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Preface

The work presented in this thesis was performed in the Chemoinformatics Research Group
(University of Vienna, Department of Pharmaceutical Chemistry) under the supervision of Prof.
Thierry Langer from July 2019 until August 2022.

Part I, Chapter 1 gives a brief overview of computer-assisted drug discovery, focusing on

pharmacophore-based methods and machine learning in drug discovery. State-of-the-art methods
and applications are introduced and discussed in Chapter 2, highlighting strengths, weak points, and
possible pitfalls. Chapter 3 will conclude the first part by stating the motivation and aim of this thesis
in light of previously discussed already existing methods.

Part 1l presents the main work of this thesis in the form of three peer-reviewed publications. The first
study introduces a novel method for quantitative pharmacophore-based SAR analysis, QPhAR, and
discusses the validation and applicability domain of the presented method. The second study focuses
on the dissemination and best practices for QPhAR. The third and final study conducted introduces a
method for automated pharmacophore modelling within the scope of QPhAR, as well as the
application of QPhAR for 3D SAR analysis. Both of these methods are included in an end-to-end
pharmacophore modelling workflow presented as a case study.

Part Il concludes this thesis by highlighting the primary outcomes of each study and outlines
potential future research.

The entire work was performed within the framework of the NeuroDeRisk (NDR) project (IMI2 grant
821528), funded by the European Union and EFPIA partners. This allowed fruitful collaborations with
project members to develop methods applied in academia and the pharmaceutical industry.



l. Background



Chapter 1. Introduction

Drug discovery is a notoriously complex and lengthy process, often taking up to 15 years and costing
billions of dollars to bring a novel drug to the market[1]. With decreasing success rates[2], various
approaches, such as high-throughput screening[3] and phenotypic screening[4], were developed to
facilitate the drug discovery process. Among plenty of in-vitro and in-vivo methods, a novel discipline
has spawned with the rise of personal computers in the last century[5], computer-assisted drug
design (CADD). Correspondingly, methods applied in CADD are named “in-silico” methods and the
experiments are performed on the computer and not carried out manually in the lab. CADD implicitly
promises to “solve” the drug discovery problem at hand if the interactions of a drug with an
organism and its further effects could be fully simulated. While there is still a long way to go to fully
simulate an organism, various algorithms have already been developed to assist experimental
studies. In the following, an overview will be given regarding some CADD key concepts forming the
theoretical basis of this thesis.

Pharmacophores and pharmacophore modelling

Pharmacophores were defined by C.G. Wermuth et al. as “A pharmacophore is the ensemble of steric
and electronic features that is necessary to ensure the optimal supramolecular interactions with a
specific biological target structure and to trigger (or to block) its biological response”[6]. Typically,
pharmacophore models are composed of the following feature types: hydrophobic, aromatic, H-Bond
donor/acceptor, and positive/negative ionisable, although most software packages allow the user to
define custom pharmacophore feature types[7, 8]. Modelling protein-ligand interactions only in the
form of interaction types introduces a level of abstraction to the drug discovery process. An aromatic
feature, for example, could represent interactions from a phenyl ring, a thiophene ring, a pyridine
ring, and many more. This allows the researcher to extract key insights from his data, focusing only
on the physicochemical nature of the most critical interactions with almost complete disregard of
underlying ligand structures.

Pharmacophores can be derived for ligands, proteins, or protein-ligand complexes[8—10]. All of these
approaches have their pros and cons and should be seen as complementary methods rather than
competitive methods. Protein-ligand complexes provide a holistic view of the protein-ligand
interaction, taking into account both interaction partners to determine the actual interactions
between the two. Such a pharmacophore is usually known as an interaction or structure-based
pharmacophore[11, 12] and only contains pharmacophore features representing true interactions of
the ligand with the protein in the given conformation. Pharmacophores derived solely from the
three-dimensional arrangement and structure of residues in the target binding-site are widely known
as apo-site pharmacophores. These pharmacophores usually contain a much larger amount of
pharmacophore features which only represent possible energetically favourable interactions that the
protein may form with a complementary ligand. The truly formed interactions then depend on the
structure of an actual ligand and are usually much smaller in number than indicated by the apo-site
pharmacophore. The most important type of pharmacophore for this thesis is the pharmacophore
derived without taking any receptor structure information into account. It is in some way similar to
the apo-site pharmacophore, however, here, the pharmacophore features are obtained from the
opposing ligand side. These ligand-based pharmacophores contain much fewer pharmacophore
features than apo-site pharmacophores and only represent those interactions that ligands may form



with the protein. In contrast to the apo-site pharmacophore, ligand-based pharmacophores usually
provide a much more refined set of features with potential significance for high-affinity binding.

Suppose the researcher has a set of ligands available which should be analysed in order to gain some
knowledge about the types of interactions which might be crucial for strong binding to the targeted
protein. This process is known as “pharmacophore modelling”[8, 13], and pharmacophores
represent the vehicle by which the thus obtained information is transported. By aligning the
conformations of various known ligands, superimposing and clustering the pharmacophore features,
and extracting common feature patterns, the researcher tries to develop a pharmacophore model
that includes most, and ideally all, information from the ligands. This process is highly subjective,
extremely tedious and laborious, depends strongly on the researcher's experience and expert
knowledge, and is often difficult to reproduce by others without clear instructions. Nevertheless, it is
a key component of the medicinal chemist’s toolbox nowadays.

The validation of the obtained pharmacophores is not less complex than the modelling process itself.
Usually, a set of known active and inactive compounds is available to the researcher to validate the
pharmacophore’s ability to distinguish between the two classes. However, the classification of
molecules into actives and inactives poses a fundamental problem. Are molecules that are close to
the activity cutoff, which would be treated similarly in the absence of the cutoff, really different from
each other? Is it correct to treat one molecule as an active binder to the protein target and the other
as a non-binder, despite their similarity[14]? Finally, finding a proper cutoff heavily relies on the
researcher’s expertise and experience and is, just like the pharmacophore modelling process, highly
subjective. An often approached workaround to this problem is to remove molecules in this grey area
from the data set, artificially widening the gap. While this reduces the ambiguity of the molecule’s
classification near the cutoff, it does not solve the underlying problem. Furthermore, as data points
are removed, valuable information is lost in the validation process. A quantitative approach applying
regression instead of classification for validating the pharmacophores could get rid of this problem
entirely.

However, pharmacophores, in their original definition, are qualitative, meaning a pharmacophore
feature and a possible interaction either exists or does not exist, leaving no room for intermediary
outcomes. The energy of protein-ligand interactions, in contrast, is not qualitative, and some
interactions might be stronger than others. This currently limits the application of pharmacophores
to qualitative methods and to high-level analyses regarding interaction types. This raises another
guestion. How can pharmacophores be compared to each other, in some cases even ranked?

Virtual screening and pharmacophore screening

Virtual screening (VS)[15] is the process of probing molecules in-silico against some predefined
criteria. In contrast to in-vitro screening, which takes time and many resources, VS is relatively fast
and hardly requires any resources except computational power[16, 17]. Mimicking the in-vitro
process on a digital platform can speed up the screening process tremendously, evaluating millions of
molecules within a few hours without the need to buy or synthesising them first[18]. Various
methods and algorithms[19] have been developed in the past to perform VS, and can roughly be split
into structure-based virtual screening methods (SBVS)[20], and ligand-based methods (LBVS)[21].

SBVS is often applied when the crystal structure of a protein has been identified and includes
methods such as molecular-docking[22] and molecular dynamic simulations[23]. Both methods

10



evaluate the interaction capability of potential ligands with the molecular binding site of the protein
and derive a corresponding quantitative metric. Much research has been put into this field in the
past years since the availability of X-ray crystal structures enables an analysis of protein-ligand
interactions with more confidence by the higher amount of provided information. However, due to
the large complexity of these methods, they are often only used as a complementary filter for a
previously obtained hit list from other screening methods[24, 25].

LBVS, on the other hand, is often applied when no crystal structure is available, the protein target is
not yet known, or only a few ligands with binding information are known. Although, it can also be
applied if the crystal structure has been identified. Despite missing complementary information
about the binding site structure, ligand-based methods have shown promising results[21, 26, 27] and
have become a popular alternative to structure-based methods. Ligand-based methods include,
among others, pharmacophore-based virtual screening[8], molecular substructure search[28, 29],
molecular similarity search[30], and classification models using machine-learning[31].

Due to the high level of abstraction inherent in pharmacophores, they became popular in the field of
VS[15, 32], and are often applied in the early stages of the drug development process to filter large
libraries of molecules. At this stage, it is essential to gather as many diverse drug candidates as
possible to facilitate the following hit-to-lead optimisation phase[33, 34]. In the extreme case, a
single molecule is sufficient to create a pharmacophore, which is used to obtain many other hits of
different scaffolds. The ability of pharmacophores to retrieve structurally diverse molecules with the
same binding motive is known as “scaffold hopping”[35] and is one of the strengths of
pharmacophores in VS. Furthermore, pharmacophore-based VS screening is computationally
relatively cheap, enabling a large number of molecules to be screened in a short period of time.

After the initial hit list has been obtained, the question arises, which of the hit molecules might be
more relevant than others[36—38]? The qualitative nature of pharmacophores does not allow for a
ranking of the obtained hit list[39]. Currently, there are two approaches to this question: using an
external quantitative model or screening the same library of molecules multiple times with different
pharmacophores[40]. The first approach satisfies the requirement to properly rank each hit to
prioritise one over the other for further in-vitro and in-vivo tests. However, since the model is
fundamentally different from the pharmacophore, its applicability domain, which is not always
clearly defined, might be entirely out of scope. This introduces ambiguity to the modelling process,
and it remains unknown whether other molecules from the library might have ranked differently. The
second approach is also known as the “Common-hits approach”[40] and ranks molecules identified
as a hit in multiple screening runs higher than molecules hit only once or just a few screening runs.
This improves the confidence in high-ranked hits; however, the end result is still qualitative. A hit
obtained might bind to the target of interest or not, and it is still unclear how strong the ligand will
bind and what activity to expect. In contrast, a quantitative method would be able to rank hits
according to their expected binding activity, yielding more detailed insights into the differences
between the obtained hits.

QSAR

Quantitative structure-activity relationship (QSAR)[41-43] methods are inherently different to the
qualitative approach of pharmacophores. In its simplest form, QSAR aims to identify correlations
between molecular properties (structural and/or physicochemical) and their observed binding
activity to a protein. The concept of QSAR was first introduced in the '60s by Corwisch Hansch,
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formerly known as the Hansch analysis[44]. The main motivation was - and still is - to identify
structural motives that are relevant for strong binding of molecules to the investigated target. At first,
QSAR employed simple mathematical tools such as linear regression[45] (Figure 1) to identify
correlations between physicochemical properties, such as logP[46], and binding activity. Over time,
as algorithms got more advanced, computational power increased, and molecular
representations[47—49] got more sophisticated, the QSAR models grew more complex, identifying
relationships from thousands of molecular descriptors. However, the rationale for applying QSAR is
still the same; identification of key structural motives that drive molecular binding.

logP vs. plC-50
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Figure 1: Early versions of QSAR by correlating physicochemical properties (logP) with biological
activity (1Cs)

Due to its beginnings and application in the drug discovery process, QSAR methods are mostly
applied in the context of drug-like molecular structures. For a medicinal chemist, this yields
immediate feedback on which functional groups or scaffolds to replace, which residues to add, or
which properties to optimise. Applying mathematical models to molecules is not straightforward and
introduces some challenges. Apart from the problem of how to represent molecules in mathematical
equations, there are other challenges concerning the quality of resulting QSAR models when applied
to molecular structures.

Specifically, in the case of 3D-QSAR[50], when the molecules’ conformations are considered by the
QSAR model, their coordinates might actually hinder rather than enable the generation of a useful
model. Even though the precise location of atoms will provide additional information in a detailed
analysis, QSAR models might struggle to extract meaningful information from them. On the one
hand, the QSAR models are just approximations not intended for a detailed analysis. On the other
hand, a lack of data will usually cause the models to “overfit”[51], meaning they perfectly describe
the training set provided but fail to generalise to unseen new data. Common human sense, which
lets us determine two neighbouring atoms of the same type with minor differences in their
coordinates as the same, does not exist with precise mathematical models. Unless programmed
explicitly by introducing thresholds or cutoffs, the neighbouring atoms will be considered differently.
Such cutoffs can be artificially introduced by representing the molecules by their pharmacophores
and pharmacophore features. Pharmacophore features represented by spheres add a level of
fuzziness to the data representation. In detailed analyses, this effect is not desired, but
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approximations such as QSAR models are likely to benefit from a certain degree of fuzziness. The two
neighbouring atoms from the previous example will be treated equally in the case of
pharmacophores due to the abstraction of their precise coordinates into fuzzy pharmacophore
features with positional tolerance. This could facilitate the extraction of key binding motives,
resulting in an increased ability to generalise to unseen data.

Secondly, various molecular motives might be recognised as similar by a human expert due to the
equal types of interactions they might form with counterparties. An example would be a hydroxy and
an amino group. Both are able to participate in hydrogen bond interactions as donors and acceptors
(Figure 2).
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Figure 2: A: Amino and hydroxy group acting as HBD. B: Amino and hydroxyl group acting as HBA

Another example is the bioisosterism[52] of benzene rings and their analogues (Figure 3). Although
their molecular structure looks utterly different, they have similar interaction profiles with protein
targets[53]. Extracting such high-level properties from a molecular graph is not feasible for simple
QSAR models, and even for complex QSAR models, it will cause problems. Pre-processing molecules
by converting them to pharmacophores will extract binding interaction capability information from
the molecules’ functional groups but disregard their exact molecular structure. Thus, QSAR models
could benefit from the pharmacophore representation instead of the molecule representation by
extracting the relevant information from equal binding motives, facilitating the QSAR models’ ability
to generalise to unseen data.

— | \ /

Figure 3: Bioisosterism of the phenyl ring and its analogues

The concept of pharmacophore features being able to represent various functional groups can easily
be expanded to molecule fragments, even the entire molecule. The experienced reader will readily
recognise this as the previously mentioned concept of scaffold hopping. So far, scaffold hopping
(Figure 4) is only mentioned in the context of qualitative pharmacophores. However, when utilising
pharmacophores to build QSAR models, it could be leveraged as an additional advantage for
predicting out-of-domain molecules. Just like with single pharmacophore features and functional
groups, molecules might have a similar binding motive but consist of an entirely different molecular

13



scaffold. QSAR models built from molecules should not be able to predict any values for such
molecules (for more information, see Applicability domain). QSAR models built from

pharmacophores, on the other hand, will recognise their similarities and readily offer a valid
prediction for the new data samples.
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Figure 4: Alignment of various molecular scaffolds to the same pharmacophore highlighting its
power of scaffold hopping.

In light of these various shortcomings of molecules, it is puzzling that pharmacophores are not
considered more often as a suitable representation for QSAR models. Even though pharmacophores
have been applied to quantitative modelling before (see Chapter 2: State of the art for more

information), resources are scarce. Generalising the molecular coordinates and binding motives to
pharmacophore features will allow the QSAR model to focus on identifying the relevant binding
features without noise from other information. Especially when working closely with medicinal
chemists, identification of those features is crucial, and explainability of the model should be a high
priority for the computational chemist. QSAR based on molecular fingerprints[54] or physicochemical
properties[55—-57] runs the risk of identifying relationships with artefacts of the dataset. This means
the built QSAR model is predictive for new data points, but for the wrong reason. Simply feeding the
QSAR model information about the possible interactions in form of pharmacophore features puts the
focus on identifying the key interactions instead of finding artefacts in the dataset.

Besides guiding the medicinal chemist in the quest for optimising lead compounds, QSAR models
may also be applied a step earlier during hit identification. In contrast to pharmacophore screening,
hits are obtained after predicting a library of molecules with the QSAR model, ranking the hits by
their predicted values, and finally, selecting the top n molecules from the prioritised list. The hits are
already ranked by their expected activity values, as compared to pharmacophore screening, where a
list of presumably active compounds is obtained. Here, no further ranking is necessary.

Alternatively, a QSAR model can be used as the ranking method after a hit list has been obtained
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from pharmacophore screening. The procedure is the same as when predicting a large molecule
library. Thus, the hits are obtained in prioritised order after post-processing with a QSAR model.

Machine learning

As QSAR evolved over time and the datasets became more complex, the algorithms and methods
processing the data had to become more powerful too[58, 59]. Therefore, it is no surprise that
machine learning (ML)[60, 61] also found its way into the chemical domain and is applied to various
QSAR models. ML is a specialised field in computer science that aims to use and develop algorithms
which learn from a given set of data without explicit instructions. Many subdomains exist within ML,
of which almost all are applied in computational chemistry. Among others, classification[62, 63], e.g.,
is used to categorise molecules into toxic and non-toxic molecules[64, 65]. Clustering[63, 66] is often
applied to gain insights into large datasets, group the molecules, find hidden patterns, and add new
molecules into the defined categories. Finally, regression[67, 68] is applied in QSAR models to
identify quantitative relationships in a dataset. Regression models are a well-researched field, with a
few of the most popular algorithms being linear regression[45] and its variations including
regularisation[69], support-vector machines[70], and neural networks[71, 72].

Random forest regressor

A less popular algorithm in regression analysis[73], although widely popular in classification[74], is
the random forest (RF)[75] algorithm. RFs are known for being extremely fast to train, being
relatively robust to overfitting due to their random element, and offering a broad range of tools to
inspect the model and provide insights on the model’s explainability[76].

The RF is a collection of multiple individual decision trees[77, 78] (Figure 5). Given a dataset with
multiple features, a decision tree will iteratively divide the dataset into various subsets based on the
values from a single feature. The feature and the splitting criterion are chosen by a loss function,
which aims to minimise the algorithm’s loss[79]. More practically speaking, the loss function can be
understood as an objective that aims to maximise the amount of information that can be explained
by the model given its current parameters. At each dividing step, the splitting criterion that
minimises the loss and maximises the explained information is chosen by the decision tree algorithm.
The tree is a binary tree, whereas all data points with values below the criterion will be associated
with the left child node, and all the data points with values above the criterion will be associated
with the right child node. This process is repeated for each node until a predefined stopping criterion
is reached or no node can be split anymore. A regression decision tree obtains its prediction by
following the tree along its nodes for the given sample data point and applying the respective
splitting criterion at each node. When a leaf node is reached, the average value of all data points
within the left node is considered the predicted value of the sample data point. A RF regressor
obtains its prediction for a sample data point by averaging over all predictions obtained from the
individual decision trees.
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Figure 5: Example of a trained decision tree to predict bioactivity (pICs,) for given input data.

Applicability domain

Major questions that should be asked in every machine learning study are: “To which data can this
model be applied? Under what circumstances can the model’s predictions be trusted? What are the
model’s boundaries? To which use cases can the model be extended while at the same time keeping
its predictive power?” Questions like these and many more can generally be summarised and
answered by defining an applicability domain (AD)[80, 81]. The AD of a ML model and QSAR model
defines the type and range of data in which the model will yield results corresponding to the model’s
validation performance. The simplest question a suitable AD model will answer is: “Should the
machine learning model be applied to this data point”. If this question is answered with a “No”, then
the ML model’s prediction should not be trusted, and a different model should be used. Despite its
importance, many researchers still do not define or do not know how to define a model’s AD[80].
The definition of an AD should always be tailored to the model, data, and problem at hand; however,
a few accepted methods[81] exist and can be categorised into

® Range-based methods[82]

e Distance-based methods[83]

e Geometric methods[84]

e Probability density and distribution-based methods[85, 86]
Depending on the representation of the data some of these might be more applicable than others.
The definition of an AD for molecules usually requires calculating mathematical descriptors for the
molecules. Only then can the molecule’s AD be defined, such as a range for physicochemical
descriptors, similarity as a proxy for distance metrics, or the use of clustering methods for
density-based methods.
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Chapter 2: State of the art

Most of the research on pharmacophores concerns their qualitative nature and the development of
better algorithms for virtual screening. Although hardly any research has been performed on
pharmacophores in combination with QSAR, there are currently two software packages on the
market which provide quantitative methods for pharmacophores in their portfolio. One of them is
the popular Hypogen[87] algorithm available via BioVia’s Discovery Studio[88], and the other one is
PHASE[89], available as part of Schrodinger’s Maestro Suite[90]. In this section, a brief overview of
the strengths and shortcomings of the two methods, Hypogen and PHASE, will be given.

