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Chapter 1

Introduction

Over recent decades, the field of computer-aided drug design has become indispensable in the
realm of drug discovery. Among other key applications, virtual screening of vast molecule
databases has a critical role in the initial stages of drug development. Such screening proce-
dures allow for the efficient filtration of potential compounds of interest, significantly reducing
the pool of candidates for subsequent in vitro experiments. This can not only substantially
reduce time but consequently save valuable financial resources [1, 2, 3].

Virtual screening techniques have exhibited significant advancements throughout their
evolution. Initially, two-dimensional substructure-based similarity searches faced a challenge
in commonly managing to identify molecules with identical or closely related structural con-
figurations. The introduction of novel methods, like pharmacophore-based virtual screening,
surpassed these limitations, also enabling the exploration of compounds with different struc-
tural scaffolds [4, 5].

Methods for virtual screening encompass various approaches such as quantitative structure-
activity relationship (QSAR), molecular docking or pharmacophore-based virtual screening.
However, among these techniques, pharmacophore-based virtual screening has emerged as an
especially valuable and impactful tool [2, 4, 6, 7, §].

Pharmacophores describe abstract representations of electrostatic and steric relationships
between biologically active compounds and a specific molecular target, within defined phar-
macophoric features. These constructs find versatile use across a spectrum of applications.
Apart from their crucial role in virtual screening, pharmacophores prove valuable for purposes
such as toxicity, pharmacodynamic and pharmacokinetic predictions, pharmacophore-based
de novo drug design, molecular dynamics simulations, and their integration into machine
learning protocols [4, 5, 6, 8, 9, 10, 11, 12].

The diverse array of software applications designed for pharmacophore modeling and
virtual screening primarily differentiate in terms of their specification for input data in phar-
macophore construction and their methods for identifying the associated pharmacophoric
features [4].

The alignment strategies employed in pharmacophore-based virtual screening are predom-
inantly centered around minimizing the root mean square deviation (RMSD) between feature
pairs or maximizing the volumetric overlap using Gaussian spheres. These approaches share
the limitation of prioritizing the alignment with the lowest RMSD or the highest volume
overlap, which may not necessarily lead to the most optimal alignment. The primary criteria
for an ideal alignment should prioritize achieving the maximum count of matching feature
pairs. In response to this problem, a novel screening alignment algorithm, Greedy 3-Point
Search (G3PS), was introduced by Permann et al. and implemented in an updated version



of the LigandScout software, LigandScout 5 [13, 14].

The objective of this thesis includes evaluating the potential enhancements of pharmacophore-
based virtual screening in LigandScout through the implementation of the G3PS algorithm
and the identification of the optimal parameter configuration.

To accomplish this, investigations were initiated by conducting preliminary tests on a
selected dataset and pharmacophore model, as displayed in Chapter 4. This initial phase was
dedicated to identifying optimal settings for the introduced parameters in LigandScout 5.

Subsequently, the analysis was extended by applying the determined parameter sets to
a more comprehensive testing across various datasets and pharmacophore models. The key
aspect of this investigation was the comparative evaluation with the established LigandScout
4.5 and LigandScout 5 version, aimed at confirming that the applicability of the identified
settings holds true in a more general context.



Chapter 2

Related Work

2.1 Pharmacophore

Throughout previous decades, pharmacophores have established themselves as profoundly
significant and valuable tools for a variety of purposes in the realm of computer-aided drug
design [14, 15].

This section provides an overview of the pharmacophore definition, methods for their
creation, illuminates some of their many applications and presents a brief list of the most
frequently used software packages.

2.1.1 Pharmacophore Definition

Paul Ehrlich, who introduced the terms ”phoros” and ”pharmakon” in the early 1900s to
signify the role of chemical or functional groups in determining biological activity, is often
credited as the pioneer of the pharmacophore [16]. The actual concept of pharmacophore
however was first introduced by Lemont B. Kier in the late 1960s [17]. In 1977, Giind pro-
vided additional elucidation of the concept of pharmacophores as a collection of molecules
capable of recognizing receptors and delineating structural attributes contributing to molecu-
lar biological activity [2]. The formal definition established by the International Union of Pure
and Applied Chemistry (IUPAC) in 1998 is articulated as follows: ” A pharmacophore is the
ensemble of steric and electronic features that is necessary to ensure the optimal supramolec-
ular interactions with a specific biological target structure and to trigger (or to block) its
biological response” [18]. A Pharmacophore therefore, as is often misleadingly believed, does
not represent an actual molecule with its corresponding functional groups, but rather an ab-
stracted construct that describes the electrostatic and steric relationships of active molecules
and a given target [6, 9].

For three-dimensional (3D) pharmacophore models to be a valuable asset in drug develop-
ment with robust predictive capabilities, they must possess the ability to represent both the
nature and spatial arrangement of functional groups engaged in ligand-target interactions.
Additionally, they should be able to systematically describe various non-covalent bond types
and their characteristics in a manner that is easily understandable [9]. Consequently, phar-
macophore models contain information about interactions or chemical features arranged in
three-dimensional space. This spatial formation of chemical features serves as a representa-
tion of the crucial interactions between smaller organic ligands and a larger macromolecular
receptor. Thus, a pharmacophore model is limited to include only a single mode of action, es-



sentially illustrating how its ligands bind to a desired target. The 3D pharmacophore concept
is rooted in the specific types of interactions commonly observed in drug-receptor interac-
tions, including hydrogen bond donors, hydrogen bond acceptors, charge transfer, positively
and negatively charged groups, hydrophobic interactions, aromatic interactions and exclusion
volumes. Uncommon interaction types that contribute to ligand binding, include metal in-
teraction and halogen bonds. Consequently, the pharmacophore may be viewed as the most
extensive common denominator shared among a group of active molecules [1, 4, 9, 14, 15].

2.1.2 Pharmacophore Creation

To create a pharmacophore, a series of three primary tasks must be performed, which in-
volve assembling an appropriate dataset, constructing a potential pharmacophore or phar-
macophores and subsequent validation of the pharmacophore or pharmacophores [3].

3D pharmacophore creation approaches can be categorized based on how they obtain phar-
macophore features, organised into three main groups: feature-based, substructure pattern-
based, and molecular field-based approaches. In feature-based methods, pharmacophore fea-
tures are determined by filtering geometric descriptors that match the attributes of molec-
ular interactions. Substructure pattern-based methods, which can be found in software like
PHASE [19], LigandScout [14], and Catalyst [20], identify chemical feature substructures
within molecules. For instance, all hydroxyl groups might be designated as both hydrogen
bond donors and acceptors. While in comparison, molecular field-based methods like those
used in FLAP [21] and Forge [22] examine the molecular surface of either the ligand or the
macromolecular target using various chemical probes. They then calculate interaction energy
maps, which can subsequently lead to pharmacophore features [4].

Another distinction can be drawn between structure-based and ligand-based pharma-
cophore modeling methods. Structure-based pharmacophores are based on the structural
data of proteins or ligand-protein complexes. Contrary, ligand-based methods utilize a set of
active ligands and structural information about their active conformations for the creation
of the pharmacophores [4].
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Figure 2.1: Workflow for pharmacophore modeling [1].

Figure 2.1 provides a comprehensive representation of the workflow involved in construct-
ing pharmacophore models, highlighting the distinctions between the structure-based and
ligand-based approaches. Following the initial development of pharmacophore models, which
can be derived from either protein structural information or a collection of active ligands,
these models typically undergo a validation and refinement phase to produce the definitive
models that can subsequently be employed in further investigations.

Structure-based Pharmacophores

In order to generate a structure-based pharmacophore, it is imperative to possess relevant
information regarding the target protein or the ligand-protein complex. On account of the
substantial growth in the availability of 3D structures of macromolecules, particularly pro-
teins, in recent years, the structure-based approach is gaining increasing significance in the
realm of pharmacophore modeling. Ideally, a structure is available where a ligand is already
present within the binding pocket of the target protein. This ligand-protein complex can
then be made accessible by co-crystallisation [4].

In cases where structural data for the ligand-protein complexes or ligands for the bind-
ing pocket are unavailable, alternative methods can be employed to gather macromolecular
structural insights and generate pharmacophore models. These techniques include homology
modeling, binding pocket prediction, apo-site pharmacophore modeling, and molecular dock-



ing. Structure-based approaches rely on identifying potentially significant interaction sites,
which can be pinpointed using energy-based or geometry-based methods and the acquired
data can subsequently be utilized in the construction of a structure-based pharmacophore
model [4, 23].

Essentially, the core concept of structure-based pharmacophore modeling hinges on the
derivation of chemical features from macromolecular structural data. Typically, these models
are constrained to a single protein-ligand complex, representing only one binding mode. To
determine the optimal arrangement of chemical features, many software applications initially
analyze all potential features of the ligand as well as those within the binding pocket of the
target. A pharmacophore feature is subsequently only then incorporated into the model if a
complementary partner is identified [24].

An additional factor to consider during the construction of both ligand- and structure-
based pharmacophores is the quantity of pharmacophoric features, as it should align with
practicality for subsequent experiments, such as virtual screening. A good balance is crucial,
ensuring an adequate number of features for specificity while avoiding an excess that could
overly constrict the model, potentially leading to false negative outcomes [4].

Taking these factors into account, the application of structure-based 3D pharmacophore
modeling emerges as a promising and captivating approach for elucidating direct precise
insights into interactions between a molecule and a macromolecule at the binding cite [9, 24].

Ligand-based Pharmacophores

In the absence of the structural information about the target protein, ligand-based pharma-
cophores are used. They include the chemical features mutually present in a group of active
compounds, which are known to exhibit biological activity and a shared mechanism of action
towards a desired target. The selection of ligands at this stage is highly dependent on the
desired outcome. Typically, these pharmacophoric features are obtained by aligning the ac-
tive molecules in their different conformations, in such a way that these features are located
similarly. A pharmacophoric feature is designated to a certain location when the aligned
compounds share the same chemical feature at this specific location. At this point it is rele-
vant to mention that it is often unclear in which conformation the molecules show bioactivity.
However, conformer generation algorithms are usually relatively efficient at finding bioactive
conformations, but it is still never entirely clear in advance whether ligand-based methods
actually predict an alignment with molecules in there bioactive conformations. In addition,
it is also rather important that the molecules are as structurally similar as possible and share
the same binding mechanism, otherwise with molecules getting more diverse it will become
increasingly difficult to find proper alignments for the algorithms. Furthermore, it is not al-
ways certain whether diverse active molecules indeed interact with a common binding pocket,
potentially complicating the pharmacophore generation process [4, 9]. The subsequent step
involves a thorough examination of each conformation for every molecule, inspecting their 3D
chemical attributes. The final step encompasses numerous alignment experiments focusing
on the features of each conformation of every ligand, leading up to the construction of a
ligand-based 3D pharmacophore model [24].

2.1.3 Pharmacophore Applications

With the growing importance of computer-aided drug discovery, pharmacophores have been
effectively employed for a wide range of purposes, like gathering data on structure-selectivity
relationships, ligand activity, as well as the prediction of molecular interactions including



metabolism, side-effects, toxicity and drug-drug interactions. Individually or in combination
with other techniques, they have demonstrated to be most valuable in lead identification,
lead optimization, and the development of new drugs [1, 3].

This section will highlight some of the most prominent application fields.

