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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 II 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 III 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.
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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
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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

question. 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
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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.

Figure 1: Early versions of QSAR by correlating physicochemical properties (logP) with biological
activity (IC50)

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).

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
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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.

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 (pIC50) 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]

● Distance-based methods[83]

● Geometric methods[84]

● 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.

16



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 Schrödinger’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 1Å.

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.

19



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 quantitative

pharmacophore activity relationship method QPhAR in virtual screening and lead-optimization.
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II. 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

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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A new set of KNIME nodes implementing the QPhAR
algorithm

Stefan M. Kohlbacher, Thomas Seidel, Gökhan 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

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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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. https://doi.org/10.3390/ph15091122

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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III. 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

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
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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 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

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

70



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:

● 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.

● 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.

● 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.

● 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/qphar-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/qphar-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: quantitative 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 verfügbarer Moleküle. Pharmakophore, virtuelles

Screening, maschinelles Lernen und QSAR sind nur einige Werkzeuge und Methoden, die häufig 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 Aktivitäts Beziehung, eine praktikable Alternative zu herkömmlichen

QSAR-Methoden ist, wobei Konzepte wie Scaffold-Hopping genutzt werden, um das Vertrauen in die

Vorhersagekraft des Modells zu erhöhen 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 Entscheidungsträger unterstützen können. Dafür wurde eine Methode entwickelt, um

Pharmakophore aus QPhAR-Modellen zu extrahieren, die eine sehr gute Leistung bei der

Unterscheidung zwischen höher und weniger aktiven Molekülen liefern. Die erhaltenen

Pharmakophore können für virtuelles Pharmakophor-Screening verwendet werden, um eine Reihe

von Trefferverbindungen zu erhalten, die dann nach dem ursprünglich 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 für weitere Optimierungen zu liefern.
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