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Chapter 1

Introduction

This chapter aims to present the motivation behind this work, as well as to briefly introduce
the most important concepts and methods, which are relevant to the conducted research.

1.1 Computer aided drug design (CADD)

Drug discovery is both a costly and lengthy process. Estimates state that bringing a new
medicine to market can incur costs between 944m and 2,826m USD when accounting for the
cost of failures [43] and between 10 and 15 years of research and clinical studies are needed
before a drug is administered to patients [2]. Additionally, only 20% of drugs tested in clinical
trials will get approved by the authorities. [2] For these reasons, novel approaches are needed
to improve upon the cost, time, and success rates of the drug discovery process.

Computer aided drug design (CADD) has been used successfully in pharmaceutical chem-
istry by providing methods and tools that enable to discover, develop and analyze novel drug
candidates both faster and more efficiently through the use of computational resources. [49)
CADD methods reduce the need for creating and/or testing compounds in laboratories, low-
ering research cost and time while improving the odds of a drug successfully passing the
different development stages. This can for example achieved by identifying sets of promising
compounds [45] through computational pre-selection methods, reducing the number com-
pounds which must be experimentally tested out of a potentially very large library of can-
didates. Additionally, CADD enables the generation of additional insight into the chemical
processes and the interactions of different compounds and targets through simulations and
visualizations.

Generally, the in silico process of CADD [§] can be started from two different method-
ological design standpoints, namely ligand- or structure-based drug design. The following
two sections will present the general idea behind these methodologies and give examples for
methods and application domains.

1.1.1 Ligand-Based Drug Design

Ligand-based drug design approaches facilitate the process of drug discovery by analyzing
the structure of known active compounds for a certain target and deriving information to
find similar novel compounds. Thereby, it is assumed that molecules that are structurally
or otherwise similar should exhibit similar effects on a given target [I]. The most common
approaches for this are quantitative structure-activity relationship studies (QSAR) [15] and
pharmacophore modeling. [4]



QSAR methods build a statistical model from a dataset by considering the correlation
between the affinities of ligands to their binding sites and various descriptors, such as atom
count, lipophilicity, polarizability (many others are possible), or any combination thereof. The
resulting model can then be used to generate a prediction for the affinity of other compounds.
Note that different more specific QSAR variants are available, such as 2D QSAR [39], 3D
QSAR [46], and many others, depending on what kind of descriptors are used by the predictive
model. In contrast to QSAR models, pharmacophore models are usually used as a template
to align the chemical features of one ligand to another or to a presented model. Thereby, the
number of matching features and quality of the fit can be evaluated, indicating how similar
the two molecules or the molecule and the pharmacophore model are. Additional information
regarding pharmacophores can be found in Section

1.1.2 Structure-Based Drug Design

Structure-based drug design, in contrast to ligand-based, is not oblivious to the protein or
possible interactions but includes this information to at least some extent [3]. This addi-
tional knowledge is thereby used to further refine candidate compounds or even design them
differently from the start. Prominent methods from this domain include molecular docking
[29, 9], structure-based pharmacophores [34] and molecular dynamics (MD) simulations [7].

Molecular docking aims to predict the predominant binding mode(s) of a ligand with
its 3D-structure in a protein complex and compute a score for the predicted pose(s). [31]
The most important factors for successful docking are the speed and accuracy of the explo-
ration of the 3D-space as well as a correct ranking of candidate positions. Docking is often
used for the virtual screening of compound libraries employing the docking score as primary
ranking criterion. The concept of (structure-based) pharmacophores is quite similar in this
regard but simplifies the alignment process by considering only a small set of representing
non-bonding interactions with the binding site (see Section for both the model that is
aligned to as well as the ligand. A resulting alignment score, or even just the information,
whether or not a molecule fits the model, can again be used for virtual screening. Molecular
dynamics simulations, in contrast to the other methods, do not limit a ligand/protein into
a rigid conformation but can also consider which internal motions and resulting conforma-
tional changes are at play. [2I] They are thereby a valuable tool for analyzing the different
present interactions in finer detail. This comes with the downside, though, that simulating
such protein-ligand complexes, even only over short time periods, is very computationally
expensive and as a consequence relatively slow.

1.2 Pharmacophores

Pharmacophores are 3D spatial models that abstract the chemical features of molecules into
labeled points or spheres with distance thresholds (pharmacophore feature) [24] 23], 25]. These
points/spheres thereby represent the components responsible for the biological activity of a
compound. [20] Typical labels include Hydrophobic (H), H Bond Donor (HBD), H bond
Acceptor (HBA), Halogen Bond Donor (XBD), Halogen Bond Acceptor (XBA), Positive
Ionizable (PI), Negative Ionizable (NI) and Aromatic Ring (AR). This common set of labels
can easily be extended to include additional interactions, for example with a metal binding
label, if desired. The pharmacophore features are commonly represented as spheres with a
distance threshold as radius. Other meta-information on the interaction can also be included,
such as a direction vector, describing in which direction the interaction partner is expected, as



Figure 1.1: Example of a Pharmacophore in LigandScout [47]

well as a threshold angle for this direction. Additionally, exclusion volume features modeling
the receptor structure may be defined, to indicate that no atoms of aligned molecules should
overlap with these regions of 3D space since it is occupied by receptor atoms. A visual
example of a pharmacophore aligned to a ligand within a protein complex can be seen in
Figure [I.I] where some of the features have direction vectors assigned.

Abstracting molecules into a set of structural features can be especially useful in CADD,
as often not the individual atoms of a compound are of interest, but its (possible) chemical
interactions. [34] This allows the researcher to work on a higher level of abstraction, which
can result in more explainable results. Also, as pharmacophores usually contain a lot fewer
features than the abstracted compound contains atoms, the methods using pharmacophores
can often be significantly faster than methods working with atoms directly. These aspects
may also contribute to pharmacophore models being commonly used for the task of virtual
screening, where the goal is to identify molecules that can trigger a desired biological effect.
[36] For this, databases of molecules are aligned to the pharmacophore and filtered according
to whether or not their features match the presented model, or even more granularly, via
their fit score. Due to the simplicity of the structure of pharmacophores, even databases with
millions of compounds can be screened quickly and efficiently. [41]

To create a pharmacophore model that most likely encodes the correct interaction pat-
terns, the right 3D organizations of atoms (conformations) are needed. These conformations
can either be identified experimentally from the bound state(s) of the ligand or generated
in silico with conformer generation methods. Other than this, different options are available
for the creation of a pharmacophore, depending on the availability of the target structure.
If only the active/inactive ligands are known, ligand-based pharmacophores can be created
while additional knowledge of the protein can refine the ligand-based model or enable the
creation of a purely structure-based pharmacophore. If none of this information is available,
there is no reasonable way to use pharmacophores, as there is no way of defining the relevant



Figure 1.2: The Macrocycle Temsirolimus (PubChem [32])

chemical interactions. Generally, it is advisable to consider as much available information as
possible when creating a model, while splitting the data into training and test sets to validate
it. [36]

While pharmacophores are usually used as “positive” search filters in screening, it is
important to note that they can also be used as “negative” ones, for example, if one wants
to find compounds that do not interact with a target. [36] This can, for example, be useful
when analyzing the potential toxicity of a molecule or when a compound that is inactive for
a specific target is desired.

1.3 Macrocycles

Macrocycles are ring systems where at least one elemental ring consists of 12 or more atoms
[27]. Natural products, which are often molecules with such a macrocyclic core have been
found and successfully used as drugs [33]. This indicates that molecules with such scaffolds
could have an evolutionary advantage, which may be exploitable in other medicinal drugs, as
was, for example, found to be the case for the mTOR inhibitor temsirolimus (Torisel®)[22],
a depiction of this compound can be seen in Figure [1.2l The efficacy of macrocyclization
strategies when designing novel compounds with specific biological and physiochemical prop-
erties has also been shown in different publications. [28] 27, [50] These findings raise interest
in macrocycles, but the synthesis of these structures proved to be difficult in the past and
was, therefore, unfeasible in practice.

Recently, new environmentally friendly [37] and efficient synthesis methods have been
discovered, allowing for the creation of molecules with innovative macrocycles. [42] Even
more recent advances have demonstrated the ability to synthesize macrocycles in 1.5 hours
at a gram scale. [44] These fast developments in the domain of molecular synthesis and the
resulting increase in the feasibility of custom macrocyclic molecules further raise interest in
such scaffolds in medicinal chemistry. For this reason, there is also added interest in reliable
CADD methods for the research on such novel molecules with macrocycles. Still, due to
the cyclic structure and the often larger size of the compound compared to classical drugs,
many computational methods have difficulties processing molecules containing macrocyclic
ring systems.



1.4 Scientific goal and motivation of the thesis

The main goal of this doctoral thesis is to support chemoinformatics research through the
use and development of novel computer science methods. If the state of the art methods for
a specific task fail for many or even only specific molecules currently, or they are too slow
for practical application, this is a domain of interest. The research question can thereby be
defined as: Where and how can the field of chemoinformatics be advanced with methods from
computer science?

A problem observed with previous tools and algorithms is that they have difficulties
dealing with macrocyclic or larger molecular structures, resulting in either inaccurate results
or too long runtime for practical use. For this reason, novel methods were implemented that
push forward the state of the art in chemoinformatics, with special emphasis on the usability
with more complex structures, such as macrocycles.






Chapter 2

Virtual Screening

2.1 Introduction

Virtual molecule screening is the task of identifying molecules from a (usually large) collection
or database fit a presented query model. [16] A variety of models can be used, but phar-
macophores, describing a set of desirable chemical interaction capabilities, have been shown
especially successful. [I8] For this reason, the main focus of research of this work lies on
pharmacophore-based alignment screening. Generally, two main questions must be answered
for virtual screening, one after the other:

1. Does the molecule fit the model and its restrictions? (strict yes/no filtering)
2. How well does it fit the model? (ranking/scoring)

Firstly, any molecule that, per definition, fits the model should be found, i.e. no molecule,
even if it only barely fits, should be lost by an optimal screening algorithm. The problem is
that finding a rigid transformation that results in the best fit between the pharmacophore
model and the molecule is a challenging problem. This task becomes even more difficult
when considering additional constraints, such as exclusion volumes and varying distance
thresholds. Allowing for omitted features, whereby only a subset of the features of the model
pharmacophore needs to be matched, is also possible and commonly done in practice. Only
if a query molecule fits a model and fulfills all of its constraints, a ranking/evaluation of the
quality of the fit is sensible.

Secondly, given a molecule that fits a model, a meaningful way of quantifying the quality
of the fit should be defined. The goal of such a measure is to be as discriminative as possible,
i.e. to have a value that can be understood and based upon which educated choices can
be made, as well as to, in the best case, correlate with activity (assuming a good model).
Another important aspect of such a measure is that it should fulfill metric properties, as
this would allow for broader use with other computational methods, such as many common
clustering algorithms.

Contribution made

This publication focuses on the first part of this problem, finding whether or not a molecule
fits a pharmacophore model, as the state of the art methods often fail at this task. The
general goal is to find the transformation which results in the largest possible number of
features of the query pharmacophore to match the features of the model pharmacophore.



Previous methods are not suitable for finding such a transformation, as they optimize
for secondary goals such as Root Mean Squared Distance (RMSD) or volume overlap, disre-
garding the fundamental constraints of the model. This methodology does indeed produce
good results regarding the targeted score but may miss out on possible solutions altogether
because the correct transformation would have a worse score or because the best transfor-
mation barely creates a mismatch of some required features according to the thresholds of
the model. In other words, a method may place a feature barely outside a threshold sphere
to obtain a better RMSD, but thereby invalidate the solution altogether, according to the
model’s requirements.