Virtual Screening

Most frequently, pharmacophores are used as filters to search vast databases of molecules on
their particular features, allowing researchers to identify molecules having different chemo-
types and scaffolds that align with features of interest. Pharmacophore-based virtual screen-
ing is a prominent in-silico tool for discovering and developing new drugs, drastically reducing
the pool of potential candidates, enabling further in-vitro experiments to evaluate their effi-
cacy [2, 5, 11].

Toxicity, pharmacodynamic and pharmakokinetic predictions

Pharmacophore models are often employed to guide absorption, distribution, metabolism,
excretion and toxicity (ADMET) predictions. Suboptimal pharmacodynamic or pharma-
cokinetic characteristics frequently constitute the primary factors contributing to the inef-
fectiveness of prospective pharmaceutical agents. Therefore, it is a well advised strategy
to employ pharmacophore models for predictive purposes during the initial phases of drug
discovery. These models can be instrumental in recognizing potential interactions between
novel compounds and predominant metabolizing enzymes [8, 12].

Pharmacophore-based de novo design

The design of novel compounds that are of interest to specific targets offers another poten-
tial application for pharmacophores. De novo design enables molecules with new structures
desired features to be developed in order to synthesise potential novel drugs. In most cases,
however, the structures obtained only provide prototypes for new active substances, as they
often lack in activity. Subsequently, with the aid of pharmacophore models completely novel
chemical compounds are designed, which subsequently often have to be modified manually.
That is why it is particularly important to design them in such a way, that the molecules
aquired are also accessible for chemical synthesis [5].

Molecular dynamics simulation

As previously discussed, pharmacophores primarily emerge from superimposing atomic mod-
els of ligand-protein complexes, with the disadvantage that they represent a rigid image of the
structure. Nevertheless, there are alternative approaches for forecasting and employing phar-
macophoric information. Molecular dynamics (MD) simulations, for instance, are founded on
the premise that both macromolecules and ligands are flexible, consequently implying that
their complexes should also demonstrate dynamic behaviors. MD simulations are employed
to forecast the temporal positions of atoms within molecular systems, relying on Newton’s
laws of motion. It involves estimating the forces between interacting atoms through the uti-
lization of an appropriate force field, ultimately leading to the calculation of the system’s
total energy. Grounded in this underlying principle, numerous methods and software appli-
cations have been devised, to generate pharmacophores or refine pre-existing models [4, 5, 10].



Machine learning

Given the recent surge in interest and enthusiasm surrounding artificial intelligence and ma-
chine learning, approaches have emerged that combine pharmacophoric methods with ma-
chine learning techniques. For instance, the software HS-pharm [25], employs machine learn-
ing techniques to condense the number of pharmacophoric features. Pharm-IF [26] utilizes
diverse machine learning algorithms to evaluate the docking poses of ligands. DeepSite pro-
grams like KDeep [27] or LigVoxel [28] harness the combined power of pharmacophores and
machine learning to train neural networks, subsequently facilitating the prediction of binding
affinities or the design of novel compounds [4].

2.1.4 Pharmacophore Modeling Software

This section is concluded by providing an inventory of some of the most recent commercial
software applications and online tools that employ pharmacophore modeling, accompanied
by brief information about their services.

Software Input data Method of Identification
FLAP [21] Ligand, complex, apo Molecular field
Pharmer [29] Ligand, complex Feature, substructure pattern

LigandScout [14] | Ligand, complex, apo | Feature, substructure pattern, molecular field

Catalyst [20, 30] | Ligand, complex, apo | Feature, substructure pattern, molecular field

MOE [31] Ligand, complex, apo | Feature, substructure pattern, molecular field
PHASE [19] Ligand, complex, apo | Feature, substructure pattern, molecular field
Pharao [32] Ligand Substructure pattern
UNITY [4] Ligand, complex Feature, substructure pattern

Forge [22] Ligand Molecular field

Table 2.1: Software for pharmacophore modeling [4].

Freely accessable online tools

PharmaGist [33] serves as an web server for ligand-based pharmacophore modeling. It offers
the capability to upload a maximum of 32 ligand molecules for the generation of a pharma-
cophore model from the provided input utilizing the common feature method [1, 10].

Pocketv.2 [34] encompasses both a web server and a stand-alone version designed to
construct structure-based pharmacophore models by using the pocket module within Lig-
Builder. Necessary input data for generating the model includes a Protein Data Bank (PDB)
[35] structure of a macromolecule, either with or without an associated ligand [1, 10].



2.2 Virtual Screening

Given that virtual screening ranks among the most prevalent applications of pharmacophores,
and the research in this thesis predominantly focuses on virtual screening, the subsequent
section will provide a more detailed elucidation of this subject matter.

2.2.1 Virtual Screening Definition

Virtual screening describes the process of filtering molecular databases with the primary aim
of predicting activity of specific compounds at a desired biological target. Due to the fact
that virtual screening is a computer-based method and therefore does not require the in vitro
synthesis of molecules in advance, it is an excellent supportive tool for the early stages in the
development of new drugs. The great ability of virtual screening lies in helping to selectively
filter bioactive compounds out of large virtual databases while at the same time excluding
the ones that are not relevant [3].

2.2.2 Virtual Screening Approaches

Over the last decades, the evolution of virtual screening methods has witnessed substantial
advancements, leading to increased levels of user-friendliness, utility, and overall performance
enhancements [3]. Computational systems and their software applications have undergone
rapid progress, significantly contributing to the reduction of both temporal and financial
resources required for the development of novel drugs [2].

Initial two-dimensional (2D) substructure-based similarity searches have primarily been
constrained in their capacity to identify molecules of identical structural types or those shar-
ing closely resembling molecular frameworks. In contrast, novel approaches, especially 3D
pharmacophore-based screening, expands the scope to include the identification of compounds
with different scaffolds still fitting searched for features without being constrained by any par-
ticular molecular structure [4, 5].

The following sections highlight some of the most prominent approaches for virtual screen-
ing.

Quantitative structure-activity relationship

Quantitative structure-activity relationship (QSAR) investigates the interaction dynamics
between small molecules and larger macromolecules. However, QSAR is specifically con-
cerned with establishing correlations between computed molecular properties and the bio-
logical activities of molecules. QSAR proves notably advantageous in the context of drug
development, in cases where a receptor’s structure remains undisclosed. This method can
be exceptionally valuable in identifying compounds with inhibitory attributes and minimal
potential for toxicity for a desired target. During the 1980s and 1990s, this approach under-
went substantial refinement with the incorporation of a 3D component. Within 3D-QSAR,
the investigation extends to the 3D characteristics of both ligands and target structures. It
encompasses an analysis of the molecules’ 3D configurations, energy alterations, and specific
interaction patterns between the active compounds and their targets. By combining physic-
ochemical attributes, 3D structural information, and quantitative relationships, this method
has proven effective in the anticipation and enhancement of novel drug candidates. Conse-



quently, 3D-QSAR has evolved into a pivotal tool for advancing drug development since the
1990s [2].

Molecular docking

Much like QSAR, molecular docking is a fundamental approach to predict the interactions
between small molecules and proteins, or even between two proteins themselves. This process
relies on the analysis of both the energetic and spatial configurations to discern the accu-
rate binding mechanisms or conformations. Frequently, molecular docking simulations are
employed for the screening of compound datasets against a specific target, with subsequent
ranking based on their predicted binding affinity [2, §].

In general, docking methods encompass the utilization of the available information from
the macromolecules environment to assess various potential interaction modes through differ-
ent alignments. Initially, docking involves the flexible alignment of the ligand molecule within
the macromolecular surroundings and subsequently evaluates the strength of the interaction
using diverse scoring functions [8, 14].

Molecular docking can be systematically classified into three distinct categories: rigid
docking, semi-flexible docking, and flexible docking. Within rigid docking, the molecular
structures remain unaltered. In semi-flexible docking, the small molecules have the ability
for adjustment in their conformations, while the proteins or macromolecules maintain their
rigidity. Lastly, flexible docking permits both molecules and proteins to move freely within
their conformations. The selection among these methods is dependant upon the specific
research objectives. A more flexible approach, while offering higher accuracy in predicting
interactions, necessitates increased time and resources, making it important to weigh these
factors in relation with the goals of the experiment [2, 8].

It is worth noting that employing docking for the screening of extensive compound

databases can be computationally demanding. Consequently, some approaches have emerged
that combine docking-based virtual screening with pharmacophore-based virtual screening to
address these computational challenges [8, 14].
One possibility is to employ pharmacophores as preliminary filters for ligand databases, fol-
lowed by the application of docking simulations. Alternatively, pharmacophores can be em-
ployed post-docking to filter and exclude ligands that have achieved favorable docking scores
but do not align with the pharmacophore features. The utilization of pharmacophores during
the actual docking simulation is also possible. In this context, the pharmacophore model can
assist in guiding the ligand’s placement during the docking process [8].

Pharmacophore-based virtual screening

Pharmacophore-based virtual screening utilizes 3D pharmacophores, usually derived from
a set of active ligands or a ligand-protein complex facilitating the exploration of extensive
virtual molecular databases to identify compounds that satisfy the criteria and align with
the pharmacophoric features. Through this filtering process, potential candidates for future
active substances can be identified at an early stage of drug development [4].

Pharmacophore-based virtual screening finds application in various domains, including
drug discovery, lead identification, selectivity and toxicity profiling, scaffold hopping, structure-
activity relationships, and in synergy with complementary methods such as docking or molec-
ular dynamics simulations [6].
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Given that the primary focus of this thesis regards this subject matter, the following
section will delve into it with greater detail.

2.3 Pharmacophore-based Virtual Screening

In the actual process of pharmacophore-based virtual screening, the molecules in the libraries
are scanned for the desired pharmacophoric features. The associated methods can be broken
down into two different concepts, fingerprint-based and 3D alignment-based methods [4].

Fingerprint-based techniques predominantly capture data regarding the presence of fea-
tures and interfeature geometries in fingerprint descriptors. This allows for efficient simi-
larity comparisons between the query pharmacophore and a library of conformers. In con-
trast, alignment-based methods involve the 3D alignment of the pharmacophore feature set.
A match is recorded when the pharmacophoric feature set of a specific conformation of a
molecule can be aligned with the feature set of the pharmacophore [4].

3D alignments often involve preliminary prefiltering procedures utilizing rapid distance
assessments, which significantly reduce computational efforts. The Catalyst software, for
example, uses an algorithm employing a ”pruned exhaustive search” technique to gradually
construct shared 3D pharmacophores from two-feature pharmacophores identified in molecule
conformers. In order to assert the presence of a shared 3D pharmacophore, at each step, a
precomputed list encompassing all interfeature distances within the molecule is initially con-
sulted. Following this prefiltering stage, alignment occurs through a least-squares fit of the
features. LigandScout, for example, identifies optimal alignments by evaluating the best
pairings between two sets of pharmacophore features based on interfeature distances before
proceeding with the actual alignment [4].
The most commonly employed software used include those listed in 2.1.4: FLAP [21], Pharmer
[29], LigandScout [14], Catalyst [20], MOE [31], PHASE [19], Pharao [32], UNITY [4], Forge
[22]. The aforementioned software programs are all suitable for pharmacophore-based vir-
tual screening, as they incorporate functions for both pharmacophore modeling and virtual
screening [4].
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2.3.1 Workflow for Pharmacophore-based Virtual Screening
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Figure 2.2: Workflow of pharmacophore-based virtual screening [4].