Hypogen

The Hypogen algorithm[87] aims to generate pharmacophores, named hypotheses in the Discovery
Studio software, for predicting biological activity data. The algorithm is proprietary, and only an
outline of it has been published. The dataset used by Hypogen must span a range of at least four
orders of magnitude and contain structurally diverse molecules, although no restrictions are
reported for structural diversity. The algorithm itself is split into three phases; a constructive, a
subtractive, and an optimisation phase.

The constructive phase generates various hypotheses from a set of most active compounds, up to a
maximum of eight compounds, which is dependent on the activity of the most active compound and
the uncertainty in the measured activity of each compound. A compound is included in this set if it

satisfies Equation 1.
MA * UncMA — (A/UncA) > 0.0

Equation 1: Equation to determine whether a compound is contained in the set of most active compounds. MA = activity
of the most active compound; UncMA = uncertainty of the measured activity of the most active compound; A = activity
of the compound in question; UncA = uncertainty of the measured activity of the compound in question.

From the set of most active compounds, the two most active ones are selected, and their
pharmacophore features from all conformations are enumerated. These must match a minimum
number of features from the remaining compounds; otherwise, they are removed. The result of the
constructive phase is a collection of features matching the set of most active compounds.

Next, in the subtractive phase, this collection will be filtered to remove all features that also match
the least active compounds from the initial dataset. The set of least active compounds is constructed,
which follows Equation 2.

Log(A) — log(MA) > ActivityDistance
Equation 2: Equation to determine whether a compound is contained in the set of least active compounds. MA = activity
of most active compound; A = activity of the compound in question; ActivityDistance = orders of magnitude that the
compound’s activity must be at least smaller than the activity of the most active compound. Per default, this value is set
to 3.5.

All pharmacophore features contained in the set of least active compounds are enumerated and
compared against the feature collection obtained from the most active set of compounds. If a feature
from the most active set matches a feature from the least active set and this feature is shared by at
least half the compounds in the least active set, then this feature is removed from the most active
set.

Finally, the optimisation phase aims to improve the hypotheses which are remaining by optimising
their score. The hypothesis’ score is the sum of the hypothesis’ weight, the hypothesis’ error, and the
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hypothesis’ configuration. Scores are obtained for each hypothesis after applying small perturbations
and measuring their complexity as well as the resulting error in activity estimates. The publication
does not further specify how activity estimates are obtained from each hypothesis. The hypotheses
with the best score are presented to the user.

Besides incomplete information on how the hypotheses generate their activity predictions, the
hypogen algorithm has a significant disadvantage. It only uses information obtained from the few
most active compounds. Any information included in lesser active compounds is not incorporated
into the model, although this information is indirectly considered by removing hypotheses that
match these compounds. The algorithm does not define an applicability domain and, in turn, offers
no possibility for the user to gauge the confidence interval of the obtained predictions. Furthermore,
due to the missing information from lesser active compounds in the resulting hypothesis, these
compounds should be expected to be “out of domain”, resulting in higher error and uncertainty in
their predictions.

A positive characteristic of the algorithm is that it operates directly on the pharmacophore features
and not the molecules to obtain the final hypotheses, although molecules are used for alignment.
The HypogenRefine algorithm aims to mitigate some shortcomings by removing the subtractive
phase and instead placing exclusion volumes for features that match the least active compounds.
How these exclusion volumes are incorporated into the activity prediction is unclear and could not
be found in the literature.

PHASE

The PHASE algorithm[89] shows no similarity at all to the Hypogen algorithm. In advance, the main
differences between the two algorithms are that PHASE is a grid-based approach, whereas Hypogen
operates on the pharmacophore features’ coordinates. The second difference is that Hypogen will
generate various hypotheses, whereas PHASE will simply generate one 3D-QSAR model on top of an
already existing pharmacophore.

Equipped with a training set of molecules with diverse activity values and a previously generated
pharmacophore hypothesis, for example, from the set of training molecules, the PHASE algorithm
will try to align the molecules to the pharmacophore. Structures that match less than three
pharmacophore features are not considered by the rest of the algorithm. Once all molecules are
aligned, a grid is placed around the pharmacophore and the aligned molecules, with a grid size of 1A.
The grid points will be populated with the pharmacophore feature values from the aligned training
molecules. It is important to note that only features that can be mapped to the pharmacophore
which served as the alignment template will be considered as a value for the grid points. Values from
other pharmacophore features are disregarded by the algorithm. After all pharmacophore features
are assigned to the grid points, the molecules are represented by bit-strings obtained from the grid
points. Each grid point is associated with a bit location. Bits corresponding to grid points that have
been populated by pharmacophore features are assigned a value of 1, and the other remaining bits
are 0. This yields a unique string of bit values describing the molecules, whereas the bits can be
interpreted as independent variables. Due to the large number of bits usually encountered,
partial-least-squares[91] (PLS) is applied to retrieve a regression model from the dataset. The
maximum number of PLS features used by PHASE equals one-fifth of the number of training
molecules.
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Among a few shortcomings in the PHASE algorithm, the most prominent one is that it only considers
pharmacophore features that match the previously selected template pharmacophore. Similar to
Hypogen, this limits the algorithm to a selected subset of features disregarding information from the
remaining pharmacophore features. Furthermore, it requires molecules for alignment and model
building, severely limiting the model’s application to pharmacophores. Thus, it is impossible to purely
rank pharmacophores with the PHASE algorithm if no molecule is associated, as would be the case in
prioritising pharmacophores obtained from pharmacophore modelling.
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Chapter 3: Aims and contributions of the thesis

The aim and the contribution of this thesis are guided by the overarching concept of developing
next-generation pharmacophores with the help of machine learning, as defined in the project
proposal of the IMI NeuroDeRisk[92] project. Considering the current state of research in the field of
pharmacophores, the need for a quantitative pharmacophore model was identified. Despite a few
commercial solutions offering such models in their software packages, they are facing critical
shortcomings, which this thesis aims to improve.

At first, the work of this thesis aims to target the shortcomings of existing solutions and develop a
novel quantitative algorithm employing pharmacophores and standard machine learning models to
obtain its predictions. The generated model of such a method should itself be a pharmacophore to
enable the prediction of external pharmacophores without the need for associated molecules.
Furthermore, the developed algorithm should be able to work with small datasets, usually
encountered in the early stages of the drug discovery process, where hardly any data is yet available.
Finally, an applicability domain should be defined for the developed quantitative pharmacophore to
provide additional insights into the quality of the predictions. The corresponding results will be
presented in the first part of the Results and discussion section, QPHAR: quantitative pharmacophore

activity relationship: method and validation.

Building on top of the first part and the developed QPhAR algorithm, the focus shall be applied to the
dissemination and user-friendliness of the QPhAR algorithm. These results will be presented in A new
set of KNIME nodes implementing the QPhAR algorithm.

Finally, a novel generation of algorithms for pharmacophore modelling should be devised in the last

section, which aims to improve the current automated pharmacophore modelling algorithms. The
algorithm should be able to derive a pharmacophore model in a deterministic manner without the
need for a training set. The results are discussed in Applications of the novel guantitative

pharmacophore activity relationship method QPhAR in virtual screening and lead-optimization.
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Il. Results and discussion
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QPHAR: quantitative pharmacophore activity relationship:
method and validation

Stefan M. Kohlbacher, Thierry Langer and Thomas Seidel

Kohlbacher, S.M., Langer, T. & Seidel, T. QPHAR: quantitative pharmacophore activity relationship:
method and validation. J Cheminform 13, 57 (2021). https://doi.org/10.1186/s13321-021-00537-9
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Figure 6: Graphical abstract published online[93]
https://jcheminf.biomedcentral.com/articles/10.1186/s13321-021-00537-9

The concept of this study was devised in in-depth discussions between the three authors, S.
Kohlbacher, T. Seidel, and T. Langer. The algorithm and code of the QPhAR algorithm were developed
and written by S. Kohlbacher. Datasets selection, model training, and statistical validation of the
model were carried out by S. Kohlbacher. The manuscript was written and prepared by S. Kohlbacher.
T. Seidel and T. Langer have supervised the work and revised the manuscript.
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Abstract

Q5AR methods are widely applied in the drug discovery process, bath in the hit-to-lead and lead optimization phase,
as well as in the drug-approval process. Most Q5AR algorithrs are limited to using molecules as input and disregard
pharmacophores or phamacophaonic features entirely. However, due to the high level of abstraction, pharmacophore
representations provide some advantagecus properties for building guantitative SAR models. The abstract depiction
of molecular interactions avoids a bias towards overepresented functicnal groups in small datasets. Furthermere,

a well-crafted quantitative pharmaccophere model can generalise to underrepresented or even missing molecular
features in the training set by using pharmacopheric interaction patterns enly. This paper presents a novel method to
construct quantitative pharmacophore models and demanstrates its applicability and robustness on maore than 250
diverse datasets. fivefold cross-validation on these datasets with default settings yielded an average RMSE of 062, with
an average standard deviation of 0.18. Additional cross-validation studies on datasets with 15-20 training samples
showed that robust quantitative pharmacophore models could be obtained. These low requirements for dataset sizes
render quantitative pharmacophores a viable ge-tomethod for medicinal chemists, especially in the lead-optimisation

stage of drug discovery projects.

Keywords: Pharmacophore, 25AR, Regression, Machine learning, Quantitative-pharmacophore-maodel

Introduction

Quantitative structure-activity relationship  (QSAR)
studies were first introduced by Hansch et al. [1] in 1962
and have been growing in popularity ever since. Start-
ing with simple correlations studies of chemical and bio-
logical properties, such as logP and K, values, QSAR has
evolved into a sophisticated method applying complex
machine-learning (ML} models [2] on vast amounts of
chemical data [3], often using more than a few thousand
descriptors. QSAR models are not only useful for inter-
nal assistance in the drug discovery process, but highly
validated and robust models have even been built by the
FDA to assist the drug-approval process [4].

“Correipondence: homas sede@univiescat
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B BMC

Over the years, QSAR has been influenced heavily by
advanced machine learning [2] and other data processing
systems, which effectively allows the researcher to extract
maore complex relationships from their data. With the use
of more capable models, more complex input data can be
processed. Countless descriptors or fingerprints [5] have
been derived from 2D molecular structures but do not
take into account spatial information and molecular con-
formation. Spatial information becomes even more criti-
cal when dealing with stereoisomers [B].

The popular QSAR modelling algorithm CoMFA [7],
developed in the 80 s, uses 3D conformations of mol-
ecules as input, aligns them to each other, and then cre-
ates a predictive model from the molecules’ calculated
steric and electrostatic interaction fields. The concept
has gained wide popularity but never extended to differ-
ent input domains than molecules. The method PHASE
[8] proposed by Schrodinger [9] has taken this approach
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a step further. In addition to, or instead of calculating
electrostatic interaction fields of the molecules, it is pos-
sible to generate pharmacophore fields from the input
molecules. The same ML-algorithm as used in CoMFA,
PLS {partial least squares), is then applied to create a pre-
dictive quantitative model. At the time, this has been a
novelty since pharmacophores have only been used for
qualitative virtual screening studies. Using pharmacoph-
ore fields derived from functional groups for quantitative
modelling extends the CoMFA concept, using abstract
3D information of molecules for QSAR. Nevertheless,
these pharmacophore fields are derived from molecules
and a pure quantitative algorithm applied on pharmaco-
phores has never been presented before.

Using pharmacophores as input in QSAR studies has sev-
eral advantages: due to the abstract nature of pharmacoph-
ores, they are less influenced by small spatial perturbations
of molecular features characteristic for such interactions.
For example, bioisosteres are often highly similar in their
interaction profile. They might cover, however, entirely
different functional groups and substructures. Building
a (5AR model on such data imevitably introduces a bias
towards the predominant bisisosteric form occurring in
the dataset. Pharmacophores, on the other hand, trans-
form different functional groups with the same interaction
profile into an abstract chemical feature representation
associated with & particular non-bonding interaction type,
such as a m-stacking interaction or H-Bond donor/acceptor
interaction. This generalisation makes quantitative models
more robust and less dependent on the dataset being used.
Primarily in biological assays, robust predictive models are
essential to avoid modelling the experimental noise [10].

Wirtual screening takes advantage of pharmacophores’
abstract nature to achieve an effect known as “scaffold-
hopping™ [11]. Here, pharmacophores help to overcome a
structural molecular bias by only considering the interac-
tion patterns but not the molecular structures. A carefully
constructed quantitative pharmacophore model will build
on these advantages and the scaffold-hopping ability to har-
ness its strengths. Besides abstracting molecular structures,
pharmacophores also abstract the exact sterie location and
orientation of interactions by introducing tolerance ranges.
Losing information on the precise position of possible
interactions might not be desired with highly conserved
protein targets. In general, however, generalisation is con-
sidered positive and avoids overfitted models.

Pharmacophore modelling is often used in combination
with virtual screening to find novel hits. Deciding on the
best pharmacophore model for virtual screening runs is
often a tedious process relying on a large dataset of mostly
artificially generated decoys and some truly active com-
pounds. In addition to requiring large amounts of data,
this evaluation process relies on the binary-classification
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of molecules into active and inactive ones. Molecules with
similar activity values close to the cut-off are classified dif-
ferently, although they demonstrate a quite similar experi-
mental behaviour.

A quantitative pharmacophore model would be able
to score other pharmacophore models and assign an esti-
mated non-binary activity to these pharmacophores. The
(biological) activity of pharmacophores can be interpreted
as the expected activity of molecules matching such a
pharmacophore. In the context of virtual screening, it is
expected that the scored pharmacophore will retrieve mol-
ecules from a database with similar activity values. There-
fore, the quentitative pharmacophore model can be easily
applied as a ranking method to prioritise pharmacophore
madels generated by a researcher.

Despite the possible advantages hardly any research was
done on guantitative pharmacophores and related meth-
ods. In contrast, QSAR applied on molecular structures
has fostered plenty of research and a google-scholar search
for the query "quantitative structure—activity relationships”™
vields close to 5 million results. Nevertheless, two commer-
cially available tools have been released which are able to
relate pharmacophaores quantitatively to biological activity
or other specified properties.

PHASE is a commercially available tool implemented in
Maestro [9]. Besides pharmacophore perception, it allows
for quantitative rationalisation of activity data based on 3D
pharmacophore fields obtained from a set of igands. Phar-
macophores are created for each aligned ligand, whereas
the alignment is not done automatically and needs to be
considered by the user. The aligned pharmacophores are
placed into a vectorised box, each voxel containing infor-
mation about the value of the pharmacophore fields in that
location. The box is used as input for a PLS-algorithm to
regress the pharmacophore fields against a set of activity
values. As output, the user gets a model displaying favour-
able as well as unfavourable regions contributing to the
activity values. Additionally, the activity of new ligands can
be predicted by feeding them to the model after alignment.

Even though PHASE provides one of two available QSAR
methods for pharmacophores, it still relies an molecoles as
input for alignment and model building. Due to this short-
coming, apo-site derived pharmacophores or pharmaco-
phores obtained from ligand-based modelling can only
be predicted via workarounds, Therefore, pharmacoph-
ore OQSAR within PHASE is similar to atom-based QSAR,
except that an additional step for calculating the pharmaco-
phore fields is carried out.

The second available method for pharmacophore QSAR
is the Hypogen [12] algorithm implemented in the Cata-
lvst program, which now is part of BiaVia’s [13] Discov-
ery Studio [14]. The Hypogen algorithm works utterly
different from the PHASE algorithm, directly operating on
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pharmacophore features instead of using prids as a proxy.
First, a subset of the most active compounds is chosen. All
possible pharmacophore hypotheses from the two maost
active compounds are enumerated and must fit a minimum
subset of the remaining compounds in the most active sub-
set to be considered by the algorithm. From this generated
set of pharmacophore hypotheses, the ones matching a
group of nactive compounds are removed i a follow-up
phase. In a third final phase, small perturbations are intro-
duced to the remaining hypotheses, which are then scored
based on the RMSE of predictions against the training set.
The Hypogen refine algorithm extends this method by add-
ing exclusion volumes and introducing another term in the
loss function,

In contrast to PHASE, Hypogen is operating directly on
pharmacophores without the need to provide the underly-
ing molecules. However, a drawback of this method is still
that it builds the quantitative models from a selected subset
of highly active compounds. Even though refinement con-
siders less-active compounds, we would expect predictions
for pharmacophores obtained from less active molecules
to be worse due to missing domain knowledge, After the
maodel-building is done, no single quantitative model 15
selected, but a set of possible solutions is provided to the
user, adding some ambiguity about the model's guality.

Having in mind the potential advantages of a quantitative
method that is based on pure pharmacophoric representa-
tions, we developed and herein present a novel approach
for the generation of quantitative pharmacophore models.
Based on a small dataset of molecules and/or pharmaco-
phores, the proposed algorithm will first find a consensus
pharmacophore (merged-pharmacophore) from all training
samples. The input pharmacophores, or pharmacophores
generated from the input molecules, will then be aligned
to the merged-pharmacophore. For each aligned pharma-
cophore, information regarding its position relative to the
merged-pharmacophore is extracted. This information is
then used as input to a simple machine learning algorithm
which derives a quantitative relationship of the merged-

pharmacophores” features with biological activities.

Methods

Datasets

Phase dataset

The dataset previously published by Debnath [15] et al. in
2012 was used as a benchmark datasets against the PHASE
algorithm. Compounds were obtained in SMILES format,
which served as input for the generation of 30 conforma-
tions. Conformations were generated using iConfGen [16]
provided by LigandScout [17]. For all parameters default
settings were used, and the maximum number of output
conformations was set ta 25, Training and test data were
split acoording to the published results by Dixon et al. [8].
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Molecule number 67 was removed from the dataset due to
missing experimental activity data.

ChEMBL datasets

Datasets obtained from ChEMBL were used for cross-
validation and assessment of the models robustness. The
23 most popular QSAR targets (Table 3), according to
a list published by Cortés-Ciriano [18], were chosen for
validation studies. The ChEMEL datsbase was gueried
with the UniProtld of these 23 targets using the chembl-
webresource-client [19]. Biological activity data (stand-
ard_value’), in the following referred to as activity, was
obtained for each compound and filtered by the following
parameters:

« standard_type: TC50 or "Ki
+ standard umnits: ‘M.

« standard_relation: '=!

+  assay_type B

+ target_organism: "Homo Sapiens.

Activity readouts from biological assays depend heavily
on the assay conditions and the environment. Due to the
high experimental noise and the resulting inability to com-
bine various assays, the datasets were separated by their
‘assay_chembl id’ This resulted in datasets of ~ 20 to~ 100
maolecules.

The assay datasets were cleaned in a post-processing
step to ensure the data was qualified for QSAR modelling.
Datasets with less than three log-units difference between
the minimum and maximum activity value were dismissed.
Furthermore, to avoid overfitting and bias when training
the ML models, the assay datasets were filtered by hetero-
geneity. Ideally, compound activities are distributed equally
over the activity value range. To model data heterogeneity,
the KL-divergence was calculated against a uniform distri-
bution. The higher the KL values were, the more clustered
the dataset was found to be. All datasets with KL values
above a cut-off of 0.75 were discarded. The KL-divergence
was caleulated according to Eq. (1), whereas P oand
denote discrete uniform distributions over activity values
for a given dataset. P represents the estimated uniform
distribution of the datasets, ) resembles the reference uni-
form distribution over activity values, a being the minimum
and b the maximum. P is estimated by binning the activity
values into N (sample size) bins. Each Pix) is defined by the
frequency of activity values in each bin x.

Pix)

Egl : KLiP, () = Zx{){P[I]*Iﬂ‘E(W) (1)

The ChEMEBL datasets were split into training and vali-
dation data via a fivefold random split. This was done by
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applying a stratified K-fold procedure for quantitative data.
Since stratified K-fold data splitting is usually used on clas-
sification datasets, a workaround was constructed where
activity data was binned in K, five, classes [20]. In addition,
a 2080 split {20% training data, 80% validation data) was
generated from the datasets as well as the standard 80-20
split {80% training data, 20% validation data). The 20-80
split aims to mimic a typical SAR setting experienced by a
medicinal chemist, where only a limited amount of data is
usually available. Training folds typically consisted of 10-15
samples.