This problem becomes worse the more omitted features are allowed and the more features
are available in both the model pharmacophore and the queried compounds’ pharmacophores,
which also results in poor accuracy when working with large compounds such as ones with a
macrocyclic core.

To improve upon the aforementioned methods, a novel alignment algorithm is proposed,
which focuses on finding a transformation that results in the largest possible number of
matching features. The main idea behind it is to set this number as the main optimization
goal and incrementally build a better transformation starting from one or more rudimentary
first guesses. Different ways of generating these initial guesses are proposed and the run-
time/accuracy trade-offs of using more/fewer guesses are explored. It is also shown, that
the new algorithm is runtime-independent of the “omitted feature” parameter, which greatly
benefits its performance relative to the competition.

2.2 Greedy 3-Point Search
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1. Introduction

3D Pharmacophores are spatial models that abstract the chemical features of molecules
into labeled points [1-3]. These points can be supplemented by additional information like
feature position tolerances or direction vectors. Such pharmacophore models have proven
to be a useful tool for describing macromolecule-ligand interactions [4] and provide an
intuitive abstraction of ligand features that are key for high binding-site affinity. Typically,
pharmacophores modelling energetically favourable binding-site interactions are created
by first finding two or more active molecules that bind to the target receptor of interest and
then generating a consensus pharmacophore model. Alternatively, pharmacophores can also
be derived directly from the 3D structure of one or more ligand—target complexes [2,5,6].
The latter approach generally leads to higher quality models due to the availability of bound-
state ligand structures and binding-site environment information. In any case, the obtained
pharmacophores usually need to be further refined by an expert user towards higher quality
regarding their ability to discriminate between active and inactive molecules [2].

Since pharmacophore features model non-bonding interactions of functional groups and
moieties without being tied to the underlying chemical structure, a single pharmacophore
model may cover a wide variety of molecular structures with distinct scaffolds and functional
groups that expose the same feature pattern. Pharmacophore-based techniques thus have
an inherent scaffold hopping ability, which is of high value for lead optimization tasks or
the tailored design of drug molecule [7].

One of the most prominent application of pharmacophores is their use as a filter for
the virtual screening of large compound libraries (for which pharmacophores also have
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been pre-generated), which aims at finding molecules providing the same chemical feature
pattern as specified by the query pharmacophore [5,8]. Found molecules where all or
most of the query features match are likely to be also active towards the target of interest
and represent a good first set of candidates for further experimental activity analyses.
In comparison to a random selection of molecules, a refined set of candidate molecules
significantly reduces resources spent with in vitro testing in the hit-finding phase and as
a consequence also helps to reduce the overall drug discovery and development costs [9].

For virtual screening, query pharmacophore features are usually associated with
certain positional tolerances to accommodate slight pharmacophore differences resulting
from distinct molecular scaffolds and associated conformational spaces. How well two
particular features match depends on how many feature pairs can be overlapped at most,
given the optimal rotation and translation. The process of finding such an optimal rigid
body transformation is called alignment. Pharmacophore alignment can be considered
as the “heart” of the pharmacophore-based screening process in which the ultimate de-
cision is made whether two pharmacophores match or do not match. Therefore, high
robustness, reliability, and computational efficiency of the underlying algorithm are key
factors regarding the usability of the screening software in real-world scenarios. Additional
consideration has to be put on the conformational flexibility of molecules. Various methods
for aligning molecules in a “flexible” way have been proposed [8], each with its benefits and
downsides. In the context of pharmacophores, the problem of flexibility is often abstracted
by simply pre-generating multiple low-energy conformations for a molecule and then
aligning the pharmacophore of each conformer individually [8]. As pharmacophore-based
alignments are relatively fast, large numbers of those alignments can be performed, which
usually allows for a sufficiently good treatment of conformational flexibility. In the follow-
ing, we do not go further into the details of molecule conformer generation since this topic
is out of the scope of this study, and a wide variety of well-validated software tools for this
task is already available [10-14].

For tackling the pharmacophore alignment problem, several methods and algorithms
were devised [15-17]. Many of them have been implemented as part of well-known
software platforms for pharmacophore modelling and screening like LigandScout [5,18],
Phase [17,19], Catalyst [16,20], or MOE [21].

The algorithm by Wolber et al. [15] (due to the lack of a name, hereinafter referred to
as the RM method/algorithm or RMM), for example, is used for generic pharmacophore
alignment tasks and for pharmacophore matching in LigandScout’s virtual screening
pipeline. In the first step of the algorithm, each pharmacophore feature gets abstracted
through its feature type and a histogram of distances to the surrounding features. For each
feature type present in the neighbourhood, one histogram is created, counting occurrences
in the bins of the histogram. As distances may be close to falling into a neighbouring
bin, smoothing filters are applied to the histogram. This results in the histograms of two
features, where the features are in neighbouring bins, to be more similar. Next, a cost matrix
for solving the pair assighment problem of the features of the two pharmacophores to align
is created. This is done by assessing the similarity between the encoded features and setting
a cost accordingly. This cost matrix is then used with the Hungarian algorithm [22] to find
the best assignment that minimizes the overall cost. As a result, matching feature pairs
are obtained, which are then used to compute a pharmacophore 3D alignment employing
Kabsch’s method [23,24]. If the found alignment is not plausible according to the specified
feature position tolerances, the pairs violating this condition are removed, and the method
is repeated from the point of finding ideal feature pairs with the Hungarian method.
If the alignment does meet the feature-matching criteria, the alignment transformation
matrix is kept and applied to the underlying molecules. In a further post-processing step,
the alignments are then checked whether they also fulfil any additional constraints imposed
by directed features or exclusion volume spheres (see the methods section). Should those
not be met, the alignment will be discarded and the algorithm proceeds until a valid
alignment could be found, or it terminates without a found alignment solution.
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Other alignment algorithms are based on volume overlap and model atoms or phar-
macophore features such as Gaussian volumes, for which they optimize towards maximum
overlap [25].

ROCS [26] is a well-known example for this group of methods, which considers
Gaussian volumes defined by the atoms and (optionally) additional chemical feature
information to align molecules.

Pharao [27] is also a method where pharmacophore features are modelled as Gaussian
spheres. It operates by generating combinations of “feasible” pairs, which are then aligned
by superimposing their coordinate centres and computing a rotation with a constrained
gradient ascent. To create feasible pairs, the distance between two points of one phar-
macophore and then the distance between two points (with matching feature types) of
the other pharmacophore is measured. The difference between those distances is set in rela-
tion to the sum of distance thresholds for the four features and compared to a cut-off value
€ (usually 0.5). If the value is smaller than ¢, the pair is deemed feasible. Next, feasible pairs
are assembled combinatorially, whereby any pair added to a combination must be feasible
and compatible with all other pairs of the combination. A tuning of the € parameter allows
to reduce the total number of feasible combinations. For every combination produced,
alignment is performed by first aligning the centres of the pharmacophore feature subsets.
In the next step, constrained gradient ascent optimization is applied to find the rotation
needed for the second pharmacophore to achieve maximum overlap with the first one. This
procedure is carried out for four different starting orientations and results in a rotational
transformation and an alignment score quantifying the overlap. Combinations with a larger
number of matching features are aligned first, allowing for early termination if smaller
combinations have a far smaller overlap.

Existing alignment methods that optimize towards minimizing the root mean squared
distance (RMSD) of corresponding feature pairs disregard that worse RMSDs may allow
for more features to match. This disconnect between the optimization goal and the actual
goal of alignment can be intuitively understood when thinking about the best case for an
unambiguous alignment with RMSD. For any pair of pharmacophores, the best solution
regarding this criterion would be to only align the three best matching features, resulting
in a smaller RMSD than if one were to include even only one additional feature pair. For
this reason, alignments may be discarded as the algorithm favoured the perfect fit of
few features over the user defined model definitions. Methods optimizing for volume
overlap of pharmacophore features modelled by Gaussian volumes have the same inherent
problem since after optimization for maximum overlap, features may no longer fulfil
positional and/or directional constraints and will be considered non-matching. This is an
issue as the aim of the alignment, even for these algorithms, is to maximize the number
of matching features. This problem affects the results of virtual screening drastically as
the tested pharmacophore may be able to fit all of the features of a query pharmacophore
but may still not be found due to the optimization goal. For illustration, Figure 1 shows
two pharmacophore models that both consist only of features of the same type. Depending
on the primary search goal—optimum RMSD/volume overlap vs. maximum matching
feature count—different alignment results will be obtained (note that features are only
considered matching if the central point of one feature is within the tolerance sphere of
the other).
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(a (b) (c)
Figure 1. Illustration of different pharmacophore alignment strategies and the thus obtained results
(b,c). For the sake of simplicity, pharmacophores (a) consist only of features of the same type. Different

colours are just used to distinguish the pharmacophores. (b) Result from RMSD- or volume-based
alignment. (c) Max. matching feature count-based alignment.

Another problem with the existing methods is how they deal with the allowed omis-
sion of user-defined less-critical “optional” features during pharmacophore alignment.
The RM algorithm, for example, performs a combinatorial sampling and generates all
possible combinations with #0 missing features. If the models contain many features
and #o is large, this will lead to an explosion of computational complexity and results
in significantly longer runtimes. The generation of combinations based on omitted features
and using them purely with Kabsch alignment additionally leads to another unintuitive
issue: as the method may not identify a possible match without the omitted features due to
the nature of purely optimizing towards RMSD, computing an alignment for less features
may, by chance, find alignments where more of the features match. If aligning a larger
number of features did not result in a valid alignment, less features are tried, and the cen-
troid computed for the Kabsch alignment will be at a different place. With a different
centroid, the algorithm may now be able to find an alignment for which the previously
unmatched features match by coincidence. Thereby, allowing omitted features could lead to
finding alignments that actually should have been found without them or even completely
different alignments.

The treatment of exclusion volume spheres (see the methods section for details) is also
problematic. Existing methods compute the alignments without considering these features
and only discard the result post computation when they find exclusion volume constraints
to be violated. This can lead to solutions, possibly even very good ones, to be discarded
only because an exclusion sphere gets slightly touched. Visually, this would be an easy
problem to solve, as just slightly moving a molecule may yield a valid alignment.

In summary, the core issue with all the discussed methods is that the optimization
goal they follow is not in line with the intuition of pharmacophore models. As individual
features have a positional tolerance threshold for matching, the best alignment solution
may not be the one with minimal feature-pair RMSD or maximum volume overlap but the
one providing the largest number of matched feature pairs under the given feature position
and direction constraints. The latter criterion should be given preference especially when
pharmacophore models are used as virtual screening filters in order to reliably identify all
database molecules that provide a specific chemical feature pattern.

In the herein presented work, we address all of the above discussed main problems
of the existing pharmacophore alignment methods by introducing a new alignment algo-
rithm, Greedy 3-Point Search (G3PS), which aims at finding optimal alignments by using
a matching feature pair maximizing search strategy while at the same time being faster than
competing methods. The performance of the presented algorithm regarding its reliability in
the identification of possible pharmacophore matches and its computational efficiency was
assessed by screening several molecule datasets taken from the DUD-E database [28,29]
with query pharmacophores derived from the corresponding ligand—target complexes.
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To provide an impression of the advances that could be achieved with our new algo-
rithm, the obtained results are presented in direct comparison to the ones obtained with
the RM algorithm.

