified drug discovery approach. As
illustrated in Figure 29, the target prediction algorithm used in this study,
trained on approximately 553084 bioactivity data points spanning 3481
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targets, used a domain-based similarity metric between targets to extrapolate

target predictions from one species to another.
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Figure 29. Schematic overview of in silico target prediction and domain-based extrapolation
workflow. The conventional in silico target prediction approach! is extended in this study by
using protein domain annotations to extrapolate from non-plasmodial target predictions to

protein target predictions in P. falciparum. This concept is generally applicable across
organisms, in particular to those for which little bioactivity data is currently available.

Non-plasmodial targets were then extrapolated to plasmodial targets.
Besides, the PCM model was trained on a dataset composed of 20 eukaryotic,
protozoan and bacterial DHFR sequences, and of 1505 different DHFR
inhibitors and a total of 3099 data points. To exploit the complementarity of
the two prediction methods, in silico target prediction was used to predict
MoA hypotheses for the anti-malarial compounds in the GSK TCAMS
phenotypic dataset, whereas PCM was employed to quantify compound
potency (pICso).

105



Methods

Exploratory Principal Component Analysis (PCA) of PCM and Target
Prediction Datasets. A PCA was performed for compounds contained in the
PCM dataset, as well as for those annotated on P. falciparum and T. gondii in
the target prediction dataset. The Spearman’s rank correlation coefficient was
calculated for all pairs of compound descriptors, based on both
physicochemical descriptors and Morgan fingerprints, thus defining a square
correlation matrix. The PCA analysis was performed on this matrix in order
to avoid the direct application of PCA on binary descriptors, i.e.,, Morgan
fingerprints. Visualization was performed using R and Vortex.?!

Target Prediction.

Training dataset. Bioactivity data were extracted from ChEMBL16* according
to the protocol described by Koutsoukas et al.'* The extracted data contained
approximately 4 million bioactivities covering approximately 8000
biomolecular targets, of which approximately 4000 targets were proteins.?>?
Compound-target pairs were selected according to the following criteria: (i)
Ki, K4, ICs0 or ECso bioactivity values equal to or lower than 10 uM, and (ii)
targets annotated with a confidence score of 8 (homologous single protein
target assigned) or 9 (direct single protein target assigned). Subsequently,
ligand structures were processed with the ChemAxon standardizer version
512.0,# with the following options: “Remove fragment”, “Neutralize”,
“Aromatize”, “Clean2D”, “Tautomerize” and “Remove explicit hydrogens”.
After standardization, the entries with ligands annotated against multiple
targets were detected based on their canonical SMILES and removed using
custom Perl scripts, resulting in a training set of 553084 instances (262174
compounds) covering 3481 protein targets. The bioactivity data of P.
falciparum (1513 instances — 1379 compounds covering 41 protein targets) was
omitted from this dataset for training purposes. InterPro® domain
annotations were retrieved for all protein targets using the Uniprot database.?
P. falciparum dataset. The P. falciparum dataset was built using the same criteria
as described above, resulting in a set comprising 41 P. falciparum targets and
1379 compounds. In addition, all annotated and reviewed P. falciparum targets
from Uniprot were downloaded, resulting in a total of 148 P. falciparum
protein targets. Finally, InterPro domain annotations were retrieved for all
protein targets using the Uniprot database.

GSK TCAMS dataset. Approximately 2 million compounds present in GSK’s

screening collection have been tested in vitro by GSK for inhibitors of P.
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falciparum’s intraerythrocytic cycle based on growth inhibition assays.!”
Briefly, assays were performed on both the reference laboratory strain 3D7, as
well as on the multidrug resistant strain Dd2, where parasite growth was
evaluated using LDH activity.!” 19451 compounds were identified as primary
hits inhibiting the 3D7 strain growth by more than 80% at 2 uM concentration,
of which 13533 compounds displayed 80% or higher inhibition of parasite
growth in at least 2 of the 3 assay runs in independent follow-up experiments.
Hence, these 13533 compounds were considered as confirmed inhibitors
(confirmation rate > 70%).

Descriptors. A circular fingerprint implementation, Molprint2D¥2 was used
for encoding molecular structures, since this method has previously been
shown to capture structural aspects related to bioactivity better than most
other descriptors in comparative studies.” This descriptor is based on count
vectors of heavy atoms present at a topological distance from each heavy
atom of a molecule.”® For the present study, the pybel implementation was
used.®

Target prediction algorithm. A multiclass Laplacian-modified Naive Bayesian
classifier, as described by Nigsch et al.” and later implemented by Koutsoukas
et al.'® was implemented to classify the bioactivity dataset and to be able to
predict targets for novel compounds. For the query molecule x, consisting of a
set of n Molprint2D features f;, the likelihood to be active against a protein

target wa was calculated using the following equation:

S0, () = Ty log (Rl 4+ 0 (1200) (5
where S, (x) is the logarithmic likelihood score (proportional to the
likelihood of bioactivity), N; , is the total number of occurrences of feature fi
in protein class w. and Ni is the total number of occurrences of feature fi in the
entire training set. Furthermore, p(w,) is the prior probability of protein class
wa. The prior probability quantifies how likely a compound is active against
protein target w. in the absence of any feature information. It can be

calculated as follows:

N,

“ (6)

p(wa) =

where N,,_is the number of instances (i.e., bioactivities) in class w. and N is

the total number of instances. The predictive performance of this model was
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assessed in terms of average class-specific recall and precision. Only target
classes with 20 or more data points in the P. falciparum dataset were
considered as suitable for testing due to a sufficient number of data points,
resulting in a total of 16 target classes.

Domain-based extrapolation to P. falciparum targets. For each analyzed
compound, the top n ranked predicted targets were compared to all 148 P.
falciparum targets in terms of their InterPro domain composition. P. falciparum
targets with an InterPro domain Tanimoto similarity above a variable cutoff
were considered as predicted, but were not ranked. The cutoff value varied
between 0.5 and 1, where 1 means that only orthologous proteins are
considered. The target prediction and domain-based extrapolation pipeline
are illustrated in Figure 29. The domain extrapolation extends the target
prediction approach!®® by using InterPro protein domain annotations to
extrapolate from predicted non-plasmodial targets to P. falciparum targets.
This is conceptually similar to a previously reported study for extrapolating
bioactivities between species,® and its application to M. tuberculosis.®

The inclusion of plasmodial DHFR (CHEMBL1939) bioactivity data was
expected to drastically improve the performance, and this was tested in the
following way. A 2-fold cross validation (CV) was performed: the instances
annotated on plasmodial DHFR were split into 2 half subsets, where one
subset was added to the training set and the other half was used as a test set
(and vice versa).