For all datasets, 30 conformations were generated using
LigandScout’s iConfGen. All parameters were left at their
default values, and the maximum number of generated
conformations was set to 25,

Baselines

Cross-validation studies were also carried out for two
baseline methods using all ChEMBL datasets. One base-
line model wtilised the number of pharmacophore fea-
tures per molecule as input to train a regression model.
The second model was trained on physico-chemical
descriptors of the input molecules. Only a limited num-
ber of descriptors was used due to the small dataset sizes.
The following seven descriptors were calculated for the
input molecules: number of H-Bond Donors/ Acceptors,
number of rotatable bonds, molecular weight, number of
heavy atoms, cLogP [21], TPSA [22].

Additionally, the applicability domain of the baselines
models was defined by caleulating the min/max values
[23] of the input vectors on the training fold. Test sam-
ples were deemed to be out-of-domain if their input vec-
tors either fell below or exceeded the before determined
min/max values, respectively.

Machine learning model generation
To ensure a fair comparison, all baseline models were
trained using the same machine learning algorithm and
the same set of parameters as for the quantitative phar-
macophores. Cross-validation studies were carried out
using the random forest algorithm [24] implemented in
the scikit-learn python package. The parameters ‘'n_est-
mators” and "'max_depth’ were set to 10 and 3, respectively.
The remaining parameters were kept at their defaults. No
hyperparameter optimisation was performed for cross-vali-
dation studies due to the small datasets. Additional required
parameters for the quantitative pharmacophores were
set as follows (also the default parameters): fuzey =Truoe,
weight Type = distance, mostRigid Template = True.
Training the machine learning models of the quantita-
tive pharmacophores on the PHASE dataset employed a
protocol for hyperparameter optimisation. The following
QPhAR specific parameters were subject to optimisation:
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+ weightType: [distance, nrOfFeatures, None|.

+ modelType: [random forests, ridge regression, PLS
regression, PCA4ridge regression, PCA 4 linear
regression).

« threshold: (1, 1.5, 2).

The parameters of the machine learning models were
set to their default values, except for the random for-
est algorithm, Here the parameters 'n_estimators’ and
‘max_depth” were optimised by (10, 15, 20) and (2, 3),

respectively.

Quantitative pharmacophore algorithm

The generation of a quantitative pharmacophore model
proceeds over five consecutive steps (Figs. 1, 2). At first,
a template needs to be chosen (Step 1). The selected tem-
plate could either be one of the training samples, such as
the most rigid molecule, or any other pharmacophore or
maolecule the user deemed relevant. Selecting the template
is highly important and can make or break the algorithm.
Ifa poor template is chosen, the resulting alignment of the
training samples might yield a quantitative pharmacophore
maodel of low quality. In the second step, the training set is
aligned to the selected template. Once all the samples are
aligned, the pharmacophore features of the training sam-
ples are dustered (Step 3). In the following post-process-
ing step (Step 4), representative features will be selected
or generated for each found duster. Furthermaore, clusters
with non-conclusive information get discarded, and only
relevant dusters will be kept within the quantitative phar-
macophore model. Finally, the remaining pharmacophore
features from each cluster are used as input for training a

regression machine learning model (Step 5).

Template selection

The guantitative pharmacophore algorithm provides two
options for selecting a template: either a pharmacophore
is given as input or a set of two molecules. A provided
pharmacophore will be directly selected as the template.
If two molecules are given, they will be aligned to each
other via pharmacophore alignment that also regards the
conformational flexibility of the molecules. Once the best
alignment between the two molecules is found, a phar-
macophore will be generated from the first molecule,
which is then used as the template. A reasonable choice
as the first molecule 15 to select the most rigid molecule
from the training set.

Alignment

Once a template pharmacophore has been selected, the
remaining training set will be aligned to the template
using pharmacophore alignment and a greedy optimisa-
tion procedure to select the best Atting conformations.
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The aligned pharmacophores and their features are
stored within a single pharmacophore data structure
{container), creating a merged-pharmacophore-like out-
come. Each pharmacophore feature is associated with
the activity value of the parent pharmacophore. Directed
pharmacophore features are converted to undirected
spherical pharmacophore features due to the noise intro-
duced by directed features. Each pharmacophore feature
tvpe is collected in a separate container, resulting in six
distinct containers: hydrophobic (H), aromatic (AR), pos-
itive/negative ionisable (P1, NI), H-Bond donor/acceptor
(HBD, HBAJ).

Clustering

A clustering algorithm then processes the collected phar-
macophore features. The minimum distance hierarchi-
cal clustering algorithm is applied, whereas its cutoff
is being treated as a hyperparameter. The default cutoff
value is the radius of the pharmacophore features, 1.5 A.
A distance matrix containing the calculated euclidean
distances between all features in the container is used as
input for the clustering algorithm.

Post-processing

After successful clustering, two post-processing steps are
applied. First, representative pharmacophore features
are selected for each cluster and then clusters with non-
conclusive activity data are removed, keeping only high
impact pharmacophore features.

Representative feature selection
Ideally, each cluster can be represented by a single fea-
ture. If this is not possible, several features are placed
to represent the cluster. The representative feature can
either be one of the existing features in the duster or be
the product of merging all features in the cluster. A fea-
ture represents another feature if they overlap, meaning
their distance is smaller than the radius of these phar-
macophore features. The merged feature then inherits all
activity values from the features it represents. Addition-
ally, the number of included features is stored. Both these
properties will be used in the second post-processing
step.

The following options are considered to find represent-
ative features:

+ Clusters containing a single feature: the cluster is
already represented by the feature itself; therefore, no
further modifications are necessary.

+ Clusters contamning multiple features: at first, each
feature is probed as a representative feature. If any
of the features within a cluster overlap with all other
features, that feature is used as the cluster’s repre-
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sentative feature. Otherwise, & new feature 15 created.
Three strategies are considered in order to determine
the location of the new feature:

+ The feature is placed at the centroid of the duster.
If all features in the cluster overlap with the new
feature, they are merged into the new feature and
their properties assigned to the merged feature.

+ The new feature 15 placed in the centre of the clus-

ter. The process of the centroid feature is repeated.

If all the aforementioned options fail to yield a

representative pharmacophore feature, multiple

features will be selected to represent the cluster.

This process has no clear solution. Therefore, we

apply a greedy iterative algorithm that maximises

the number of represented features at each step.

As long as non-merged features exist, the feature

overlapping with most other features is selected as

a representative feature. All properties of merged

features are assigned to the selected feature. The

just-merged features are then removed from the
cluster. This process is repeated until all features in
the cluster are assigned to a representative feature.

Removing ambiguous features

At this point, the quantitative pharmacophore consists of
several features, each representing a cluster of pharma-
cophore features from the training set. However, some
of these features will not add information to the final
muodel. This 1s easy to imagine in the simple case of two
maolecules having the same scaffold but different residues
and activities. One of the molecules shows high biologi-
cal activity, whereas the other molecule is not active. A
merged-pharmacophore will contain features represent-
ing the scaffold, as well as features representing the dif-
ferent residues. [t 1s clear that the residues’ features can
explain the activity of these molecules, and the scaffold
does not contribute any information. This rationale is
applied to the quantitative pharmacophore. Therefore,
features containing activity values spanning more than
half the distance of global maximum and minimum
activity values are removed. They are considered non-
conclusive regarding their activity and will not con-
tribute relevant information to the quantitative model.
Furthermore, pharmacophore features encountered only
once are considered outliers and are removed from the
quantitative pharmacophore model too due to missing
validation of the feature’s importance. Finally, a deaned,
merged-pharmacophore is obtained, serving as a refer-
ence model in the machine learning procedure.
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ML model and weight selection

Given the training set and the reference merged-pharmaco-
phore, input vectors are generated for each traming sample.
The vector has the size of the number of pharmacophore
features in the reference pharmacophore. Each entry in the
vector corresponds to ane of the reference pharmacophore
features. The vector entries are populated by the inverse
euclidean distances between the features from the refer-
ence pharmacophore and the aligned training sample fea-
tures. If these two features do not overlap, the entry is filled
with a zero value, It follows that the quantitative pharma-
cophore algorithm does not consider features from training
samples without corresponding features in the reference
pharmacophore. This is on purpose and will be explained
further in the "Applicability domain™ section.

Optionally, weights can be added to the input vectors.
If 'weightType’ Mone is chosen, the distance values are
converted to binary values, 1 for overlapping features, O
for non-overlapping features. Specifying no weight type
will keep the input vector as it is. The third option is to
weigh the input vector by the number of features. Fea-
tures consisting of a higher number of merged features
are weighted heavier than features with fewer data.

Once input features are generated for each aligned
training sample, a regression machine learning model 15
trained on the input vectors and the activity data. The
type of the machine learning model is a hyperparameter
of the quantitative pharmacophore algorithm. However,
it is recommended to use simple algorithms to avoid
overfitting. A linear regression model, a ridge regression
model, and a heavily restricted random forest model have
been applied in this study.

The current version of the algorithm has been imple-
mented in Python using the Chemical Data Processing
Toolkit [25] (CDPKIt) for the representation and pro-
cessing of molecule and pharmacophore data. Machine
learning models were trained using the scikit-learn pack-
age |26]. The code and all datasets are available at https://
githubcom/StefanKohlbacher/QuantPharmacophore.

Applicability domain

Applicability domains are an essential part of machine
learning algorithms [27, 28]. Samples outside the domain
of the training data cannot be predicted with high confi-
dence. Moreover, the predictions could be random values
not reflecting the true values at all. Therefore, the applica-
bility domain for quantitative pharmacophore models gets
defined by two factors. First, suppose a new sample, mol-
ecule or pharmacophore cannot be aligned to the template
of the guantitative pharmacophore due to missing fea-
tures or dissimilarities. In that case, the sample is deemed
as out-of-domain and will not be predicted by the model.
Second, due to the removal of features with non-conclusive
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activity values, some features in the guery sample may not
be matched with the quantitative pharmacophore. Fur-
thermore, features not overlapping with any of the models
features will not contribute information to the input vec-
tor. Even though the mode] is missing information in such
cases, these non-overlapping features must not be incuded
in the input vector due to missing training data in these
regions. Therefore, not the entire sample is out-of-domain,
but only certain features within the sample. Features out-
of-domain are not induded during inference.

Results and discussion

The quantitative pharmacophore model is obtained by first
creating a merged-pharmacophore. Data from the merged-
pharmacophore and the training set is then used to fit a
machine-learning model. Training of the ML-model is car-
ried out with the same dataset as the merged-pharmaco-
phore was created from. Therefore, the dataset s required
to have known activity values for each sample. Creating a
merged-pharmacophore as the underlying model has sev-
eral advantages. For one, it keeps the model explainable
and straightforward, unlike many other black-box ML algo-
rithms. Second, due to the familiar merged-pharmacoph-
ore concept and representation, the model can quickly be
adopted by scientists already familiar with such tools. The
steep learning-curve allows a medicinal chemist to iterate
through ideas quickly.

As mentioned before, there are only a few tools currently
available to the scientific community allowing scientists
to perform QSAR from pharmacophores. Here we do not
directly compare against these methods since the quanti-
tative method described in this paper expands to domains
not accessible by previous algorithms. Nevertheless, we
show that the gquantitative pharmacophore performs
similar to the PHASE algorithm on molecule datasets.
Furthermore, based on a broad set of commonly used pro-
tein-targets for QSAR, we prove that the method shows
robust performance over a wide variety of datasets.

PHASE vs. QPhAR

The paper published by Dixon et al. [8] in 2006 describ-
ing the PHASE algorithm compares its method against an
even earlier published paper [15] using the Hypogen algo-
rithm to predict the activities of a dataset. The quantita-
tive pharmacophore was trained on the same training set,
20 samples, as described in the paper by Debnath et al.
[15]. It was then evaluated on the holdout test set con-
taining 57 molecules (originally 58, but one sample had
no reported activity value). The reported RMSE and B*
values on the test set of the PHASE algorithm were 0,822
and 0.407 (Fig. 3A), respectively. In contrast, the quanti-
tative pharmacophore model could achieve an RMSE of
0.85 and an R of 0.365 (Fig. 3B). These two models are
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comparable to each other and are expected to yvield simi-
lar results on new datasets. A student t-Test has further
validated the fact that the models perform on par. The
student t-Test was performed using scipy's implementa-
tion for related samples, as is the case here for predictions
from the same test set. The t-Test resulted in a p-value of
0.29. Therefore, the null-hypothesis that the two models
perform differently cannot be rejected. To reject the null-
hypothesis a p-value of at least 0.05 or lower should be
achieved. Figure 5 shows the mean RM3E values of boot-
strapping the testset for both the PHASE and the QPhAR
models. The 95% confidence intervals obtammed from
bootstrapping show a significant overlap between the two
methods (Fig. 5 Appendix). The distribution of prediction
errors is plotted in Fig, 6 (Appendix) for both models. An
interesting fact that can be observed is the slightly lower
median of the quantitative pharmacophore model com-
pared to PHASE. Although, this does not indicate superi-
ority over PHASE due to the previously stated equality of
the two models.

However, it is important to keep in mind that both mod-
els were trained and evaluated on molecules, which is not
the main focus of the method described here. Prediction
of pharmacophores not obtained from molecules is one of
the unique strengths of the quantitative pharmacophores.
Abgnment and prediction of such pharmacophores has
not been possible before and prediction of pharmacoph-
ores with other methods still relied on molecules for align-
ment. Therefore, the method described here does not aim
to compete against previous algorithms but rather expands
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the toolbox available to researchers while still providing
similar quality results as state-of-the-art methods.

Cross-validation
Besides comparing our method against existing meth-
ads, CV was carried out on more than 250 distinct
datasets to test the quantitative pharmacophores” gen-
eral applicability across a wide range of datasets. All
training-validation runs used default parameters to
gauge the guantitative pharmacophores’ effectiveness
when vsed out-of-the box. Simple baseline models were
built to demonstrate superior behaviour over standard
methods. As baselines, the number of pharmacophore
features im the training set was regressed against the
activity endpoint. Furthermore, a set of simple physico-
chemical properties was calculated and vsed as a sec-
ond baseline model input. To ensure a fair comparison,
all baseline models used the same machine learning
algorithm with default parameters as the quantitative
pharmacophores. Cross-validation runs were evaluated
by calculating the mean RMSE and the standard devia-
tion of the RMSE over the five individual runs (Fig. 4).
Additionally, the applicability domain has been inves-
tigated for the test set samples. Samples deemed out-
of-domain for baseline models were further analysed
and compared against in-domain predictions from the
quantitative pharmacophores. No sample was found to
be out-of-domain for the quantitative pharmacophores.
Mean RMSE values of the CV (80-20 split; Fig. 4A)

range from 020 to 1.27, with an average over all
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Fig. 3 Test set performance of PHASE (Al and the quantitative pharmacephone maodel (B)
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datasets of 0.62. Generally, an average mean EMSE of
.62 over all datasets is perceived as quite good, con-
sidering that lower RMSE values are a strong indica-
tion of modelling the experimental noise in the datasets,
With that in mind, the small number of datasets with
mean RMSE values of 0.20 from CV are very likely to
averfit. On the other hand, the worst BEMSE of 1.27 was
obtained with default parameters and in depth analysis
and model optimisation are likely to sharply increase
the models performance. Along with mean RMSE
values, the standard deviation of the model's CV per-
formance was calculated, which on average, was 0.18
across the five folds CV. Further emphasis in the analy-
sis was put on the applicability domain. The applicabil-
ity domains for the baselines were defined as described
in the "Methods™ section. The applicability domain for
the quantitative pharmacophore is defined by a possible
alignment of the test samples to the model. If ne align-
ment with the model can be found, the sample is out-of-
domain. During CV runs, no test samples were found to

be out-of-domain for the quantitative pharmacophore
maodel. However, out of 8520 test samples from all CV
runs, around 1.,."3 (901) of the test samples were found to
be out-of-domain for the physico-chemical properties
baseline and ~ 3% (244) for the pharmacophore features
baseline. Predictions of these samples were made nev-
ertheless and then further analysed in comparison with
the quantitative pharmacophores. Our model could
improve on these predictions in 71%, and 72% of all
out-of-domain samples for the properties and features
baseline, respectively. Figure 7 (Appendix) shows the
number of times the quantitative pharmacophore model
vielded better predictions than the baselines, when the
test-samples were found to be out-of-domain. For a
summary of the quantitative pharmacophores and base-
lines 80-20 CV results see Table 1.

Evaluation of the 2080 split (Fig. 4B) vielded an aver-
age RMSE of 0.83 over all datasets, with a minimum
RMSE of 041 and a maximum of 165 As expected,
these models’ performance is not as high as the average
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performance from models trained on the 80-20 split.
These results agree with the general notion that more
data will improve a machine learning models qual-
ity. However, considering that the training sets con-
tained only 10-15 samples, the model’s performances
are respectably high. A valid concern often raised with
such low training set sizes is the potential overfitting of
the models. Here, we can exclude overfitting since the
trained models were evaluated on validation sets four
times larger than the training sets. I[f models would
overfit, the performance on the validations sets would
be considerably worse and therefore not be in agree-
ment with obtained results. Furthermore, the standard
deviation over all datasets of the 20-80 CV is much
lower than the 80-20 CV, Fig. 4D, C, respectively. The
low standard deviation further strengthens the point
that the models are not overfitting any of the CV splits.
Nevertheless, the small standard deviation compared to
the 80-20 split is surprising since smaller datasets are
expected to increase the model’s performance variance,
Achieving a smaller variance during CV with smaller
datasets further boosts confidence in robust quantita-
tive pharmacophores.

As for the 80-20 split, additional analysis was per-
formed for samples classified as out-of-domain. Due
to the small training sets, considerably more samples
from the test set were found to be out-of-domain for the
baseline models as with the §0-20 split. Out of 19,805
test samples in total, = 23% (4602) were deemed as out-
of-domain for the properties baseline and ~ 7% {1399)
for the features baseline. No test sample was found to
be out of domain for the quantitative pharmacophores.
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65% of the time predictions were improved by the quan-
titative pharmacophores (Fig. 8 Appendix). For a sum-
mary of the quantitative pharmacophores and baselines
20-80 CV results see Table 2. For a list of all target-pro-
teins used in the CV studies see Table 3.

In direct comparison to the baselines, the quantita-
tive pharmacophore model was superior in - 9/10 cases
measured by the RMSE of CV (80-20 split as well as
20-80 split). In the 80-20 split TV, the quantitative
pharmacophore could improve the mean RMSE by 34%
over the pharmacophore features baseline and 27%
over the physico-chemical properties baseline. Similar
results can be seen on the 20-80 split, where 20% and
12% improvement was achieved, respectively.

Conclusion

Pharmacophores are widely applied in a qualitative
manner for hit identification in virtual screening experi-
ments and hardly any information can be found on the
quantitative use of pharmacophore models. PHASE and
Hypogen, only accessible in commercial packages, cur-
rently provide the only two algorithms which allow for
quantitative insights on pharmacophore models. Target-
ing their drawbacks, such as alignment, the requirement
of molecules for training, and user-friendliness, we pre-
sent a novel quantitative pharmacophore generation
algorithm for QSAR studies. The algorithm first creates
a merged-pharmacophore from a given set of molecules
and/or pharmacophores. Information obtained from
aligning the training set to the merged-pharmacophore
is then used to train a machine-learning model. We per-
formed extensive cross-validation on a large variety of

Table 1 Results for B0-20 CV of quantitative pharmacophores and baselines

Quantitative pharmacophores Features baseline Properties baseline
RMSE (mean) 062 055
RAMSE (standard desiation) d1a 24 o
RAMEE (minimum] (1} .34 0.8
AMSE (masmunn} 117 152 1.61
Samples out af domain i 24 (2 %) B0 {10.1%)
Table 2 Results for 20-80 CV of quantitative pharmacophores and baselines
Quantitative pharmacophores Features baseline Froperties baseline
RMEE (mean) 183 b2
RAMEE (standard dewviation) d1g .25
AMSE (minirnum] A1 .39
AMEE (masmurn} 185 215
Samples out of domain i 1359 (7 1%)
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datasets and could show that quantitative pharmacoph-
ore models generated by our methods generalise well to

Table 3 Target list used for model validation

Target Unifrot 1D CHEMBL 1D
Alpha-Za adrenergic recepior Pogea CHEMEL1BET
Tyrosme-protein kKinase ABL Poas1e CHEMEL1B52
Acendcholinesterase Pa2303 CHEMBLI 2D
Andicoen recepton P1o27s CHEMEL1EM
Sarinedthreonine-protain kinase Aurora-A& 014965 CHEMELATIZ
Sarinedthreonine-protein kinase B-raf P15056 CHEMELS 145
Cannabincid CB1 recepios 211554 CHEMELZ 18
Carnaonic anhydrase || POOSIE CHEMEL205
Caspase-3 Pa2574 CHEMBL2334
Thrombin POO734 CHEMBLIOM
Cyclooygenasa-1 13119 CHEMEL22T
Cycloompgenasa-2 P35354 CHEMBLIZ0
Cihydrofolate reductase PoO3 CHEMEL202
Copanin D2 receptor Pl4416 CHEMBLITF
Moregenephdine transportar Pazes CHEMAELI22
Epidesnal growth factar receptor erbg1 PoOs3a CHEMAELI03
Estrogen receptor alpha PO330E CHEMBL20G
Glucooormicod receptar Pod150 CHEMEL2034
Glycogen synthase kinase-3 beta PA49BA1 CHEMEL 262
HERIG 02308 CHEMBL240
Tyrosma-protein kinase JAK2 CE0a 74 CHEMBL29M
Tyrosema-protein kinase LCK PoG23D CHEMBL2SR
Monoarmne oxdase A 1139F CHEMEL1951
e cpioid receptor Pas3iz CHEMELI33
\anilloid recepior CarERT CHEMALATS4

many different datasets even without performing hyper-
parameter optimisation. The trained models achieved a
mean EMSE of (.61 during CV over = 250 datasets. The
datasets used for CV resemble sizes typically encoun-
tered in SAR settings by medicinal chemists, We could
also demonstrate the robustness of our algorithm which
is insensitive to small perturbations during training

Table 4 Hyperparameters of trained quantitative
pharmacophore moedel on datasets from Debnath et al.