2. Methods

This section provides a detailed description of our new alignment algorithm G3PS.
Before presenting any details of the new algorithm, we first want to provide a definition of
the used pharmacophore representation, introduce important concepts regarding the good-
ness of fit of two pharmacophore models given an optimal transformation, and point out
additional aspects that are relevant for pharmacophore alignment.

2.1. Definitions and Concepts

Pharmacophores. Pharmacophores are a collection of labelled points representing
chemical features [1-3]. Commonly used features include aromatic rings, hydrogen-bond
acceptors/donors, and positive/negative ionizable and hydrophobic interactions, although
others exist and custom features may be designed. For a given pharmacophore A, we
denote feature i as A; for i = [1,2,...,|Al|]. Features additionally contain a distance
threshold thresh(A;) indicating how far the centres of matching features may be away and,
optionally, other restricting factors such as feature direction vectors.

Exclusion Volume Spheres. A pharmacophore A may contain additional features A,
which can be interpreted as “anti-features.” These features restrict the space where atoms
of the aligned molecule may occur, qualifying any alignment as invalid where atoms collide
with such feature shapes. More generally, their goal is to abstract the presence of binding-
site-environment atoms and model those locations, defining that there would not be enough
space left for atoms of a binding molecule. For performance and simplicity reasons, these
shapes are usually modelled as spheres, so we will use the terms “exclusion volume” and
“exclusion sphere” synonymously. This greatly simplifies the evaluation of the validity of
an alignment solution since just a check of the condition dist(a, AY) > thresh(A}) for all
atoms a and all exclusion spheres AY needs to be performed. If the condition is true for all
combinations, the alignment is valid and can be kept.

Fully Fitting Models. For two models to fully fit, there must exist a transformation
from pharmacophore A to B (and B to A) that includes only translation and rotation
(no scaling) for which the following holds:

*  There exists a mapping for all features of A and B where:
1. All individual features map uniquely to a feature of the other model,
creating index pairs (i, j).
2. The labels (feature types) of paired features are equal
(i,j) = label(A;) = label (B;).
3.  The paired features distance is smaller than the larger distance threshold.
(i,j) = dist(A;, Bj) < max(thresh(A;), thresh(B;))

Maximum Fitting Models. Models with maximum fit may not meet the criterion of
all features mapping to pairs, but all features of the query pharmacophore do. In other
words, the pharmacophore that is used as a query will fully fit a subset of the other
pharmacophore. This is the best achievable fit two models of different size can have. If the
query pharmacophore is larger than the tested one, such a fit is not possible, and, at best,
a partial fit can be achieved by allowing features to be omitted.

Partially Fitting Models. Models fitting partially are ones for which less than the num-
ber of features in the query pharmacophore match. To define the bound for a sufficient
fit, a maximum number of omitted feature #o0 needs to be defined. If the best possible
transformation, where the largest number of features match, is missing at most #o features
of the query pharmacophore, the alignment is accepted, otherwise, the pharmacophores
are considered non-matching.
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Quality of Model Fit. The goal of aligning two pharmacophore models is to find
a transformation that allows for the largest number of features to match. For this reason,
the most important measure of quality is the number of matching pairs. A matching pair is
defined as two features, one from each pharmacophore, for which all restricting properties
are fulfilled, including having the same feature type and their distance being smaller than
the larger distance threshold. If the number of matching feature pairs is equal for two found
model alignment solutions, the quality of alignment can then be asserted by calculating
the RMSD of the matched pairs. We want to put additional emphasis on the fact that
the RMSD should only be considered regarding the alignment quality after determining
the maximum number of matching features, as aiming for the smallest possible RMSD
does not optimize towards finding the largest match. The best example for this is to only
consider the best matching pair for computing the root mean squared distance. Any model
(where at least one feature type matches) can achieve an RMSD of 0 if we only align one
feature pair. By extension, a smaller number of matching features is more likely to have
a small RMSD.

2.2. Greedy 3-Point Search (G3PS)

Our new alignment algorithm was implemented in a development version of Lig-
andscout [5,18] using the programming language Java and consists of two main parts
followed by a post-processing step. First, the features of both pharmacophores are en-
coded and compared to identify which features of one pharmacophore are likely to match
which features of the other pharmacophore. From this, first guesses are constructed using
exactly three pairs of features, as this is the minimum required for computing an unam-
biguous 3D transformation. In the second step, iterative refinement is performed for each
of the three-pair guesses. This refinement process collects additional pairs that do not
break the alignment created from all previously collected pairs and applies transformations
that optimize the alignment to better fit with the newly found pairs. Optionally, after this
second step, exclusion volumes can be considered. Final additional checks can then be
performed to filter out alignments for which more specific feature requirements are not met.

2.2.1. Finding Three Pairs

To find a starting point for iterative refinement, at least three points need to be fixed
in each of the pharmacophores, which allows to create an initial alignment. The number of
such three-pair guesses being generated is an important factor for the overall runtime of
the algorithm, as it defines how often refinement needs to be performed. Still, the downside
of only having one or few starting alignments is that the globally optimal alignment may be
missed. Therefore, we allow the user to define the maximum number of sampled guesses,
enabling them to trade computation time for accuracy.

Single Best Guess. To compute an initial guess that is likely to result in a globally
optimal matching, we computed a matrix describing how dissimilar each feature of one
pharmacophore is to the features of the other. The creation of this dissimilarity matrix is
performed by encoding each feature, taking its neighbourhood into account. Observing
a feature A;, we captured which kind of feature is at what distance to the observed one,
looking at all features A; where j # i. This list of labelled (by feature type) distances and
the type of the observed feature itself now represent the encoding used to compare features
and measure their dissimilarity.

Comparing these encodings for all features of one pharmacophore (rows) with all
features of the other (columns) will then result in the values of the matrix (see Figure 2 for
an example). If two encodings are representing features of different types, then the pair
is marked invalid, otherwise they are compared by solving a mathematical assignment
problem for which the algorithm of Jonker and Volgenant [30] is used. There, the difference
is computed for each pair of encoded distances, and entries with different labels are treated
as being maximally different. As too-different distances indicate that the features do not
match, and starting at some difference does not have discriminative value, this difference
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has to be limited. For this reason, the distance difference is divided by the larger sum
of positional tolerances of the two compared feature pairs. If the resulting number is
larger than 1, we know that the pairs are incompatible, and the value is set to exactly 1.
The total cost resulting from this assignment is then normalized by the number of features
in the larger pharmacophore and represents how dissimilar the two encoded features
are regarding their surroundings. This feature dissimilarity measure is used in the next
step as a pseudo-cost for the assignment of one feature to the other, allowing us to fill
the cost matrix.

Neighborhood Comparison

1 2

3 4 5

(@) (b)
Figure 2. Visualization of neighbourhood comparison. Distances are measured for fixed features in
each pharmacophore (a) and compared to compute the deviation between corresponding pairs (b).
Colours = labels, coloured bars = encoded distances, gray bars = difference between distances

X X 081 012 X 0.04 X X 081 012 X 0.04
0.01 0.62 0.12 0.69 0.32 0.71 0.01 0.62 0.12 0.69 0.32 0.71
0.62 0.12 X 0.04 095 X _ 0.62 012 X 0.04 095 X

X 002 089 008 X 0.23 X 002 089 008 X 0.23

X 072 045 023 0.01 0.13 X 072 045 023 0.01 0.13
0.21 092 0.03 X X 017 0.21 092 003 X X 017

Match:{(2,1), (4,2),(5,5)}

Figure 3. Example matrix used for the assignment of matching pairs. X indicates feature mismatches,
marking a given pairing as impossible

From this matrix, we can obtain a guess by solving another mathematical assignment
problem and picking the three matches with minimal dissimilarity values. An example of
this can be seen in Figure 3.

This guess should in theory represent the best option for running an iterative refine-
ment process. Still, as we abstracted the 3D information of where points are located relative
to each other to simple distances, our guess may not always result in the optimal solution
after refinement. This could, for example, be the case if the pharmacophores would only
fit after a symmetry transformation. To combat these non-optimal guesses, we propose
methods to obtain multiple starting combinations.

Multiple Guesses. To obtain an arbitrary number of guesses 1, we can reuse the dis-
similarity matrix mentioned above. Iterating over this matrix, we can efficiently check
the feasibility of every combination of three pairs, keeping track of the m best ones. To com-
pute how good a guess is we simply sum up the dissimilarity values for the three pairs,
with a smaller sum indicating a better choice. Note that even though this process has an
algorithmic complexity of O(n°) (where n is the number of pharmacophore features), this
is in practice very fast, as permutations of the same three pairs can be ignored, and pairs
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with incompatible feature types can be skipped. We also found that this guess-generating
process is negligible in runtime compared to the iterative refinement of the found guesses.

Trying All Possibilities. It is also possible to just use all combinations of three pairs as
starting points for iterative refinement. For this, we do not need to compute a dissimilarity
matrix for features but just keep track that all pairs contain features of the same type. This
should result in the most accurate alignment, as the largest possible number of starting
combinations is sampled, but it has the downside of being more computationally expensive,
due to the time needed for refinement. Still, this should be faster than choosing a different
algorithm altogether as there are fewer three-pair combinations than if one computes all
possible combinations (of all sizes) for the features, as other methods may do.

2.2.2. Collecting Additional Pairs

For each initial guess of three matching pairs, iterative refinement is performed to
both align the collected pairs and to find additional pairs that fit. This idea is similar to
the Iterative Closest Point (ICP) algorithm [31], which is usually used to register unordered
point clouds from rigid objects by iteratively matching points, evaluating the quality of
the transformation and improving on it. Our implementation was modified to better
represent the goal of maximizing the number of features with overlapping threshold
spheres, while having the same feature type. The concrete steps of the method are as
follows:

. Given a list of starting matches P (three initial pairs),
*  Align pairs P using the Kabsch Algorithm.
®  Build a matrix F “forbidden” for all feature pairs.

- Mark pairs with different types forbidden.
—  Mark columns and rows related to features in P forbidden.

e While F contains unmarked entries:
- Iteratively improve P.

¢ Return matching pairs and alignment matrix.

The matrix F tracks which pairs could be feasible to expand the matched feature
pairs and can indicate when the algorithm should be terminated. Each iteration, this
improvement process checks a possible addition to the matching pairs and computes a new
alignment while setting at least one entry of F as forbidden. Due to the strict increase
in marked entries, one can be sure that the method terminates. Additionally, one can stop
this process earlier if all features match or if we only care about finding any alignment,
while omitted features are allowed and have a sufficiently large matching. Each iteration
of the improvement performs the following steps:

*  Find closest pair (by distance) piest not marked in F.
o Create temporary pair combination Prest = P U ppest.
e Align pairs Pyest.
e If Pj,st does not fulfill threshold,

- Try applying translation.
o If Py, does still not fulfill threshold,

Delete Ptest~

-  Mark pair piest as forbidden in F.
- Restore alignment of P.

—  Continue.

Otherwise,

- SetP = Ptgst.
-  Mark rows and columns related to py.s: in F forbidden.
- Continue.
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In many cases, it is not necessary to compute the alignment for all of the guesses
presented. After refining a guess, the contained tree-pair combinations are stored, and
subsequent guesses, starting with three points that were already collected by a previous
refinement, are skipped. This is done as in most cases, and refining from those pairs would
converge toward the same solution as was previously found.