Proteochemometric Modeling.

Dataset. 1Cso values with a confidence score of 8 or 9 for 20 DHFR sequences
were retrieved from ChEMBL16% and this initial dataset comprised 5827 data
points. In the cases where a compound-target combination had more than one
annotated bioactivity value, the set of bioactivities was replaced by its mean
value. This procedure is robust, because the standard deviation of the
differences was smaller than 0.1 pICso unit in more than 90% of the cases. This
resulted in a dataset including 3099 distinct compound-target combinations.
The matrix completeness of the dataset, calculated as the number of
compound-target combinations present in the dataset over the total number
of possible compound-target combinations, was 10.3%. Compounds included
in the PCM dataset were not present in the target prediction dataset.
Descriptors. Chemical structures were standardized and cleaned with the
function StandardiseMolecules of the R package camb using the default

parameters® and PaDEL descriptors (1-D and 2-D). Morgan fingerprints were
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calculated in the same environment. The function AA_Descs was used to
calculate amino acid descriptors (3 Z-scales). To describe the target space, the
residues in the binding site of human DHFR (PDB ID: 10H]J)* within a sphere
of 10 A centered around the ligand were selected. The corresponding residues
for the other 19 proteins were obtained from a sequence alignment realized
with Clustal Omega.®®

Proteochemometric modeling. All descriptor values were centered to zero mean
and scaled to unit variance. The dataset was split into six subsets, five of
which were used to train models, and the sixth, test set, was withheld to
assess the predictive ability of the models.” The hyperparameter values for all
PCM models were optimized by 5-fold cross validation.®® To assess both
model predictive ability and performance, the pICso values for the test set
were predicted, thus providing the external validation by calculating RMSEtest
and R? st between the observed and the predicted pICso values:

=X i)’
Rg test — 1- m (7)

RMSE = |[22= ()

where N represents the size of the test set, y; the observed, J; the predicted,
and y the average pICsovalues of those datapoints included in the test set, and
P10 = s9, with s = ¥ ;9; / ¥97. Both internal (RMSEix and R%x) and external
validation (RMSEwst and R% ) were assessed according to the criteria
proposed by Tropsha et al.*% and calculated using the Validation function of
the R package camb.3*

In order to assess whether the combination of compound and target
information in a single PCM model constitutes an advantage with respect to
one-space (ligand space and target space) models, two validation scenarios
were explored. Firstly, a Family QSAR model* was trained exclusively on
compound descriptors. High performance of this model is expected in cases
where the bioactivities of the same compound on different targets are highly
correlated. Secondly, the Family QSAM* model was trained on target
descriptors only. In this case, high performance would indicate that the
activities of a diverse set of compounds are correlated on a panel of targets.
Thus, compound activities would largely depend on the target, and to a much

lesser extent on the ligand structures.
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Additionally, an inductive transfer PCM model (PCM IT) was trained to
assess whether the performance of PCM models arises from explicit learning
(EL), where the knowledge is extracted from target descriptors, or inductive
transfer (IT). In IT the knowledge acquired when predicting compound
bioactivities on a given target is exploited to predict the bioactivity of those
compounds on another target.*! In the PCM IT model, targets were described

with identity fingerprints (IFP), which are calculated as follows:

IFP(i,j) = 6G — D(i,j € L,..., Negrgers) 9)

where O is the Kronecker delta function and Nirgts the number of distinct
targets. The performance of the models was assessed on a per target basis by
training ten PCM models, each on a different subset of the whole dataset.
Subsequently, RMSEtest and R st values were calculated on subsets of the test
set grouped by target.

Machine learning implementation. Support Vector Machines (SVM),* Gradient
Boosting Machines (GBM),* Gaussian Processes (GP),* and Random Forest
(RF)* models were built with the R package camb.?*# The target prediction
algorithm was implemented in Perl.

Results and discussion

Exploratory Analysis of PCM and Target Prediction Datasets. A PCA
(Figure 30) was performed for the compounds annotated to be active against
plasmodial DHFR and those active against T. gondii DHFR.
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Figure 30. PCA of the compounds annotated as actives against plasmodial DHFR (green) as
well as T. gondii DHER (red). Overall, plasmodial DHER inhibitors cover a substantial portion
of the chemical space occupied by T. gondii DHFR inhibitors. However, some clusters of T.
gondii DHFR inhibitors are located in additional chemical space not covered by the
plasmodial inhibitors (red boxes). These clusters contain compounds with bicyclic ring
systems. By contrast, plasmodial inhibitors only contain unfused rings (green boxes). These
observations explain why recall is low (~35%) when plasmodial DHFR inhibitors are
excluded from the training set: T. gondii inhibitors do not cover all relevant chemical space,

particularly the space occupied by compounds with unfused ring systems.

The first two principal components explain 72.73% of the variance. In the two
dimensions visualized for the descriptor space used here, the plasmodial
inhibitors cover a substantial portion of the chemical space occupied by the T.
gondii DHFR inhibitors. However, there are still a number of clusters of T.
gondii DHFR inhibitors that occupy novel space not covered by plasmodial
inhibitors. Compounds from these clusters contain bicyclic ring systems
(shown in red boxes in Figure 30). On the other hand, there are also clusters
of plasmodial inhibitors that occupy space not covered by T. gondii inhibitors:
these plasmodial inhibitors do not contain bicyclic rings, but instead contain
unfused rings (5 scaffolds identified shown in green boxes in Figure 30). In
addition to the previous analysis, a PCA was also performed for the
compounds present in the PCM dataset, where the first two principal
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components explained 51.77% of the variance. Clusters contain compounds
whose bioactivities on several targets are included in the dataset, thus
indicating that compounds are overall structurally similar across the 20 DHFR
sequences considered.