Parameter Walue

Fuzzy True
Micdelnype RandomForest
Thweshald 1

Waighttypa distance
rnaxCepth (of ML-Madel 3

nEstimators fof ML-Modal) 0
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Table § Fredictions on test set of quantitative pharmacephore
model

Index plCSDexp plCSOpred Index plCSDexp  plCSO pred

u] SBd 13 35 a4a7 B10
1 B& 656 37 174 ro2
2 iy 6.3 33 G G678
3 643 724 42 a17 ras
4 A=k} 654 43 a3 622
] 652 6.7 A4 547 |
-] B5& 640 A5 A 613
7 fle a1l a7 6.36 BOE
8 £ 758 48 B4 Foe
a £71 &4 A% a.l1s BN
10 B 736 52 G685 B34
1 572 220 53 8413 BN
12 BOD 6.7% 54 547 628
13 821 8104 55 837 E02
14 T 633 549 JB2 Fai
15 F4R 6.7% &1 an F
18 B30 834 &2 557 624
19 BE1 i &3 a5 BE2R
20 8 a1l & an B3
21 B17 8104 &5 59 F18
21 F38 6.7% =] 56 608
24 B3 a8 &7 a8.37 B34
25 B35 751 &3 a bl1&
26 B8 620 &4 638 655
27 B28 813 A 724 EB8
2B 5892 62F Eal JBS B2
0 B28 =l 72 834 BE2R
3l B17 B 4 514 bah
3 528 6.16

by achieving small variance in RMSE over fivefold CV.
Furthermore, on more than 90% of datasets, the gener-
ated quantitative pharmacophore models outperformed

Table & Fredictions of guantitative model training set
Index plCSDexp plCSOpred Index plCSDexp  plCSO pred

& FE1 A8 EL] 829 rie
7 £ 733 50 541 bB3E
23 EO% S98 51 8d3 E4E
20 FR 753 54 ali? b1%
31 B33 7 A6 57 a.00 623
i3 BOD 70 58 als bAY
38 431 6.8 &l a40 B25
) 221 6.10 73 559 BAS
%0 B3 810 kL a4 B2
41 B4l &34 7h 6.36 622
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tested baselines, thus making our method a reasonable
first approach for any researcher looking to get quanti-
tative SAR insights on his data.

Appendix
For a list of target-proteins used for CV studies see
Table 3.

ase
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Fg.6 Errordistribution of pradictions from PHASE and QFRAR

Quantitative pharmacophore model applied
on the dataset from Debnath et al.
A guantitative pharmacophore model was trained on
the same dataset as by Dixon et al. for the PHASE
algorithm. The hyper-parameters of the best model
were as follows (Table 4):

The predictions of the model on the training and
test set can be found in the following Tables 5 and 6,
respectively.
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Metadata such as dataset sizes, span of activity
values, etc. for all datasets wsed for CV is provided
in Additional file 1 (CV 20-80 split) and Additional
file 2 (CV 80-20 split).

PHASE vs QPhAR additional plots
Figures 5 and 6 display the bootstrapped confidence
intervals as well as the error distributions of the pre-

dictions from the PHASE and QPhAR models.

Cross-validation additional plots

Figures 7 and 8§ display the frequency of the quant.
pharmacophore models outperforming OOD predic-
tions of the baselines.
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Supplementary Information

For a list of target-proteins used for CV studies see Table 3.

Target UniProt ID CHEMBL ID
Alpha-2a adrenergic receptor P0OAS13 CHEMBL18GY
Tyrosine-protein kinase ABL POO519 CHEMBL18G2
Acetylcholinesterase P22303 CHEMBL220D
Androgen receptor P10275 CHEMBL1E71
Serine/threonine-protein kinase Aurora-A 014965 CHEMBLAT22
Serine/threonine-protein kinase B-raf P15056 CHEMBL5145
Cannabinoid CB1 receptor P21554 CHEMBL218
Carbonic anhydrase Il POO918 CHEMBL205
Caspase-3 PA2574 CHEMBL2334
Thrombin POO734 CHEMBL204
Cyclooxygenase-1 P23219 CHEMBL221
Cyclooxygenase-2 P35354 CHEMBL230
Dihydrofolate reductase POD374 CHEMBL202
Dopamin D2 receptor Pl4416 CHEMBL217
Narepinephrine transporter P23975 CHEMBL222
Epidermal growth factor receptor erbB1 POD533 CHEMBL203
Estrogen receptor alpha P03372 CHEMBL20&
Glucocorticoid receptor PO4150 CHEMBL2034
Glycopgen synthase kinase-3 beta P4g841 CHEMBL262
HERG 012809 CHEMBL240




38

Tyrosine-protein kinase JAK2 060674 CHEMBL2971
Tyrosine-protein kinase LCK PDB239 CHEMBL258
Monoamine oxidase A F21397 CHEMBL1951
Mu epioid receptor P35372 CHEMBL233
Vanilloid receptor O8NERL CHEMBLAT94

Table 3: Target list used for model validation

Quantitative pharmacophore model applied on the dataset from Debnath et al.

& gquantitative pharmacophore model was trained on the same dataset as by Dixon et al. for the
PHASE algorithm. The hyper-parameters of the best model were as follows (Table 4):

Parameter Value

Fuzzy True
Modeltype RandomForest
Threshold 1

Weighttype distance
maxDepth (of ML-Model) 3

nEstimators (of ML-Model) 10

Table 4: Hyperparameters of trained guantitative pharmacophore model on datasets from Debnath

The predictions of the model on training and test set can be found in the following Tables 5 and &,

respectively.
Index plC;, exp pIC, pred Index plCy, exp pICy; pred
0 5.64 713 35 8.57 8.10
1 6.6 6.66 37 774 .02
2 6.07 6.73 38 6 6.78
3 6.43 7.24 42 817 7.86
4 6.92 6.94 43 6.3 6.22
3 6.52 6.77 44 5.47 i




6 6.56 6.60 45 737 6.13
7 FAL: a8Mm a7 6.36 £.08
8 137 7.59 438 8.44 7.06
9 172 814 49 8.15 811
10 & 7.36 52 6.85 8.34
11 572 7.70 53 8.23 811
12 8.09 6.75 54 5.47 6.28
13 8.21 8.04 55 8.37 8.02
14 7.44 6.33 59 7.82 7.63
15 7.48 6.75 61 an 7.70
18 8.39 8.34 62 5.57 6.24
19 6.82 7m 63 8.5 8.28
20 8 an B4 821 8.34
21 6.17 8.04 65 5.89 7.18
22 7.36 6.75 BE 5.6 £.06
24 8.3 8.08 67 8.37 8.34
25 8.55 7.51 68 & 616
26 8.06 6.20 69 6.38 6.55
27 8.28 8.13 70 7.24 6.88
28 5.92 6.22 ! 7.85 8.22
30 8.26 8.04 72 8.34 8.28
32 817 8.04 76 5.14 6.65
34 5.28 6.16

Table 5: Predictions on test set of quantitative pharmacophore model
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Index plC;, exp pICg, pred Index pICs, exp plCs, pred
16 782 748 46 8.29 776
17 7.57 7.25 50 5.41 6.38
23 6.09 .08 51 6.23 6.46
29 770 7.53 56 6.07 6.19
31 8.33 7.46 57 6.00 6.23
33 8.00 7 58 6.15 6.47
36 451 6.78 60 8.40 8.25
39 5.21 6.10 73 5.59 6.65
40 8.43 8.10 74 8.70 B.42
41 8.42 8.34 73 6.36 6.22

Table &: Predictions of guantitative model training set

Metadata such as dataset sizes, span of activity values, etc. for all datasets used for CV is provided in
Additional file 1 [CV 20-80 split) and Additional file 2 (CV 80-20 split).

PHASE vs QPhAR additional plots

Figures 5 and & display the bootstrapped confidence intervals as well as the error distributions of the
predictions from the PHASE and QPhAR models.
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Figure 5: RMSE values of retrospective bootstrapping including 95% confidence intervals
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Figure 6: Error distribution of predictions from PHASE and QPhAR

Cross-validation additional plots

Figures 7 and 8 display the frequency of the quant. pharmacophores models outperforming 00D
predictions of the baselines.
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Figure 7: Mumber of times QPhAR outperformed baselines for out-of-domain (00D) samples
(80-20 cv split)
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Figure 8: Mumber of times QPhAR outperformed baselines for out-of-domain (00D) samples
(20-80 cv split)



A new set of KNIME nodes implementing the QPhAR
algorithm

Stefan M. Kohlbacher, Thomas Seidel, Gékhan Ibis, Christian Permann, Sharon Bryant, Thierry Langer

Kohlbacher SM, Ibis G, Permann C, Bryant S, Langer T, Seidel T(2022) A new set of KNIME nodes
implementing the QPhAR algorithm. Mol Inform. Under Review
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Image 7: Sample KNIME workflow for training a QPhAR model[94].

S. Kohlbacher has developed the KNIME nodes, devised the KNIME workflow, trained the QPhAR
models, and wrote the manuscript. G. Ibis and C. Permann contributed to the development of the
KNIME nodes. T. Seidel, Sharon Bryant, and T. Langer have supervised the work and revised the
manuscript.
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A new set of KNIME nodes implementing the QPhAR

algorithm

Stefan M. Kehlbacherial, Gokhan Ibisltl, Christian Permann(= &, Sharon Bryantl, Thierry Langer® ¥ and Thomas

Saidel*™

Abstract: Dissemination of nowel research methods,
aspacially in the form of chamaoinformatics software, depands
heavily on their easea of apphcability for non-axpert users with
anly a litile or no programming skills and knowledge in
computer science. Visual programming has become widely
popular over the last few years, also enabling researchears
without in-depth programming skills to develop tailored data
processing pipelines using elemants from a repository of
predafined standard procedures.

In this work, we presant the development of a set of nodes for
tha KMIME platform implameanting the QPhAR algorithm. We
show how the devalopad KNIME nodes can be included in a
typical workflow for biological activity prediction. Furthermone,
wa prasent best-practice guidelines that should ba followed
fo obtain high-quality QPhAR models. Finally, we show a
typical workflow fo train and oplimise a QPhAR madal in
KEMIME for a set of given input compounds, applying the
discussad best practices.

Keywards: pharmacophores, phamacophone modeling, GPhAR, KNIME, NeurcDeRisk

Mowadays, in-siico methods are an indispensable part of the
maodern drug discovery toodchain and have shaped the field of
computer-aided drug design (CADD). The software tools
themsalves, however, are often unintuitive and require
considerable knowledge in programming or the compuier
science domain. This presents a huge antry barrier for many
lab researchers, preventing them from benafiing from the
latest research in chemoinformatics, bicinformatics, or similar
domains. In  addition to bhard-to-use tools, the latest
chemoinformatic methads are hardly ever released via a
ready-to-use software package.

The Konstanz Information Miner (KNIME ) is a platform which
aims to reduce a lot of thase barriers and fadilitate the use of,
amongst others, advancad chemoinformatics tools. It providas
the usar with a graphical interface to build and run complax
workflows and pipelines without the nead for programming
skills. So-called nodes reprasent clearly defined processing
units and are added 1o a KMIME workflow by simple drag-and-
drop. Modes ara available from various software vendors and
fraom the built-in reposilory maintained by the open source
community. Furthermore, the KNIME developers guidel
allaws any researcher with some programming knowladge to
devalop his own nodes and make tham available for broader
use by the scientific community f  desired.
We have previously published a nowvel method called
QPhARE that perceives and models guantitative relationships
betwaen biclogical activities and pharmacophores. The tool
has bean made available via a docker image that can be
refrieved from the author's Github page’®l. Acknowladging tha
above-made angumeant that modem chemoinformatic tools
lack userfriendliness, we developed, in collaboration with
members of the MeuroDeRisk project’®, various KNIME nodas
implemanting the QPhAR algorithm.

The underlying principle of the QPh&R algorithm is the
principle of QSARE, which aims to mathematically relata
molacular structures, or binding maotives, to a chosen endpoint.

often the biological activity. In essence, QSAR models are
often regression or simple machine leaming modals.
Tharefars, thay should be treated as such, demanding the
datasets to meet cartain reguiremants. While this is comman
practice in compular sciences dewveloping machine learning
algorithms, it is often ignored in the domain of life sciences
applying Q5AR algorithmes.

In this publication, we will present a naw sat of KNIME nodes
implementing the QPhAR algorithm as well as dedicated 10
nodes for saving and restoring the generated models. In
addition, we will presant and discuss bast practices for training
QS5AR models, with a special focus on the QPhAR algorithm.
Finally, we provide a typical workflow to train a QPhAR modal
in KMIME, applying the discussed best practicas.

Experimental Section (or Computational
Methods)

QPhAR goes KNIME

The ariginal implemantation of QPhAR is comprised of
a set of Python scripts that were made available for
interested users in the form of a docker container.
Providing scientific open source software this way is quite
common  for developments resulting from  research
projects  but  causes considerable  inconveniences,
aspecially for less experienced end-users. To facilitate

fa}  Division of Pharmaceuwtical Chemistry, Depardment
of Pharmaceutica! Sciences. Uiniversity of Vienna,
Josef-Holaubek-Plart 2, 1080, Wenna, Austris

It} inte:Ligand G.bH, Mariahilferstrate 748/11, 1070,
Vignna

=) Supporting information for this aricle iz svailabls on
the WWIW under hitpda dod ong/ 0.7 002 minf. (D01
will e filfed In by the edifonal staf)).
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usar-friendliness and applicability, the QPhAR algorithm
thus has been re-implamented as a collaction of KNIME
nodes. This collection provides the following nodes and
associated functionalitias:
= QFHAR Learner
The QFRAR Learner (Figure 1 A} node
implements the main logic to train a QPhAR
model from a given datasat. It has one input port
and reguires that the provided table contains a
column  storing  molecules  with 3D atom
coordinates. In addition, a column containing the
true target values of each compound must be
present. The target value data typa can be a
string or @ numeric type that can be converied to
a floating point value by the QPHAR Learmer node
at runtime. These columns will be auto-detected,
wheraas the first column of the corresponding
type is selected if multiple columns of the same
type exist. The user can also st the columns
manually in tha node configuration dialogue. The
three output ports provide the following data
{from top to bottom): i) the trained QPhAR modeal,
i) the given input data, along with two additional
columns containing the predicted target values
and a boolean wvalue, indicating whethar the
compound is within the modal's applicability
damain or outside, and iii} a table containing all
compounds outside the maodel's applicability
domain if the box "Remove out of domain
samples” in the configuration dialogue has beaen
checked; otherwize, an empty tlable will be
returnad.

The node offers multiple seftings specific to
the QPh&R algorithm (please rafer to tha original
publication for a description of the QPhAR
parameaters} and options contralling the model’s
training. Among the already mentioned general
saltings (“Activity column” and “Remowve out of
domain samples”), the “Training size” can be sel.
By default, this valua is st to 0.8, applying
intermal cross-validation  with  an  B0%-20%
training-validation split of the given dataset. This
value can be set to 1 if the user prefers to handle
cross-validation externally.

« QFhAR Predictor

The QPRAR Predictor (Figure 1 Blis the
associated counterpart of the QPRAR Leaner
node. The QPRAR Predictor node has two
mandatory input ports. The top input port expacts
data of a trained QPhAR model that are either
provided by a preceding QPHAR Learner or
QFRAR Reader node. The bottom input expacts
a ftable that containg a column  storing
maolacules with 30 atom coordinates. As for the
QFRAR Learnar noda, the molecula column will
ba auto-defectad. The iwo oulput pords are
aquivalent to the output ports i} and iii) of the
QFhAR Leamer node: Tha first port amits the
input tabla with two additional columns cantaining

molecular

informatics
the model's predictions amd the applicability
domain indicator. The second port, if desirad,
provides a table containing all compounds
outside the modal's applicability domain.

« QPhAR Reader

The QFhAR Reader node (Figure 1 C)
implaments functionality to load a previously
stored QPhAR model from disk. Only modals
saved by the QPRAR Writer node are supporiad.
The node provides the loaded model on its output
port which can then be connected to a QPhRAR
Fredictar node.

» QPhAR Wriler

The QFRAR Wrter node (Figure 1 D} is tha
counterpart of the QPhAR Reader node and is
used o write a previously trained modal to disk.
At its input port, the node expects modsl data as
output by the QFPRAR Learnar noda.

QPhAR Learner OQFPhAR Predictor QFhAR Reader QFhAR Writer

F#E

B - C i) .

Figure 1. The set of implamented QPhAR KMNIME nodes.

A

Table 1. Walldation metrics of the GPhAR algorithm in KNIME
and I8 original Implementation in Fython.

Datasat KNIME Python
RMSE R= RMSE R

Ecal 0.79 0.55 0.41 0.8a

Garg® 0.78 0.28 0.56 0.67

Krovat®l 082 0.33 0.70 0.50

Mall 0.54 0.36 0.44 0.58

Table 1 contains data about the validated performance
of the KMIME nodes compared fo the Python modals. The
KEMIME nodes and models were validated on datasets
which have been part of extensive validation in the past
o ensure a relevant comparisom and result. It is
acknowledged that the performance of the KNIME nodes
is slightly below tha performance of the Python modals.
These differencas were investigated and can be attributed
to the wtilised libraries implementing the random forest
madel as well as tha pharmacophores being generatad
(the initial QPhAR implementation was done in Pythan
and the KMIME nodes were developad in Java). Howewver,
the models are still parforming well, and propear validation
and tests ware carried out to ansure qualitative equality
between the implementations.