2.2.3. Post-Processing

In the post-processing step, additional requirements for a valid alignment are checked.
One of these checks is the collision with exclusion volumes (see Section 2.1), for which
adjustments can sometimes be made. Other than that, features may come with more
specialized requirements, for which we can only decide if they are met or not and thereby
keeping or discarding the solution. These restrictions on the results are especially useful
in screening, as reducing the number of results by using domain knowledge is beneficial
for further processing.

Dodging Exclusion Volume Spheres. If the resulting alignment includes atoms
that collide with exclusion volumes, additional translations (currently up to three) can be
applied to try to “dodge” those exclusion volumes to save the alignment. An example
for this is provided in Figure 4 where an exclusion volume would lead to discarding
an otherwise good alignment solution.

., ®

. o - .

@) (b) (0)
Figure 4. Illustration of exclusion volume clashes leading to an invalid alignment. For the sake of
simplicity, pharmacophores (a) consist only of features of the same type and atoms of one pharma-
cophore, shown as black circles. After an alignment of the pharmacophores, atoms may clash with
exclusion volumes (b), which can sometimes be fixed with a simple translation (c).

After those translations, if there are still collisions, the alignment has to be discarded,
otherwise the pharmacophore feature thresholds for matched pairs need to be checked
again. Based on whether or not the features still are within their allowed threshold
distances, the alignment may now be valid or not. This may save a solution that only
had a minor exclusion volume clash from being discarded even though it may have been
a reasonable alignment.

2.2.4. Other Requirements

Other requirements imposed by pharmacophore features could include a variety of
properties like direction vectors or plane normals. Here, as part of the model, one can
assume the direction in which the feature should point, and any matching features should
also roughly point in that direction after alignment. If this is not the case, the feature is
considered unmatched,, and if this leads to less-matched features than required, the solution
is discarded. This could also be an interesting topic for further investigation in a follow-up
work, as it may be possible to consider these direction vectors in the alignment process itself.
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3. Results and Discussion
3.1. Benchmarking Methodology

To benchmark the number of found matches and the required computation time,
we implemented our alignment algorithm in a development version of LigandScout for use
in virtual screening. Here, the goal was to find molecules, abstracted by pharmacophores,
matching one or more query pharmacophores. Since also a significant amount of completely
unfeasible pharmacophore combinations would be aligned in a typical virtual screening
run, pre-processing filters are usually applied to reduce the overall computation time [8].
This was not done in our benchmarks as we only cared to measure the time spent for
the actual alignment process.

To obtain more sensible results, the hits were again filtered after the alignment. Here,
alignments were discarded if the features did not meet additional requirements like the di-
rections of feature vectors not being sufficiently close. If there were still clashes with
exclusion volumes (after trying to fix those), the alignment was also discarded. The re-
mainder of the found solutions was then accepted and presented as the output hit-list.
This filtering based on model restrictions was performed equally for both of the bench-
marked algorithms.

Additionally, note that the pharmacophores benchmarked were not manually opti-
mized for separating actives from inactives/decoys. Even though this is what one wants to
achieve in practice, the type of retrieved molecules should only depend on the quality of
the model. In constrast, the alignment method (which was the focus of our benchmarks)
should be able to accurately retrieve all molecules that fit the query model. For this reason,
finding additional hits, regardless of if they are actives or decoys, indicates that the method
that did not find them was not able to fulfil the user query accurately and omitted results
the user asked for. As a side effect of using a more-accurate alignment method and retriev-
ing molecules that fit the query model more precisely, one may need to adjust the model as,
in expectation, more hits will be found. As this is often not desirable, reducing the size of
feature spheres or additionally filtering the hits with stronger restrictions after screening
may be advisable.

All computations for the measurements below were run multi-threaded on an AMD
Ryzen 9 5900X 12-Core (24 threads) 3.7 Ghz CPU in Windows 10, taking the average
of five runs. Before the first measured run, one full non-measured benchmarking run
was performed as a “warmup phase” to ensure the different methods and runs neither
benefited nor got punished for start-up-related factors like the CPUs branch prediction and
I/0 caching.

3.2. Results

First, we assessed the impact of the chosen number of computed guesses for our G3PS
algorithm. For this, we compared different datasets in regard to the computation time
needed per guess and the number of hits found depending on the number of allowed
omitted features.

As can be seen in Figure 5 (using the CDK2 dataset as an example), the runtime of our
method did not depend on how many omitted features are allowed but purely the number
of computed guesses. As the number of guesses increases, the iterative improvement will
check combinations of features that it has seen before. Therefore, the increase in runtime is
less than linear in the number of guesses. To now find a good default value, we analysed
the number of hits with different parameter values.
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Figure 5. CDK2, runtime (full dataset) vs. computed guesses.

Figure 6 shows that, in practice, only a few guesses are needed to find the majority
of hits. In our experiments, we observed that 20 guesses lead to fast and accurate results,
while 300 guesses found the maximum amount of hits most of the time. In the following,
we call the 20-guess variant “G3PS Fast” and the 300-guess variant “G3PS Accurate”.
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Figure 6. CDK2, number of hits vs. computed guesses.

During testing, we visually analysed differences between RM and G3PS. An example
can be seen in Figures 7 and 8, where the same two molecules were aligned based on
their pharmacophore features with both methods. The RM method found four matching
feature pairs and aligned the molecules according to those while G3PS (accurate) found
and aligned by seven matching feature pairs.
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Figure 7. RM method example alignment of two molecules; four matching feature pairs were found.
Orange circles = centre of matched features.

Figure 8. G3PS example alignment of two molecules; seven matching feature pairs were found.
Orange circles = centre of matched features.

We also found that many combinations of molecules could not be aligned with the RM
method as it could not identify three matching feature pairs. An example of such a com-
bination can be seen in Figure 9, where seven matching feature pairs were identified by
G3PS (accurate) and used for alignment.
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Figure 9. Example of G3PS alignment with seven matching feature pairs where RMM failed due to
not finding three pairs. Orange circles = centre of matched features.

For the benchmarking datasets, we selected 10 different targets from the DUD-E
database [28,29] and just used the known active ligand sets. For these molecules, up to
25 conformations were created using LigandScout’s iCon conformer generator [11]. For use
as query pharmacophores, structure-based models were created using DUD-E’s provided
receptor and co-crystallized ligand structure, removing excess features until hits could
be found. The exclusion volumes that were created in the modelling process were kept.
These pharmacophores were not further optimized for practical use and only served for
benchmarking the accuracy and performance of the methods, disregarding the selectivity
of actives vs. decoys (see Section 3.1). Images of the pharmacophores can be found in our
supplementary materials. The used DUD-E datasets and the number of pharmacophore
features (after removing excess ones) are shown in Table 1.

Table 1. Summary of benchmarking datasets.

Name Pha. Features Molecules Conformations
ACES 6 664 15,391
CDK2 6 798 17,740
DRD3 6 877 20,539
EGFR 6 832 19,899
FA10 5 792 19,786
GCR 9 563 9610
PDE5SA 7 706 17,015
PGH1 5 251 4041
THRB 7 861 21,474
VGFR2 6 620 15,041

Note that we included the GCR dataset and used a pharmacophore with nine features
to also measure the performance and accuracy with comparatively larger models. Due to
this large number of features, the model was more selective than the ones from the other
datasets, and fewer found hits were expected regardless of the chosen alignment method.

In the following, all comparisons are made to the RM algorithm [15]. Both methods
use the same file back-end and processing pipeline.

The runtime and resulting hits for our virtual screening experiments without omitted
features can be seen in Figures 10 and 11. Our G3PS “Fast” variant was able to retrieve hits
more accurately than the RM method while still being faster. For the measured datasets,
this is a speed-up (time RMM/time G3PS Fast) of approximately 2.3 x on average. Using
the “Accurate” variant settings, one can sometimes find additional hits at the cost of
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a longer runtime. This may be a valid option for users that do not want to miss hits and
that are willing to accept longer computation times.
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Figure 10. Screening benchmark runtimes without omitted features.
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Figure 11. Screening benchmark hits without omitted features.

Starting at one omitted feature (Figures 12 and 13), the runtime of screening with
the RM method increased with the number of omitted features, while staying constant
with G3PS. Our “Fast” method still provided comparatively more hits while extending
its runtime advantage (on average, an 8.5x speed-up). Even our “Accurate” variant was
competitive in runtime, only being slightly slower for the PDESA dataset. It still computed
an even larger amount of hits for all datasets, while now being faster than the reference
method for all other datasets.
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Figure 12. Screening benchmark runtimes with one omitted feature.
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Figure 13. Screening benchmark hits with one omitted feature.

Increasing the number of omitted features to two (Figures 14 and 15) again increased
the runtime of the RM algorithm. At this point, both presented presets for G3PS performed
better in regard to runtime and the number of found hits. G3PS “Accurate” was now on
average 4.6 times faster, and the “Fast” variant was 25.8 times faster.
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Figure 14. Screening benchmark runtimes with two omitted features.
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Figure 15. Screening benchmark hits with two omitted features.

As already seen with two omitted features, three omitted features (Figures 16 and 17)
continued to show the independence of screening with G3PS to this number. At this point,
the RM method starts becoming unfeasible for practical use, like for fragment screening
where a larger number of omitted features is necessary. Even though the runtime increases
this drastically, it is again not able to retrieve hits as accurately as our “Fast” variant. Our
speed-up further increased to 70.7x and 12.3x for our “Fast” and “Accurate” variants,
respectively. Two datasets could not be benchmarked with three omitted features, as the
pharmacophores only contained five features, and removing three of those would result in
a pharmacophore for which a defined, unambiguous 3D alignment is not possible.
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Figure 16. Screening benchmark runtimes with three omitted features.
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Figure 17. Screening benchmark hits with three omitted features.

3.3. Summary

The Greedy 3-Point Search method for alignment brings a variety of benefits over
existing methods. With translations applied in the iterative refinement and the general
method of collecting additional pairs based on three starting pairs, our algorithm was
able to optimize for maximum matching feature counts. In this way, alignments are
not missed that should actually be possible for the two given pharmacophore models.
As the algorithm looks for the largest possible match iteratively instead of computing
alignments for combinatorially generated feature subsets, the number of omitted features
does not impact the runtime, making it orders of magnitude faster than competing methods.
With this iterative refinement process, the problem that more omitted features could lead
to more found hits than with fewer omitted features due to feature centroid changes is also



Molecules 2021, 1, 0

18 of 20

avoided. The independence from the omitted feature count makes our method especially
suitable for fragment screening where a larger model needs to be aligned to multiple very
small fragment pharmacophores, resulting in a high number of required omitted features.
The algorithm can also be tuned by the user for accuracy or performance by adapting
the number of sampled refinement starting points, while a small number of starting points
still finds the best alignment most of the time. Another commonly found weakness of
existing methods is that alignments may be discarded because exclusion volumes are
slightly touched, even though very minor changes would allow for a valid, possibly even
near-optimal solution. G3PS can avoid this problem in the post-processing step by applying
minor translations, thereby not dropping such good alignments.

3.4. Future Directions

A logical extension to the iterative refinement process could be to include additional
information like feature-direction vectors already in this stage. This would allow for
an earlier detection of feature pairings where not all constraints can be met and thus
could potentially achieve an improvement in runtime. Alternatively, one could try to
consider constraints like feature directions during the alignment itself. This could improve
the positioning in space such that these restrictions are more likely to be fulfilled without
additional intervention and could thereby reduce the number of guesses needed to find
a good alignment.