Figure 2.2 provides a representation of the workflow involved in constructing pharmacophore
models, highlighting the distinctions between the structure-based and ligand-based approaches.
Following the initial development of pharmacophore models, which can be derived from either
protein structural information or a collection of active ligands, these models typically undergo
a validation and refinement phase to produce the definitive models that can subsequently be
employed in further experiments.

Up next, the individual steps of this procedure are examined in greater detail.

Creation of the pharmacophore

The initial stage in pharmacophore-based virtual screening involves the construction of a
pharmacophore model, serving as a representation of the specific features that must be sat-
isfied by the screened compounds [9].

Precise methods for developing pharmacophores have already been discussed in Section
2.1.2.
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Database creation

As previously mentioned, the flexibility of molecule conformations represents an important
issue in the screening process. Addressing this matter can be pursued through two dis-
tinct approaches. Databases can be pregenerated, containing precomputed conformations of
molecules, offering the substantial benefit of a one-time computational effort. Alternatively,
conformations can be calculated in real-time during the actual screening process. Presently,
the pre-calculation and storage of conformations is the favored method, primarily due to its
cut down of computer resources (as conformations can be reused for multiple screens), time
efficiency, and cost-effectiveness [5].

Database screening

As for actual screening of databases, it is highly relevant to implement a series of pre-filtering
measures. These measures encompass various techniques, including the application of filtering
criteria such as the Lipinski Rule of Five or PAINS (pan-assay interference compounds).
However, these rules do not necessarily always have to be applied, as there may also be
targets for which ligands do not conform to these rules but still fit. Additionally, feature
types and feature counts are taken into consideration to assess the potential exclusion of
molecules as non-matching. Subsequently, 3D matching algorithms are deployed, typically
wtih higher computational costs, though in favor of the increased precision they offer [1, 5].

It is essential to consider that certain methods may also filter out molecules that could
potentially conform to the fitting criteria later on. While some approaches tolerate this
occurrence, acknowledging that it leads to more efficient screening, others, such as Ligand-
Scout, employ lossless filter methods that exclusively eliminate molecules lacking geometric
compatibility [5].

During the actual matching phase, the primary objective is to find out whether the
molecules that have progressed to this stage align with the pharmacophores and get included
in the hitlist. This step bears significant importance and exerts a direct influence on the
quality of the results. The utilization of greedy algorithms and two-point pharmacophores,
which involve pure feature pair comparisons were introduced at an early stage. However, they
lacked the capability to distinguish between the pharmacophore and its enantiomer, neces-
sitating the implementation of a 3D overlay pharmacophore for accurate match prediction.
Noteworthy software packages for pharmacophore modeling, renowned for their state-of-the-
art screening functions, include Catalyst [20], Phase [19], MOE [31], and LigandScout [14].
These programs all employ some form of geometric alignment during the 3D pharmacophore
matching stage, with a focus on minimizing the RMSD (root mean square deviation) between
feature pairs. While all programs pursue n-point distance-based searches to achieve matches,
LigandScout employs a pattern-matching technique, which imposes fewer constraints on the
number of features within the pharmacophore model, contributing to its distinct approach
[5].

Analysis of the hitlist

When validating derived 3D pharmacophore models, it is immanent to have experimental
data for searched molecules. Typically, a validation set for 3D pharmacophores comprises
reported active, inactive, or decoy molecules. Two critical considerations come into play
when assembling the validation set: Firstly, 3D pharmacophores delineate a specific binding
pose. Consequently, the active set should encompass ligands that share the same binding
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mechanism within the target protein. Secondly, caution must be exercised when incorporat-
ing reported inactives, as observed inactivity may arise from factors unrelated to the binding
mode, such as insolubility or an inability to reach the target in cell-based assays. Therefore,
it can be advisable to favor selected decoys over inactive molecules. Decoys are compounds
presumed to be inactive and exhibit a high degree of physicochemical similarity to the active
compounds. However an issue with decoy compounds lies in their lack of empirical validation
against the target, potentially leading to designing active compounds unintentionally. The
Directory of Useful Decoys (DUD-E) [36] for example offers a convenient web-based tool for
generating decoys. With the advantages and disadvantages in minde, the choice between
decoys or inactives for model validation has to be adjusted within the particular cases at
hand. Subsequent screening against the selected validation set serves to assess the quality
of the developed 3D pharmacophore and provides opportunities for further optimization [4].
To ensure success, a comprehensive evaluation of the outcomes becomes essential. An initial
step in this evaluation process involves the validation of the hitlist. The following criteria are
most frequently used for the purpose of assessment [5].

Enrichment parameters categorize the compounds within the data set into subsequent
four distinct classifications [4]:

e Actives (true positives, TP)
e Inactive compounds that are falsely identified as actives (false positives, FP)
e Genuinely inactives (true negatives, TN)

e Active compounds that are misclassified as inactive (false negatives, FN)

The yield of actives (Ya) quantifies the ratio of true positives within the comprehensive
list of hits (n) obtained through the pharmacophore model [4, 5].

TP
_TL

Ya

The enrichment factor (EF) measures the yield of actives relative to the ratio of active
compounds within the database. It is expressed by the Ya divided by N, which denotes the
total number of database molecules, excluding their conformations [5].

_Ya
N

EF
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Sensitivity (Se) describes the obtained true positives (TP) compared to the sum of TP
and false negatives (FN) [5].

TP

S = TP I FN

Sensitivity values vary between 0 and 1. A sensitivity value of Se = 0 signifies that the
search failed to identify any of the active compounds within the database, while Se = 1 de-
notes that the search successfully retrieved all active compounds [9].

Specificity (Sp) characterizes the correctly identified true negatives (TN) relative to the
combined total of TN and the detected false positives (FP) [5].

TN

Sp— — -~
P=TNTFP

Specificity can be measured on a scale from 0 to 1. A specificity value of 0 implies that
none of the inactive compounds were correctly identified, while a value of 1 indicates that all
inactive compounds were accurately dismissed during the procedure of screening [5, 9.

The Goodness of hitlist (GH) displays a combination of yield of actives (Ya), Sensi-
tivity (Se), and Specificity (Sp). It is calculated as the sum of Ya and Se, multiplied with
Sp. The possibility of weighting Ya and Se allows for the prioritization of certain factors; for
instance, assigning greater weight to Ya would require a higher number of correctly identified
actives with minimal false negatives to achieve a high GH value [5].

Exceptionally valuable and arguably the most illustrative manner for the evaluation of
screening outcomes are receiver operating characteristic (ROC) curves. ROC-curves
describe the true positive rate relative to the false positive rate, thereby combining the
sensitivity and specificity. These curves provide insight into the model’s ability to identify
active hits while also revealing the extent to which it correctly classifies inactive compounds
as inactive or decoys as decoys [4, 5, 9, 37].
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Figure 2.3: ROC-curve generated within virtual screening in LigandScout.

The Y-coordinate of the ROC-curve in Figure 2.3 displays the true-positive rate, while
the X-coordinate represents the corresponding false-positive rate. Effective models exhibit
a large area under the curve (AUC). It’s crucial for the curve to rise rapidly along the
Y-axis, with a maximum true positive rate of 1, indicating that the hit-list successfully
identified all potential active compounds. In contrast, ineffective models display flatter curves
with a significantly smaller area under the curve. In such scenarios, the performance of the
pharmacophore model may be suboptimal, often comparable to random assignment, as it
retrieves an excessive number of inactive compounds in relation to the genuine active hits,
showing an undesirable outcome in this context. The ROC-curve for a random database
search is typically represented by the median [9, 37].
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In conclusion, a parameter is introduced, that predominantly served as a point of com-
parison in the experiments commencing with Chapter 4.

The F1-Score incorporates Precision and Recall, serving as a valuable comparative metric
for evaluating the balance between true positives (TP), false positives (FP) and true negatives
(TN). Precision quantifies the proportion of correctly identified positive hits, while Recall
aligns with Sensitivity, indicating the fraction of actual positives captured. The F1-Score
ranges from 0 to 1, with 0 indicating the poorest performance and 1 signifying optimal
performance [38].

They are expressed as follows:

precision - recall

F1 =2
seore preciston + recall

_y TP
" TP+ FP+FN

Precisi TP
recision = —————
TP+ FP
o TP
Recall(= Sensitivity) = TP+ FN

Refinement of the pharmacophore

With the data obtained from the analysis of the hitlist, it is now possible to deliberate on po-
tential refinements aimed at enhancing the method. This may involve a detailed examination
of the pharmacophore model, wherein foremost adjustments of the features are considered.
Alternatively, a reevaluation of the database can be undertaken with the objective of opti-
mizing the representation of the pre-calculated conformers [5].

Generally, it is important to acknowledge that both the model development and screening
process are characterized by a high degree of complexity, depending on the factors mentioned
above. Consequently, it is advisable to systematically assess the model’s validity in compar-
ison to the input data, often necessitating multiple iterations of the defined steps to achieve
the desired outcomes [1, 5].

With the successful development and thorough validation of the pharmacophore model,
it can subsequently be applied to the extensive screening of databases in search of specific
compounds. Researchers have the opportunity to screen commercially accessible databases
like the compound libraries offered by Enamine [39], MDL Drug Data Report, open-access
databases like the Protein Data Bank (PDB) [35], PubChem [40], CREMBL [41], Zinc [42],
Drugbank [43] or individually created and owned databases [1, 4].

Furthermore, it can be of advantage, to additionally integrate techniques such as molec-
ular docking or molecular dynamics simulations to enhance the knowledge of structural in-
sights, ultimately clearing the way for the identification of the most promising molecules for
subsequent in vitro experiments [4].
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Part 11

LigandScout

19






Chapter 3

LigandScout

3.1 LigandScout Introduction

LigandScout is a software application that has undergone ongoing development since 2005,
aimed at molecular modeling and design. In its initial version, LigandScout primarily focused
on the creation of pharmacophore models derived from protein-ligand complexes. However,
its evolution over the years has been marked by significant expansion, encompassing a diverse
array of functions. Presently, it additionally offers the capability to extract pharmacophores
from ligands, investigate binding pockets, perform docking, create extensive databases, ap-
ply advanced filtering techniques, and execute comprehensive virtual screening procedures
making it possible to search vast compound libraries. Equipped with a user-friendly inter-
face, LigandScout empowers scientists worldwide to engage in molecule design, filtration, and
retrieval. It has demonstrated its efficacy in early hit and lead discovery, as well as in eval-
uating ligand and macromolecule activity. Notably, LigandScout’s pharmacophore models
and virtual screening functionalities have demonstrated superior performance compared to
alternative methods [11, 15, 44, 45]
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3.2 LigandScout Tools

LigandScout stands out due to its distinct algorithms, which enhance the definition of phar-
macophore features, the generation of ligand conformations, and the alignment of molecules
through pattern matching. Furthermore, it offers the advantage of not restricting the number
of features that can be incorporated into a model [7].

1. Create Pharmacophore Models 2. Create Validation Datasets 3. Create Libraries for Hit Finding
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Figure 3.1: Pharmacophore-based virtual screening workflow in LigandScout [15].

Next to Figure 3.1 providing a comprehensive rundown of the typical workflow steps when
applying pharmacophore-based virtual screening, an overview of the functionalities offered
by LigandScout 4.5 in the context of pharmacophore modeling and virtual screening will be
presented [15].

22



3.2.1 Pharmacophore Creation in LigandScout

Depiction of pharmacophores in LigandScout
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Figure 3.2: Representation of pharmacophoric features in LigandScout [15].