QPhAR 101 and best practices

User-friendly chemoinformaltic fools uwsually provide
reasonable  default walues for  their configuration
paramaters in order to enable a quick start for users
without in-depth knowledge of the applied method. Basad
an warious wvalidation runs, default values for QPhAR
parameaters were chosen to provide the best initial guess

Wiley-ViCH
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1
2 for successfully fraining a model. Howewvear, even though
3 training a model with the default values is likely to yield
4 good results, the results will not be the optimum the usar
5 could achieve by caraful tweaking of the parameters.
6 Therefore, we provide a guide of best practices for
7 training a QPhAR modal within KNIME o facilitate the
8 training of a QPhAR model and optimise the obtained
9 results. First, wea briefly discuss a few reguiraments that
10 should ideally be met to train a QPhAR modal. Then we
1 will go owver various validation metrics that can ba used to
assess the quality of a OQPhAR model. Finally, hyper-
12 parameter optimisation will be discussed, as this is an
13 assential topic for any machine learning model and thus
14 also of relevance far QPhAR.
15
16 The following best practices are not only limited to
17 QPhAR but should ba applied to any QSAR study.
18 Unfortunately, this is often owverlookad. Theoretically. a
19 regrassion model can be frained for any kind of target
20 value. Howaver, within the context of biological activity
r prediction, representing one of the most frequent use
27 cases, not every set of activity valuas will yield a useful
model. Given that the experimantal error is often as large
s as 0.5 log units of activity (Ki or IC50), the dataset used
24 far training a QPhAR model should at least span a range
5 af 3 log wnits of aclivity to get a meaningful modal.
26 Otherwise, the model's statistics might indicate a wall-
27 trained model, whereas actually the experimental noise
28 has bean modalled.
29 Furthermore, the distribution of activity values in the
10 training sat should be as homogeneows as possible.
1] Otharwise, the task turms into outlier prediction rathar
12 than classical regression, which is an entirely different
13 problem. A rough astimation is whather clusters of data
points can be identified visually when plotting the sorted
34 activity values of tha training set.
35 Datasets of molecular activity often span multiple
36 arders of magnitude. When calculating the loss, applying
N thase raw activity values as target values for training a
33 maching learning problam can become an issue. For
g axampla, the Mean-Squared-Error (MSE) will emphasise
40 samples with larger absolute errors, even if the error is
41 relatively small comparad to other sampleas in the datasel.
42 Transforming thesa values into the same domain - for
43 axampla, by calculating the logarithm - will alleviata such
44 problems. The QPhAR algorithm has been designed with
thase issues in mind, and to oblain the bast results, it is
45 strongly recommended to perform such transformations
46 before training a QPhAR model.
a7 Many different types of pharmacophore featuras can
48 be defined!'l, some software aven allows the definition of
49 custom pharmacophora featura types. QPhAR only uses
50 tha following feature types: H-bond acceptorsidonors,
51 hydrophobic groups and aromatic rings, and positive and
52 negative ionisable groups. Therefore, samples confaining
53 ather chemical feature types, e.g. groups allowing the
54 complexation of metals, should ba removed from the
55 training sel. These samplas ara likely to add noise to the
training of the QPhAR model without contributing
i? information to the modal. Even though thase samples will
58
59
G0
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not raise an error, critical information will be missing at
training.

Finally, splitting the dataset into a training-, validation-,
and test set can be considered a standard procedura
carried out in the preparatory phase of machine leaming
tasks. The "QPhAR Learnar” already provides some
functionality to split the training set into a training and
validation set. The user can determine the ratio with the
parameater “fraining size”. Sefting this paramefter o 1 will
not split the dataset, and the model will ba trainad on the
antire datasel given. However, unlass handled externally
by the usar, it is highly recommendad to keep this option
enabled.

Hyper-paramatar aplimisation is a bloody doubla-edgad
swaord. On the ona hand, it might drastically improve a
machine learning madel's performance; an tha other hand,
if not dome correcily, it can quickly lead to model
averfitting effects. Therafore, QPhAR only allows users to
oplimise a selected subset of parametars. In addition, the
range of possible wvalues s restricted to avoid the
temptation of overfitting. Therefare, it is recommended to
optimisa the following parameters (same name as in the
“OPhAR Learner” seitings tab) with values within tha
specified allowad ranga:
«“Mr. trees”: Mumber of independant ftrees
contained in the random forest. Values in the
interval [1, 1000] are possible, but values from
the interval [20, 50] are recommeandead. For really
large datasefs, the wser might increase the
number of traes.
» “Max. depth”: Maximal depth for each tree of the
random forest modal. Values within the intarval 1,
100] are possible, whereas values in [3, 5] are
recommended.
« “Pharmacophore feature maerging threshold™:
Distance cutoff for tha clustering algorithm of tha
QPhAR algorithm. Far clustering, a hierarchical
clustering algorithm with maximal distance is
used. The default value is set to 4. Valuas within
[0.5, 20] are possibla, although values within [2,
5] ara advised.

When optimising the model's hyper-parameters, it is
recommended to set the “training size” parametar to 1. In
that case, the "QPhAR Predictor” node can be used fo
predict the test set and calculate the final parformance
from these predictions.

Figure 2. KNIME warkflow for training a QPhAR mada,
including hyper-parametar oplimisation.
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Thase best practices have beaen incorporated into an
axampla KNIME workflow (Eigure 2) for training a QPhAR
model and optimising its hyper-parameters. The workflow
and the QPhAR nodes are available for download
{https:iigithub.com/StefanKohlbachar/gphar-knime-
nodes) and can be used as a starting point for the training
af OPhAR models that follow best practices in order to
abtain the bast results possibla.

Furthermore, within the scope of the MeuroDeRisk
projact, the developed KMIME nodes were applied to build
various models for safety and toxicity assessment of the
GABA-A fransporter. Tha models are being disseminated
and available along with the other data in the Github
repository.
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Applications of the novel quantitative pharmacophore
activity relationship method QPhAR in virtual screening and
lead-optimization

Stefan M. Kohlbacher, Matthias Schmid, Thomas Seidel and Thierry Langer

Kohlbacher SM, Schmid M, Seidel T, Langer T (2022) Applications of the Novel Quantitative
Pharmacophore Activity Relationship Method QPhAR in Virtual Screening and Lead-Optimization.
Pharmaceuticals 15:1122. h : i.org/10. hi 1122
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Image 8: Scheme of end-to-end pharmacophore modelling workflow[95]

The initial study has been designed by S. Kohlbacher, T. Seidel, and T. Langer. M. Schmid has collected
the QPhAR datasets and trained the corresponding QPhAR models. The algorithm for the extraction
of the refined pharmacophore models, as well as the end-to-end workflow of the trained QPhAR
models, was developed by S. Kohlbacher. S. Kohlbacher has also developed the method for the 3D
activity profiling of lead molecules based on the QPhAR model. S. Kohlbacher carried out the
experiments and wrote the manuscript. T. Seidel and T. Langer have supervised the work and have
revised the manuscript.
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Abstract: Pharmacophores are an established conceplt for the modelling of ligand—receplor interac-
tions based on the abstract representations of sterepelectronic molecular features. They became widely
popular as filters for the fast virtual screening of large compound libraries. A lot of effort has been
put into the development of sophisticated algorithms and strategies Lo increase the computational
efficiency of the screening process. However, hardly any focus has been pul on the development of
automated procedures thal optimise pharmacophores towards higher discriminatory power, which
still has to be done manually by a human expert. In the age of machine learning, the researcher
has become the decision-maker at the top level, outsourcing analysis tasks and recurrent work to
advanced algorithms and automation workflows. Here, we propose an algorithm for the automated
selection of features driving pharmacophore model quality using SAR information extracted from
validated QPhAR models. By integraling the developed method inlo an end-to-end workflow, we
present a fully automated method that is able Lo derive best-quality pharmacophores from a given
input dataset. Finally, we show how the QPhAR-generated models can be used o guide the researcher
with insights regarding (un-}avourable interactions for compounds of intersse.

Keywords: pharmacophore; pharmacophore modelling: quantitative pharmacophore; OQSAR;
machine learning: pharmacophore optimisation; NeuroDeRisk

1. Introduction

Pharmacophore modelling was popularsed at the turn of the millennivm with in-
creasing computational power and its general accessibility for researchers in the field of
medicinal chemistry [1-3]. Since then, it has become an integral part of the methodological
toolbox for computer-assisted drug discovery and design [4]. In the absence of a crystal
structure, ligand-based pharmacophore modelling is often used in combination with the
virtual screening of large compound databases in order to identify novel achive compounds
for a particular target of interest [5]. Even though many drug discovery success stories
can be reported [6—5] where pharmacophore-based virtual screening was used as a key
technology, the pharmacophore modelling process itself is often tedious, highly complex,
error-prone, and relies heavily on the expert knowledge of the researcher. Various un-
knowns in pharmacophore modelling even often yield completely different results when
applying different programs to the same dataset [49,10].

Before the 2000s, Chen et al. [11] proposed a system that analyses a dataset of a few
thousand compounds and then generates suggestions for pharmacophore models based
on the obtained knowledge. The presented method is a first step toward generating a
system that analvses a set of data too complex for humans to fully grasp and present the
obtained selutions to the researcher, who merely needs to decide on the best solution. We
think machine learning has huge potential in computer-assisted drug discovery to achieve
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exactly that; analysing complex data to assist the researcher and offer guidance with the
abtained solubions.

Furthermore, Chen et al. pose two arguments contrary to popular heuristics applied in
pharmacophore modelling. First, they state that weak or lesser active compounds contain
important information for pharmacophore modelling. This argument contrasts the often
practised method of selecting a highly active subset of compounds for pharmacophore
modelling [5]. Nowadays, this is often considered by adding exclusion volumes to the
pharmacophore. The second argument Chen et al. bring forward is that selecting an activity
cutoff for active and inactive compounds is highly subjective and not clearly defined.
Indeed, the cutoff may depend on factors such as the available dataset, and multiple
experts might independently end up with various cutoffs for a certain dataset. Considering
these arguments, the Ingical next step 1s the generation of pharmacophores from continuous
data without the need for arbitrary choosing activity cutoff values.

In addition to automated pharmacophore modelling, scoring and priontisation of the
obtained hits are not possible with the qualitative nature of pharmacophores. Consensus
scoring [12] with multiple models s an often applied first step to solving this problem.
Another solution 15 ranking the obtained hits by an external regression model. Considering
that most consensus scoring methods are still qualitative in their nature and regression
represents a different type of model, a combination of these two would be ideal for ranking
the obtained hits. Eventually, this results in a method that prioritises hits with a previously
validated pharmacophore model by assigning continuous activity values to the compounds.
Combined with an automated approach to generate pharmacophore models from a given
dataset contamning only a few compounds, a researcher could quickly generate a prioritised
list of hits for biological testing in the drug discovery campaign.

In this paper, we present a novel method for automated pharmacophore modelling
given a previously trained and validated QPhAR [13] model. We show that it outperforms
the commonly applied heuristics for pharmacophore model refinement and can reliably
generate a set of three-dimensional (3D} pharmacophores that show high disciminatory
power in the virtual screening process. Combined with the training of a QPhAR model,
we propose a fully automated workflow for generating a QPhAR model from a set of
given compounds, deriving a classification-performance optimised pharmacophore (in the
following referred to as ‘refined” pharmacophore), using the pharmacophore for the virtual
screening of molecule databases, and finally ranking the obtained hits by their predictions
made with the QPhAR model. In addition, we highlight a method to visualise the expected
changes in the activity of a compound when introducing certain pharmacophore features.
The expected activity changes are displayed in a grid around the investigated compound,
guiding the researcher with highlighted regions of favourable and unfavourable interac-
tions. The proposed method and workflow aim at the analysis of, for human researchers,
usually non-obvious information contained in ligand datasets and the presentation of
this information in an easy-to-comprehend way. The expert user can then engage in
decision-making based on the presented results of the performed analyses.

2. Results and Discussion

We conducted a case study on the hERG K+ channel using the dataset from Garg
etal. [14] and the correspondingly trained QPhAR model. First, we will discuss the process
of generating a refined pharmacophore and its comparison against established baseline
methods. Second, on the basis of the hERG example, we describe how the information
provided by a QFPhAR model can be utilized in a fully automated end-to-end pharma-
cophore modelling workflow. Finally, we will close the discussion with a few examples
of how QPHAR can be used to guide a medicinal chemist to further insights after a set of
compounds has been selected from an obtained virtual screening hit list.
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21, Generatien of @ Refined Pharmacophore for Virtual Screening

For each dataset investigated, we have applied the devised algorithm to extract
refined pharmacophore features from the QPhAR model. The pharmacophore can be
generated directly from the model without the requirement of additional data. Therefore, all
molecules contained in the datasets can be used to evaluate the generated pharmacophore.
Mevertheless, it makes sense to keep the training-test split of each dataset for a final
validation of the selected models on the test set. Following this strategy, the generated
pharmacophores were evaluated on the training set, ranked by their Fz-score and FSJ:mﬁn'rl.r'
score, and the top five models validated on the provided test set. Figure 1 shows the refined
pharmacophore model generated for the dataset obtained from Garg et al. [14].

3

Figure 1. Refined pharmacophore of “Garg et al.” [14] dataset.

In contrast to the generation of refined pharmacophores, the generation of shared
pharmacophores, the baseline method, requires an input dataset. Shared pharmacophores
were chosen as the baseline for bwo reasons. First, shared feature pharmacophore gen-
eration 15 often employed as the “first-in-line” method when it comes to ligand-based
pharmacophore modelling. Second, pharmacophores of highly active compounds are
assumed to contain many features of relevance for high compound binding affinity. The
baseline models were generated from the & most active compounds in the training set, with
n serving as a hyperparameter. These pharmacophores were validated on the training and
test set in the same manner. The results and a comparison against the performance of the

refined pharmacophores can be found in Table 1.

Table 1. Test performance of the shared pharmacophore baseline models and refined pharmacophores
obtained from the corresponding QPhAR models.

Frouposire-Score QphAR Model Performance
Data Source
Baseline OphAR R RMSE

Ece etal. [15] 0.3a 058 (.88 041
Garg et al. [14] o.00 040 .67 (.56

Ma etal [1n] 057 07 (.58 044
Wang et al. [17] 0.69 058 (.56 046
Krovat et al. [15] 0.94 .56 0.50 0.70

The baseline and QphAR-based refined pharmacophores were scored and compared
using the Frypositescore. The typical metrics used in machine learning, such as accuracy,
precision, sensitivity, etc., are not accurately depicting the situation in virtual screening.
Scoring pharmacophore models with these metrics would lead to results which might not
be considered optimal in this context. Often the objective is to get as many true positives
as possible while reducing the number of false positives. The number of false negatives
can often be ignored with the reasoning that a missed hit does not consume any resources,
whereas false positives will. Accuracy and others are not considering these objectives and
put the same emphasis on both numbers. It should be noted that the ROC-AUC score is
often used in virtual screening experiments and does reflect the objective much better than
accuracy and others. However, due to the ROC-AUC score's non-linearity, we think it
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often gives the perception of the results being better than they are. Therefore, we used the
Fg-seore, Fspeficn-score, and Fryyposi-soore to score the obtained pharmacophore models.

As can be seen in Table 1, the QPhAR-based refined pharmacophores score better than
the baseline pharmacophores on the Fr, yp.-50ore, although a dependency on the quality
of the OPhAR models can be observed. The lower the performance of the QPhAR model,
the less reliable 1t 15 in generating a refined pharmacophore. This, however, 1s not surprising
since the quality of the workflow we describe here depends heavily on the trained QPhAR
maordel. Therefore, we advise the user to emphasise training and validating the QPhAR
models to increase the model’s performance and narrow the confidence interval.

1.2 End-fo-End Phurmacophore Modelling

Applying the aforementioned algorithm to generate refined pharmacophores from
QFhAR models, we developed a workflow (Figure 2) for fully automated pharmacophore
modelling, virtual screening and ranking of the obtained hits. The workflow 15 completely
ligand-based; therefore, only a small set of compounds of ~15-50 ligands with known
activity values is required. We will assume IC50 or Ki values here, although theoretically
any physicochemical property can be used.

Figure 2. Schematic depiction of end-to-end pharmacophore modelling workilow.

The first step 15 to prepare and clean a dataset for the target of interest. Here, we use
the dataset published by Garg et al. [14] on the widely known hERG K+ channel. The
dataset is split into a training and test subset {we adopt the splitting ratio provided in
their publication), and a QPhAR model is generated using the training set molecules. The

QPhAR model 15 validated on the before separated test set using cross-validation, leave-one-
out analysis, y-scrambling and a paired t-test {results have been published previously [19]).

Afterwards, the refined pharmacophore model is generated using the procedure outlined
in the methods section. The refined pharmacophore is then validated on the separated
test set before being used to screen a database of virtual molecules. We use a filtered

version of the Molport database containing ~1.25 million molecules. Since pharmacophore-

based virtual screening s only a qualitative method, it 1s not possible to directly prioritise
some compounds from the hit list over others on the basis of particular physicochemical
properties of interest (e_g., their [C50 value). Therefore, the next and final step is to score and
rank the obtained hat hist (14871 molecules, ~1% hit-rate) with the previously trained QPhAR
model. The obtained ranked hit list 1s provided as an SD-file in ascending order of relevance
{highest activity value first). The data can be found along with the remaining data in the
author s GitHub repository (https:/ /github.com /StefanKohlbacher / gphar-applications).

Even though the entire workflow can be automated from start to end, we recommend
including sanity checks at certain key events, such as validating the trained QPhAR model
performance and the completed generation of the derived refined pharmacophore. For both
steps, we suggest to define key metrics and corresponding values that should be fulfilled
before the workflow proceeds.

13, Three-Dimensional Plarmacophore Activity Profiling

Finally, the hit-list obtained from the end-to-end pharmacophore modelling workflow
will serve as a starting point for medicinal chemists to further optimise compounds in
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the hit-to-lead phase of the drug discovery pipeline. Once a few promising compounds
have been identified, the main question to be answered 1s: “What modifications should be
introduced to the molecule to improve its affinity, solubility, bicavailability, etc.?” Some
of these properties will depend more on the target that 1s being investigated than others.
For example, affinity should alwavs be considered in the context of the structure of the
target receptor. We will conclude the end-to-end pharmacophore modelling workflow with
a hgand-based approach that guides the medicinal chemist in this process and provides
him with insights and ideas for reasonable structure modifications steps.

As explained in detail in the methods section, the QPhAR model may be used to
generate 30-activity grids around a molecule or pharmacophore. Grids can be generated
for each feature type present in the QPhAR model and will be split into positive and
negative contributions. The positive grids can be interpreted as points in space, where a
pharmacophore feature of this type would be beneficial for a higher activity of the given
molecule towards the target receptor. Such kind of information is invaluable for any
medicinal chemist working on the structural optimisation of lead compounds. It provides
the location as well as the type of interaction that potentially improves the sought-after
property of an investigated molecule. Negative grid regions, on the other hand, can be
interpreted as portions of space where features of a particular type are unfavourable. Any
feature of the analysed type in this region is expected to reduce the molecule’s activity
towards the target and should be avoaded, if possible. Unless the model is generated for an
anti-target, such as hERG. In such cases, the negative grids might provide the medicinal
chemist with ideas on optimising a molecule’s structure in a way that helps to avoid binding
to the antbi-target.

To elaborate on that, we analysed the activity grids of selected known hERG blockers
to explore the potential of this method. The blockers were obtained from Perry et al. [20],
whereas two of these are discussed in further detail here. Molecules, pharmacophores, as
well as generated activity grids, are provided in the data in the author’s GitHub repository
thitps:/ / github.com /StefanKohlbacher / gphar-applications).

Figure 3 shows the generated activity grids for Ibutilide, a known hERG blocker. For
each of the six pharmacophore feature tvpes (Aromatic—AR, Hydrophobic—H, H-Bond
acceptor—HBA, H-Bond donor—HBD, Positive ionizable—PI, Megative wnizable—MNI), a
positive and a negative grid was generated. Only the grids relevant to Ibutilide are shown,
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Figure 3. Structure of the known hERG blocker Ibutilide and its respective activity grids: aromatic
positive grid (A); aromatic negative grid (B); hydrophobic positive grid (C); hydrophobic negative
grid {D); negative ionizable grid (E); hydrogen bond acceplor negative grid (F).