Further research could also be targeted at extracting parts of the method for GPU com-
putation. A large part of our algorithm consists of fundamental mathematical operations,
and additional performance can possibly be gained by using the computational resources
provided by graphics accelerators.

4. Conclusions

We presented a new algorithm, Greedy 3-Point Search, for aligning two pharma-
cophores in a way that the number of matching features is maximized. This avoids
the problem of missing valid alignments due to an unfit optimization target, resulting
in a higher number of solutions in agreement with the specified positional tolerances of
the pharmacophoric features. The new method iteratively refines starting guesses, finding
the largest match without having to consider the allowed number of omitted features.
For this reason, the runtime of the algorithm does not depend on omitted features but
only the number of starting guesses used. This allows a user to find a trade-off between
high accuracy of results and low execution time, while still obtaining good results when
the fast variant is chosen. For ease of use, we proposed two default parameter settings for
the number of starting guesses, which should cover the needs of most users. Additionally,
we touched on exclusion volume restrictions and how to recover from alignments that
were deemed invalid due to only barely violating exclusion volume constraints.

As our method is able to find hits more accurately, and thereby presents the user more
screening hits overall, it will be important to look into how this affects the way pharma-
cophores are usually refined by expert users. It may now be of benefit to reduce positional
tolerances or to narrow down allowed angle deviations for directed features to improve
a pharmacophore model’s ability to discriminate between active and inactive molecules.
Aside from its impact on virtual screening results, the higher probability to find valid align-
ments will also have an influence on the results obtained by other pharmacophore-based
techniques. For lead optimization tasks, the robustness of our algorithm will signifi-
cantly extend the possibilities when it comes to the structural modification of molecules.
Pharmacophore-guided replacements of chemical functionalities by bioisosteric groups
or even scaffold hops have a higher chance to succeed due to the largely reduced risk of
failures when attempting a realignment of the template pharmacophore. For ligand-based
pharmacophore modeling procedures, following a feature-count maximizing alignment
strategy will, on average, result in the perception of a higher amount of common training-set
ligand features than one would obtain using a pure RMSD-minimizing strategy. Unfor-
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tunately, the average impact of our new alignment algorithm on the outcome of these
pharmacophore-based techniques cannot be quantified easily since several other methods
and case-specific factors are also of influence and need to be accounted for. However, we
are confident that taking advantage of the robustness and the feature-count maximizing
search strategy of our new algorithm would be beneficial for any pharmacophore-based
technique relying on pharmacophore alignment and thus would contribute to its further
development.

Supplementary Materials: The following are available online at https://www.mdpi.com/1420-304
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2.3 Conclusion

In this chapter, the novel Greedy 3-Point Search (G3PS) algorithm was presented. The
benchmarks show that this algorithm is able to retrieve compounds that fit a pharmacophore
model more accurately than root mean squared distance optimizing methods. While G3PS,
just like its competitors, is not guaranteed to retrieve all valid compounds, the fundamental
change of optimizing mainly for the largest possible number of matched features instead of a
secondary goal (such as small RMSD or large volume overlap) avoids many of the pitfalls of
the previously available methods.

Due to the competitors’ overemphasis on these secondary goals, their found alignment
transformations often no longer suit the initial pharmacophore model, as the model’s thresh-
old spheres are not (or not sufficiently) taken into consideration. A common case where this
occurs is when most, but not all, features can be aligned very precisely. Those methods will
then obviously generate a transformation that exactly aligns them, due to the great score this
would achieve. If there then are a few additional features, that don’t align as nicely, these
methods accept that their transformation is worse for those matching pairs, as the resulting
overall score is still better than if the alignment adapted strongly for these features. The
resulting alignment would be scored higher initially, but when the thresholds are accounted
for in a follow-up step, some of the features may not fit the threshold requirements and the
alignment must be discarded altogether. Note that this is more likely to occur the larger a
compound is and the more chemical features are present, such as for compounds with macro-
cycles. In contrast, G3PS does not suffer from this problem, as it will adjust the alignment in
each step of the iterative refinement process to account for the threshold spheres, such that
an underemphasis of “worse” matching features is avoided.

Also, additional pharmacophore model restrictions, such as exclusion volumes specifically,
are mostly only considered after the computation of the alignment and used in a post-filtering
step by previous methods. Applying those as a filter after finding a transformation often
results in discarding a solution, even though only a small translation may be necessary to
obtain a valid, albeit slightly worse, result. For this reason, such information is included
during the refinement process, once again leading to increased accuracy in finding compounds
that fit a given pharmacophore model.

Interestingly, the improved accuracy of G3PS does not come at the cost of runtime.
The performed benchmarks show that even without omitted features the proposed method
outperforms the current state of the art regarding time for execution. When the omission of
features is allowed, the runtime lead grows even larger, which can easily be explained by the
method’s ability to incrementally improve the transformation in contrast to trying increasing
numbers of combinations of matches based on the number of omitted features. This leads
to the method’s runtime being independent of the number of omitted features, while the
competitor needs exponentially more computations based on them.
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Chapter 3

Conformer Generation for Small
Molecules

3.1 Introduction

Conformer generation for small molecules is the task of finding possible 3D poses, so-called
conformations, for the atoms of a molecule, such that they best represent how the given
molecule could be observed in reality. Thereby, the most interesting conformations are the
ones with the smallest conformational energy, as those are more likely to occur and be found
when observing the molecule bound to a protein. The most important criteria for successful
conformer generation are the size of the generated ensembles (generally smaller ensembles are
preferred), computation time, and accuracy (fitness for purpose/quality of best conformer).
[17] A good balance between these three factors is crucial. Too large ensembles are problem-
atic as it is difficult to decide which conformations are actually relevant, long runtimes may
make the method infeasible in practice, and generating inaccurate conformations may render
the results useless. The computation of accurate conformations of molecules is especially
useful when a researcher wants to assess possible 3D interactions without the need of an
experimentally determined 3D structure of that molecule.

Conformers are most commonly generated by using either molecular dynamics (MD)
simulations or dedicated conformer generation methods. As MD simulations are very com-
putationally demanding [48], specialized conformer generation methods, for high-throughput
use, are an important tool in computer aided drug discovery. For this reason, non MD-based
conformer generation tools are the focus of this work.

There are vast amounts of commercial [10] and non-commercial [I1] tools available, that
can compute such conformations. Generally, commercial conformer generators have been
shown to be both faster and more accurate than non-commercial ones, which indicates head-
room for openly available methods. [I0] Still, for a newly created method, the goal should
be to not only surpass the openly available state of the art methods but also outperform
the commercial-only ones through novel ideas and a highly optimized implementation. As
conformer generation is one of the first steps in many drug design workflows, the runtime,
accuracy, and ensemble size improvements will have a large positive impact on the scientific
community.
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Contribution made

For the creation of a faster and more accurate conformer generator, the iCon [35] conformer
generator was used as the starting point and improved upon. The choice of the best con-
former space sampling method and special consideration of the molecule’s structure, thereby
further refining the sampling, were the main aspects to improve. This adaptive strategy,
which considers the molecule’s structure, also has significant benefits when working with
and generating conformations for macrocyclic molecules. Additionally, various optimizing
techniques, such as caching, were applied to drastically speed up the proposed method. To
simplify its use, as well as the use of many other important chemoinformatics algorithms, the
implementations are publicly available as part of the CDPKit. [40]

3.2 CONFORGE
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Abstract

The majority of compounds in the drug-like chemical space show flexibility regarding their
three-dimensional structure which, in solution, results in an equilibrium of multiple
interconvertible conformational states. Knowledge of the putative bound-state conformation of a
molecule is an essential prerequisite for the successful application of many computer-aided drug
design methods that aim to assess or predict its capability to bind to a particular target receptor of
interest. An established approach to predict bioactive conformers in the absence of receptor
structure information is to sample the low-energy conformational space of the investigated

molecules and derive representative conformer ensembles which can then be expected to



comprise members that closely resemble possible bound-state ligand conformations. The high
relevance of such conformer generation functionality led to the development of a wide panel of
dedicated commercial and open-source software tools throughout the last decades. Several
published benchmarking studies have shown that open-source tools lag behind their commercial
competitors in many key aspects like accuracy in reproducing bioactive conformations, speed of
processing, output ensemble size, range of applicability, stability and user-friendliness.

In this work, we introduce the novel open-source conformer ensemble generator CONFORGE,
which builds upon proven concepts and algorithms and aims at delivering state-of-the-art
performance for all types of organic molecules in the drug-like chemical space. The ability of
CONFORGE, and several well-known commercial and open-source conformer ensemble
generators, to reproduce experimental 3D structures as well as their computational efficiency and
robustness has been assessed thoroughly both for typical drug-like molecules and macrocyclic
structures. For small molecules, CONFORGE outperforms all other tested open-source
conformer generators and performs comparably well or better than the evaluated commercial
generators, both in terms of processing speed and accuracy in the reproduction of bioactive
conformations. In the case of macrocyclic structures, CONFORGE achieved the best average
accuracy among all benchmarked generators with high statistical significance. To our
knowledge, CONFORGE is the first open-source conformer ensemble generator that is able to
truly keep up with commercial software in this field and thus represents a valuable addition to

the open-source software toolbox for computer-aided drug design.

Keywords

Conformer Generation, Virtual Screening, Computer-aided Drug Design, Free Software,

Cheminformatics, Pharmacoinformatics

Introduction

The vast majority of compounds in the drug-like chemical space comprise one or more rotatable
bonds and thus offer some degree of variability regarding their three-dimensional (3D) structure.
In solution at room temperature, this structural flexibility manifests in an equilibrated mixture of

multiple interconvertible conformational states that correspond to local energetic minima on the



potential energy surface. The bioactive conformation of a drug molecule adopted upon binding to
the target receptor is usually quite close to one of its low-energy conformers in solution but can
also equal a higher energy conformational state if increased structural strain is outweighed by a
significant gain in energetically favorable binding site interactions.

Computer-aided drug design (CADD) methods that perform an assessment or prediction of the
receptor binding capability of molecules rely on the knowledge of their bound-state
conformation. Unfortunately, experimental data on the bioactive conformations of small
molecules is only available for a small fraction of the chemical space. For the majority of the
molecules - especially those that exist only ‘virtually’ - bioactive conformations have to be
predicated as accurately as possible by specialized in silico methods. An established approach for
computing potential bioactive ligand conformations without requiring prior knowledge about the
receptor structure is to sample the low-energy conformational space of the ligand and derive a
representative conformer ensemble. In most cases, some of the low-energy conformers in this
ensemble can then be expected to closely resemble bound-state ligand conformations. Since the
generation of conformer ensembles is a prerequisite for the application of many CADD
techniques like structure-based virtual screening (VS),? 3D ligand-based VS,** ligand-based
pharmacophore modeling, pharmacophore-based VS,>¢ and 3D quantitative structure-activity
relationship (QSAR) studies, a plethora of dedicated commercial and open-source software tools
emerged during the last decades. Well-known commercial tools for the purpose of conformer
ensemble generation include iCon,” Omega,® ConfGen,” CAESAR,'° Conformator,'!
COSMOS,'? Molecular Operating Environment (MOE) LowModeMD, '* MOE Stochastic and
MOE Conformation Import,'* and ForceGen.!'>'® Corresponding open-source tools are, e.g.,
FROG?2,'7'® Confab,!” BCL::Conf,?° RDKit,?' Ballon DG and GA,??> and Multiconf-DOCK.?
Based on the employed search strategy, applied methods for conformational sampling can be
divided into two major categories: (i) systematic and (ii) stochastic approaches.