Figure 3.2 depicts the available pharmacophoric features in LigandScout, along with their
illustrative representations. The display of hydrogen-bond donors or acceptors may vary,
with options including spheres or vectors depending on the specific model [15].

Manual pharmacophore construction in LigandScout

LigandScout offers the capability for manual pharmacophore model creation. Nevertheless,
with the complexity of feature selection, coupled with the valuable insights provided by other
approaches, the relevance of this function has diminished, thus this subject will not be delved
into deeper at this point [15].

Structure-based pharmacophores in LigandScout

LigandScout also provides the capability to construct structure-based pharmacophore models
by leveraging data extracted from PDB (Protein Data Bank) files. This process involves
utilizing the 4-letter PDB code (part 1 in Figure 3.3) to retrieve the associated protein-ligand
complex within the software, which is subsequently visualized in 3D (parts 2-3 in Figure 3.3).
Within this view, the bound ligand is distinctly highlighted by a yellow box, which can be
examined in a 3D representation within the macromolecule or in a 2D format presented in
a separate field. At this stage, a review of the ligands bonds is advisable to ensure their
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accurate representation, and adjustments can be made as needed (parts 4-5 in Figure 3.3).
Once a satisfactory depiction has been verified, one can proceed to instruct LigandScout to
generate a pharmacophore model.

With the protein-ligand complex uploaded, LigandScout conducts an analysis to fix the
hybridization states of unsaturated bonds and aromatic rings. Subsequently, both the ligand
and the amino acids within the binding pocket are inspected to identify atoms and groups
capable of participating in interactions such as hydrogen bonding, hydrophobic, aromatic,
ionic, and metal binding. In cases where complementary interaction partners between the
ligand and binding site functionalities are present, LigandScout automatically incorporates
a corresponding feature into the pharmacophore model. The detection of pharmacophoric
features can be tailored to specific interactions by adjusting geometric characteristics like al-
lowable distances and angle ranges. Inclusion of a feature in the final pharmacophore model
depends on its spatial relationship relative to a complementary feature within the binding
site. For instance, a hydrogen-bond acceptor feature located on a ligand’s acceptor atom is
included only if there exists a corresponding hydrogen-donor feature on the receptor side,
within specified distance and angle parameters. Following the comprehensive analysis of all
complementary feature pairs within the complex and the integration of corresponding ligand
features into the derived pharmacophore model, exclusion volume spheres are introduced to
emulate the shape of the binding pocket [15, 44].
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Figure 3.3: Screenshots highlighting the steps of creating a structure-based pharmacophore
model in LigandScout [44].

LigandScout also provides the option to generate pharmacophores from multiple PDB
structures. The process involves initially creating any number of distinct pharmacophores,
as previously described, and subsequently superimposing them to produce a shared feature
pharmacophore (Figure 3.4), aligning the associated ligands [5, 44].

24



Figure 3.4: Screenshot of a shared pharmacophore and the associated ligands in
LigandScout.

Another capability to generate pharmacophores supplied is using proteins that do not
yet have associated ligands bound to them. The process begins by uploading a protein into
the software using the 4-letter PDB code. Subsequently, the LigandScout Pocket Finder
tool is employed to compute a druggable pocket and binding site within the macromolecule.
This allows for the calculation of all potential pharmacophoric interactions and provides the
flexibility to adjust the specific features. After configuring the features to satisfaction and
determining the desired feature count, the software can be utilized to create a pharmacophoric
model [44].

Ligand-based pharmacophores in LigandScout

An essential and crucial step in developing a ligand-based pharmacophore involves the avail-
ability of relevant ligands. The significance of establishing a well-suited database and the
conformers of the corresponding molecules is also encompassed within LigandScout’s tools.
Like in most cases, conformers are estimated before the actual screening step in order to avoid
exceedingly long runtimes during virtual screening later on. Utilizing the IDBGEN molecular
database generator, users can input a multitude of ligands in the smi, sdf or mol file format,
before the iCon tool is subsequently able to generate a set encapsulating the created low
energy 3D conformations of the molecules. Following this, physicochemical parameters and
molecular descriptors can be computed, as well as diverse filters can be applied to attain a
comprehensive overview of the results. Apart from the option to save the results as 1db files,
users can also export the outcomes as 2D sdf files or as a list of molecules in a Microsoft Excel
file. Once a desired set of ligands is uploaded to the software the Espresso algorithm can be
applied to perform clustering of the molecules based on their 3D pharmacophore features.
The resulting clusters are organized according to their cluster ID and cluster size. After this
process, ligands from the clusters can be chosen, for instance with the largest cluster size and
same cluster ID for the development of a ligand-based pharmacophore model. In the next
step, the actual core of the process, the software tries to find a pattern of chemical features
that matches all of the designated ligands in at least one conformation. As often more than
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one pattern emerges, LigandScout creates several pharmacophore models and compares them
sorted by fitness function, making it possible for the user to choose a preferred model. Each
model not only represents the identified features but also links them to the associated ligands
(11, 15, 44, 46].
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Figure 3.5: Ligand-based pharmacophore modeling in LigandScout.

Figure 3.5 illustrates the user interface following the generation of a ligand-based phar-
macophore in LigandScout.

3.2.2 Virtual Screening in LigandScout

Virtual screening in LigandScout utilizes a pharmacophore-based method, examining molecules
in inserted databases to determine if and how well they fit into a selected pharmacophore
[11].

For the initiation of virtual screening, two types of data are required: a pharmacophore
(which can be conveniently be provided in pml or pmz file format) and the 1db files con-
taining the databases designated for screening. Once these essentials have been successfully
imported into LigandScout, the virtual screening protocol can be put in place. Usually, vir-
tual screening in LigandScout runs through several filter phases. LigandScout distinguishes
itself by providing a lossless prefiltering process that ensures geometric precision, resulting
in an accurate screening algorithm. During the actual alignment step, LigandScout carefully
assesses the conformations of the remaining molecules, verifying the potential to align with
the spatial arrangement of the inquired features. In order to accurately identify a molecule’s
compatibility with the specified feature tolerances within the query pharmacophore, a 3D
spatial overlay is essential. This is also crucial for assessing and scoring additional con-
straints imposed by vector features like hydrogen-bond acceptors or donors, planar features
such as aromatic rings, and exclusion or inclusion volume spheres. Latest commercial soft-
ware for pharmacophore modeling, equipped with advanced screening capabilities, including
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Ligandscout all employ a form of geometric alignment during the 3D pharmacophore match-
ing process. Typically, this involves minimizing the root mean square deviation (RMSD)
between corresponding feature pairs [4, 15].

LigandScout presents users with the flexibility to personalize some screening configura-
tions according to their specific requirements. This adaptability encompasses the capacity
to set the number of allowed or omitted features, thereby modulating model restrictiveness.
Furthermore, users are empowered to directly change or cut features at the pharmacophore
and adjust the dimensions of feature tolerance spheres, either expanding or contracting them
as needed [15, 44]. LigandScout also provides the option to conduct screenings across mul-
tiple databases or pharmacophores concurrently. Various databases can be uploaded in Idb
format, with the ability to designate their active or inactive/decoy status, which is crucial for
pharmacophore validation. When it comes to pharmacophores, multiple ones can be selected
and there is an option to define boolean expressions, providing the user with even more flex-
ibility in the process. In principle, there are no restrictions to the number of databases or
pharmacophores included at this stage [15, 44].

Analyzing screening Results

Following the completion of the screening step, users will obtain a hitlist, featuring the
molecules identified during the process. Additionally, the software allows the loading and
further analysis of pre-existing files at this stage. The list can be sorted based on various
parameters, for instance including the Pharmacophore-Fit Score, or users can perform Gaus-
sian Shape Similarity Score calculations within the program and subsequently sort the list
accordingly. For visualization purposes, LigandScout allows for individual or overlapping
3D viewing of the molecules, with the additional option to apply color adjustments. When
conducting simultaneous screenings involving active and inactive/decoy databases, a direct
feature for generating ROC-curves from the results is also provided [15, 44].
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obtained hitlist in LigandScout.

i

Figure 3.6 exhibits the hitlist attained following virtual screening in LigandScout. Orga-
nized after the identified active compounds, which are also visually illustrated aligned to the

pharmacophore model.

Refinement of pharmacophores

The examination of the screening results outlined above provides an initial foundation for
refining a pharmacophore model. Nevertheless, it is typically necessary to iterate through
the entire process multiple times to achieve an optimal pharmacophore model capable of
effectively discriminating between true actives and inactives. After that, utilizing the model
for screening extensive libraries of untested molecules becomes meaningful and practical [15].
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Chapter 4

Improving Virtual Screening in
Ligandscout

In addition to the currently commercially available LigandScout 4.5 version, a more recent
iteration, LigandScout 5, is under development. This chapter aims to elucidate the distinc-
tions in virtual screening methods and the resultant outcomes between LigandScout 4.5 and
LigandScout 5, ultimately exploring strategies for enhancing virtual screening within the
software. With LigandScout 5 still being relatively new, it has not yet been researched thor-
oughly which settings appear most effective and how this can impact research outcomes. In
this regard a number of experiments have been performed commencing with Section 4.2.

Prior to advancing to the tests, a brief look at the disparities in alignment methods em-
ployed by the two versions is provided.

Ligandscout 4.5 uses the algorithm of Wolber et al. [47] for virtual screening and pharma-
cophore alignment. This approach encompasses the generation of cost matrices and further
the utilization of the Hungarian Algorithm [48] to identify the optimal strategy for minimiz-
ing the total cost. Subsequently, matching feature pairs are derived, which are then employed
in the actual 3D pharmacophore alignments using Kabsch “s Method [13, 49, 50].

LigandScout 5 implements a novel alignment algorithm known as Greedy 3-Point Search
(G3PS). This method operates by encoding pharmacophore features and assessing the like-
lihood of feature matches. Given that a minimum of three feature pairs are required for a
distinct 3D transformation, initial experiments are generated for precisely these three feature
pairs. Subsequently, these pairs undergo refinement in the following step, wherein additional
pairs are gathered without disrupting the alignment of previously collected pairs. This it-
erative process serves to optimize the alignment with the new found pairs. Following this
procedure, there is an option to incorporate exclusion volumes. Last assessments involve
additional checks to exclude alignments that do not fulfill more specific feature demands.
Previous alignment techniques primarily focused on minimizing the root mean squared devi-
ation (RMSD) between feature pairs or maximizing volume overlap using Gaussian Spheres.
Nonetheless, these approaches face a challenge as their objectives do not sympathize with the
essence of a pharmacophore model. Features exhibit specific tolerances for matching, mean-
ing that the optimal alignment may not necessarily entail the lowest RMSD or the highest
volume overlap. Instead, the ideal alignment should encompass the maximum number of
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matching feature pairs within a specified position and orientation. Given that G3PS strives
to identify the set of maximum matching feature pairs for optimal alignment, it stands as an
exceptional new approach for conducting virtual screening with pharmacophore models [13].

This section is concluded by presenting three practical implementations of LigandScout
in the context of pharmacophore-based virtual screening and providing a brief overview of
potential results.

Nazarshodeh et al. made use of LigandScout version 3.12 to construct a pharmacophore
model for carbonic anhydrase isoform XII (CA XII) with the aim of identifying potential
inhibitors. In the validation phase, they evaluated their model against a dataset consisting
of an active Set including 13 molecules and a decoy Set of 642 decoy molecules [51]. Virtual
Screening findings are outlined below in Table 4.1.

Hits | Actives | Decoys
13 10 3

Table 4.1: Virtual screening results from validating the CA XII pharmacophore.