The hERG channel has a well-studied ligand SAR with known distinct binding features
that are relevant for high activity. These are two aromatic features, although one is sufficient
for strong binders, and a basic nitrogen, forming a v-shaped binding motive [21]. Asa
rule of thumb, the more hydrophobic a compound is and the lower its pKa, the more
likely it will bind to the hERG channel. Figure 5AB show the grids for aromatic features.
Both grids provide information on how the activity of Ibutilide towards hERG 15 expected
to change when introducing a feature (functional group) within the outlined locations.
Improvements in activity can be expected when an aromatic feature is introduced at the
aliphatic chain neighbouring the basic nitrogen. The positive field shows a clear distinction
to locations near the nitrogen, where an aromatic feature would be unfavourable, as seen
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in the negative aromatic field, which colocates the basic natrogen. Introducing an aromatic
feature in the aliphatic chain would nicely match the known SAR of the y-shaped binding
motive. Furthermore, Figure 3C, 1 show the activity fields for additional hydrophobic
features introduced to Ibutilide. Here, introducing a hydrophobic feature near the phenyl
ring {Figure 3C) would yield positive results, as expected due to the fact that hydrophobicity
generally increases the affinity to hRERG. On the other hand, the negative field in Figure 3D
indicates that introducing a hydrophobic feature near or instead of the basic natrogen would
lead to a decrease in expected activity. Again, this agrees with the known SAR, highlighting
the central nitrogen's basicity as a crucial binding motive. Similarly, introducing a negative
ionisable feature, such as a carboxvlic acid, to any location in the molecule increases the
pKa, which is known to be unfavourable. This fact can be observed in Figure 3E. Finally,
there is the negative field of H-bond acceptor features shown in Figure 3F which indicates
negative expected changes when introduced at or near the basic nitrogen atom. The
conclusions obtained from this field are not as clear as those from the other felds. On the
one hand, introducing H-bond features, replacing some of the hydrophobic interactions,
would decrease the logP, which is roughly equivalent to an increase in pKa and, therefore,
unfavourable for binding. On the other hand, H-bond acceptors would be able to interact
with external hydrogens in a similar fashion as the pesitive ionisable group from the basic
nitrogen. The strength of this interaction and, therefore, the activity depends heavily on
the functional group introduced. Therefore, it is not immediately clear that introducing an
HEA feature would result in a negative expected change of achivity.

A similar analysis can be made for the molecule E-4051 shown in Figure 4, which
is also a known hERG blocker. For subparts Figure 3B-F, the conclusions drawn are the
same as those discussed above for Ibutilide, which shows a clear agreement of its 3D
activity profile with the known SAR of hERG as reported in the literature [21]. Additionally,
Figure 24 shows an activity field for expected negative interactions with H-bond donors
colocated with the basic nitrogen atom of E-4031. It follows that replacing the basic nitrogen
would be detrimental to activity since the opposing interaction partner is expected to
donate a hydrogen atom to the nitrogen, forming an ionic interaction. Opposing such an
interaction with another H-bond donor on the side of E-4031 would lead to a loss of this
ionic interaction, clearly unfavourable for high-affinity binding to hERG.
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Figure 4. Structure of the known hERG blocker E-4031 and ils respective activity grids: hydrogen
bord donor negative grid (A); hydrogen bond acceplor negative grid (B), hydrophobic positive grid
(C); hydrophobic negative grid (D); negative ionizable grid (E); aromatic negative grid (F).

Owverall, Figures 3 and 4 nicely show that an analysis of selected ligands with the
QPhAR model derived grids can provide valuable insights for a medicinal chemist and
provide him with ideas and even clear directions for optimising the hit or lead molecules.
An additional case study based on the dataset from Ece et al [15,22,25] can be found in the
supplementary material.

3. Materials and Methods

The algorithm and workflows described in the following were implemented, unless
stated otherwise, in Python 3 using functionality provided by the Chemical Data Processing
Toolkit [24].
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3.1, Datasets and Traming of QPRAR Models

The selection of datasets for quantitative studies is not straightforward and often
underestimated. Here, we chose datasets that already have been used in previous validation
studies [19] of the QPhAR algorithm. Nevertheless, the datasets were required to fulfill the

following criteria:

* A separate training and test set has been defined previously.

¢  The training set contains between 15 and 30 molecules.

s Achvity values for each compound in the dataset were measured in Ki or IC50 values.

o  Toavoid modelling experimental noise, the assocated activity values range by at least
three orders of magnitude.

Finally, the activity values have to be somewhat homogeneously distributed over the
dataset and not clustered. This requirement has been validated visually.

After filtering, five datasets remained, which were used to evaluate the developed
workflows and methods. The datasets are provided for download on the author’s
Github repository (https:/ /github.com /StefanKohlbacher / gphar-applications). Three-
dimensional conformations were calculated for each dataset using LigandScout’s iCon-
fGen [25]. Default settings were used with a maximum of 25 output conformations
for each molecule. Training and test data were split as described in the publications
associated with the datasets [14-15,22,23]. Each compound in each dataset was cate-
gorised inte active and inactive. As a default, the compounds were ranked by their
activity, with the compounds in the top 20th percentile being labelled as active, and the
remaining compounds as inactive.

3.2, Screening Baselmes

Shared-pharmacophore models were generated and used as baselines in this study.
They were generated from a subset of achive compounds for each dataset based on typical
assumptions made in pharmacophore modelling [5,26]. Whether a compound is consid-
ered active or inactive strongly depends on the context of the investgated target and often
requires in-depth knowledge about its peculiarities. Usually, values in the range of 1 pM
are considered a reasonable threshold for the separation into actives and imactives. The
analysed datasets contained compounds ranging from a few nM to a few hundred pM.
Therefore, and due to the relatively homogeneous distribution of activity values in the
datasets, the cutoff for active compounds was set at the 20th percentile of the dataset. Any
compound with activity values below this threshold was considered active, all other com-
pounds inactive. This subset was subsequently used to generate a shared-pharmacophore
with LigandScout's [25] command-line tool Espresso.

3.3, Hyperparameter Ohptimisafion

Hyper-parameters were optimised both for the generation of the refined pharma-
cophore and the shared-pharmacophore baseline (number of most active compounds to
use for the generation of the shared-pharmacophore). The following parameters were
optimised for the refined pharmacophore:
o Weight features by importance: True, False.
*  Set exclusion volumes: True, False.
¢ Calculate feature contribution from ML (alternatively from QPhAR model): True, False.
¢  MNumber of resulting features: [4, 8].

3.4, Refined Pharmacophore Generation Algorithms

In the following, the algonthm to generate a refined pharmacophore from a trained
QOPhAR model will be explained in detail. The algorithm is based on the assumption
that the QPhAR model was trained using a random forest {KF) regressor. Random forest
was chosen since it has been shown to be the most promising method to train a QPhAR
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maodel [19]. However, similar conclusions can be derived from other machine learning
models, such as linear regression models.
The generation of a refined pharmacophore in the QPhAR context consists of four
main steps:
¢ Determination of feature importance.
¢  Determination of feature contribution.
*  Processing negatively contributing features.
*  Selection of features for refined pharmacophore.

3.5, Determination of Feature Imporfance

Feature importance is derived from the underlyving machine learning model of QPhAR
via extraction from the random forest model generated by scikit-learn’s [27] RF implemen-
tation. The feature importance is calculated during the training of the machine learning
maodel and gives insight into the amount of information provided by this feature. The
higher the feature’s importance, the more information it contains, and the more relevant it
is for activity prediction. An analogous concept would be the set of coefficients in a inear
regression model.

3.6, Determeination of Featare Contribution

In contrast to the feature importance, which is easily obtained, the information on
whether a feature contributes positively or negatively to predicted values is not immedi-
ately accessible in RF-based models. Within the context of a trained QPhAR model, this
information can be obtained directly from the QPhAR pharmacophore without additional
information from the machine learning model.

#  Feature contribution information derived from the OPhAR pharmacophore model:
As explained in the QPhAR publication [13], the QPhAR algorithm associates each
newly generated pharmacophore feature with a list of activities. These activities
will not only be used to determine the relevance of the feature—whether it is actual
information or just adds noise to the model—but also to determine the contribution of
a pharmacophore feature to the models” predictions. The mean activity based on the
list of associated features is calculated for each feature, resulting in one feature-activity
for each pharmacophore feature. Finally, the feature-activities are compared against
each other and scaled by their variance. Features with a positive sign of its scaled
activity are considered to contribute positively to the prediction of the QPhAR model.
Features with a negative sign contribute negatively to the prediction.

¢  Feature contribution information derived from the BEF model: To extract feature contri-
butions from an RF model in a deterministic way, two assumptions are made. First,
the data provided to the machine learning model in the QPhAR algorithm represent
the pairwise distances between features of the QPhAR model and the pharmacophore
to predict. Second, applying the splitting criterion of each node in a tree of the random
forest model will yield the left-chuld node for input values below or equal to the split-
ting threshold and the right-chald node for input values above the sphitting threshold.
Both these assumptions are ensured by the implementation of the QPhAR algorithm
as well as scikit-learn’s RF implementation.

s  Following this logic, a simple algorithm can be devised to determine whether a feature
contributes positively or negatively to the prediction of a sample. For each node in
each tree, the node’s value 1s obtained and compared against its neighbouring node.
Suppose the left child node has the higher predicted activity. In that case, we can
assume that this feature contributes positively to activity since the left child node
represents a smaller distance of pairwise pharmacophore features. At the same time,
the right child nede yields the lower activity prediction, which is associated with a
larger distance of pharmacophore feature pairs. On the other hand, if the left child
node yvields the lower predicted activity, which is associated with a smaller feature
pair distance, then the feature can be considered to contribute negatively to activity.
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o During thas process, the feature-id of each node is obtained, which corresponds to the
pharmacophore feature it represents. The value of the feature with the corresponding
feature-id is aggregated as the mean value of all nodes that either obtain their value
from this feature-id or have a child node that obtains the prediction processing this
feature-id. Once all trees and nodes are processed, a value representing the activity
is obtained for each pharmacophore feature. These values are scaled as above by
their variance. Once again, features with a positive sign are considered to contribute
positively to the activity, whereas features with a negative sign are considered to
contribute negatively to the activity.

3.7. Processing Negatively Confribufing Fentures

Based on the analysis of feature contribution in the previous step, a post-processing
step for negatively contributing features is carried out. The algorithm includes the option
to either ignore these features entirely, in which case they are removed from the refined
output pharmacophore, or convert them to exclusion volume spheres.

3.8 Selection of Fentures for fhe Refired Oulput Pharmucophore

Finally, the output pharmacophore is created from this list of features with their
associated activity values., The features are sorted by their activity contribution values
in descending order, resulting in the feature with the most pesitive contribution in the
first place. If feature importance have been obtained from a random forest model in the
next-to-last step, the features can optionally be weighted by their feature importance. The
first x features are then added to the output pharmacophore, whereas x 15 a value specified
by the user beforehand and the value of the feature is not negative. x is recommended to
be a value within the interval [4, 8]. If exclusion volume spheres have been generated in
the previous step, these are also added to the refined output pharmacophore based on the
sorted list of features.

3.9. 3D Activity Profiling

The activity profile of a sample, pharmacophore or molecule, in 30 space, can be gen-
erated with the help of a previously trained QPhAR model. The model should be validated
sufficiently before its use and have a narrow confidence interval for high confidence in the
model’s predictions. The sample of interest is then aligned to the QPhAR model, and the
baseline prediction is obtained. A grd is generated with a predetermined interval and
some margin extending the sample’s size. For each pharmacophore feature type, a probe is
placed and moved along the grid. Ateach point, the current pharmacophore is predicted
by the QPhAR model, and the prediction is associated with the location in the gnd. Once
all grid points are processed, the differences between the predicted grid point values and
the previously obtained baseline prediction are calculated. Optionally, the obtained grid of
differences can be normalised for better analysis.

The grids were saved in the * kont format and then lbaded into LigandScout alongside
the molecules and pharmacophores for analysis. The terms “activity grids” and “activity
fields" will be used interchangeably in the remainder of this section.

3.10. Metrics

The Fl-score, or F-score, is a well-known and often applied metric in machine learn-
ing [25] and 1s defined as the harmonic mean of precision and sensitivity. However, due
to the nature of virtual screening, the following scores, derived from the Fl-soore, will be
more suitable for characterising the results of this study.
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3.10.1. Fg-5core

The Fg-score [29] is directly derived from the Fl-score and weights precision and
sensitivity by the factor §. It is calculated by

(_1 + ﬁz} + precision + recall

Fs = (1)

B« precision + recall
The g-value was set to (1.5 for all evaluations in this study.

3.10.2. Fepecificiny-Score

Amnalogous to the Fg-score, we define the g5 -score to focus more on the ratio
between false positive and false negative hits during virtual screening.
precision s spect ficify
precision + speci ficity

FSp\'cl_fl':l'r_u - (z)

3103 Fg, Score

ompasiie ™
We define the Fryppoi-score, which is calculated as the mean of the Fg-score and
Fapevificiny-score, as a metric to model the objective of virtual screening.

'F-Enulyuslrr - (Fﬁ + FSyrr.'_F.i:r.u:] /2, (3}

4. Conclusions

Mowadays, pharmacophore-based methods can be considered indispensable and are
an integral part of nearly every modern computer-aided drug design project. A combination
of pharmacophore medelling and pharmacophore-based virtual screening s often applied
as one of the first iiltering techniques to obtain a list of promising compound candidates
for biological testing in the hit-finding phase. Despite its popularity, pharmacophore
maodelling is still a task that heavily relies on the expert knowledge of the researcher. In
this study, we presented a method for the generation of pharmacophore models with high
discriminatory power from a QPhAR model in a deterministic manner following clear
generation guidelines. We showed that the pharmacophores derived by our algorithm
are superior to a baseline of ligand-based pharmacophore models generated under the
assumption that enly active molecules are required to produce good query pharmacophores
for virtual screening. Furthermore, we incorporated the presented method into a workflow
for end-to-end pharmacophore modelling. This workflow facilitates a fully automated
process to train a QPhAR model, generate a query pharmacophore from this QFhAR model,
screen a database, and finally rank the obtained hits by relevance using the initial QPhAR
model. In a case study using known hERG K+ channel blockers, we have shown that
the generated activity fields agree well with the known SAR and can, therefore, provide
meaningful insights for medicinal chemists in the hit or lead-optimisation phase.

Supplementary Materials: The following supporting information can be downloaded at: hitps
Siwww.mdpicom farticle /10,3390 ph13091122 /51, Figure 51: Structure of the known CDK2
inhibitor Flavopiridol and ils respective activity grids; Figure 52: Structure of the known CDEK2
inhibitor Roscoviline and its respective activity grids.
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Applications of the novel quantitative pharmacophore
activity relationship method QPhAR in virtual
screening and lead-optimization
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Supplementary Material

An additional case study for activity profiling has been carried out on the target CDK2 with the
model abtained from Ece et al. [15). The analysed molecules were obtained from Zhang et al.
[16]. A few characteristic binding motives and relationships have been identified in previous
SAR studies [17). A few of these insights are:

® Anincrease in the hydrophobic surface area of the ligand generally leads to reduced
biological activity
& H-Bonds to the protein backbone are crucial for binding

If available, further insights on the ligand-protein interaction were obtained from inspecting the
co-crystallized ligand in the binding pocket. The activity grids, as well as aligned molecules
and pharmacophores for all molecules, can be found on the author's GitHub repository.
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Figure 51. Activity grids for the known CDE2 inhibitor Flavopindoel.

Figure 51 shows the obtained activity grids for Flavopiridol, a strong CDKZ inhibitor, with a
reported Ka of 23 nM in the PDB entry of 6GUB. The crystal structure (PDB-Code: 6GUB) was
used to gain further insights into favourable interactions and compare these insights against
the information provided by the activity grids.

The grids of Figure 51 A and B show the expected positive and negative regions, respectively.
Considering the overall SAR knowledge as well as the supposed position of the molecule in
the binding site (Mote: The pose of the molecule in the binding site is similar but different from
the aligned pose of the molecule to the QPhAR model. These incongruencies between the
two conformations and their independent positioning, docking and pharmacophore alignment,



unfortunately, do not allow for a direct comparison of the grids within the binding site.), the
positive HBA grids agree very well with the known SAR motlives. An interesting case that
should be highlighted is the almost overlapping positive and negative field on the right-hand
side of the molecule. However, when inspecting the grids in 3D, it becomes clear that the
negative fields co-locate with the molecule’s atoms, whereas the positive fields are further
distant from the molecule, indicating the importance of spatial distance with H-bonding
interactions. The hydrophobic fields, € and D, lead to similar conclusions. The negative field,
which in the image is located in front of the molecule, agrees very well with known SAR and
the protein binding site. The positive field is slightly ambiguous. On the one hand, it is located
on the backside of the molecule near a valine residue of the protein, which agrees with the
suggestion of the activity field. However, the size of the positive field is questionable. The
negative AR field agrees well with known SAR. Finally, the positive and negative grids for
HBDs shown in F and G agree well with the known SAR as well as the other overlapping fields.
For example, on the backside of the molecule, the negative HBD fields and the positive H
fields are co-locating the same space. Again, given the molecules supposed orientation in the
binding site and the vicinal valine residue, H-Bond donor interactions would be unfavourable
in this position. On the other hand, the positive HBD fields indicate favourable expected
interactions at the front of the malecule.
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Figure 52: Activity grids for the known CDOK2 inhibitor Roscaviting.

Figure S2 shows a similar analysis for the CDK2 inhibitor Roscovitine. Overall, similar
conclusions, as were drawn for Flavopiridol, can be obtained for the activity grid analysis of
Roscovitine. An interesting fact to highlight is the positive HBD grid. Inspection of the co-
crystallized ligand in the binding site (PDB-Code: 3DOG) indicates a missing HBED interaction
deep into the pocket. A typical binding motive for kinase inhibitors is the alternating HBD-HBA-
HBD interaction of the ligand with the protein backbone. Roscoviting, however, is missing an
HBD interaction inside the pocket. Analysing the positive HBD fields leads to the same
conclusion, an additional HBD interaction is expecled to be favourable for the molecule's
activity. The conclusion is further supported by the negative HBA fields, which indicate
unfaveurable interactions when introducing an HBA feature in this region of the molecule.
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lIl. Concluding discussion

The work conducted in this thesis has focused on developing novel algorithms and applications in the
domain of in-silico drug discovery, specifically pharmacophores. Despite the broad application of
pharmacophores in today’s drug discovery campaigns, hardly any research has been conducted in
the last decades to further improve pharmacophores themselves. Within the scope of the IMI
NeuroDeRisk project, the need for developing next-generation pharmacophores has been identified
and addressed in this thesis.

The first study presented, QPHAR: quantitative pharmacophore activity relationship: method and

validation, showed that QSAR models based on pharmacophores are a viable alternative to existing
QSAR methods while at the same time they have various advantages for the user. Among others, the
fuzziness of pharmacophores facilitates a robust training process and generalisation to external
datasets. The strengths of quantitative pharmacophore models become especially prevalent in
datasets containing various molecular structures and functional groups. Here, the concept of
scaffold-hopping can be leveraged to get quantitative insights into previously unseen molecular
motives. By abstracting these motives into their corresponding pharmacophore features,
high-confidence predictions can be made for these data points. An example would be bioisosterism.
The dataset might contain various data points featuring phenyl rings, represented as aromatic
pharmacophore features. During inference, data points containing thiophene substructures will be
presented to the model. With conventional atom-based QSAR methods, such data points would be
considered out-of-domain, and it would not be possible to obtain predictions. However, just like
phenyl rings, thiophenes can also be represented by aromatic pharmacophore features. This fact
allows the quantitative pharmacophore model to predict these new data points and draw
corresponding conclusions. In the early phase of hit discovery, such insights can be extremely
valuable to the medicinal chemist and fine-grained optimisation of structures is not yet the focus.
Instead, the discovery of novel scaffolds with similar binding motives as one or a few query
molecules is guiding the hit discovery phase.

The second study presented, A new set of KNIME nodes implementing the QPhAR algorithm, has
focused on the dissemination and delivery of previously developed QPHAR methods. Accessibility
and ease of use of chemoinformatic methods have been identified as urgent needs during the work

of this thesis. The interdisciplinary approach in the NDR project, as well as collaboration with various
other disciplines, have highlighted this need even further. Therefore, the QPhAR algorithm was
wrapped and made accessible by a set of KNIME nodes. In combination with the released workflow
and guidance on best-practice applications of the QPhAR algorithm, the developed QPhAR methods
were made available to researchers in a broad range of domains. KNIME has been chosen due to its
popularity in the scientific community and its simple and intuitive approach to data processing.
Besides simple training of QPhAR models, the pipeline-like approach of KNIME allows the integration
of the QPhAR nodes into larger complex drug discovery workflows. Coupled with a workflow for
pharmacophore elucidation, these pharmacophores can be scored in an automatic fashion by a
previously trained QPhAR. In a further step of the workflow, a selected pharmacophore will then be
used for the virtual screening of large molecule databases. Furthermore, the QPhAR model can
immediately be applied to score the obtained hits from the virtual screening, effectively ranking the
hits by relevance for further experiments.
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The third study, Applications of the novel quantitative pharmacophore activity relationship method
QPhAR in_virtual screening and lead-optimization, has focused on developing such an automated

drug discovery workflow. The aim of the study was the end-to-end integration of QPhAR models
based on a single dataset. It was shown that a small set of molecules, serving as the QPhAR model’s
training set, is sufficient to deduce and model the entire hit-to-lead process. At first, a QPhAR model
is built from a subset of the molecules, the training set. The QPhAR model is being validated on the
remaining test set. An algorithm was developed to extract a refined pharmacophore from the
validated QPhAR model, which can be applied to screen a large database of molecules for hit
identification. The obtained hits can immediately be ranked by the QPhAR model to prioritise them
for further testing. Finally, the QPhAR model can be applied to gain insights into the SAR of the target
of interest. Grids are generated for hit or lead molecules highlighting (dis-)advantageous regions of
the molecule. The positive and negative regions of the grids can be interpreted as an expected
increase or decrease, respectively, of the molecule’s activity if certain pharmacophore features are
present in these regions. They will guide a medicinal chemist with insights on which parts of the lead
molecules to optimise for increased target activity. Furthermore, training of the QPhAR model is not
restricted to the prediction of activity values, although this is the most common use case. With
appropriate datasets, a QPhAR model can easily be trained to give insights into various other ADMET
properties relevant to the drug discovery process.