Application of Target Prediction for MoA prediction. The performance of
the target prediction algorithm was assessed for varying values of 1, which
represents the top number of non-plasmodial predictions considered for
extrapolation. It can be seen that performance varies widely across target
classes: for most targets, including all aminopeptidases, calcium-dependent
protein  kinase 1, protein kinase Pfmrk, glucose-6-phosphate-1-
dehydrogenase, dihydroorotate dehydrogenase, dUTP pyrophosphatase and
enoyl-acyl-carrier protein reductase, performance is low, with both recall and
precision values below 30%. For a small number of targets, however, the
performance is much higher, with recall values up to ~60% and precision
values up to 100%. Further investigation revealed that the targets for which
the prediction algorithm performed well (plasmepsin 1 and 2, histone
deacetylase, DHFR and to a lesser extent, falcipain 2) were plasmodial
orthologs of non-plasmodial protein targets. This finding is in agreement with
previous studies, which have used orthologous proteins to extrapolate the
prediction of bioactivities between target classes across species such as P.
falciparum and M. tuberculosis.**% However, these previous studies have not
combined target prediction with PCM for MoA analysis, which is precisely
the novelty of the approach presented here.

Target Prediction Performance for Plasmodial DHFR. The predictive
performance of the target prediction algorithm was further investigated for
the plasmodial target DHFR, where all 145 instances annotated on plasmodial
DHFR were used as a test set. The top n predicted non-plasmodial targets
were considered (1 varied in the 1- 12 range), after which these targets were
extrapolated to plasmodial targets (section “Domain-based extrapolation to P.
falciparum targets” in Materials and Methods). For n in the 1-3 range, the
recall values are 0%, 2.8% and 14,5%, respectively, whereas for n in the 4-7
range, the recall values are around 35%. The 2-fold CV resulted in a recall
value of 79%. These results indicate that despite the fact that the training set
did not contain any plasmodial bioactivity data, the model is still able to
predict compounds active against plasmodial DHFR with 100% precision,
based on bioactivity data for orthologous proteins across other species. The

high precision value arises from the structural similarity of plasmodial DHFR
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inhibitors and T. gondii DHFR inhibitors in the training set (the average
MOLPRINT2D pairwise similarity between the T. gondii inhibitors and the
plasmodial inhibitors was 16%, whereas the average pairwise similarity
within the plasmodial dataset and the T. gondii dataset was 19% and 18%
respectively). These results show the added benefit of incorporating domain-
based extrapolation for target prediction purposes.

In addition, we found that varying the domain Tanimoto similarity cutoff
between 0.5 and 1 did not alter the performance. Hence, in order to maintain
high precision, a stringent domain Tanimoto similarity cutoff of 1 (i.e.,
requiring a 100% overlap in domain presence and absence between two
proteins) was chosen and the top n predicted non-plasmodial targets
considered was set to 4 for further analysis. Further investigation of the
extrapolation from non-plasmodial targets to plasmodial targets revealed that
only one protein class (I. gondii DHFR) was responsible for the extrapolation
of predicted activities to plasmodial DHFR. As described earlier, there are
clusters of T. gondii DHFR inhibitors that do not contain any plasmodial
DHEFR inhibitors (scaffolds identified in these clusters are shown in red boxes
— Figure 30 and clusters of plasmodial inhibitors that occupy space not
covered by T. gondii inhibitors (5 scaffolds identified shown in green boxes in
Figure 30)). Hence, for these clusters there is no overlap in scaffolds between
both datasets. These observations explain the low recall of the model at this
stage: plasmodial DHFR inhibitors located outside the space covered by T.
gondii DHFR inhibitors are not retrieved by the model, thereby increasing the
number of false negatives, whereas the plasmodial DHFR inhibitors that are
present in the chemical space shared by inhibitors from both species are
predicted with very high precision.

Adding plasmodial DHFR data to the training set drastically increased
performance, more than doubling recall values to 79%, whereas precision
values remained 100% (Figure 31 — 2-fold CV).
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Figure 31. Performance of the DHFR target prediction model compared across a number of
parameters. 145 data points annotated against plasmodial DHFR were used as a test set to
assess the performance of the target prediction model. The top n predicted non-plasmodial
targets were considered (n was varied for values between 1 and 12), after which these targets
were extrapolated to plasmodial targets. When 7 increases, recall values rise up to 36% (with
recall values of ~35% for n =3 and n = 4). On the other hand, precision values are 100% for n >
2. The high precision values are likely to be explained by the fact that plasmodial DHFR
inhibitors and T. gondii DHFR inhibitors occupy the same chemical space. In addition to
varying the parameter 1, we performed a 2-fold cross validation (averaged over 20
randomizations), which resulted in a drastic improvement as a recall value of 79% was
achieved (with a standard deviation of 10.1%, which is shown as an error bar). These results
show that domain-based extrapolations have added value to the prediction algorithm (correct
predictions are made even when bioactivity data on plasmodial DHFR is not present in the
training set) and that including plasmodial DHFR bioactivity data in the training set can
drastically improve recall values.

Hence, this observation arises from the fact that the chemical space of the
plasmodial DHFR inhibitors adds additional information corresponding to
five new scaffolds (as highlighted in green boxes in Figure 30) to the model.
However, despite the very high precision value achieved (100%), there is a

drawback: given the great increase in recall value when novel scaffolds are
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added to the dataset, the model is only able to correctly predict bioactivities
for compounds with scaffolds that are already present in the training data.
Hence, a diverse set of molecules is required in the training set in order to
optimize recall values of the model. Given the benefit of both domain-based
extrapolation and using plasmodial DHFR bioactivity data for model training,
all plasmodial DHFR data were included in the training set for further MoA
prediction of the GSK TCAMS phenotypic dataset in order to optimize recall
values.

PCM Model Validation. The four algorithms used in this study (GBM, GP,
RF and SVM) displayed similar performance on this dataset as the ranges of
RMSEtest and R st differences are 0.04 pICso and 0.02 units, respectively. The
GBM model exhibited the highest predictive ability with R%test and RMSEtest
values of 0.79 and 0.59 pICso units respectively. Both internal and external

validation metrics are given in Table 6.