Moussa et al. implemented LigandScout version 4.4.1 for the validation of their Cyclooxygenase-
2 (COX-2) pharmacophore. The dataset comprised five active ligands, while the decoy
database contained 703 molecules [52]. Virtual screening yielded the subsequent results,
displayed in Table 4.2.

Hits | Actives | Decoys
3 3 0

Table 4.2: Virtual screening results from validating the COX-2 pharmacophore.

Karaboga et al. employed LigandScout for the identification of CXR4 antagonists. Through
the utilization of the virtual screening tool, they guided a validation of their five feature CXR4
pharmacophore. This validation was carried out by screening the pharmacophore against two
distinct datasets: an active set incorporating 211 well-established, highly potent CXR4 an-
tagonists, and a decoy database encompassing 4695 molecules [45]. Table 4.3 displays the
resultant findings.

Hits | Actives | Decoys
298 184 114

Table 4.3: Virtual screening results from validating the CXR4 pharmacophore.

The outcomes presented in the tables above demonstrate the powerful utility of pharma-
cophores in the identification of novel active substances.
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4.1 Virtual Screening Methods in LigandScout

This section will examine the functionalities for virtual screening offered by the different
LigandScout versions, alongside the approach of conducting the experiments.

LigandScout 4.5

In general, virtual screening in LigandScout 4.5 operates in accordance with the description
provided in Section 3.2.2. LigandScout 4.5 features a fully developed graphical user interface
(GUI), thereby offering the capacity to directly visualize and edit pharmacophores and virtual
screening results within the software environment. Nevertheless, for the purpose of facilitating
a more comprehensive comparative analysis with the new LigandScout version, screenings
have been carried out by utilizing the iScreen tool within the command-line interface (CMD).

LigandScout 5

The updated implementation of the software employed for experimental investigations, a
LigandScout 5 pre-alpha version, lacks a finalized GUI, necessitating the utilization of the
iScreen tool through command-line interface. The basic workflow of the virtual screening
is corresponds to the method described in Section 3.2.2. An important alteration from the
previous LigandScout version is the transition from ldb to ldb2 file format for the databases
applied for screening. For that LigandScout 5 introduces an integrated tool called 1dbup-
grader, facilitating the direct conversion of existing 1db files into the ldb2 format.

The most significant adjustment, as discussed at the beginning of this chapter, centers
around the G3PS algorithm. Within the introduction of the novel alignment algorithm,
LigandScout 5 incorporates several additional options for potential fine-tuning of the virtual
screening process, which will be explored in greater depth in section 4.2. It is crucial to note
at this point, that LigandScout 5 is not a final version but rather a preview for research
purposes.

Hardware used for the experiments

All experiments detailed henceforth were executed using the Microsoft Surface Book 3 with
the following hardware and software:

e Processor: Intel(R) Core(TM) i7-1065G7 CPU @ 1.30GHz 1.50 GHz, 64-bit operating
system , x64-based

e Installed RAM: 32.0 GB

e Software: Windows 10 Enterprise
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4.2 Parameterization of LigandScout 5

The aim of the experiments is to find out, to what extent establishing the new virtual screen-
ing method and finding the optimal settings within, can lead to improved outcomes that,
ideally, enhance the detection of active compounds while minimizing the number of total
hits, including decoys. It is important to note, that during the phase of parameter adjust-
ments, it is plausible that the model may initially get softer, resulting in the novel method
obtaining a relatively higher quantity of total hits and decoys. This, in turn, can poten-
tially lead to less favorable active-decoy ratios and F1-Scores, prior to finding the optimal
parameter configurations.

For illustration purposes, a specific pharmacophore model and dataset was selected for the
initial experimentation to determine the optimal parameter sets for virtual screening within
the updated LigandScout version. To facilitate a comparative analysis, both the outcomes
of the screenings obtained by LigandScout 4.5 and LigandScout 5 were examined. Primary
points of comparison encompassed the total hits, actives, decoys, F1-Scores and runtimes.

The following dataset was applied for the preliminary testing phase:
e Active set: PNS-30-Neurotoxic-compds.ldb (30 active compounds)
e Decoy set: PNS-Decoys-PCL.1db (1251 decoys)

e Pharmacophore Model: NDR-UV-PNS-M9-LB.pml

4.2.1 Findings in LigandScout 4.5

Before engaging in the LigandScout 5 experiments, an initial virtual screening of the NDR-
UV-PNS-M9-LB model using LigandScout 4.5 under default settings was conducted. This
preliminary step served to measure the performance of the current method and establish a
baseline for subsequent comparisons with LigandScout 5.

LS Version | Hits | Actives | Decoys | F1-Score
LS 4.5 24 6 18 0.222

Table 4.4: NDR-UV-PNS-M9-LB virtual screening results within LigandScout 4.5 under
default settings.

Observed in Table 4.4, virtual screening of NDR-UV-PNS-M9-LB in LigandScout 4.5
under default settings, yields the discovery of 6 active compounds and 18 decoys, representing
an F1-Score of 0.222.

Subsequently, an examination of the adjustable parameters and their potential effects on
the outcomes in LigandScout 5 was performed.

4.2.2 Number of Alignments

The Number of alignments (N) parameter determines the quantity of alignment attempts
performed. A value of N=>50 signifies the utilization of 50 three-point pairs in the search
for an optimal alignment. Number of alignments predominantly relate to optimizing the ac-
curacy of the method, rather than refining the pharmacophore model itself. When lowering
the N value, the screening process is expected to perform with a relatively reduced accuracy,
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while operating faster compared to setting N at a higher value, where the screening algo-
rithm is anticipated to identify matching hits for the associated pharmacophore model more
accurately, however, with longer runtimes. The objective is to discover the best settings to
identify a greater number of hits, predominantly active hits within a fast parameter set and
an accurate setting, leading to an even more precise outcome, while still retaining relatively
fast processing times. To investigate this, initial screenings with the NDR-UV-PNS-M9-LB
pharmacophore in its default settings for feature tolerances, without applying RMSD thresh-
olds, at various settings for the number of alignments were conducted. Subsequently, these
results were compared with the reference values obtained from the LigandScout 4.5 screening,
as it does not implement this setting. The ensuing graphs represent the outcomes of these
assessments.

Actives / Number of Alignments

Actives

0
0O 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200 210 220 230 240 250 260 270 280 290 300 310 320 330 340 350

N - Number of Alignments

LigandScout 4.5 reference value LigandScout 5 - feature tolerance=default - RMSD=none

Figure 4.1: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified actives
under default settings with varying N values (10-350 in increments of 10).

As illustrated in Figure 4.1, an initial increase in the count of identified active compounds
(7) becomes noticeable at N=50. Starting at this point, a greater number of active compounds
were found compared to LigandScout 4.5 (6) at all higher N values. A secondary notable
increase is observed at N=230, where 8 active compounds were discovered. Raising the
number of alignments any further, did not yield more actives.
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Figure 4.2: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified total
hits under default settings with varying N values (10-350 in increments of 10).

Figure 4.2 demonstrates that increasing the number of alignments results in an upswing
in the count of total hits and subsequently decoy compounds, while at every stage being
above the LigandScout 4.5 reference value.
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N - Number of Alignments

LigandScout 4.5 reference value LigandScout 5 - feature tolerance=default - RMSD=none

Figure 4.3: NDR-UV-PNS-M9-LB virtual screening results illustrating the F1-Scores under
default settings varying N values (10-350 in increments of 10).

Figure 4.3 depicts an increase in the F1-Score at N=50 and N=230 after dropping at
higher values of N, while consistently remaining below the LigandScout 4.5 value.
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4.2.3 RMSD-Thresholds

The root mean square deviation (RMSD) assesses the mean distance between two aligned
molecules and compared to the feature tolerance parameter it offers a relatively simple option
for users to filter and enhance outcomes within virtual screening in LigandScout 5 [53].

Fundamentally, the underlying principle of the novel alignment technique is to identify all
relevant hits without considering RMSD. For that matter, the default setting in LigandScout 5
is not to apply RMSD thresholds. The current query involves finding out whether establishing
an RMSD threshold while screening might help eliminate specific compounds, particularly
those falling below a designated threshold value, can ultimately lead to a better active-decoy
ratio and better F1-Scores. To acquire an initial understanding of the alteration of the
outcomes with varying RMSD thresholds, N was set to a relatively high value of 10,000 and
carried out screenings with NDR-UV-PNS-M9-LB under the default feature tolerances, with
varying RMSD thresholds. It’s worth noting that LigandScout 4.5 lacks this tool, hence,
the subsequent graphs will depict comparisons with the respective default reference values of
LigandScout 4.5.

Actives / RMSD Threshold

Actives

0.5 0.6 0.7 0.8 0.9 1 11 1.2 13 14 15 1.6 17 1.8 1.9 2

RMSD Threshold

LigandScout 4.5 reference value LigandScout 5 - feature tolerance=default - N=10,000

Figure 4.4: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified actives
with N=10,000, feature tolerances at default and varying RMSD thresholds (0.10-2.00 in
different increments).

In Figure 4.4, early consequences of implementing RMSD thresholds can be observed.
Commencing with a threshold value of 1.00, LigandScout 5 discovered more active compounds
(7) than LigandScout 4.5 (6). Setting the threshold to 1.15, the new method identified 8 active
compounds, with no further increases beyond this point.
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Figure 4.5: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified total
hits with N=10,000, feature tolerances at default and varying RMSD thresholds (0.10-2.00
in different increments).

Figure 4.5 illustrates that, in LigandScout 5, when employing RMSD thresholds ranging
from 0.10 to 1.00, there was a notable reduction in the quantity of total hits and decoys,
compared to LigandScout 4.5. Nonetheless, the curve displays a steep climb at the thresholds
1.10 to 1.40, subsequently flattening again, when the potential maximum of hits is reached.
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Figure 4.6: NDR-UV-PNS-M9-LB virtual screening results illustrating the F'1-Scores with
N=10,000, feature tolerances at default and varying RMSD thresholds (0.10-2.00 in
different increments).
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Figure 4.6 reveals that RMSD thresholds of 0.70 and 0.90, resulted in higher F1-Scores
than the reference value of LigandScout 4.5. This finding is followed by a subsequent decrease,
as a result of the increase in the number of total hits and decoys observed beyond this
threshold, as demonstrated in Figure 4.8. The improved F1-Scores can be attributed to
the fact, that despite fewer active hits were observed at lower RMSD values, a substantial
reduction of decoys lead to better active-decoy ratios in relation.

4.2.4 Feature Tolerances

Feature Tolerance Spheres define the radius within which a pharmacophoric feature must be
located in order to be suitable as matching to the pharmacophore model. Tolerance values
can be adjusted to larger or smaller sizes, either through the LigandScout 4.5 graphical user
interface (GUI) or by directly modifying the parameters within the file. In essence, the
concept behind altering feature tolerances is to establish the best sphere sizes for refining the
pharmacophore model to a point where it exclusively identifies fitting molecules at the most
possible quantity. Setting these spheres either excessively small or overly large may lead to
the omission of relevant active compounds or result in an unrestricted number of hits that
do not properly fit the model. Up to this point, examinations have incorporated the default
feature tolerance values of NDR-UV-PNS-M9-LB, which were predominantly configured at
1.50 for the majority of features, as this represents the standard setting within LigandScout.
However, specific feature tolerances have been adjusted during prior refinement procedures.
The practicability to create a stricter model by generally adjusting all feature tolerance
spheres using the new alignment method shall be investigated. Ideally, this approach may
yield an increased number of identified active compounds while finding less decoys. For the
purposes of illustration, a considerably high value of N at 10,000 was selected, enabling us
to extract the maximum information for each feature tolerance setting.