With the first approach, conformers are generated by the systematic alteration of torsion angles
at the rotatable bonds of the molecule. A benefit of this approach over stochastic sampling is that
the number of conformers that have to be generated for an exhaustive sampling of the
conformational space is exactly defined. Furthermore, the computation of conformers is
significantly faster for typical drug-like molecules since multiple conformers can be generated

from a single starting 3D structure by just having to perform sequences of simple rigid body



rotations. However, an exhaustive systematic sampling of conformers is usually only feasible for
smaller numbers of rotatable bonds due to the combinatorial explosion in the amount of
conformers to generate. Nevertheless, the number of rotor bonds which can be handled by this
method is still large enough to process most drug-like molecules without any issues.

Stochastic sampling, in contrast, explores the conformational space in a random manner which
results in changes of torsion angles at all rotatable bonds at once. Therefore, this sampling
strategy is especially suitable for molecules with high numbers of rotatable bonds or flexible
macrocyclic ring systems since representative conformer ensembles can be obtained with
relatively few iterations. Software tools implementing a stochastic sampling approach?!? often
employ distance geometry (DG)?** to generate random conformers of the molecule. DG is
based on the principle that all possible conformations of a molecule can be described by pairwise
atom distance and volume constraints. To this end, lower and upper distance bounds for all pairs
of atoms in a molecule are specified in a distance bounds matrix. In addition, a set of tetrahedral
volume ranges of four-membered atom groups may be specified in order to enforce planarity or
particular configurations of stereogenic centers. The specified distance and volume constraints
then serve as input for an embedding procedure that generates a set of atom 3D coordinates
matching the given constraints. A specification of reasonable atom pair distance bounds is
crucial to obtain proper 3D output structures. Therefore, empirical information like ideal bond
lengths, bond angles, and torsion angles is often used to construct the distance bounds matrix.
Nevertheless, the 3D structures generated by the embedding procedure are still quite raw and
may contain a considerable amount of geometric errors. In order to obtain structurally sound
low-energy output conformers, the raw conformers have to undergo an additional structure
refinement procedure which can be computationally quite expensive for larger molecules (e.g.
iterative force field energy minimization). A further issue with stochastic sampling arises from
the fact that it is hard to judge whether the conformational space has been sampled thoroughly
enough. Depending on the flexibility of the processed molecule, pursuing the naive approach of
sampling a fixed number of unique conformers may then bear the danger of under- or
oversampling.

Implementations of both systematic and stochastic sampling often make use of empirical rules
and knowledge as well as structural information derived from experimental data like X-ray

structures to increase the speed of conformer generation and/or to improve the quality of the



output ensembles. Frequently, empirical data are stored in the form of fragment 3D
structure/conformer databases, ring conformer templates or torsion angle libraries which are then
used for a fast fragment-based construction of molecule 3D structures or a directed exploration
of conformational space employing only torsion angles that e.g. occur predominantly in
crystallographic structures. Examples of conformer ensemble generators pursuing a rule-
/knowledge-based approach are iCon, Omega, CAESAR, Confab, ConfGen, FROG?2,
Conformator, COSMOS, BCL::Conf and RDKit.?

Irrespective of the conformer sampling approach employed, conformer ensemble generators
always have to face the challenge of achieving a balance between the conflicting objectives
accuracy (commonly measured as the minimum heavy atom root-mean-square deviation
(RMSD) between the experimentally determined bioactive conformation and any of the
conformers in the generated ensemble), ensemble size, and processing time. Of course, the
ultimate goal is to generate small ensembles that accurately reproduce receptor-bound ligand
conformations with diminishing low computational costs. Since these demands usually cannot be
met for all objectives at once, varying emphasis may be put on each parameter depending on the
targeted application scenario. If accuracy is of utmost importance, the choice of a more thorough
but also more computationally expensive sampling algorithm may be adequate. If large numbers
of molecules have to be processed (e.g. preparation of databases for virtual screening), smaller
ensembles may be preferred in order to reduce the storage consumption of the generated
conformers and to speedup subsequent processing steps (e.g. repeated virtual screening runs). If
the speed of conformer ensemble generation is essential and possible losses in quality are
tolerable, less accurate but computationally more efficient approaches may be given preference.

d'?72% which assessed the performance of well-

Recently, several studies have been publishe
know commercial and open source conformer ensemble generators regarding the objectives -
accuracy in the reproduction of bioactive conformations, ensemble size and processing time -
using a dataset of 2,859 (2,912 in ref. 2”) high-quality protein-bound ligand conformations
extracted from the Protein Data Bank (PDB).?° The benchmarking results have shown that
commercial and non-free conformer generators are clearly ahead of open-source tools in all

evaluated performance aspects and substantial improvements on the free software side are

required to catch up with leading commercial tools.



Aside from fulfilling the basic quality criteria outlined above, state-of-the-art conformer
ensemble generators nowadays have to face an additional challenge imposed by the growing
attention flexible macrocyclic systems receive as a new class of promising drug molecules.**?
Macrocyclic molecules do not obey Lipinsk’s rule of five®® but exhibit interesting and useful
properties which set them apart from the mass of typical drug-like small molecules. These are,

Sora

e.g., improved metabolic stability>*, the ability to disrupt protein-protein interactions,
higher cellular permeability due to conformational restriction.*®*” Furthermore, they are able to
bind to proteins which are considered as non-druggable targets due to their lack of hydrophobic
cavities which can serve as anchor points for functional groups.*®3° Drugs based on macrocyclic
scaffolds found widespread clinical application as antibiotics (e.g. rifampicin, vancomycin,

4043 in immunology and dermatology,* to name a few. When it

macrolides), in cancer therapy,
comes to the generation of representative conformer ensembles of macrocyclic structures,
algorithms face the challenge of uniformly searching a huge conformational space in an
acceptable amount of time whose size increases dramatically with the number of (partially)
rotatable bonds in the macrocycle.® Recently, several studies were published that benchmarked
well-known conformer generators regarding their ability to sample macrocycle conformations
with enough accuracy and diversity for common CADD applications.***® The methods
employed by these programs likewise can be divided into systematic and stochastic approaches.
For example, the conformer generators Omega macrocycle,* MOE LowModeMD, "
MacroModel,*® Balloon?? and RDKit ETKDG?® all pursue a stochastic search strategy.
Implementations of systematic sampling approaches are less common - with Conformator,'!
Prime>! and ForceGen'>!'¢ being notable examples in this category. A major algorithmic
challenge these programs have to face is imposed by the constrained flexibility of rings which
prohibits an independent rotation of individual ring bonds. Commonly, this problem is handled
by cutting one or more bonds of the macrocycle in order to obtain an open-ring equivalent'' or
multiple non-connected acyclic parts of the ring>! which can then be sampled in a
straightforward systematic way. Afterwards, the generated open-ring conformers are evaluated
whether their geometry is suitable for carrying out ring closures. If so, previously cut bonds are
re-introduced and a short 3D structure refinement step is carried out to obtain structurally sound

conformers of the original ring system.



In this paper, we introduce the novel conformer ensemble generator CONFORGE (Conformer
Generator). CONFORGE is fully open-source (GNU LGPL) and available as part of the
Chemical Data Processing Toolkit (CDPKit)*? in the form of a versatile command-line tool as
well as a set of classes and functions provided by CDPKit’s C++/Python-API. CONFORGE
builds upon proven concepts and algorithms for conformer ensemble generation and aims at
delivering state-of-the-art performance for all types of organic molecules in the drug-like
chemical space. For the computationally efficient and accurate sampling of small molecule
conformers, CONFORGE employs a knowledge-based systematic approach which makes
extensive use of pre-generated fragment and torsion angle libraries that were derived from
experimental 3D structures. For sampling macrocycle conformers, CONFORGE implements a
purely stochastic approach based on DG and force field-driven structure refinement. The best
suited conformer sampling approach for a processed molecule is either chosen automatically
based on the detected presence of a macrocyclic ring system (default behavior) or can be
specified by the user in advance for all molecules to process. Furthermore, CONFORGE is able
to correctly handle multi-component molecules like salts and mixtures by the automatic separate
generation and later combination of individual component conformer ensembles. CONFORGE’s
ability to reproduce experimental 3D structures as well as its computational efficiency and
robustness has been assessed thoroughly both for typical drug-like molecules (Platinum Diverse
Dataset?’) and macrocycles (208 macrocyclic structures compiled by Sindhikara et al.>!). The
calculation of various performance metrics and the visual presentation of the obtained results

largely follow the established protocol developed by Friedrich et al.?’

with some meaningful
extensions for presenting the macrocycle sampling benchmarking outcome. For reference,
several well-known commercial (iCon;’ two modes), non-open-source (Conformator;'! two
modes) and open-source conformer generators (Balloon,?? RDKit;?® two
modes/parameterizations) were assessed in addition to CONFORGE employing the same
benchmarking protocol. The small molecule benchmarking results have shown (see section
Results and Discussion) that CONFORGE outperforms all other tested open-source conformer
ensemble generators and performs comparably well or better than the commercial generators,
both in terms of speed of processing and accuracy in the reproduction of bioactive

conformations. When it comes to the conformer sampling of macrocyclic structures,

CONFORGE is able to reproduce experimental 3D structures with a higher mean accuracy than



all other tested generators and at the same time produces output ensembles that, on average, are
only half of the allowed maximum size. To our knowledge, CONFORGE is the first open-source
conformer ensemble generator that is able to truly keep up with commercial software with regard
to accuracy, speed of processing, applicability, robustness and ease of use. Given the relevance
of conformer ensemble generation as a mandatory preprocessing step for the application of many
modern CADD methods, CONFORGE represents a valuable addition to the open-source CADD
toolbox that will be highly welcome by the scientific community in the light of the previously

present ‘performance gap’?® between open-source and commercial software in this field.

Methods

The following sections provide insight into the algorithms and methods employed in the
implementation of CONFORGE and discuss the design decisions taken to achieve a high
performance in the reproduction of bioactive conformations and speed of processing for a wide
variety of drug-like organic molecules. The sequence of individual processing steps that have to
be performed during conformer generation is presented visually by a set of hierarchically linked
flowcharts and will be described in detail throughout the text. In general, conformer ensemble
generation is a complex endeavor and can fail at nearly all processing stages (e.g. for molecules
containing atom types not supported by the forcefield) or take exceedingly long (e.g. for
molecules with many rotatable bonds). Internally, CONFORGE thus has to perform a significant
amount of error and timeout checks which may cause early termination or require intermediate
error correction steps. For the sake of simplicity, error and timeout handling have not been
incorporated into the flowcharts and the shown program flow is based upon successful execution
of every processing step. Furthermore, in the flowcharts and text, a distinction is made between
compounds and molecules according to the chemical definition of the two terms: A molecule
represents a set of covalently bonded atoms where each atom is reachable from any other atom
via one or more bonds. Compounds may consist of just one (the common case) or multiple
molecules, as is the case for salts or arbitrary mixtures.

CONFORGE has been implemented in C++ and builds on the cheminformatics infrastructure
provided by the CDPKit C++ API. For end-users, CONFORGE is provided in the form of a
command-line tool called ‘confgen’ (Table 1 in Additional File 1 provides an overview of the

supported options) that can be found in the application directory of CDPKit. For developers,



CONFORGE'’s functionality is also accessible as a set of classes and functions that are part of
CDPKit’s C++/Python-API and allow for a seamless integration of CONFORGE into own
CDPK:it-based applications.