Table 6. PCM, Family QSAR and Family QSAM performance on the PCM dataset.
Abbreviations: QSAM Quantitative Structure-Activity Modeling, QSAR Quantitative
Structure-Activity Relationship, GBM Gradient Boosting Machine, GP Gaussian Process, RF
Random Forest, SVM Support Vector Machine. PCM, with R% st and RMSEtest values of 0.79
and 0.59 pICso units, outperforms both Family QSAR, with R2%tst and RMSEest values of 0.63
and 0.78 pICso units, respectively, and Family QSAM, with with R2 st and RMSEtest values of
0.09 and 1.22 pICso units, respectively.

R2cv RMSEcv R?p ext RMSEext

GBM PCM 0.75 0.64 0.79 0.59
GP PCM 0.75 0.65 0.76 0.63
RF PCM 0.74 0.66 0.77 0.62
SVM PCM 0.76 0.63 0.77 0.62
Family QSAM | 0.07 1.24 0.09 1.22
Family QSAR 0.61 0.80 0.63 0.78
Inductive 0.72 0.68 0.76 0.63
Transfer

To ensure that the model’s predictive ability was not the consequence of
spurious correlations in the data, we trained ten GBM models with an
increasingly higher percentage of the pICso values randomized. The
performance of the ten models was assessed by examining the RMSEts and
R?% wst values as a function of the level of randomization of the bioactivity
values. The intercept was zero or negative when ~40% of the response
variable was randomized. Therefore, the relationship established by the PCM
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models between the descriptor space and the bioactivity values is not a
consequence of chance correlations.®

PCM Outperforms One-space Models and IT on This Dataset. The Family
QSAM model, trained on target descriptors only, displayed poor predictive
ability with RMSEest and R test values of 1.22 pICso units and 0.09, respectively
(Table 6). By contrast, the Family QSAR model, trained on compound
descriptors only, displayed satisfactory values for the statistical metrics
according to our validation criteria, as the model exhibited RMSEtest and R? test
values of 0.78 pICso units and 0.63, respectively (Table 6). Hence, compound
descriptors explain a large proportion of the variance, which may stem from
the high correlation of the bioactivities of identical compounds against
orthologs.

Furthermore, better performance is obtained for the GBM PCM model trained
on amino acid descriptors and compound fingerprints, than for the GBM
model trained on target identity fingerprints and compound fingerprints,
with RMSEtest values of 0.59 vs. 0.63 pICso units, respectively. This indicates
that our selection of amino acid descriptors captured the binding site
information of the different orthologs and thus allows explicit learning on this
dataset (Table 6). Overall, these data suggest that the explicit inclusion of
target information improves bioactivity prediction.

Several High-affinity DHFR Inhibitors Are Identified by Both Target
Prediction and PCM. The targets for which the target prediction model had a
class-specific F-measure higher than 40% were selected, leading to a shortlist
of five proteins, namely: plasmepsin 1 and 2, histone deacetylase, DHFR and
falcipain 2. Overall, a total of 1291 plasmodial predictions were made for 1017
compounds. DHFR is the most commonly predicted target, which represents
534 (41%) of the total predictions, followed by plasmepsin 1 (280 predictions —
22%) and plasmepsin 2 (273 predictions — 21 histone deacetylase (184
predictions — 14%) and falcipain 2 (20 predictions — 2%). Plasmodial DHFR
has previously been proposed as a candidate target against resistant
plasmodial strains.®® In addition, the plasmepsin (1 and 2) and falcipain
targets have previously been proposed as potential targets for anti-malarial
therapy,® due to their involvement in the hemoglobin catabolism that occurs
during the erythrocytic stage of the malarial parasite life cycle (plasmepsin
proteins and falcipain proteins), and to their involvement in erythrocyte
invasion and erythrocyte rupture (falcipain proteins).>? Finally, plasmodial

histone deacetylase has been proposed as a promising target for anti-malarial
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therapy due to its key role in regulating gene transcription, and it has been
shown that histone deacetylase inhibitors are potent inhibitors of the growth
of P. falciparum.®® Hence, there is sufficient evidence for all five predicted
proteins for being a potential target.

In total, 534 compounds of the GSK TCAMS dataset were predicted to interact
with DHEFR, representing 3.95% of the total number of compounds in this
dataset. Out of these 534 compounds, the predicted pICso values using PCM
was 7 or greater for 25 compounds, between 6 and 7 for 92 compounds, and
between 5 and 6 for 420. None of the 534 compounds was predicted to be

inactive on DHFR (Figure 32).
Predictions on the

Target TCAMS dataset (n = 13,533)
PCM Prediction
Polypharmacology x @ °
Quantitative
Predictions TP
PCM

both methods (interact with
(pIC50>7) Pf DHFR)

Figure 32. Complementarity between in silico target prediction and PCM. The target
prediction algorithm predicted 534 compounds of the GSK TCAMS dataset to interact with
DHER, representing 3.95% of the total number of compounds in this dataset. Out of these 534
compounds, the PCM model predicted 23 compounds to have a pICso value of 7 or greater.
Therefore, the combination of both methods permits the assessment of compound

polypharmacology and provides quantitative bioactivity predictions.

Given that many of the compounds in ChEMBL are active in the low
micromolar range, it is thus not surprising to obtain most of the predictions in
this range.*

Interestingly, 23 of the 25 compounds with a predicted pICso value higher
than 7 were already predicted to interact with DHFR by the target prediction
algorithm (Figure 32) at the exclusion of any other target. The analysis of
chemical scaffolds in the 25 compounds shows that only 2 scaffolds were
identified, as 22 out of the 25 compounds (Figure 33 — excluding compounds
137850, 123550 and 125380), share a common scaffold, namely: a 5-
methylpyrido[2,3-d]pyrimidine-2,4-diamine ring with an aryl substituent in
the 6-position.
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Figure 33. Compounds predicted to interact with DHFR by the target prediction algorithm,
and predicted by the PCM model to have a pICso value higher than 7 pICso units. Compound
IDs correspond to the TCMDC identifier given in the original dataset. The 23 compounds for
which the IDs are accompanied by an upward-pointing arrow were identified by the two
methods. The two compounds predicted to have a pICso value higher than 7 by the PCM
model, but not predicted to interact with DHFR by the target prediction algorithm, are
accompanied by a downward-pointing arrow. The 23 compounds predicted to be high-
affinity DHFR inhibitors (upward-pointing arrows) share a common scaffold: a 5-
methylpyrido [2,3-d]pyrimidine-2,4-diamine ring with an aryl substituent in the 6-position.
Overall, it can be seen that these data indicate a high agreement between the target prediction
algorithm and the PCM model to identify high-affinity DHFR inhibitors.