As it is possible to configure the feature tolerances both within LigandScout 4.5 and
directly through the files, it was possible to conduct testing with varying feature tolerances
in both LigandScout versions. This allowed for a direct comparison of this parameter, the
results of which will be presented in the upcoming graphs showcasing the screening outcomes.
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Figure 4.7: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified actives
with N=10,000 and varying feature tolerances (0.50-2.00 in different increments).
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Figure 4.8: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified total
hits with N=10,000 and varying feature tolerances (0.50-2.00 in different increments).
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Figure 4.9: NDR-UV-PNS-M9-LB virtual screening results illustrating the F1-Scores with
N=10,000 and varying feature tolerances (0.50-2.00 in different increments).

Figure 4.7 highlights that, with number of alignments set rather high at 10,000 in Lig-
andScout 5, feature tolerances 0.90 and above, consistently identified a greater number of
active compounds compared to LigandScout 4.5. Notably, at feature tolerance=1.15, 8 ac-
tive compounds were discovered, further increasing to 9 at feature tolerance=1.30. The trend
continues at higher feature tolerances, where the constant maximum of 9 active hits were de-
tected, With a minor deviation observed at 2.00, which can most probably be attributed
to the algorithm “s pursuit of RMSD optimization, among other factors, after discovering
matches. Consequently, it is possible, that certain hits are discarded due to misalignment
of directional vectors. Furthermore, with the use of larger tolerance spheres, the number
of available options for features to fit increases, making it progressively more challenging to
identify all of the optimal matches. However, Figures 4.8 and 4.9 reveal that, as the N setting
increases, the total number of hits and decoys rises, resulting in the F1-Scores falling down. A
notable observation is highlighted in 4.9 with feature tolerances 0.90 to 1.15 revealing higher
F1-Scores than LigandScout 4.5.

Wir suchen einen Match, der nach dem match schon noch auf RMSD optimieren und mit
mehr Threshold kanns sein, dass man mit den Richtungsvektoren rausfliegt

4.2.5 Brief Conclusion of First Tests

For an enhanced overview, tables summarizing the encouraging outcomes of the observed
parameters have been compiled herein.
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LS Version | N | F' | R | Hits | Actives | Decoys | F1-Score
LS 4.5 X - | x 24 6 18 0.222
LS5 50 | - | - | 46 7 39 0.184
LS5 230 | - | - | 68 8 60 0.163
LS5 250 | - | - | 69 8 61 0.161
LS5 300 - |- | 70 8 62 0.160

Table 4.5: NDR-UV-PNS-M9-LB best virtual screening results for number of alignments
parameter. N=number of alignments; F'=feature tolerance; R=RMSD threshold; -=default
setting; x=setting not available.

As can be taken from the graphical representations in Section 4.2.2 and Table 4.5, partic-
ular settings stood out regarding the number of alignments parameter. When N was set to
50, 7 active compounds alongside 39 decoys were identified, which represents an increase of 1
active compared to LigandScout 4.5 (6). Furthermore, with N at 230, 250 and 300 8 active
compounds along 60, 61, and 62 decoys were discovered, marking an improvement of 2 ac-
tives compared to the previous version. Besides the faster N setting (50), given the minimal
differences among the higher NV settings (230, 250, 300) concerning runtimes, the quantity of
total hits and decoys identified, along with the resulting F1-Scores, all these configurations
will be included into subsequent experiments. This approach will enable to investigate the
potential benefits of raising the number of alignments to achieve a more precise parameter
set, with the aim of consistently improving the outcomes.

LS Version N F | R | Hits | Actives | Decoys | F1-Score
LS 4.5 X - x | 24 6 18 0.222
LS5 10,000 - - | 93 8 85 0.130
LS5 10,000 | 1.15 | - | 36 8 28 0.242
LS5 10,000 | 1.30 | - | 73 9 64 0.175
LS5 10,000 | 1.50 | - | 94 9 85 0.145

Table 4.6: NDR-UV-PNS-M9-LB best virtual screening results for feature tolerance
parameter. N=number of alignments; F'=feature tolerance; R=RMSD threshold; -=default
setting; x=setting not available.

Regarding the feature tolerance settings, seen in Table 4.6, the analysis revealed that, at
a relatively high N value of 10,000, a maximum of 9 active hits were detected with setting
all feature tolerances to 1.50, marking an improvement of 3 to LigandScout 4.5 (6 actives),
and 1 to the pharmacophore in its default state (8 actives), however this setting also leads to
the observation of a relatively substantial number of decoys (85). Remarkably, with reduced
feature tolerances, more active compounds have been identified compared to the LigandScout
4.5 version as well, while simultaneously yielding fewer decoys than with the larger tolerance
values. Specifically, feature tolerances 1.15 lead to the discovery of 8 active compounds
alongside only 28 decoys, and tolerances 1.30 revealed 9 active compounds with 64 decoys.
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LS Version N F | R | Hits | Actives | Decoys | F1-Score
LS 4.5 X - X 24 6 18 0.222
LS5 10,000 | - | 1.15 | 66 8 58 0.167

Table 4.7: NDR-UV-PNS-M9-LB best screening results for RMSD Threshold parameter.
N=number of alignments; F'=feature tolerance; R=RMSD threshold; -=default setting;
x=setting not available.

Given the functionality of the RMSD thresholds, it is rational to observe that, with
the default feature tolerance settings, no more active compounds can be identified than the
specified tolerance spheres permit, as demonstrated by the detection of a maximum of 8
active compounds in 4.4. In consideration of the parameter itself, an RMSD threshold of
1.15 came forth as the most promising configuration, identifying 8 active compounds among
58 decoys (F1-Score=0.167), as seen in 4.7. Reducing the thresholds constrained the count
of active hits, while raising the values exclusively resulting in the recognition of additional
decoys, consequently causing a reduction in the F1-Score. The significance of the RMSD
threshold parameter is anticipated to become more apparent once the optimal settings for
the number of alignments and feature tolerances have been determined.

4.3 Optimization of the Parameters

The previous section has provided a preliminary insight into which settings for each of the
three parameters appeared most promising when considered individually. This section will
focus on merging these optimal settings to determine the most effective parameter combina-
tions for the new virtual screening method in LigandScout 5. To achieve this, the best number
of alignment settings will be weighed up with varying feature tolerances. Subsequently, at-
tempting to enhance the outcomes by applying RMSD thresholds to the discovered parameter
sets.

4.3.1 Combining Number of Alignments and Feature Tolerances

Section 4.2 revealed, that the number of alignments parameter values of 50, 230, 250, and
300 were particularly intersting. As a result, these settings were defined as constants in the
following experiments and reexamined different feature tolerances in combination with them.
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Figure 4.10: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified
actives with the best N settings and varying feature tolerances (0.50-2.00 in different
increments).

In Figure 4.10, when considering an N value of 50, two specific feature tolerances stand
out. Firstly, feature tolerance 1.15, displaying an initial rise in the count of active compounds,
reaching 7. Subsequently, the highest peak occurs at feature tolerance 1.30, resulting in the
discovery of 8 active compounds. N at 230 shows an initial upswing in active compounds
at feature tolerance 1.15, where 8 active compounds were detected, continuing to reach a
maximum of 9 actives identified at feature tolerance 1.30. Interestingly, the curves for the
number of alignments setting at 250, and 300 are overlapping, indicating identical outcomes
across these settings. For these configurations peaks are perceptible at the same values for
the feature tolerances at 1.15, where 8 active compounds and 1.30, obtaining 9 actives.
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Figure 4.11: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified total
hits with the best IV settings and varying feature tolerances (0.50-2.00 in different
increments).

The curves in Figure 4.11 reveal a moderate rise in total hits and decoy compounds, within
feature tolerances ranging from 0.50 to 1.00. Eventually, a more rapid ascent indicates that
larger feature tolerances correspond to the detection of relatively higher quantities of total hits
and decoys. The results for N=230, 250, 300 are almost overlapping, while N=50 identified
less total hits. However all of the LigandScout 5 settings displayed finding more total hits
than LigandScout 4.5 with feature tolerances 1.05 and higher.
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Figure 4.12: NDR-UV-PNS-M9-LB virtual screening results illustrating the F1-Scores with
the best N settings and varying feature tolerances (0.50-2.00 in different increments).

Upon initial observation, Figure 4.12 may appear a bit disorienting. The frequent fluc-
tuations in the number of active compounds and decoys retrieved, specifically within the
feature tolerances of 0.90 to 1.30, contribute to numerous alterations in the F1-Scores, being
partly better than the LigandScout 4.5 values. At higher values they begin worsening again,
primarily due to the fact that, as depicted in Figures 4.10 and 4.11, only an increase in the
number of decoy compounds is observed alongside the already identified active compounds
within higher feature tolerances. A more thorough analysis of the F1-Scores is deferred to
a later Section 4.3.2, as it is more suitable to address this matter when both the number of
alignment and feature tolerance parameters are set and held constant.

Prospects after the conducted tests

LS Version | N F R | Hits | Actives | Decoys | F1-Score
LS 4.5 x | default | x 24 6 18 0,222
LS 5 50 1.30 - | 40 8 32 0.229
LS 5 230 | 1.30 - | 59 9 50 0.202
LS 5 250 | 1.30 - | 61 9 52 0.198
LS5 300 | 1.30 - | 61 9 52 0.198

Table 4.8: NDR-UV-PNS-M9-LB best virtual screening results for number of alignments
paired with the best feature tolerance setting. N=number of alignments; F'=feature
tolerance; R=RMSD threshold; -=default setting; x=setting not available.

As evident from the experimental data presented in Section 4.3.1 and indicated in the as-
sociated Table 4.8, a feature tolerance of 1.30 emerges as the most promising setting for
this specific parameter. Regarding the number of alignments, with N=50 the lowest value
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identifying more active hits (8) than LigandScout 4.5 (6 actives) was discovered. With N
increased to 230, 250 and 300 the number of active hits further expanded to 9, while in the
cases of N=250 and N=300, a slightly higher quantity of total hits were identified, with only
minimal alterations observed in the F1-Score. Given the primary aim is determining a fast
and a more accurate parameter set, with the focus on maximizing the possible outcomes,
subsequent investigations in this thesis will concentrate on N values of 50 and 300.

4.3.2 Combining Promising Feature Tolerances and Number of Alignments
with RMSD-Thresholds

Now that the most promising parameters for the number of alignments (50 and 300) alongside
the most advantageous feature tolerance value (1.30) have been established, upcoming inves-
tigations aim to determine the extent to which the outcomes, specifically the active-decoy
ratio and the associated F1-Score, can be further enhanced by applying RMSD thresholds.

Actives / RMSD Threshold
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LigandScout 4.5 reference value g LigandScout 5 - feature tolerance=1.30 - n=50 LigandScout 5 - feature tolerance=1.30 - n=300

Figure 4.13: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified
actives with the best N settings (50, 300), feature tolerances at 1.30 and varying RMSD
thresholds (0.10-2.00 in different increments).