Top-level Conformer Generation Workflow. Figure 1 shows the top-level conformer
generation workflow executed for an uninitialized input compound (e.g. read from an input file)
to obtain a structurally diverse, low-energy output conformer ensemble. In the first step, a
preprocessing of the input compound takes place where the addition of missing hydrogens is
performed and required data for the subsequent processing steps are calculated (see section
Compound Preprocessing for details). For compounds comprising only a single molecule, the
conformer ensemble generated in the next step already represents the output conformers of the
compound. For multi-molecule compounds, CONFORGE generates a separate conformer
ensemble for every molecule and then arranges combinations of selected molecule conformers in
3D space to obtain the final compound output conformers (see section Multi-Molecule Output

Conformer Ensemble Generation).



Component
Count >1?

Figure 1. Top-level conformer ensemble generation workflow for a given input compound.
Further details on individual processing steps can be found in Figure 2 (Compound
Preprocessing), 3 (Per Component Conformer Ensemble Generation) and 13 (Compound

Conformer Assembly).
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Compound Preprocessing. Compound preprocessing (Figure 2) comprises several sub-steps
that prepare the raw input compound and calculate various molecular properties required for the
generation of proper 3D structures and conformer ensembles. In the first step, the hybridization
state of every atom is determined from the atom type, formal charge and the number and order of
incident bonds. In the next step, the smallest set of smallest rings (SSSR) is perceived, which,
together with the previously determined atomic hybridization states, allows to identify atoms and
bonds that are part of planar aromatics ring systems.

In general, stereo configurations specified for the atoms and bonds of the input compound are
retained and will be considered accordingly in the 3D structure generation process. For chiral
atoms and asymmetric double bonds with undefined stereochemistry, an attempt is made to
calculate missing stereo descriptors from supplied 3D atom coordinates. If 3D atom coordinates
are not available, the configuration of chiral atoms is left unspecified, leading to the selection of
a configuration that turns out to be energetically favorable in the conformer generation process.
For asymmetric double bonds with no predefined stereochemistry, a trans configuration of the
sterically most bulky substituents on either side of the double bond is selected. To efficiently
estimate the steric bulk of substituents, we use a modified version of the Morgan algorithm™* that
stops after the iterative calculation of atom connectivity values (CV). The higher the CV of an
atom, the more complex its neighborhood is, and the more space-consuming the substituent it
represents will presumably be.

The next processing step adds hydrogens onto heavy atoms which are unsaturated according to
the associated chemical element's formal charge and typical valances.

CONFORGE employs a DG-based approach?*?* whenever 3D structures need to be generated
from scratch. Here, randomly distributed starting atom positions are iteratively refined until a
valid local energetic minimum structure has been obtained. Which of the energetic minimum
conformers is eventually obtained heavily depends on the order of atoms during the initial
assignment of random atom positions. To guarantee an input atom order invariant generation of
output conformer ensembles, the connection tables of input compounds need to be canonicalized
before any conformers are generated. This canonicalization step is optional and has to be
explicitly enabled by the user if possible slight output differences for structurally identical input

compounds with varying atom orders are not acceptable. For the connection table
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canonicalization task, CONFORGE employs an implementation of the algorithm devised by
McKay.>*

After (optional) compound canonicalization, a perception of structurally separated compound
components (= molecules) is carried out. Components are identified by performing a depth-first
search for all atoms reachable via a bond path from a given start atom. Found reachable atoms
and the start atom belong to the same component and get marked accordingly. The search
procedure is then repeated for the next not yet visited atom in the atom list until no more
unvisited atoms are left.

In the last compound preprocessing step, a topological distance matrix is generated for every
component of the input compound. Topological atom distances are needed to generate DG
constraints and for the parameterization of Merck Molecular Force Field 94 (MMFF94) Van der
Waals interactions.” To determine topological distances, we employ a breadth-first search
approach where the length of the bond path from a given start atom to a reachable atom is noted
in the corresponding cells of the distance matrix. Alternatively, we also implemented the Floyd-
Warshall algorithm®® to determine the topological distances. However, the Floyd-Warshall
implementation was significantly slower than the breadth-first search approach and eventually

was given up in favor of the latter.
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Figure 2. Sequence of processing steps carried out to prepare an input compound for conformer

ensemble generation.

Molecule Conformer Ensemble Generation. As already noted, a separate molecule conformer
ensemble will be generated for every component of the input compound. The molecule
conformer generation workflow shown in Figure 3 may thus be executed more than once
depending on the number of components that could be identified in the compound preprocessing
stage.

The conformer generation process for a given input molecule starts with the perception and
parameterization of MMFF94 interactions. Determined force field interactions and parameters
will be required for 3D structure refinement and conformer energy estimation in later processing
stages. CONFORGE utilizes CDPKit’s full-featured MMFF94 implementation whose
correctness has been thoroughly validated in all aspects using the datasets provided by the
MMFF94 Validation Suite.”’ In the next step, the ultimate decision is made whether to use a
systematic or a stochastic sampling approach for generating the molecule conformers. The
systematic approach (see section Systematic Conformer Sampling) performs best for typical
drug-like molecules composed of chains and relatively rigid ring systems. Stochastic sampling
(see next section) has proven to be advantageous for structures comprising flexible macrocyclic
rings where conformers cannot be sampled by means of simple systematic torsion driving due to
the present rotational restrictions. By default, CONFORGE selects a stochastic sampling
approach whenever the SSSR of the molecule contains a ring that incorporates more than ten
non-aromatic single bonds. The automatic selection of a suitable sampling method can be
overridden by specifying the method to use in advance in the CONFORGE settings. Once a pool
of output conformer candidates has been generated by the chosen method, a final output
conformer ensemble is compiled in the last processing step of the workflow. Which, and how
many, of the candidate conformers end up in the output conformer ensemble depends on various
user-specified settings which control allowed energy range, desired structural diversity and
maximum ensemble size. Details regarding the output conformer selection process can be found

in section Molecule Output Conformer Ensemble Compilation.
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Figure 3. Molecule conformer ensemble generation workflow. Further details on individual
processing steps can be found in Figures 4 (Stochastic Conformer Sampling), 6 (Systematic

Conformer Sampling) and 12 (Output Conformer Selection).

Stochastic Conformer Sampling. Stochastic conformer sampling is a relatively simple but time
consuming process which is based on the assumption that randomly generated structurally
diverse low-energy conformers will be uniformly distributed over the whole conformational
space of a molecule and that a sufficiently large set of such samples will represent a large
fraction of the energetically most favorable torsion angle combinations. Figure 4 shows the
principal steps of the stochastic conformer sampling workflow as implemented in CONFORGE.
The first step is concerned with initializing the random conformer generation unit. Random low-
energy conformers are generated by a DG-based approach, where, in accordance with predefined

atom distance and volume constraints, initially randomly distributed atom positions are
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successively refined until a valid energy-minimized 3D structure of the molecule is obtained (for
details see next section). During the sampling process, random conformers are generated
iteratively until a specified maximum number of conformers was sampled (default: 2,000
conformers), the granted sampling time has been exceeded, or the generation of new unique
conformers ceased (convergence reached). Within the sampling loop, each newly generated
conformer is first tested whether its energy is lower or equal to the current energy threshold. The
energy threshold equals the lowest conformer energy encountered thus far plus the specified
energy window size. If the generated conformer passes the energy check, it is added to the
working ensemble and gets discarded, otherwise. Next, a sampling convergence check is carried
out which decides whether the conformational space has been sampled densely enough and,
therefore, the sampling loop may already be exited. In the convergence check, after a certain
number of conformer generation cycles (default: 100 cycles) have passed, the amount of newly
generated unique conformers is determined. This is done by first performing an energy-based
removal of duplicate conformers (conformers with an energy difference <= 0.01 kcal/mol) from
the working ensemble and then comparing the number of remaining conformers with the
ensemble size obtained after the last duplicate removal step. If the ensemble size did not increase
since the last check, the sampling process has converged and can be stopped. After leaving the
iterative sampling loop, any conformers in the working ensemble with energies outside the

energy window (see above) get discarded and the stochastic sampling process terminates.
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Figure 4 Stochastic conformer sampling workflow. E.., = conformer energy, E... = conformer
energy threshold according to the current lowest energy conformer and energy window setting.

Further details on the random conformer generation step can be found in Figure 5.

Random Conformer Generation. CONFORGE uses the random conformer generation
functionality whenever arbitrary low-energy 3D structures of a molecule have to be generated
from basic molecular graph information only (e.g. for stochastic conformer sampling, see
previous section). The generation of a single random 3D structure comprises the following
sequence of steps (Figure 5):

First, the 3D-coordinates of all heavy atoms and any hydrogens which are connected to
stereocenters with defined configuration are initialized with random values lying in a range
equaling the atom count times a structure type specific factor (e.g. 0.5 for macrocycle sampling).
Hydrogens usually represent the majority of the atoms in typical organic molecules and their
exclusion allows for a significant speedup of the subsequent DG-based raw 3D structure
generation step. Here, the initial random atom positions are optimized by a coordinate
embedding procedure °® until they meet certain pairwise distance and tetrahedral volume
constraints. The geometric distance range constraint assigned to an atom pair p;; = (ai, a;)
depends on its topological distance TD;;: For directly bonded atoms (7D;; = 1) the upper and
lower distance limit is set to the MMFF94 bond length taken from the assigned bond stretching
interaction parameters. The upper and lower distance limit for a geminal atom pair (7D;; = 2) is
calculated from the respective MMFF bond lengths and the equilibrium bond angle specified by
the assigned bond stretching and angle bending interaction parameters. For vicinal atom pairs
(TDj; = 3), where the central bond is not a double bond with a defined configuration, the lower
limit is set to the calculated distance of the atoms in a coplanar and the upper limit to the distance
in an anti-coplanar arrangement taking into account the MMFF94 bond lengths and angles of the
involved bonds. Vicinal atoms connected to a central double bond with a defined configuration
are assigned a fixed distance corresponding to the spacing of the atoms in coplanar arrangement
if the central bond’s configuration is cis (with regard to the atom pair), and the corresponding
distance in anti-coplanar arrangement if the configuration is frans. All remaining atom pairs

(TDj; > 3) obtain a lower distance limit which is calculated as the sum of the covalent atom radii
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plus an additional safety spacing of 1.5 A, and an upper limit equal to the total sum of all
MMFF94 bond lengths. Volume constraints are generated for atoms bonded to tetrahedral
stereogenic centers and for groups with known planar atom arrangements. For stereogenic
centers, the sign of the volume spanned by the neighbor atoms depends on the specified
configuration and is enforced by setting the corresponding volume range limits to +0.5 and
+1000 A3 (empirical values), respectively. Planar groups are e.g. formed by amide Nitrogens,
sp’-hybridized or aromatic atoms with three incident bonds. Furthermore, by atoms connected to
amide, aromatic and double bonds. To enforce a planar arrangement of such atom groups, the
upper and lower volume range limits are set to zero.