An interesting extension, but out of scope for this thesis, is the application of QPhAR models to
pharmacophores obtained from binding pockets of proteins. The application of QPhAR has been
strictly limited to ligand-based studies. However, getting insights on docked ligands, co-crystallized
ligands, and interaction pharmacophores would provide the medicinal chemist with invaluable
information in the decision process for lead optimisation. Furthermore, due to the ligand-based
nature of the QPhAR algorithm, it is heavily dependent on the alignment algorithm used. This effect
was observed during the development of the QPhAR KNIME nodes and should not be
underestimated. Therefore the scientific community could also benefit from an in-depth comparison
of various alignment methods and their effect on the quality of QPhAR models.
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Appendix

QPHAR: quantitative pharmacophore activity relationship:

method and validation

Table 1: CV Split 20-80

Target Assay NrSamples MinActivity MaxActivity
Acetylcholinesterase CHEMBL3049408 22 4.4 9.52
Acetylcholinesterase CHEMBL945890 29 4.28 10.7
Acetylcholinesterase CHEMBL3626447 21 4.75 8.64
Acetylcholinesterase CHEMBL3047076 72 4.03 7.35
Acetylcholinesterase CHEMBL644831 33 4.71 8.59
Acetylcholinesterase CHEMBL1664219 60 5.59 9.48
Acetylcholinesterase CHEMBL643386 21 5 9.09
Acetylcholinesterase CHEMBL4146836 35 4.57 9.44
Acetylcholinesterase CHEMBL1249049 38 4.39 8.15
Acetylcholinesterase CHEMBL3626446 21 4.62 8.42
Acetylcholinesterase CHEMBL644105 26 5.58 9.1
Acetylcholinesterase CHEMBL1041236 29 4.3 8.96
Acetylcholinesterase CHEMBL3387411 22 4.98 9.14
Acetylcholinesterase CHEMBL1646125 20 4.62 8.3
Acetylcholinesterase CHEMBL4198693 24 4.13 7.75
Acetylcholinesterase CHEMBL641238 28 4.06 8.1
Acetylcholinesterase CHEMBL3758061 28 5.12 9.09
Acetylcholinesterase CHEMBL894085 28 4.09 7.98
Acetylcholinesterase CHEMBL829154 26 4.38 9.49
COX2 CHEMBL769653 20 4.11 8.52
COX2 CHEMBL947228 70 5.24 9.52
COX2 CHEMBL947226 24 5 8.23
COX2 CHEMBL768957 22 4.52 8.46
COX2 CHEMBL655563 29 4 7.33
COX2 CHEMBL762912 27 4 7.85
COX2 CHEMBL1008495 27 4 7.57
COX2 CHEMBL769648 50 4.03 8.77
COX2 CHEMBL3811631 24 4.12 7.7
COX2 CHEMBL3579883 20 4.34 8.2
COX2 CHEMBL1059941 21 5.77 9.6
COX2 CHEMBL3062548 69 5.24 9.52
COX2 CHEMBL1639903 33 4 8.3
COX2 CHEMBL3363266 23 4.02 8.1
DHFR CHEMBL669873 21 6 10.6
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DHFR CHEMBL669986 76 4.51 8.7
DHFR CHEMBL2384165 28 4.49 8.77
Estrogen CHEMBL832786 23 5.78 8.82
Estrogen CHEMBL4024644 43 5.11 9
Estrogen CHEMBL1909145 32 4.75 9.89
Estrogen CHEMBL3776150 24 5.96 9.16
Estrogen CHEMBL3429911 34 4.97 8.57
Estrogen CHEMBL4200119 24 5.03 8.7
Estrogen CHEMBL676818 27 5.45 8.89
Estrogen CHEMBL3429910 35 5.24 9.82
Estrogen CHEMBL679891 29 6.25 9.3
Carbonic CHEMBL3122609 22 5.06 8.25
Carbonic CHEMBL1646987 29 5.02 8.68
Carbonic CHEMBL658942 43 6.1 9.3
Carbonic CHEMBL3879546 25 5.75 9.3
Carbonic CHEMBL657192 28 5.05 9.15
Carbonic CHEMBL4017666 23 6.02 9.03
Carbonic CHEMBL1693045 28 5.02 8.68
Carbonic CHEMBL657145 44 6.52 9.7
Carbonic CHEMBL3269990 45 4.55 8.15
Carbonic CHEMBL3377547 21 5.29 8.36
Carbonic CHEMBL3366665 21 5.29 8.36
D2 CHEMBL872881 27 5.26 8.7
D2 CHEMBL1061432 20 4.27 7.39
D2 CHEMBL673073 28 4.34 7.41
D2 CHEMBL3801477 25 4.07 8.15
D2 CHEMBL948052 21 6.04 9.34
D2 CHEMBL866800 26 4.17 7.55
D2 CHEMBL3614290 35 6 9.32
D2 CHEMBL1909140 100 4.7 9.31
D2 CHEMBL3089794 24 4.87 7.98
D2 CHEMBL4046973 21 4.85 9.28
D2 CHEMBL3073105 38 5.85 9.72
D2 CHEMBL4046974 22 5.05 9.42
D2 CHEMBL866799 26 4.19 7.39
D2 CHEMBL671368 29 5.1 8.64
erbB1 CHEMBL677204 32 4 10.54
erbB1 CHEMBL1798351 101 4.05 8.02
erbB1l CHEMBL680017 63 4.92 10.6
erbB1 CHEMBL3616083 26 5.28 10.54
erbB1 CHEMBL1686143 30 4.33 9
erbB1 CHEMBL677880 34 4.11 8.4
erbB1 CHEMBL3877875 20 5 9
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erbB1 CHEMBL3240253 20 5.26 9
erbB1 CHEMBL679944 48 5.37 10.6
erbB1 CHEMBL1064820 23 4.39 7.52
erbB1 CHEMBL2439336 26 4.47 8.92
erbB1 CHEMBL674019 23 5.11 8.57
erbB1 CHEMBL2066000 25 4.1 7.21
erbB1 CHEMBL925198 23 5.14 8.74
erbB1 CHEMBL680021 43 5.69 10.54
erbB1 CHEMBL3614855 25 5.11 8.14
erbB1 CHEMBL1064829 32 4.36 7.7
erbB1 CHEMBL4052480 21 4.95 9.42
erbB1 CHEMBL3238947 39 5.19 9.05
erbB1 CHEMBL674637 22 5.28 9.35
erbB1 CHEMBL1073378 26 5.21 8.7
Glucocorticoid CHEMBL941996 43 5.35 9.4
Glucocorticoid CHEMBL3868161 35 7 10.52
Glucocorticoid CHEMBL1909150 76 4.38 9.18
Glucocorticoid CHEMBL679612 44 4.6 8.24
Glucocorticoid CHEMBL890119 32 5.16 8.47
Ephrin CHEMBL998745 25 5.51 8.52
Ephrin CHEMBL1686716 37 5 8.4
Ephrin CHEMBL1068887 59 4.6 9.9
Ephrin CHEMBL915413 29 5.14 8.51
Ephrin CHEMBL945185 27 5.22 8.3
Ephrin CHEMBL3707854 22 5.19 9
Ephrin CHEMBL1101480 28 5.45 8.52
Ephrin CHEMBL1120739 36 5.65 9
Ephrin CHEMBL932888 33 5.08 8.36
Ephrin CHEMBL1816473 33 4.85 8.1
Ephrin CHEMBL1047378 33 5.71 9
COX1 CHEMBL763480 23 4.52 7.7
COX1 CHEMBL1909130 45 4.5 8.35
Glycogen CHEMBL3413879 26 6.14 9.54
Glycogen CHEMBL1102983 30 5.09 9.4
Glycogen CHEMBL1113275 51 4.01 8.22
Glycogen CHEMBL684976 60 4.39 8
Glycogen CHEMBL2182637 30 6.16 9.66
Glycogen CHEMBL928210 36 5.38 8.52
Glycogen CHEMBL4057839 32 6.04 10
Glycogen CHEMBL1034478 33 3.38 10.05
Glycogen CHEMBL2390763 31 6.39 10.89
Glycogen CHEMBL1249829 20 5.7 9.24
Glycogen CHEMBL963374 40 5.14 9.64
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Glycogen CHEMBL3097577 25 5.01 8.05
Aurora-A CHEMBL972583 22 5.14 8.4
Aurora-A CHEMBL993738 44 5.5 9.22
Aurora-A CHEMBL1664805 58 4.54 8.7
Aurora-A CHEMBL3888080 73 4.5 9.1
Aurora-A CHEMBL3862723 42 4.12 10.4
Aurora-A CHEMBL2173311 59 4.5 9.1
Aurora-A CHEMBL856402 41 5.7 9
B-raf CHEMBL1780874 28 6.07 9.24
B-raf CHEMBL3888085 55 6.07 9.14
B-raf CHEMBL1217119 83 4.77 8.7
B-raf CHEMBL1104358 45 4.16 7.85
B-raf CHEMBL1067537 64 4.03 8.3
B-raf CHEMBL1671058 20 5.85 9.89
B-raf CHEMBL1953548 22 4.6 9
B-raf CHEMBL3816885 30 4.5 9.3
B-raf CHEMBL3240201 24 6.07 9.7
B-raf CHEMBL2341125 47 5.15 8.4
B-raf CHEMBL3887740 43 5.75 9
B-raf CHEMBL981002 32 4.49 7.92
B-raf CHEMBL3804129 36 6 9
B-raf CHEMBL3804126 37 6.38 9.4
B-raf CHEMBL1043507 38 6.52 9.52
B-raf CHEMBL1008210 37 6.01 10.7
B-raf CHEMBL1937974 35 4.81 9
B-raf CHEMBL1671059 20 4.12 8.3
B-raf CHEMBL946282 31 5.05 9
Vanilloid CHEMBL832934 26 5.07 8.07
Vanilloid CHEMBL820100 28 5.84 9.52
Vanilloid CHEMBL828688 20 4.76 9.4
Vanilloid CHEMBL3705949 137 4.65 8.7
Vanilloid CHEMBL3706060 41 4.48 7.7
Vanilloid CHEMBL930279 29 4.82 8.1
Androgen CHEMBL1960482 23 5.27 9.33
Androgen CHEMBL891115 42 6 9.7
Androgen CHEMBL930493 21 6.32 10.3
Androgen CHEMBL933063 31 5.39 9
Androgen CHEMBL930492 23 5.63 9.7
Androgen CHEMBL859226 24 5.34 8.57
Androgen CHEMBL1169306 41 5.34 8.64
Coagulation CHEMBL811970 20 4.92 8.4
Coagulation CHEMBL862522 23 4.7 7.8
Coagulation CHEMBL1010200 23 4.57 8
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Coagulation CHEMBL832832 63 4.09 8.52
Coagulation CHEMBL816070 38 4.03 8.33
Coagulation CHEMBL847937 27 6.8 9.97
Coagulation CHEMBL814535 22 4.05 8.4
Coagulation CHEMBL813569 29 6.98 10.82
Coagulation CHEMBL817243 24 6.25 10.7
Coagulation CHEMBL860417 24 5.75 9
Coagulation CHEMBL815806 22 4.38 8.7
Coagulation CHEMBL814972 22 5.34 10.34
Coagulation CHEMBL1049043 21 4.77 8.8
Coagulation CHEMBL884569 35 4.8 104
Coagulation CHEMBL811982 22 4.11 7.6
Coagulation CHEMBL814951 21 4.22 8.22
Coagulation CHEMBL1067528 35 4.03 8.4
Coagulation CHEMBL838818 60 5.15 9.92
Coagulation CHEMBL845034 23 4.62 8.27
Coagulation CHEMBL3424914 33 4.12 8.96
Coagulation CHEMBL813626 41 6.03 10.89
Coagulation CHEMBL813672 23 5.43 9.09
Coagulation CHEMBL829646 22 6.82 10.4
Coagulation CHEMBL812835 20 4.3 7.92
Coagulation CHEMBL812837 30 5.85 9.57
Coagulation CHEMBL811969 34 6.33 10
A2a CHEMBL1259385 22 7.26 10.16
Opiod CHEMBL1769429 31 5.57 10.21
Opiod CHEMBL757060 35 5.3 9.05
Opiod CHEMBL1112210 35 5.5 8.96
Opiod CHEMBL756359 45 5.37 9.85
Opiod CHEMBL888956 45 4.22 8.05
Opiod CHEMBL858889 24 5.96 11
Opiod CHEMBL754712 22 4.71 8.44
Opiod CHEMBL3705573 20 5.24 8.87
Opiod CHEMBL901089 26 6 9.82
Opiod CHEMBL1050689 40 6.44 10.59
Opiod CHEMBL3707592 76 5.76 10.4
Opiod CHEMBL757059 36 5.18 9.05
Opiod CHEMBL757823 24 6.05 9.19
Opiod CHEMBL746681 22 5.38 8.82
Opiod CHEMBL3888044 27 4.85 8.07
Opiod CHEMBL3888831 88 4.99 9.46
Opiod CHEMBL2050632 40 6.82 10.21
MAO-A CHEMBL827909 42 4.19 7.4
MAO-A CHEMBL2060936 51 4.58 8.25
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MAO-A CHEMBL1648130 38 4.03 7.21
MAO-A CHEMBL965566 27 4.09 8.42
Caspase CHEMBL831642 28 4.2 8.4
Caspase CHEMBL658912 27 4.33 8.6
Caspase CHEMBL1838643 24 4.09 7.92
Caspase CHEMBL1012730 27 4.21 8.62
Caspase CHEMBL658623 25 4.01 7.57
JAK2 CHEMBL3404501 25 5.54 9
JAK2 CHEMBL2395112 22 5.91 8.92
JAK2 CHEMBL1044318 37 6.06 9.7
JAK2 CHEMBL1049517 47 5.35 9.3
JAK2 CHEMBL1011746 23 3.84 7.41
JAK2 CHEMBL2186596 31 6.99 10
JAK2 CHEMBL1936085 21 5.54 10.05
JAK2 CHEMBL2067611 27 5.54 9.19
JAK2 CHEMBL3374493 34 5.5 8.7
JAK2 CHEMBL2438691 32 5.5 9.22
JAK2 CHEMBL1291235 25 4.54 9
CDK2 CHEMBL1250281 25 5.16 9
CDK2 CHEMBL971698 29 3.73 8.52
CDK2 CHEMBL661124 22 5.4 8.68
CDK2 CHEMBL2166172 20 4.21 8.52
CDK2 CHEMBL908827 20 5.2 8.7
Cannabinoid CHEMBL2187925 27 4.68 8.89
Cannabinoid CHEMBL2154764 32 5.45 8.61
Cannabinoid CHEMBL886398 38 5.4 9.05
Cannabinoid CHEMBL901144 23 5.1 9.1
Cannabinoid CHEMBL1107820 29 6.13 9.82
Cannabinoid CHEMBL1011882 62 5.01 9.7
Cannabinoid CHEMBL2317164 35 4.05 9.07
Cannabinoid CHEMBL896457 34 5.41 8.77
Cannabinoid CHEMBL1804296 35 6.21 9.92
Cannabinoid CHEMBL2210669 25 5.37 8.92
Cannabinoid CHEMBL887035 29 5.07 8.52
Cannabinoid CHEMBL901108 30 5.9 9.49
Cannabinoid CHEMBL832272 36 4.72 8.4
Cannabinoid CHEMBL932400 32 5.82 9.52
HERG CHEMBL1676103 146 4 8.66
HERG CHEMBL1036929 26 4.32 8.6
HERG CHEMBL2330781 36 4.51 8.39
HERG CHEMBL2148626 30 5.33 9.12
HERG CHEMBL3096732 44 4.84 9.4
HERG CHEMBL1764797 24 4.69 8.7
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HERG CHEMBL3583383 42 4.02 7.3
HERG CHEMBL827807 49 4 8.82
HERG CHEMBL766816 29 4.12 8.52
ABL1 CHEMBL3888134 50 5.95 9.3
ABL1 CHEMBL2186853 38 5.67 9.03
ABL1 CHEMBL2353816 50 5.83 10.82
ABL1 CHEMBL923929 25 4.99 8.92
LCK CHEMBL1113978 53 5.35 8.52
LCK CHEMBL4145903 26 4.15 9
LCK CHEMBL913225 34 6.53 11
LCK CHEMBL841202 44 4.64 8.4
LCK CHEMBL841204 31 5.7 9.15
LCK CHEMBL1049046 45 5.57 10.15
LCK CHEMBL910552 51 4.55 9.7
LCK CHEMBL864124 29 5.22 8.52
LCK CHEMBL908547 26 5.06 8.52
LCK CHEMBL842071 35 5.26 8.7
Table 2: CV Split 80-20