In Figure 4.13, two notable shifts are visible in the number of active compounds identified.
When N was set to 50, 8 active compounds were detected with an RMSD threshold of 1.10,
with IV set to 300, 9 actives were retrieved at this stage. Beyond this point, the quantity of
discovered active hits was constant.
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Figure 4.14: NDR-UV-PNS-M9-LB virtual screening results illustrating the identified total
hits with the best N settings (50, 300), feature tolerances at 1.30 and varying RMSD
thresholds (0.10-2.00 in different increments).

Figure 4.14 indicates a steep progression in the number of total hits starting with an
RMSD threshold of 0.90 reaching a maximum at 1.20 and displaying constant outcomes at
even higher RMSD thresholds. Comparing the higher number of alignment setting, it is
evident that N=300 reveals a curve slightly above the lower N towards thresholds 0.90 and
higher indicating a larger quantity of total hits identified. Starting with RMSD threshold
1.00 LigandScout 5 constantly retrieved more total hits than LigandScout 4.5, with N=>50
permanently identifying fewer hits than the more accurate setting, N=300.
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Figure 4.15: NDR-UV-PNS-M9-LB virtual screening results illustrating the F1-Scores with
the best N settings (50, 300), feature tolerances at 1.30 and varying RMSD thresholds
(0.10-2.00 in different increments).

In Figure 4.15, it is apparent that, with the established settings an improvement of the
F1-Scores (compared to the LigandScout 4.5 reference, which lacks the function for RMSD
thresholds) can be seen for N=50 throughout RMSD thresholds ranging from 0.70 to 2.00.
The accurate setting N=300 reaches a maximum at RMSD value 0.70 and 0.90 before drop-
ping just below the LigandScout 4.5 reference value for the remaining settings.

4.3.3 Conclusion of Optimized Parameters

The subsequent configurations and outcomes have been identified as the most promising af-
ter screening the NDR-UV-PNS-M9-LB model against the PNS-30-Neurotoxic-compds and
PNS-Decoys-PCL databases.

LS Version | N F R | Hits | Actives | Decoys | F1-Score
LS 4.5 X - X 24 6 18 0.222

LS 5 50 | 1.30 | 1.10 | 39 8 31 0.232
LS 5 300 | 1.30 | 1.10 | 55 9 46 0.212
LS 5 50 | 1.30 - 40 8 32 0.229
LS 5 300 | 1.30 - 61 9 52 0.198

Table 4.9: NDR-UV-PNS-M9-LB virtual screening results for best parameter sets.
N=number of alignments; F'=feature tolerance; R=RMSD threshold; -=default setting;
x=setting not available.

The experiments have demonstrated that by generally reducing the feature tolerances from

1.50 to 1.30 within LigandScout 5, it was possible to identify a greater quantity of active hits
compared to LigandScout 4.5, indicating the improved accuracy of the new virtual screening
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method. Especially, with feature tolerances of 1.30 and N=50, 8 active hits were obtained,
32 decoys, and a F1-Score of 0.229, outperforming LigandScout 4.5, which discovered 6
active hits, 18 decoys, resulting in a F1-Score of 0.222. The accurate setting N=300, further
improved the results, retrieving 9 active hits and 52 decoys, despite slightly reducing the
active-decoy ratio, leading to a F1-Score of 0.198. The findings in Table 4.9 also indicate
that optimizing RMSD thresholds can enhance outcomes by maintaining the same number of
active hits while reducing the number of decoys. For instance, with N=300, feature tolerances
at 1.30, and an RMSD threshold of 1.10, a improved F1-Score of 0.212 was gained, alongside
9 active hits and only 46 decoys, in contrast to not applying RMSD thresholds, which resulted
in a F1-Score of 0.198.

Nonetheless, throughout this experiments, it was found that the direct reduction of feature
tolerances had a more substantial impact on the outcomes, than adjustments to RMSD
thresholds. However, the potential for RMSD thresholds to acquire enhanced results in
roughly filtering out decoys or inactives is not excluded, especially for researchers who prefer
not to delve deeper into the modification of feature tolerances.

Based on the extensive tests and the resulting outcomes, following parameter sets are
proposed for fast and and accurate settings for further investigations within LigandScout 5
in Table 4.10.

Setting | Number of alignments | Feature tolerance
fast 50 1.30
accurate 300 1.30

Table 4.10: Proposed parameter sets for further virtual screening investigations in
LigandScout 5.
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For the benefit of interested readers, a additional runtime comparison between Ligand-
Scout 4.5 and LigandScout 5, with a range of configurations for the number of alignment
parameter, is offered.
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Figure 4.16: NDR-UV-PNS-M9-LB virtual screening results illustrating the runtimes with
feature tolerance at 1.30 and varying N settings (10-350 in increments of 10).

To ensure dependable data, a total of six measurements were conducted for each number
of alignments value. The respective initial run was designated as a warm-up run. The average
value derived from the subsequent five measurements was employed for analysis. As can be
seen in Figure 4.16, it is evident that as the value of parameter N increases, the runtime also
rises, yet consistently outperforming LigandScout 4.5.

4.4 Proposed Settings on Different Datasets

Given that preliminary experiments for determining the optimal parameter set for virtual
screening in LigandScout 5 exclusively employed a single dataset alongside a specific phar-
macophore model, the ongoing objective is to assess the applicability of these settings to
other models and datasets. The aim is to determine whether the findings derived from the
NDR-UV-PNS-M9-LB model hold true in a broader condition.

To address this matter, a comparative analysis involving the proposed parameter sets,
presented in Table 4.10, applied to various pharmacophore models and datasets was per-
formed.

This included virtual screening with LigandScout 4.5, as well as direct assessments using
the default settings for feature tolerances for the respective pharmacophores.
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4.4.1 NDR-UV-PNS Models

Initially, screenings were conducted using two additional models, in addition to the NDR-
UV-PNS-M9-LB model, on the same dataset to enable a direct comparison.

Screens were performed with the following dataset:
Databases:

e PNS-30-Neurotoxic-compds.ldb (30 actives)

e PNS-Decoys-PCL.1db (1251 decoys)
Pharmacophore models:

e NDR-UV-PNS-M9-LB.pml

e NDR-UV-PNS-M18-LB.pml

e NDR-UV-PNS-snibs-LB.pml

NDR-UV-PNS-M9-LB

LS Version | N F T Hits | Actives | Decoys | F1-Score

LS 4.5 X - 141.20 | 24 6 18 0.222
LS 5 50 - 28.72 | 46 7 39 0.184
LS5 300 - 99.44 | 70 8 62 0.160
LS 5 50 | 1.30 | 24.45 | 40 8 32 0.229
LS 5 300 | 1.30 | 65.77 | 61 9 52 0.198

Table 4.11: NDR-UV-PNS-M9-LB virtual screening results for best parameter sets.
N=number of alignments; F'=feature tolerance; R=RMSD threshold; T'=runtime in
seconds; -=default setting; x=setting not available.

NDR-UV-PNS-M18-LB

LS Version | N F T Hits | Actives | Decoys | F1-Score
LS 4.5 X - 59.95 | 27 4 23 0.140
LS 5 50 - 16.99 | 36 5 31 0.152
LS 5 300 | - |40.61| 39 5 34 0.145
LS5 50 | 1.30 | 15.67 | 35 5 30 0.154
LS5 300 | 1.30 | 34.91 | 36 5 31 0.152

Table 4.12: NDR-UV-PNS-M9-LB virtual screening results for best parameter sets.
N=number of alignments; F=feature tolerance; R=RMSD threshold; T'=runtime in
seconds; -=default setting; x=setting not available.
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NDR-UV-PNS-snibs-LB

LS Version | N F T Hits | Actives | Decoys | F1-Score
LS 4.5 X - 30.96 | 13 3 10 0.140
LS5 50 - 8.01 12 3 9 0.143
LS5 300 | - 16.97 | 14 5 9 0.227
LS5 50 | 1.30 | 9.07 | 14 3 11 0.136
LS5 300 | 1.30 | 14.92 | 14 3 11 0.136

Table 4.13: NDR-~-UV-PNS-snibs-LB virtual screening results for best parameter sets.
N=number of alignments; F'=feature tolerance; R=RMSD threshold; T'=runtime in
seconds; -=default setting; x=setting not available.

4.4.2 NDR-UV-WP1 Models

In order to find out how the settings affect virtual screening within a different dataset, tests
with additional databases and pharmacophore models were carried out:

Databases:

e NDR-WPI1-actives-272005.1db (63 actives)

o NDR-WP1-inactives-272005.1db (29 inactives)
Pharmacophore models:

e NDR-UV-WP1-M44-172009.pml

NDR-UV-WP1-M50-172009.pml

e NDR-UV-WP1-M53-172009.pml

NDR-UV-WP1-M54-172009.pml

NDR-UV-WP1-M55-172009.pml

NDR-UV-WP1-M58-172009.pml

NDR-UV-WP1-M44-172009

LS Version | N F T Hits | Actives | Inactives | F1-Score
LS 4.5 X - 18.63 9 9 0 0.250
LS5 50 - 3.78 9 8 1 0.222
LS5 300 - 5.03 12 11 1 0.293
LS5 50 | 1.30 | 5.09 9 8 1 0.222
LS5 300 | 1.30 | 6.49 12 11 1 0.293

Table 4.14: NDR-UV-WP1-M44-172009 virtual screening results for best parameter sets.
N=number of alignments; F'=feature tolerance; R=RMSD threshold; T'=runtime in
seconds; -=default setting; x=setting not available.
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NDR-UV-WP1-M50-172009

LS Version | N F T Hits | Actives | Inactives | F1-Score
LS 4.5 X - 2717 | 11 10 1 0.270
LS5 50 - 5.32 11 10 1 0.270
LS5 300 - 7.52 14 13 1 0.338
LS5 50 | 1.30 | 8.12 10 10 0 0.274
LS5 300 | 1.30 | 10.48 | 12 11 1 0.293

Table 4.15: NDR-UV-WP1-M50-172009 virtual screening results for best parameter sets.
N=number of alignments; F=feature tolerance; R=RMSD threshold; T'=runtime in
seconds; -=default setting; x=setting not available.

NDR-UV-WP1-M53-172009

LS Version | N F T Hits | Actives | Inactives | F1-Score
LS 4.5 X - 57.85 8 8 0 0.225
LS5 50 - 8.07 11 11 0 0.297
LS5 300 - 18.82 | 12 11 1 0.293
LS5 50 | 1.30 | 14.96 | 10 10 0 0.274
LS5 300 | 1.30 | 20.68 | 10 10 0 0.274

Table 4.16: NDR-UV-WP1-M53-172009 virtual screening results for best parameter sets.
N=number of alignments; F'=feature tolerance; R=RMSD threshold; T'=runtime in
seconds; -=default setting; x=setting not available.

NDR-UV-WP1-M54-172009

LS Version | N F T Hits | Actives | Inactives | F1-Score
LS 4.5 X - 32.92 5 5 0 0.147
LS5 50 - 10.27 | 8 6 2 0.169
LS5 300 - 14.36 8 6 2 0.169
LS5 50 | 1.30 | 11.39 | 10 6 4 0.164
LS5 300 | 1.30 | 18.58 | 12 7 5 0.187

Table 4.17: NDR-UV-WP1-M54-172009 virtual screening results for best parameter sets.
N=number of alignments; F'=feature tolerance; R=RMSD threshold; T'=runtime in
seconds; -=default setting; x=setting not available.
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NDR-UV-WP1-M55-172009

LS Version | N F T Hits | Actives | Inactives | F1-Score
LS 4.5 X - 39.73 6 5 1 0.145
LS5 50 - 5.96 8 6 2 0.169
LS5 300 - 8.61 8 6 2 0.169
LS5 50 | 1.30 | 8.34 9 8 1 0.222
LS5 300 | 1.30 | 10.84 | 13 10 3 0.263

Table 4.18: NDR-UV-WP1-M55-172009 virtual screening results for best parameter sets.
N=number of alignments; F'=feature tolerance; R=RMSD threshold; T'=runtime in
seconds; -=default setting; x=setting not available.