A methyl group or an amine group in the 7-position are also present in some
compounds, such as 137637 and 138061, respectively. In all compounds with
the common scaffold the aryl substituent is a phenyl ring with different
substituents in the 3,4,5-positions, e.g., methoxy, hydroxy and carboxamide,
except for compound 137642, which has 2-methyl-thiophene as aryl
substituent.

Two additional compounds, 123550 and 125380 (Figure 33), predicted by
PCM to display pICso values of 7.11 and 7.07, respectively, represent new
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scaffolds. Remarkably, these two scaffolds were neither present in the PCM
nor in the target prediction training set. Taken together, our results indicate a
high agreement between the target prediction algorithm and the PCM model
to identify high-affinity DHFR inhibitors. Using both methods
simultaneously, it is possible to give higher priority to the compounds that
are identified by both methods.

Conclusions

In this study, the complementarity of in silico target predictions and
proteochemometric modelling (PCM) was evaluated for the retrospective
identification of P. falciparum DHFR inhibitors. The target prediction
algorithm exhibited respective recall and precision values of 79% and 100%
for plasmodial DHFR. The high precision value is explained by the structural
similarity of plasmodial and the T. gondii DHFR inhibitors, which were part of
the training set and were found to be relevant for extrapolation (the average
MOLPRINT2D pairwise similarity between the T. gondii inhibitors and the
plasmodial inhibitors was 16%, whereas the average pairwise similarity
within the plasmodial dataset and the T. gondii dataset was 19% and 18%
respectively).

We showed that high-affinity inhibitors from the GSK TCAMS phenotypic
dataset are independently identified by both methods: 534 compounds from
the GSK TCAMS dataset were identified as DHFR inhibitors by the target
prediction algorithm, whereas the PCM algorithm identified 25 high affinity
compounds, 23 of which were already identified by the target prediction
algorithm. The combination of both methods permits the assessment of
compound polypharmacology and provides insight into the potency/affinity
of small molecules.

We presented an approach that can be potentially extended to other human,
bacterial or plasmodial targets. The inherent capability of PCM to combine
bioactivity data for related targets, even for targets spanning distant phyla, is
likely to improve the mining of currently available multi-target bioactivity
databases. Similarly, domain-based extrapolation permits in silico target
predictions to be extended to non-mammalian orthologous proteins for which

less bioactivity data is usually available.
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Conclusions from this thesis

Pharmaceutical research and development is plagued notoriously by high
cost and substantial drug attrition rates. It is a field surrounded by much
uncertainty, caused by poor understanding of the sheer complexity of disease
states and drug efficacy at both the pre-clinical and clinical stages.! Not only
have academia and the industry performed research independently in an
attempt to ameliorate this, but they have also joined forces in the form of
research collaborations and public releases of biological and chemical data
from the industry.? The latter allowed academics to contribute to solving
problems acknowledged as challenging by the industry. During my PhD, I
embarked on a journey to analyze publicly available industrial data, and was
fortunate to continue on to more hands-on collaborations with Novartis,
gaining access to large-scale proprietary data and experiencing current trends
in big pharmaceutical companies from the inside out.

At the top-most level, the goal of my PhD was to improve drug attrition rates
and reduce research costs. At a lower level, my objective was to use
computational methods to improve the efficiency of early-stage drug
discovery efforts where typically millions of compounds are tested, to
subsequently only select a very small subset for further investigation.> These
methods entail the use of existing bioactivity information to build
computational models to anticipate compound activity in silico (bioactivity
modeling),* thereby providing more promising starting points for testing
compared to random selection. Ample room for improvement is envisaged
given the relatively low hit rates in many early-stage drug discovery
campaigns,® and I hope my research will lead to savings in time and
resources.

In this thesis, I inspected bioactivity modeling from various angles. The
performance of a computational model directly depends on the quality and
relevance of the experimental data it is trained on. Ideally, predictive power
over a diverse set of compounds (i.e, a set containing many structurally
dissimilar compounds) is desired, and therefore, selecting diverse sets for
model learning is crucial for overall performance. However, chemical space is
vast, as over 10 small molecules with a mass comparable to many drugs
possibly exist,® making selection and testing of a large fraction for model
building unfeasible. This highlights the need for efficient exploration of
chemical space for model building.
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In Chapter three, 1 described the relevance of chemical space for drug
discovery and discuss existing methods for its effective sampling. Chemical
diversity is an ambiguous concept that depends on the set of characteristics
(descriptors) used to compare molecules. Examples of such descriptors
include molecular shape, atom connectivity, solubility and charge amongst
many others. In this study, the examination of a wide range of commonly
used descriptors across chemical libraries varying in size and diversity led to
insights into correlations between descriptors in terms of (1) diversity
assessment and (2) retrieval of active compounds from ChEMBL,” a public
bioactivity database. In other words, the results from this chapter provide a
perspective on the ambiguity of the concept of molecular diversity, and come
with practical examples of the use of common descriptors for the selection of
activity-enriched starting points. It is hoped that the reader realizes how
strongly the results obtained (i.e., chemical space sampled) depend on the
descriptor used for diversity analysis.

While Chapter three represents a reflective analysis on state-of-the-art diversity
assessments of chemical libraries, Chapter four illustrates the firsthand
application of a computational method geared toward systematic compound
prioritization. The work described in Chapter four was performed at Novartis
and was based on large-scale proprietary high-throughput screening (HTS)
data. One of the key drawbacks of HTS campaigns performed routinely in the
pharmaceutical industry is the high upfront cost in relation to the number of
active compounds discovered.

This study addressed precisely this issue by proposing a new compound
screening paradigm and comprehensively validating it for the first time on an
unparalleled scale. The screening strategy involved the iterative selection of
compounds chemically and biologically similar to actives identified in
multiple rounds of screening, consistently leading to over tenfold increases in
efficiency with respect to activity and diversity enrichments of selected
compound sets. The results obtained from this strategy are illustrated in

Figure 34.
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Figure 34. Illustration of efficiency gains using iterative screening. Half of the compounds
selected iteratively, which corresponds to only 0.5% of the entire screening collection of 1.3
million compounds (full deck), were found to be among the top 5% of compounds in terms of

activity. This indicates a tenfold enrichment in activity.