Target Assay NrSamples MinActivity MaxActivity
Acetylcholinesterase CHEMBL3049408 22 4.4 9.52
Acetylcholinesterase CHEMBL945890 29 4.28 10.7
Acetylcholinesterase CHEMBL3626447 21 4.75 8.64
Acetylcholinesterase CHEMBL3047076 72 4.03 7.35
Acetylcholinesterase CHEMBL644831 33 4.71 8.59
Acetylcholinesterase CHEMBL1664219 60 5.59 9.48
Acetylcholinesterase CHEMBL643386 21 5 9.09
Acetylcholinesterase CHEMBL4146836 35 4.57 9.44
Acetylcholinesterase CHEMBL1249049 38 4.39 8.15
Acetylcholinesterase CHEMBL3626446 21 4.62 8.42
Acetylcholinesterase CHEMBL644105 26 5.58 9.1
Acetylcholinesterase CHEMBL1041236 29 4.3 8.96
Acetylcholinesterase CHEMBL3387411 22 4.98 9.14
Acetylcholinesterase CHEMBL1646125 20 4.62 8.3
Acetylcholinesterase CHEMBL4198693 24 4.13 7.75
Acetylcholinesterase CHEMBL641238 28 4.06 8.1
Acetylcholinesterase CHEMBL3758061 28 5.12 9.09
Acetylcholinesterase CHEMBL894085 28 4.09 7.98
Acetylcholinesterase CHEMBL829154 26 4.38 9.49
COX2 CHEMBL769653 20 4.11 8.52
COX2 CHEMBL947228 70 5.24 9.52
COX2 CHEMBL947226 24 5 8.23
COX2 CHEMBL768957 22 4.52 8.46
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COX2 CHEMBL655563 29 4 7.33
COX2 CHEMBL762912 27 4 7.85
COX2 CHEMBL1008495 27 4 7.57
COX2 CHEMBL769648 50 4.03 8.77
COX2 CHEMBL3811631 24 4.12 7.7
COX2 CHEMBL3579883 20 4.34 8.2
COX2 CHEMBL1059941 21 5.77 9.6
COX2 CHEMBL3062548 69 5.24 9.52
COX2 CHEMBL1639903 33 4 8.3
COX2 CHEMBL3363266 23 4.02 8.1
DHFR CHEMBL669873 21 6 10.6
DHFR CHEMBL669986 76 4.51 8.7
DHFR CHEMBL2384165 28 4.49 8.77
Estrogen CHEMBL832786 23 5.78 8.82
Estrogen CHEMBL4024644 43 5.11 9
Estrogen CHEMBL1909145 32 4.75 9.89
Estrogen CHEMBL3776150 24 5.96 9.16
Estrogen CHEMBL3429911 34 4.97 8.57
Estrogen CHEMBL4200119 24 5.03 8.7
Estrogen CHEMBL676818 27 5.45 8.89
Estrogen CHEMBL3429910 35 5.24 9.82
Estrogen CHEMBL679891 29 6.25 9.3
Carbonic CHEMBL3122609 22 5.06 8.25
Carbonic CHEMBL1646987 29 5.02 8.68
Carbonic CHEMBL658942 43 6.1 9.3
Carbonic CHEMBL3879546 25 5.75 9.3
Carbonic CHEMBL657192 28 5.05 9.15
Carbonic CHEMBL4017666 23 6.02 9.03
Carbonic CHEMBL1693045 28 5.02 8.68
Carbonic CHEMBL657145 44 6.52 9.7
Carbonic CHEMBL3269990 45 4.55 8.15
Carbonic CHEMBL3377547 21 5.29 8.36
Carbonic CHEMBL3366665 21 5.29 8.36
D2 CHEMBL872881 27 5.26 8.7
D2 CHEMBL1061432 20 4.27 7.39
D2 CHEMBL673073 28 4.34 7.41
D2 CHEMBL3801477 25 4.07 8.15
D2 CHEMBL948052 21 6.04 9.34
D2 CHEMBL866800 26 4.17 7.55
D2 CHEMBL3614290 35 6 9.32
D2 CHEMBL1909140 100 4.7 9.31
D2 CHEMBL3089794 24 4.87 7.98
D2 CHEMBL4046973 21 4.85 9.28
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D2 CHEMBL3073105 38 5.85 9.72
D2 CHEMBL4046974 22 5.05 9.42
D2 CHEMBL866799 26 4.19 7.39
D2 CHEMBL671368 29 5.1 8.64
erbB1 CHEMBL677204 32 4 10.54
erbB1 CHEMBL1798351 101 4.05 8.02
erbB1 CHEMBL680017 63 4.92 10.6
erbB1 CHEMBL3616083 26 5.28 10.54
erbB1 CHEMBL1686143 30 4.33 9
erbB1 CHEMBL677880 34 4.11 8.4
erbB1 CHEMBL3877875 20 5 9
erbB1 CHEMBL3240253 20 5.26 9
erbB1 CHEMBL679944 48 5.37 10.6
erbB1 CHEMBL1064820 23 4.39 7.52
erbB1 CHEMBL2439336 26 4.47 8.92
erbB1 CHEMBL674019 23 5.11 8.57
erbB1 CHEMBL2066000 25 4.1 7.21
erbB1 CHEMBL925198 23 5.14 8.74
erbB1 CHEMBL680021 43 5.69 10.54
erbB1 CHEMBL3614855 25 5.11 8.14
erbB1 CHEMBL1064829 32 4.36 7.7
erbB1 CHEMBL4052480 21 4.95 9.42
erbB1 CHEMBL3238947 39 5.19 9.05
erbB1 CHEMBL674637 22 5.28 9.35
erbB1 CHEMBL1073378 26 5.21 8.7
Glucocorticoid CHEMBL941996 43 5.35 9.4
Glucocorticoid CHEMBL3868161 35 7 10.52
Glucocorticoid CHEMBL1909150 76 4.38 9.18
Glucocorticoid CHEMBL679612 44 4.6 8.24
Glucocorticoid CHEMBL890119 32 5.16 8.47
Ephrin CHEMBL998745 25 5.51 8.52
Ephrin CHEMBL1686716 37 5 8.4
Ephrin CHEMBL1068887 59 4.6 9.9
Ephrin CHEMBL915413 29 5.14 8.51
Ephrin CHEMBL945185 27 5.22 8.3
Ephrin CHEMBL3707854 22 5.19 9
Ephrin CHEMBL1101480 28 5.45 8.52
Ephrin CHEMBL1120739 36 5.65 9
Ephrin CHEMBL932888 33 5.08 8.36
Ephrin CHEMBL1816473 33 4.85 8.1
Ephrin CHEMBL1047378 33 5.71 9
COX1 CHEMBL763480 23 4.52 7.7
COX1 CHEMBL1909130 45 4.5 8.35
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Glycogen CHEMBL3413879 26 6.14 9.54
Glycogen CHEMBL1102983 30 5.09 9.4
Glycogen CHEMBL1113275 51 4.01 8.22
Glycogen CHEMBL684976 60 4.39 8
Glycogen CHEMBL2182637 30 6.16 9.66
Glycogen CHEMBL928210 36 5.38 8.52
Glycogen CHEMBL4057839 32 6.04 10
Glycogen CHEMBL1034478 33 3.38 10.05
Glycogen CHEMBL2390763 31 6.39 10.89
Glycogen CHEMBL1249829 20 5.7 9.24
Glycogen CHEMBL963374 40 5.14 9.64
Glycogen CHEMBL3097577 25 5.01 8.05
Aurora-A CHEMBL972583 22 5.14 8.4
Aurora-A CHEMBL993738 44 5.5 9.22
Aurora-A CHEMBL1664805 58 4.54 8.7
Aurora-A CHEMBL3888080 73 4.5 9.1
Aurora-A CHEMBL3862723 42 4.12 10.4
Aurora-A CHEMBL2173311 59 4.5 9.1
Aurora-A CHEMBL856402 41 5.7 9
B-raf CHEMBL1780874 28 6.07 9.24
B-raf CHEMBL3888085 55 6.07 9.14
B-raf CHEMBL1217119 83 4.77 8.7
B-raf CHEMBL1104358 45 4.16 7.85
B-raf CHEMBL1067537 64 4.03 8.3
B-raf CHEMBL1671058 20 5.85 9.89
B-raf CHEMBL1953548 22 4.6 9
B-raf CHEMBL3816885 30 4.5 9.3
B-raf CHEMBL3240201 24 6.07 9.7
B-raf CHEMBL2341125 47 5.15 8.4
B-raf CHEMBL3887740 43 5.75 9
B-raf CHEMBL981002 32 4.49 7.92
B-raf CHEMBL3804129 36 6 9
B-raf CHEMBL3804126 37 6.38 9.4
B-raf CHEMBL1043507 38 6.52 9.52
B-raf CHEMBL1008210 37 6.01 10.7
B-raf CHEMBL1937974 35 4.81 9
B-raf CHEMBL1671059 20 4.12 8.3
B-raf CHEMBL946282 31 5.05 9
Vanilloid CHEMBL832934 26 5.07 8.07
Vanilloid CHEMBL820100 28 5.84 9.52
Vanilloid CHEMBL828688 20 4.76 9.4
Vanilloid CHEMBL3705949 137 4.65 8.7
Vanilloid CHEMBL3706060 41 4.48 7.7
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Vanilloid CHEMBL930279 29 4.82 8.1
Androgen CHEMBL1960482 23 5.27 9.33
Androgen CHEMBL891115 42 6 9.7
Androgen CHEMBL930493 21 6.32 10.3
Androgen CHEMBL933063 31 5.39 9
Androgen CHEMBL930492 23 5.63 9.7
Androgen CHEMBL859226 24 5.34 8.57
Androgen CHEMBL1169306 41 5.34 8.64
Coagulation CHEMBL811970 20 4.92 8.4
Coagulation CHEMBL862522 23 4.7 7.8
Coagulation CHEMBL1010200 23 4.57 8
Coagulation CHEMBL832832 63 4.09 8.52
Coagulation CHEMBL816070 38 4.03 8.33
Coagulation CHEMBL847937 27 6.8 9.97
Coagulation CHEMBL814535 22 4.05 8.4
Coagulation CHEMBL813569 29 6.98 10.82
Coagulation CHEMBL817243 24 6.25 10.7
Coagulation CHEMBL860417 24 5.75 9
Coagulation CHEMBL815806 22 4.38 8.7
Coagulation CHEMBL814972 22 5.34 10.34
Coagulation CHEMBL1049043 21 4.77 8.8
Coagulation CHEMBL884569 35 4.8 10.4
Coagulation CHEMBL811982 22 4.11 7.6
Coagulation CHEMBL814951 21 4.22 8.22
Coagulation CHEMBL1067528 35 4.03 8.4
Coagulation CHEMBL838818 60 5.15 9.92
Coagulation CHEMBL845034 23 4.62 8.27
Coagulation CHEMBL3424914 33 4.12 8.96
Coagulation CHEMBL813626 41 6.03 10.89
Coagulation CHEMBL813672 23 5.43 9.09
Coagulation CHEMBL829646 22 6.82 10.4
Coagulation CHEMBL812835 20 4.3 7.92
Coagulation CHEMBL812837 30 5.85 9.57
Coagulation CHEMBL811969 34 6.33 10
A2a CHEMBL1259385 22 7.26 10.16
Opiod CHEMBL1769429 31 5.57 10.21
Opiod CHEMBL757060 35 5.3 9.05
Opiod CHEMBL1112210 35 5.5 8.96
Opiod CHEMBL756359 45 5.37 9.85
Opiod CHEMBL888956 45 4.22 8.05
Opiod CHEMBL858889 24 5.96 11
Opiod CHEMBL754712 22 4.71 8.44
Opiod CHEMBL3705573 20 5.24 8.87
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Opiod CHEMBL901089 26 6 9.82
Opiod CHEMBL1050689 40 6.44 10.59
Opiod CHEMBL3707592 76 5.76 10.4
Opiod CHEMBL757059 36 5.18 9.05
Opiod CHEMBL757823 24 6.05 9.19
Opiod CHEMBL746681 22 5.38 8.82
Opiod CHEMBL3888044 27 4.85 8.07
Opiod CHEMBL3888831 88 4.99 9.46
Opiod CHEMBL2050632 40 6.82 10.21
MAO-A CHEMBL827909 42 4.19 7.4
MAO-A CHEMBL2060936 51 4.58 8.25
MAO-A CHEMBL1648130 38 4.03 7.21
MAO-A CHEMBL965566 27 4.09 8.42
Caspase CHEMBL831642 28 4.2 8.4
Caspase CHEMBL658912 27 4.33 8.6
Caspase CHEMBL1838643 24 4.09 7.92
Caspase CHEMBL1012730 27 4.21 8.62
Caspase CHEMBL658623 25 4.01 7.57
JAK2 CHEMBL3404501 25 5.54 9
JAK2 CHEMBL2395112 22 5.91 8.92
JAK2 CHEMBL1044318 37 6.06 9.7
JAK2 CHEMBL1049517 47 5.35 9.3
JAK2 CHEMBL1011746 23 3.84 7.41
JAK2 CHEMBL2186596 31 6.99 10
JAK2 CHEMBL1936085 21 5.54 10.05
JAK2 CHEMBL2067611 27 5.54 9.19
JAK2 CHEMBL3374493 34 5.5 8.7
JAK2 CHEMBL2438691 32 5.5 9.22
JAK2 CHEMBL1291235 25 4.54 9
CDK2 CHEMBL1250281 25 5.16 9
CDK2 CHEMBL971698 29 3.73 8.52
CDK2 CHEMBL661124 22 5.4 8.68
CDK2 CHEMBL2166172 20 4.21 8.52
CDK2 CHEMBL908827 20 5.2 8.7
Cannabinoid CHEMBL2187925 27 4.68 8.89
Cannabinoid CHEMBL2154764 32 5.45 8.61
Cannabinoid CHEMBL886398 38 5.4 9.05
Cannabinoid CHEMBL901144 23 5.1 9.1
Cannabinoid CHEMBL1107820 29 6.13 9.82
Cannabinoid CHEMBL1011882 62 5.01 9.7
Cannabinoid CHEMBL2317164 35 4.05 9.07
Cannabinoid CHEMBL896457 34 5.41 8.77
Cannabinoid CHEMBL1804296 35 6.21 9.92
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Cannabinoid CHEMBL2210669 25 5.37 8.92
Cannabinoid CHEMBL887035 29 5.07 8.52
Cannabinoid CHEMBL901108 30 5.9 9.49
Cannabinoid CHEMBL832272 36 4.72 8.4
Cannabinoid CHEMBL932400 32 5.82 9.52
HERG CHEMBL1676103 146 4 8.66
HERG CHEMBL1036929 26 4.32 8.6
HERG CHEMBL2330781 36 4.51 8.39
HERG CHEMBL2148626 30 5.33 9.12
HERG CHEMBL3096732 44 4.84 9.4
HERG CHEMBL1764797 24 4.69 8.7
HERG CHEMBL3583383 42 4.02 7.3
HERG CHEMBL827807 49 4 8.82
HERG CHEMBL766816 29 4.12 8.52
ABL1 CHEMBL3888134 50 5.95 9.3
ABL1 CHEMBL2186853 38 5.67 9.03
ABL1 CHEMBL2353816 50 5.83 10.82
ABL1 CHEMBL923929 25 4.99 8.92
LCK CHEMBL1113978 53 5.35 8.52
LCK CHEMBL4145903 26 4.15 9
LCK CHEMBL913225 34 6.53 11
LCK CHEMBL841202 44 4.64 8.4
LCK CHEMBL841204 31 5.7 9.15
LCK CHEMBL1049046 45 5.57 10.15
LCK CHEMBL910552 51 4.55 9.7
LCK CHEMBL864124 29 5.22 8.52
LCK CHEMBL908547 26 5.06 8.52
LCK CHEMBL842071 35 5.26 8.7
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Availability of data and methods

QPHAR: quantitative pharmacophore activity relationship: method
and validation

All the data generated and used in this study can be found in the author’s GitHub repository:
https://github.com/StefanKohlbacher/QuantPharmacophore
The data includes the training and validation set for comparison against the PHASE algorithm.

Additionally, the datasets generated for cross-validation are provided as well as some
meta-information on these datasets.

The developed QPhAR method is provided as a docker container and can be installed from the
repository by executing the setup.sh script (docker needs to be successfully installed for the setup to
finish without errors). It is recommended to specify a volume on installation that is then shared with
the docker container for simplified data exchange between the host’s PC and the container.
Otherwise, data can easily be transferred in and out of the docker container via docker’s cp
command. Five scripts are provided in the container for training and using the QPhAR method:

e checkTrainingData: Checks whether the training set fulfils a certain set of requirements. This
script is provided for the user’s convenience to estimate whether the given dataset can be
used to successfully train a QPhAR model.

e splitData: A convenience script to split training and test data.
train: Trains a QPhAR model on a dataset with the specified parameters. When the model is
successfully trained it is saved in the specified location.

e gridSearch: Given a set of parameters, this script performs a grid-search over all possible
combinations obtained from the given parameters. All models including the predicted
validation set and the model’s performance are saved in the specified location.

e predict: Given a dataset and the location of a previously trained QPhAR model, this script will
predict the activity for a specified dataset. This script can be used to validate the model
obtained from the training script. An SD-File containing the predicted values is generated for
a set of molecules. For a set of pharmacophores, a JSON file is generated with the
pharmacophore's predictions.

A detailed guide to using the scripts can be found in the GitHub repository.

A new set of KNIME nodes implementing the QPhAR algorithm

All the data generated and used in this study can be found in the author’s GitHub repository:
https://github.com/StefanKohlbacher/gphar-knime-nodes

The data generated and used includes a KNIME workflow that should serve as a template for training
a QPhAR model. The workflow implements best practices and commonly applied methods such as
hyperparameter optimization and data-splitting and can be used as a template to train a QPhAR
model in KNIME. The developed KNIME nodes are available in addition to the workflow. These
include the QPhAR Reader, QPhAR Learner, QPhAR Predictor, and QPhAR Writer. They are available
for download as part of the NeuroDeRisk toolbox.
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During this study, a set of GABA-A QPhAR models were trained and validated. These models are
available for download and can be used along with the KNIME nodes, by reading the model with the
QPhAR Reader and then predicting a set of molecules with the QPhAR Predictor.

Applications of the novel quantitative pharmacophore activity
relationship method QPhAR in virtual screening and lead-optimization

All the data generated and used in this study can be found in the author’s GitHub repository:
https://github.com/StefanKohlbacher/gphar-applications

The data provided contains the data for validating the provided method, as well as the
supplementary material of the manuscript[95] and a set of scripts to apply the presented method. In

order to run the scripts the QPhAR method needs to be installed on the user's machine, as explained
in the README.md file of the repository.

Besides scripts for replicating the study, the repository also contains scripts to generate a refined
pharmacophore (makeOptimalPharmacophore.py), analyse its performance, and finally generate the
activity grids as described in the manuscript. Generating the activity scripts for a set of molecules
based on a previously trained QPhAR model will yield a set of .kont-files. These can be opened and
visualized by LigandScout[8].
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List of abbreviations

CADD: computer-assisted drug discovery

VS: virtual screening

SBVS: structure-based virtual screening

LBVS: ligand-based virtual screening

SAR: structure-activity relationship

QSAR: quantitative structure-activity relationship

QPhAR: guantitative pharmacophore-activity relationship
ML: machine learning

RF: random forest

AD: applicability domain

PLS: partial least squares

NDR: NeuroDeRisk

ADMET: absorption distribution metabolism excretion and toxicity
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Abstract

As drug development becomes increasingly complex, more efficient discovery methods and tools are
required. CADD has become an integral part of every drug discovery process, facilitating the search
for novel drugs from a vast space of available molecules. Pharmacophores, virtual screening,
machine learning, and QSAR are just a few tools and methods commonly applied in the drug
discovery process. However, hardly any research has been conducted on combining these concepts
and methods. The work done for this thesis explored the application of pharmacophores in QSAR
studies. It could be shown that QPhAR, quantitative pharmacophore activity relationship, is a viable
alternative to conventional QSAR methods leveraging concepts such as scaffold-hopping to increase
the model’s confidence and expand the model’s applicability domain. Building on the newly
developed concept of QPhAR, it is shown that well-trained QPhAR models can facilitate the
pharmacophore modelling process and enable the modern medicinal chemist in his role as a decision
maker. For this, a method was developed to extract pharmacophores from QPhAR models that show
strong performance in distinguishing between higher and less active molecules. The obtained
pharmacophores can then be used as a query for virtual pharmacophore screening to obtain a set of
hit compounds, which can be ranked by the initially obtained QPhAR model. Finally, the QPhAR
model can be used to visualise regions of promising hit or lead compounds and guide the medicinal
chemist with insights for further optimisations.
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Zusammenfassung

Da die Arzneimittelentwicklung immer komplexer wird, sind effizientere Entdeckungsmethoden und
-werkzeuge erforderlich. CADD ist zu einem integralen Bestandteil  jedes
Arzneimittelentdeckungsprozesses geworden und erleichtert die Suche nach neuartigen
Arzneimitteln aus einem riesigen Bereich verfligbarer Molekile. Pharmakophore, virtuelles
Screening, maschinelles Lernen und QSAR sind nur einige Werkzeuge und Methoden, die haufig im
Arzneimittelforschungsprozess eingesetzt werden. Die Kombination dieser Konzepte und Methoden
ist jedoch kaum erforscht. Die Arbeit dieser Dissertation untersuchte die Anwendung von
Pharmakophoren in QSAR-Studien. Es konnte gezeigt werden, dass QPhAR, quantitative
Pharmacophore Aktivitdts Beziehung, eine praktikable Alternative zu herkdmmlichen
QSAR-Methoden ist, wobei Konzepte wie Scaffold-Hopping genutzt werden, um das Vertrauen in die
Vorhersagekraft des Modells zu erhohen und dessen Anwendungsbereich zu erweitern. Aufbauend
auf dem neu entwickelten Konzept von QPhAR wurde gezeigt, dass gut trainierte QPhAR-Modelle
den Pharmakophor-Modellierungsprozess erleichtern und den modernen medizinischen Chemiker in
seiner Rolle als Entscheidungstrager unterstitzen konnen. Daflir wurde eine Methode entwickelt, um
Pharmakophore aus QPhAR-Modellen zu extrahieren, die eine sehr gute Leistung bei der
Unterscheidung zwischen hoher und weniger aktiven Molekiilen liefern. Die erhaltenen
Pharmakophore kénnen fir virtuelles Pharmakophor-Screening verwendet werden, um eine Reihe
von Trefferverbindungen zu erhalten, die dann nach dem urspriinglich erhaltenen QPhAR-Modell
gereiht werden. Weiters kann das QPhAR-Modell verwendet werden, um vielversprechenden Hit-
oder Lead-Verbindungen zu analysieren und auf Basis der erhaltenen Resultate dem medizinischen
Chemiker wichtige Erkenntnisse flir weitere Optimierungen zu liefern.
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