NDR-UV-WP1-M58-172009

LS Version | N F T Hits | Actives | Inactives | F'1-Score
LS 4.5 X - 137.78 4 4 0 0.119
LS5 50 - 8.06 3 3 0 0.091
LS5 300 - 13.61 4 4 0 0.119
LS5 50 | 1.30 | 10.04 4 3 1 0.222
LS5 300 | 1.30 | 16.74 5 4 1 0.118

Table 4.19: NDR-UV-WP1-M58-172009 virtual screening results for best parameter sets.
N=number of alignments; F'=feature tolerance; R=RMSD threshold; T'=runtime in
seconds; -=default setting; x=setting not available.

4.4.3 Conclusion of Tests with Different Datasets

This section, evaluated the best parameter sets over various pharmacophore models. The
analyses encompassed different datasets, revealing that the novel virtual screening method
generally demonstrated superior accuracy in identifying suitable hits, particularly for active
hits, for each model.

Regarding the number of alignments, it was observed that N=50 and N=300 proved to
be reliable default settings, with the exception of models NDR-UV-WP1-M44-172009 and
NDR-UV-WP1-M58-172009, which exhibited a reduction to 8 identified actives at N=50
compared to LigandScout 4.5 (9 actives).

Within the first dataset, in Section 4.4.1, the findings highlighted that it was possible
to enhance discovered active hits, active-decoy ratios and consequently the F1-Scores for all
models. Further improving results for NDR-UV-PNS-M9-LB and NDR-UV-PNS-M18-LB by
reducing all feature tolerances to 1.30. Conversely, in the case of the NDR-UV-PNS-snibs-
LB model, improved results were found only for the default tolerance settings. Specifically,
when employing the fast N=50 configuration, it achieved an equivalent number of active
hits as LigandScout 4.5 alongside a better active-decoy ratio and F1-Score. The accurate
N=300 setting, successfully identified an even greater number of active compounds further
optimizing the outcomes. The second dataset, in section 4.4.2 revealed, that modifying feature
tolerances to a value of 1.30 was only beneficial for NDR-UV-WP1-M54-172009 and NDR-
UV-WP1-M55-172009. All other models performed more effectively when maintaining their
default tolerance settings. NDR-UV-WP1-M44-172009 showed a minor reduction in active
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hits (8) at N=>50 but demonstrated a significant increase (11 actives) at N=300, surpassing
the virtual screening results of LigandScout 4.5 (9 actives). In contrast to LigandScout 4.5,
NDR-UV-WP1-M50-172009 identified the same quantity of active hits (10) with N=50 but
increased the number (13 actives) again with N=300.

A noteworthy exception appeared in the case of NDR-UV-WP1-M58-172009. The Model
encountered a marginal reduction in active hits (3) with default feature tolerances at N=>50
but identified the same hits as LigandScout 4.5 (4 actives) with N=300. This discovery
suggests that, in specific occasions, a thorough reevaluation of the pharmacophore model and
their distinct pharmacophoric features may be necessary and potential refinements should be
considered to maximise the potential of the new method.

In summary, it is evident that the new virtual screening approach employed in Ligand-
Scout 5 demonstrated its superior performance in comparison to the current method. Alter-
ing feature tolerances in a general sense did not consistently exceed outcomes across various
datasets, likely due to fact that most of the models examined had already undergone substan-
tial refinement with specific features having more precise tolerance setting. Nevertheless, it
was illustrated that, for certain models, improvements of the screening results were possible,
by downsizing feature tolerances. Furthermore, the potential for even greater enhancements
by selectively reducing or modifying feature tolerance spheres for particular models is ac-
knowledged, as the new screening algorithm offers the opportunity to identify suitable hits
with even greater precision.

4.5 Discussion

In the context of this thesis, detailed in Chapter 4, the aim was to investigate potential
improvements in virtual screening within LigandScout by the implementation of G3PS, a
novel alignment algorithm.

The extensive tests, featured in Sections 4.2 and 4.3, revealed that, for the NDR-UV-
PNS-M9-LB pharmacophore model, under thorough examination, a general reduction of its
respective feature tolerance spheres from 1.50 to 1.30 yielded favorable outcomes. This ad-
justment led to a significant increase in the discovery of active compounds and active-decoy
ratios when compared to the prior LigandScout 4.5 version and also exhibited enhanced per-
formance to the model’s default state in LigandScout 5. Investigations also highlighted the
potential benefit of using values of 50 for a fast, and 300 for an accurate setting, regarding
the number of alignments parameter.

Additionally, the practicability of applying RMSD thresholds was explored in Section
4.3.3 and demonstrated, that they have the potential to lead to superior results in certain
cases, as seen in Table 4.9. However, this findings suggested that a direct modification of the
pharmacophores feature tolerances provided a more pronounced and favorable impact on the
outcomes.

To validate this hypotheses, virtual screening on diverse datasets and pharmacophore
models was conducted, as delineated in Section 4.4. After employing fast (N=>50) and ac-
curate (N=300) settings in LigandScout 5, the respective results denoted the superiority
over the previous LigandScout 4.5 method. Nevertheless, it was not possible to manifest a
broad reduction of feature tolerances leading to universal improvements, as it applied only
to particular instances.

However, with minor exceptions, improvements over LigandScout 4.5 were discovered in
active hits, active-decoy or active-inactive ratios, F1-Scores, and computational runtimes in
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the investigated pharmacophore models within default feature tolerance settings in Ligand-
Scout 5.

In conclusion, the analysis underlines the distinct enhancement of virtual screening in
LigandScout 5, as it consistently identified more hits, especially active hits, aligned with the
associated pharmacophore models in their default feature tolerance settings. The predefined
number of alignment settings, N=50 and N=300, emerged as respectable defaults for a
fast and accurate configuration. While the application of RMSD thresholds as coarse filters
may be useful, it is evident that feature tolerance modifications constitute a more effective
approach and general reductions of feature tolerance spheres can lead to improved screening
outcomes in specific cases.

Nonetheless, the results confirm the advanced precision and accuracy of the new align-
ment algorithm and suggest the potential for even greater benefits through the targeted mod-
ification of individual feature tolerances, capitalizing on the method’s opportunity to define
stricter models that can identify highly precise hits suitable for corresponding pharmacophore
models.
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Chapter 5

Conclusion

Pharmacophore-based virtual screening has proven as an indispensable tool in modern drug
development. Pharmacophores, serving as abstract models, utilize pharmacophoric features
to delineate electrostatic and steric relationships between bioactive molecules and their re-
spective target structures. These models allow the screening of extensive molecular databases
to identify potential medicinal candidates [6, 9].

This thesis has elucidated how the integration of a novel alignment algorithm Greedy 3-
Point Search (G3PS) can enhance the virtual screening method within an updated version of
the software LigandScout. To investigate this, virtual screening experiments were conducted
using a preview version of LigandScout 5, spanning a variety of datasets and pharmacophore
models. The resultant findings were then compared with the performance of the current
LigandScout 4.5 version.

The outcomes of the investigation, as presented in Chapter 4, underscore that the new
virtual screening method exhibits superior performance across multiple datasets and phar-
macophore models, identifying a greater quantity of accurate hits while also enhancing com-
putational efficiency.

Furthermore, suitable default values for the number of alignment parameter were found,
for both a fast and an accurate setting. In the context of RMSD thresholds, the findings
indicate their practical utility for a coarse filtering approach. However, the enhanced precision
offered by the new screening algorithm offers the potential for even more significant benefits
through the deliberate modification of feature tolerance spheres. This allows for the creation
of stricter pharmacophore models, enabling the identification of suitable hits with enhanced
accuracy.

The evaluations conducted using the preview version of LigandScout 5 provided an ini-
tial insight into enhancements for virtual screening using the novel method. Additional
assessments, alongside the software’s final development phase, will yield a more definitive
perspective on optimal parameter configurations and the newfound capabilities.
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Appendix A

Abstract

A.1 English abstract

Pharmacophore-based virtual screening has established to take an indispensable role in mod-
ern drug development. Pharmacophores represent abstract constructs that capture the elec-
trostatic and steric interactions between biologically active molecules and their respective
targets, defined by specific pharmacophoric features. With the utility of pharmacophores an
exploration of vast molecular databases is made possible, enabling the selective filtration of
searched compounds. This strategic filtration, performed in the early stages of drug discovery,
can lead to substantially reducing time and expense resources [2, 5, 6, 9, 11].

Conventionally, virtual screening alignment algorithms employed in diverse software pack-
ages have primarily concentrated on the minimization of root mean square deviation (RMSD)
or the maximization of volumetric overlap through the utilization of Gaussian spheres. How-
ever, such alignment strategies do not necessarily align with the fundamental principles of
pharmacophores in finding the optimal alignment. Addressing this issue, the introduction
of the Greedy 3-Point Search (G3PS) algorithm specifically aims to maximize the count of
matching feature pairs, aligning more closely with pharmacophore-based objectives [13].

By incorporating the G3PS algorithm into the LigandScout software, dedicated to phar-
macophore modeling and virtual screening, this research endeavors to ascertain whether this
novel alignment approach has the potential to enhance the existing virtual screening method.
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A.2 Deutsche Zusammenfassung

Pharmakophorbasiertes Virtual Screening hat in der modernen Entwicklung von neuen Wirk-
stoffen eine unverzichtbare Rolle eingenommen. Pharmakophore sind abstrakte Konstrukte,
die elektrostatische und sterische Beziehungen zwischen bioaktiven Molekiilen und deren Ziel-
strukturen beschreiben und durch chemische, pharmakophorische Charakteristika definieren.

Mithilfe von Pharmakophoren ist es moglich, grofie Molekiildatenbanken nach gewiinschten
Strukturen zu durchsuchen und zu durchfiltern, um damit die potentiellen Kanditaten fiir
neue Medikamente in der Anfangsphase der Entwicklung enorm zu reduzieren und dabei vor
allem Zeit- und Geld Ressourcen einzusparen [2, 5, 6, 9, 11].

Virtual Screening Algorithmen verschiedenster Software Programme waren bisher voral-
lem darauf fixiert, Alignments zu ermitteln, die entweder eine minimale Abweichung der Root
Mean Square Deviation (RMSD) oder eine moglichst groie volumetrische Uberschneidung
von Gauf} “schen Sphéren aufweisen. Diese Idee steht allerdings nicht unbedingt im Einklang
mit dem eigentlichen Konzept eines Pharmakophors, das optimale Alignment zu finden. Mit
dem Greedy 3-Point Search (G3PS) wurde ein neuer Alignment Algorithmus vorgestellt,
der sich genau diesem Problem widmet und sich darauf fokussiert, die maximale Anzahl an
tatséchlich passenden Feature Paaren zu finden [13].

Durch die Implementierung von G3PS in die Pharmakophor und Virtual Screening Soft-
ware LigandScout, soll im Verlauf dieser Arbeit herausgefunden werden, ob die bestehende
Virtual Screening Methode mit dem neuen Alignment Algorithmus verbessert werden kann.
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