Overall, half of the compounds selected iteratively, which corresponds to only
0.5% of the entire screening collection of 1.3 million compounds (full deck),
were found to be among the top 5% of compounds in terms of activity. A
cornerstone for the success of this approach was the “high-throughput
screening fingerprint” (HTS-FP),® which is a biological similarity metric that
compares molecules not on basis of their structure, but of their effect on cells
and targets, hereby harnessing the vast amount of biochemical information
typically available at a pharmaceutical company for enhanced activity
modeling.

Although promising and intuitive results were obtained in Chapter four, the
approaches described therein were straightforward from a conceptual point
of view. This led to the question: if simple approaches already resulted in
promising results, how much more is there to gain from employing more
sophisticated approaches? At the same time, infrastructure-related difficulties
in HTS at Novartis created a demand for small pre-composed compound sets
for facilitated routine exploratory screening. Inspired by the current wave of
big data analytics and machine learning, I converged both aforementioned
points and delved deeper into publicly available HTS data to derive an
“informer compound set” using advanced machine learning approaches.
Once screened, this set provided the most information on which compounds

to test subsequently from the yet unscreened remainder of the collection,
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regardless of biological target. Chapter five describes the results obtained for
this study.

The final research chapter, Chapter six, examines bioactivity modeling in a
different context: to predict the mode-of-action of a collection of anti-malarial
compounds, published by GSK in an attempt to combat the lack of novel
drugs for neglected diseases.? Despite the lack of target annotations, these
compounds showed inhibitory effects on parasitic cell growth (phenotypic
effects). In this study, the integration of two machine learning methods
(Bayesian target prediction and proteochemometric modeling)°® is illustrated,
exploiting the advantages of both methods for simultaneous
polypharmacology and affinity predictions.

Having investigated HTS data thoroughly both at Novartis and in the public
domain, I realized not only the importance of HTS data in pharmaceutical
research, but also the difficulty in the design of HTS campaigns and post-
screen analysis. An undirected, random high-throughput search for active
compounds can in some cases be compared to hunting for a needle in a
haystack. Indeed, much effort is put in intelligent design of HTS at the
compound library composition, post-screen analysis and bioactivity modeling
stages. Of note, remarkable advancements have been made in bioactivity
modeling fueled by the recent introduction of large-scale HTS-FP,? leading to
enhanced hit rates and insights into compound mode-of-action.>'12 In Chapter
two, I reviewed data-driven approaches used in HTS, and elaborated on the
recent rapid progress in bioactivity modeling, outlining its significance in the
field.

Future perspectives

Drug discovery has witnessed numerous changes over the past decades.
Below, I outline my perspective on cheminformatics analyses in HTS and
bioactivity modeling.

With the exception of some academic screening centers,’® HTS is primarily
performed in the pharmaceutical industry due to the high cost and
infrastructure requirements. As a consequence, although the PubChem!
repository contains data for over two hundred HTS assays, the amount of
public HTS data available is still limited compared to the amount generated
in the pharmaceutical industry. This scarcity is also a reality for other types of
(lower-throughput) bioactivity data. Additionally, consistency in quality is an

issue for public (HTS) data due to the disparate sources it originates from.
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This limits and complicates research in academia. During my PhD I
repeatedly encountered the data paucity problem, caused either by the lack of
(good quality) data or incompleteness in the data available. In light of this, I
believe that academic endeavors should couple computational work more
tightly with experimental validation, enabling efficient cycles of hypothesis
generation, testing and feedback for improved overall output. In addition,
active collaboration between academia and the pharmaceutical industry can
to some extent mitigate the issues discussed.

However, I believe that at a higher level the primary purpose of academia is
not only to document and distribute existing knowledge, but also to create
new knowledge. Profit-driven corporations cannot necessarily afford this
given the risk of no return on investment when no clear application is
envisaged at outset. Therefore, academia should adjust its research scope
accordingly and aim to generate an orthogonal stream of knowledge to that
generated in the industry. Many partnerships between academia and the
industry, including the National Center for Advancing Translational Sciences
(NCATS),"* the American Cancer society and knowledge exchange programs
between big pharmaceutical companies and academia, among many others!®
enable translational and drug discovery research on a larger scale than ever
before. Such partnerships have brought industrial expertise in areas such as
assay development closer to the academic domain.’

Taking advantage of the opportunities offered in this setting, academic drug
discovery could focus on high quality basic research aiming to understand the
fundamentals of underexplored disease biology. Other opportunities for
academic drug discovery include drug discovery for neglected diseases and
drug repositioning. Often little incentive exists for these endeavors in the
industry due to the limited market size (neglected diseases), and intellectual
property issues around the original drug complicating commercialization
(drug repositioning).’® At a more fundamental level, poorly understood
phenomena such as protein-protein binding could be examined in detail,
supplemented by novel exploratory analyses of biochemical data aiming to
investigate fresh high-risk concepts (e.g., bioactivity modeling based on deep
learning, a machine learning method which has recently become popular)
coupled with experimental validation.

Better understanding of the relationship between epigenetics and disease
pathology has recently sparked interest in the field of epigenetic drug
discovery: a number of partnerships have formed in the quest for epigenetic
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drugs, such as the one between GlaxoSmithKline and Cellzome for combating
immune and inflammatory disorders.’® Another significant effort is the
public-private partnership led by the Structural Genomics Center and
involving GlaxoSmithKline and other institutes. The goal of this effort was to
generate well-defined ‘chemical probes’ for epigenetic targets based on
potency, selectivity, and cellular engagement requirements, and to release
these probes into the public domain.”” This field represents an exciting
opportunity for academic drug discovery, as even though recent progress in
epigenetics has given hope for novel drug discovery, the field is still
immature, and it is likely that thorough research will lead to novel insights.!®
The industry should in turn focus on application-driven research, as existing
resources and infrastructure facilitate this. Here, the aim should be to use
public and proprietary knowledge to accelerate and improve drug discovery
(e.g., improving HTS efficiency, and integrating diverse data, such as
transcriptomics, metabolomics and genomics data for new insights) with the
ultimate aim of inventing effective therapies. An interesting study by
Wassermann et al.' illustrated the concept of dark chemical matter, where sets
of compounds that were consistently identified as inactive across a wide
range of assay biology occasionally contained potent hits with selective
activity and clean safety profiles. These compounds were found to be
valuable starting points for further research. Exploring this finding
thoroughly could provide further avenues into understanding the
characteristics of bioactive molecules, which is an opportunity for the
pharmaceutical industry.

While collaborations between academia and industry are certainly useful and
have their own place, my intention is to alert the reader to the original scope
of academia: to generate knowledge and tools (e.g., software) that are not
severely subject to profit-driven interests. In conjunction with the result-
oriented approach of the industry, I believe that an overall good net result can
be achieved in terms of research output and productivity, even if direct
collaboration between academia and the industry is not necessarily enhanced.
This concept, in some sense similar to active learning described in detail in
Chapter five, is shown in Figure 35: academia explores uncharted territories of
knowledge space, followed by application around these areas by the
pharmaceutical industry.
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Application by the industry

Exploration by academia

Knowledge space in pharmaceutical sciences

Figure 35. Exploration of knowledge space in pharmaceutical sciences by collaborative efforts
of academia and the industry. Academia could focus on research areas that are not
necessarily profit-driven (e.g., neglected diseases and drug repositioning) and therefore more
likely to be neglected by the pharmaceutical industry. The industry should in turn focus on

application-driven research with the ultimate aim of inventing effective therapies.

My industrial placement has provided me with exposure to recent trends in
cheminformatics. Of note, I observed a resurgence in phenotypic screening,
where collections of compounds are tested for desirable effects on cells and/or
tissues without upfront knowledge on their mode-of-action.? Upon discovery
of active compounds, effort is put into elucidating their mode-of-action,
prompting new approaches for target identification. HTS-FP® was developed
in this regard and proved to be a foundation for a body of work®>101121 on
bioactivity modeling leading to increased efficiency and novel insights into
compound mode-of-action. This work was published in quick succession due
to the remarkable improvements HTS-FP offered over conventional structural
similarity metrics. The key novelty about HTS-FP is the dimensions in which
it compares molecules. While chemical fingerprints relate compounds on the
basis of their structure, HTS-FP describes compounds based on their
bioactivity across a large number of biologically relevant end points,
including activity against target proteins and phenotypic effects. Hence, the
partially incorrect implicit assumption that chemical similarity correlates with
similar activity patterns is circumvented, and at the same time empirical data

is used to define similarity in a directly relevant dimension.
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Drawing from the aforementioned trends in the use of phenotypic screening
and bioactivity-based similarity metrics, supported by many promising
results from recent studies,?>'%112! | believe that many exciting discoveries
remain to be made by examining compounds from a biologically relevant
point of view. While much of the low-hanging fruit (efficiency gains, mode-
of-action analyses) has already been picked, an in-depth analysis of activity
correlations across independent biological end points (i.e., cells, tissues and
protein targets) has not been performed. It is my firm conviction that this
analysis represents an opportunity potentially leading to unmapped insights
into bioactivity-based similarities between proteins. If these analyses prove
useful, novel insights into phylogenetically non-related proteins similar in
bioactivity space could further improve modeling efforts, for example by
enabling proteochemometric modeling’ across a more diverse range of

proteins.

Final remarks

This thesis describes various aspects of bioactivity modeling in drug
discovery, and touches upon the relevant topics of efficient exploration of
chemical space, and different ways of improving screening efficiency in HTS
campaigns. Given sufficient high quality experimental data, bioactivity
modeling is relatively inexpensive and at the same time has the potential of
providing promising starting points for experimental validation. This is of
great value to drug discovery, a field with much uncertainty and substantial
drug attrition rates. Looking back at the past four years, I feel fortunate to
have had an opportunity to make contributions to bioactivity modeling for
more intelligent decision-making in early (academic) drug discovery, and

sincerely hope that my work leads to novel ideas in the future...
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This thesis describes various analyses of life science data with the aim of
achieving efficiency gains in future experimental campaigns and novel
insights into compound mode-of-action (i.e., the protein target modulated for
the desired phenotypic effect). The increase in publicly available life science
data has created opportunities for bioactivity modeling, and the role
cheminformatics and bioinformatics play in the latter is discussed.

Chapter one describes the relevance of computational drug discovery. The
fundamentals of bioactivity modeling are explained in detail, followed by an
introduction of the topics discussed in this thesis. Chapter two is a literature
review on data-driven approaches used for compound library design, hit
triage and bioactivity modeling in high-throughput screening. High-
throughput screening campaigns are routinely performed in pharmaceutical
companies to explore activity profiles of chemical libraries for the
identification of promising candidates for further investigation. In particular,
the remarkable progress in the activity modeling area since the recent
introduction of large-scale bioactivity-based compound similarity metrics is
discussed in detail, outlining its significance in the field.

In Chapter three, the relevance of chemical space for bioactivity modeling is
inspected. Chemicals can be described in terms of a set of characteristics
(descriptor) that computers can easily use to assess similarity between
molecules. Chemical diversity is a widely applied concept used to select
structurally diverse subsets of molecules, often with the objective of
maximizing the number of hits in biological screening. The extent to which
the descriptors used in this study correlated in their assessment of molecular
diversity across a number of compound sets ranging in size, diversity and
origin is outlined in detail. Descriptors based on atom topology are shown to
correlate well in rank-ordering compounds, whereas shape-based descriptors
show weak correlation with other descriptor types. Finally, the descriptor
“Bayes Affinity Fingerprints” which is based on predicted bioactivity profiles
of compounds is shown to be most effective in selecting compound sets that
are diverse in bioactivity space.

Chapter four illustrates the application of a computational method geared
toward systematic compound prioritization, aimed at increasing the efficiency
of compound screening campaigns over high-throughput screening
campaigns performed currently in the pharmaceutical industry. The
screening strategy described in this chapter consisted of the iterative selection

of compounds chemically and biologically similar to actives identified in
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multiple rounds of testing and was retrospectively validated on Novartis
high-throughput screening data. Large efficiency gains were observed across
assays covering a wide range of assay biology: by only screening 1% of the
full screening collection, a consistent retrieval of diverse sets of compounds
belonging to the top 0.5% was achieved. Employing this method can
potentially lead to considerable savings in both time and resources.

Chapter five describes the data-driven derivation of an “informer compound
set”. Once screened, this set provides the most information on which yet
untested compounds from the remainder of a large compound collection to
screen next, irrespective of biological target. The derivation of this informer
set involves the concept of active learning, which attempts to maximize the
predictive power of the informer set. A retrospective validation of this set was
performed on public high-throughput screening data, and an improvement in
early retrieval of active compounds is observed for 38 out of 46 assays,
increasing the success rate of smaller follow-up screens.

The final research chapter, Chapter six, represents a case study in the context
of mode-of-action analysis of anti-malarial compounds identified in
phenotypic screens by GlaxoSmithKline. Here, the application of two machine
learning methods (Bayesian target prediction and proteochemometrics
modeling) is illustrated for simultaneous polypharmacology and affinity
predictions. Overall, 534 compounds were identified as dihydrofolate
reductase inhibitors by the target prediction algorithm, while the
proteochemometrics modeling approach identified 25, with an overlap of 23
compounds between both methods.

Finally, Chapter seven draws general conclusions from this thesis and provides
future perspectives where some of my views on (early) drug discovery in

academia and the pharmaceutical industry are discussed.
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Dit proefschrift beschrijft verschillende analyses van data uit de disciplines
chemie, biologie en biochemie met het doel om de efficiéntie van
experimentele testen voor het ontdekken van nieuwe geneesmiddelen te
verbeteren en om nieuwe inzichten te verkrijgen in het mechanisme van
bioactiviteit van moleculen. De recente toename in de hoeveelheid publieke
data  heeft geleid tot nieuwe kansen op het gebied van
bioactiviteitmodellering, en de rol die de cheminformatics en de
bioinformatics hierin spelen wordt toegelicht.

Hoofdstuk één beschrijft het belang van de computational drug discovery. De
principes van bioactiviteitmodellering worden in detail uitgelegd, gevolgd
door een inleiding tot de onderwerpen die in dit proefschrift aan bod komen.
Hoofdstuk twee is een recensie over data-gedreven methodes die gebruikt
worden bij het ontwerpen van molecuulsets voor experimentele testen, hit
triage en bioactiviteitmodellering in high-throughput screening. High-
throughput screening is een techniek die regelmatig wordt toegepast in de
farmaceutische industrie om de activiteitsprofielen van molecuulsets te
verkennen, met als doel de identificatie van mogelijk actieve stoffen voor
verder onderzoek. De opmerkelijke vooruitgang op het gebied van
bioactiviteitmodellering sinds de recente introductie van grootschalige
moleculaire similarity metrics gebaseerd op bioactiviteitsprofielen wordt in
het bijzonder besproken.

In Hoofdstuk drie wordt het belang van de chemische ruimte voor
bioactiviteitmodellering onderzocht. Moleculen kunnen beschreven worden
als een reeks eigenschappen (descriptor) die computers kunnen gebruiken om
de gelijkenis tussen moleculen vast te stellen. Het concept van de chemische
ruimte wordt vaak toegepast bij het selecteren van structureel diverse
moleculen, met het doel het aantal actieve stoffen in biologische experimenten
te optimaliseren. De mate waarin de descriptoren die in dit onderzoek
gebruikt werden correleerden bij het vaststellen van moleculaire diversiteit
wordt uitgebreid uitgelegd. Descriptoren die gebaseerd zijn op
atoomtopologie vertonen grote overeenkomsten in hun beoordeling van
moleculaire diversiteit, terwijl de op vorm gebaseerde descriptoren weinig
overeenkomsten vertoonden met andere descriptortypen. Tenslotte werd
gevonden dat de descriptor “Bayes Affinity Fingerprints”, die gebaseerd is op
voorspelde bioactiviteitsprofielen van moleculen, het meest effectief is voor

het selecteren van molecuulsets die divers zijn in de bioactiviteitsruimte.
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In Hoofdstuk vier is de toepassing van computertechniecken om op
systematische wijze moleculen te prioriteren beschreven, met als doel de
efficiéntie van experimentele testen te verbeteren ten opzichte van high-
throughput screening. De methode die in dit hoofdstuk beschreven wordt
bestond uit de iteratieve selectie van moleculen die chemische en biologische
gelijkenis vertoonden met de in eerdere iteraties geidentificeerde actieve
moleculen. De methode werd op retrospectieve wijze gevalideerd op Novartis
high-throughput screening data en leidde tot een grote verbetering van
efficiéntie in diverse assays: door slechts 1% van het aantal stoffen te testen
werden consequent diverse molecuulsets teruggevonden die behoorden tot
de top 0.5% qua activiteit. Het gebruik van deze methode kan mogelijk leiden
tot aanzienlijke besparingen in tijd en middelen.

In Hoofdstuk vijf wordt de constructie van een “informer compound set” met
behulp van data-gedreven methodes besproken. Deze informer set verschaft
de meeste informatie over welke ongeteste stoffen uit een grote molecuulset
het beste getest kunnen worden in een volgende ronde, ongeacht het
biologische target. Het concept van active learning werd gebruikt voor de
afleiding van de informer set, waardoor de hoeveelheid informatie van de set
wordt vergroot. Een retrospectieve validatie van de informer set werd
uitgevoerd op publieke high-throughput screening data, en een verbetering in
vroege herkenning van actieve stoffen werd bereikt in 38 van de 46 assays.
Hoofdstuk zes beschrijft een case study over de analyse van het mechanisme
van bioactiviteit van mogelijk actieve stoffen tegen malaria, welke ontdekt
werden in fenotypische testen bij GlaxoSmithKline. De toepassing van twee
machine  learning  methodes  (Bayesian  target  prediction en
proteochemometrics modeling) voor de gelijktijdige voorspelling van
polyfarmacologie en affiniteit wordt beschreven. Het target prediction
algoritme identificeerde 534 dihydrofolate reductase inhibitoren, terwijl de
proteochemometrics modeling techniek 25 inhibitoren identificeerde, met een
overlap van 23 moleculen tussen beide methoden.

Tenslotte worden er in Hoofdstuk zeven algemene conclusies getrokken uit het
onderzoek dat in dit proefschrift beschreven wordt gevolgd door mijn
toekomstperspectief over het vroege stadium van geneesmiddelenonderzoek

in de academie en de farmaceutische industrie.
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