Once a raw 3D structure has been obtained from the embedding process, a first check is made
whether the configurations of defined stereogenic centers are correct with respect to the
generated coordinates. If the check fails for at least one stereocenter, a new attempt is made to
generate a valid raw structure starting from a different set of random atom positions. If, after a
certain number of trials (default: 10), still no valid structure could be obtained, the random
conformer generation procedure terminates and reports an error. Otherwise, processing continues
with the next step, where the coordinates of removed hydrogens are calculated according to the
hybridization state of the connected heavy atoms and already assigned atom positions. After that,
the geometry of the hydrogen complete raw 3D structure is further refined by iterative
minimization of its MMFF94 energy until the energy gradient norm or the change of energy is
below a certain target threshold (the stopping criterion and threshold value have to be specified
by the caller and are context-dependent). For energy minimization, the algorithm devised by
Broyden, Fletcher, Goldfarb and Shanno (BFGS)*®? is used. The CDPKit-implementation of
the BFGS-algorithm is based on code that has been taken from the GNU Scientific Library
(GSL).%® If the energy-driven structure refinement procedure fails, the random conformer
generation procedure terminates immediately and reports an error. In the concluding step of the
workflow, all defined stereocenters are once again checked for the correctness of their
configurations. If no errors are found, the refined set of atom coordinates is output and the
workflow terminates with success. Otherwise, as described previously, a new attempt to obtain a

valid 3D structure will be made.

19



Atom/Bond
Configurations
correct?

Atom/Bond
Configurations
correct?

20



Figure 5. Random conformer generation workflow based on DG and subsequent force field-

based structure optimization.

Systematic Conformer Sampling. CONFORGE performs systematic conformer sampling by
applying different combinations of torsion angles at the rotatable bonds of the processed
molecule on beforehand generated conformer 3D structure templates. Compared with stochastic
sampling, the systematic approach usually demands much less processing time for small drug-
like molecules since all conformers of a given 3D structure template can be generated by
relatively fast rigid body transformations instead of having to repeatedly perform a time-
consuming ab initio generation of energy-minimized random conformers.

For the construction of 3D structure templates, CONFORGE employs a fragment-based
approach in which the overall 3D structure is assembled from smaller structural building blocks
like chain fragments and ring systems. The idea behind this approach is to pre-generate
reasonable 3D structures of frequently occurring molecular fragments by an external program
(‘genfraglib’, can be found in the application directory of CDPKit) and store the resulting atom
3D coordinate sets in a permanent library for later use. Via this strategy, a considerable speedup
of the 3D structure template buildup process can be achieved since a time consuming ab initio
generation of 3D coordinates (see section Random Conformer Generation) can be circumvented
for many of the fragments found in typical drug-like organic molecules.

Figure 6 illustrates the major processing steps performed for a given input molecule in the
implemented systematic conformer sampling workflow. In the first step, the provided molecule
is broken down into smaller structural building blocks by cutting specific bonds that have been
identified by a set of fragmentation rules (details on molecule fragmentation can be found in the
next section). Afterward a conformer ensemble is generated for each obtained fragment, which,
depending on conformational flexibility, may consist only of a single 3D structure or multiple
conformers. For rigid fragments like purely aromatic ring systems and chains/moieties lacking
rotatable bonds, a single 3D structure is generated. Chains comprising rotatable bonds and
flexible ring systems are sampled more thoroughly until a representative set of low-energy
conformers has been obtained. As pointed out before, for each processed fragment, an attempt is

made to obtain pre-generated 3D coordinates from an on-disk fragment library to speed up the
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overall conformer generation process. If a suitable library entry is not available, conformers will
be generated on-the-fly using CONFORGE’s random conformer generation (see previous
section) and torsion driving functionality. More details on fragment library lookup, on-the-fly
conformer generation and fragment conformer post-processing can be found in section Fragment
Conformer Ensemble Generation.

In the next step, a set of fragment conformer combinations (FCC) is generated. FCCs are
represented by N-tuples of fragment conformer indices where N corresponds to the total number
of resulting input molecule fragments. The energy of an FCC is calculated as the sum of the
MMFF9%4 energies of the fragment conformers referenced by the index-tuple. To prevent the
exhaustive consumption of main memory and an exaggerated processing time by very high
numbers of possible FCCs (e.g. for larger peptides), the FCC generation process stops once a
certain amount of stored FCCs has been reached (100,000 in the current implementation).
Furthermore, only FCCs with energies lower or equal to the calculated energy threshold are
stored for further processing. The energy threshold corresponds to the minimum FCC energy
plus the specified energy window size times the safety factor 1.5.

In the final step of the workflow, each FCC serves as a 3D structure template for the generation
of derived molecule conformers by systematic torsion driving at rotatable bonds linking the
fragments. By means of this divide-and-conquer strategy, it is possible to sample a representative
share of the lowest energy conformers in an acceptable amount of time, even in the case of large
and flexible molecules. Further details on the assignment of torsion angles to rotatable bonds and
the implementation of the torsion driving process can be found in the section Fragment

Conformer Combination Torsion Driving.
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Figure 6. Systematic conformer sampling workflow. Further details on individual processing
steps can be found in Figure 7 (Fragment Generation), 8 (Fragment Conformer Generation) and

10 (Fragment Conformer Combination Torsion Driving).
Molecule Fragmentation. As described in the previous section, the systematic conformer

sampling procedure generates molecule conformers by assembling selected pre-computed

conformers of molecular fragments. These fragments are derived from the molecular graph by
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cutting specific carbon-heteroatom bonds and bonds to ring system substituents. The pseudo-

code function i sCutBond () shown in Listing 1, implements the rules by which the bonds

being cut are identified:

bool isCutBond (Bond b):
if isInRing(b) or connectsHydrogenAtom(b) :
return false

if degree(b.atoml) < 2 or degree(b.atom2) < 2:
return false

if isInRing(b.atoml) or isInRing(b.atom2) :
return true

if order(b) !'= 1:
return false

if element (b.atoml) == ‘C’:
if element (b.atom?2) not in { 'N', 'O', 'S', 'P', 'Se' }:
return false
elif element (b.atom2) == ‘C’:
if element (b.atoml) not in { 'N', 'O', 'S', 'P', 'Se' }:
return false
else:
return false

if hasNonSingleBondTo(b.atoml, { 'N', 'O', 'S' }) or
hasNonSingleBondTo (b.atom2, { 'N', 'O', 'S' }):

return false

return true

Listing 1. Pseudo-code implementing rules for the identification of bonds to cut in the molecule

fragmentation process.

In the resulting fragments, bonds to previously connected fragments of the parent molecule are

preserved. Their atoms are replaced by corresponding pseudo atoms encoding chemical element,

hybridization state, formal charge and membership in aromatic rings. These pseudo atoms
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provide enough local structural context for a later library lookup/on-the-fly generation of proper
fragment 3D structures. Figure 7 shows an example of the fragmentation of a typical drug-like
organic molecule and the list of resulting molecular fragments obtained by cutting bonds

identified with the rules mentioned above.

Figure 7. Example for the generation of fragments by splitting specific bonds of a molecule
(marked by dashed red lines). Information about the type and nature of formerly connected
atoms is carried over to the resulting fragments by the introduction of pseudo atoms which

encode chemical element, hybridization state, formal charge and membership in aromatic rings.
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Fragment Conformer Ensemble Generation. Depending on specified settings, data
availability, and structural type, fragment conformer ensembles are either derived from provided
input 3D coordinates, retrieved/derived from an entry in the built-in or user-specified fragment
library, taken from the runtime cache, or have to be generated from scratch.

Figure 8 outlines the conformer ensemble generation workflow for a given input fragment. The
workflow starts with checking whether the conformers should (by default, input coordinates are
discarded) and can be derived from the provided atom 3D coordinates. Supplied atom 3D
coordinates are only considered if they are present for at least all heavy atoms of the fragment,
and if the fragment is not a flexible ring system or ring conformer enumeration has been
disabled. If so, all present 3D coordinates are extracted and a calculation of missing hydrogen
coordinates is performed (the hydrogen 3D coordinates calculation procedure is briefly described
in section Random Conformer Generation). Afterward, the resulting complete fragment 3D
structure is forwarded to the conformer post-processing step (see next section).

If input coordinates should not or cannot be considered according to the initial checks, the
workflow proceeds with the fragment canonicalization step that comprises three sub-steps: In the
first step, terminal heavy atoms connected to atoms of aromatic rings are replaced by hydrogen.
Fragments differing only in their aromatic ring system substituent pattern thus converge into the
same canonical fragment structure. This measure helps to increase the fragment library/runtime
cache hit rate for quite common aromatic fragments like substituted phenyl rings. The resulting
incorrect lengths of bonds between aromatic ring and replaced substituent atoms are corrected

later in the conformer post-processing step (see next section).
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Figure 8. Fragment conformer ensemble generation workflow. Further details on the fragment

conformer post-processing step can be found in Figure 9.

In the next step, free valences of pseudo atoms (see previous section) are compensated by adding
explicit hydrogens and a calculation of canonical atom labels using CDPKit’s implementation of
the McKay algorithm>* is performed.

Finally, a binary representation of the fragment’s connection table with atom and bond lists
ordered according to the previously calculated canonical atom labels is generated. The calculated
SHA1 hash code® of the connection table data is then converted to a 64 bit integer key which
serves as a unique fragment identifier (ID) in subsequent processing steps.

In the canonical atom labeling and fragment ID calculation procedure, stereodescriptors of
defined stereocenters are only considered if the processed fragment represents a ring system.
Stereochemistry is disregarded for acyclic fragments since configurations of tetrahedral
stereocenters and double bonds can be corrected easily by fast geometric operations in the
conformer post-processing step (see next section). Furthermore, for each acyclic fragment only a
single random 3D structure is stored in the fragment library and runtime cache to reduce per-
fragment memory consumption and thus allow for a higher number of entries. Complete
conformer ensembles are then generated in the post-processing step by performing torsion
driving on the saved 3D structure. The increased post-processing effort resulting from these
measures is condoned to attain higher library and runtime cache hit rates for this structurally
diverse fragment type. High hit rates are key for achieving low average molecule processing
times by avoiding the relatively slow DG-based random conformer generation procedure for as
many encountered fragments as possible.

After the fragment canonicalization procedure, the calculated 64 bit fragment ID is used as a
unique key for querying the loaded fragment libraries. Aside from the built-in fragment library
which gets loaded on program startup, CONFORGE also supports multiple user-specified
external fragment libraries which are searched one by one for an entry matching the supplied
fragment ID. If one of the performed library lookups is successful, the fragment conformers
deposited in the library entry are extracted and forwarded to the final post-processing step after

which the workflow terminates.
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Should all library lookups fail, an attempt is made to find a matching entry in the dynamic
runtime cache. The runtime cache is implemented as a Least Recently Used (LRU) list (limited
to 10,000 entries in the current implementation) and stores conformers of previously processed
fragments that likewise could not be found in any of the searched libraries. An identified
matching cache entry is then processed in the same way as a corresponding library hit.

If library and cache lookups both fail, the requested fragment conformers are generated from
scratch based on the information provided by the molecular graph of the derived canonical
fragment. 3D structures are generated by means of the previously described random conformer
generation functionality (see section Random Conformer Generation). For acyclic fragments and
fragments representing purely aromatic ring systems, just a single output 3D structure is
generated. Conformers of fragments representing flexible ring systems are sampled
stochastically using a procedure similar to the one described in section Stochastic Conformer
Sampling. Depending on actual ring system flexibility, this usually leads to the output of
multiple structurally diverse (default ring atom RMSD = 0.1 A) low-energy 3D structures which
cover the conformational space of the fragment in the effective energy window (default values:
small ring systems 8 kcal/mol, macrocycles 25 kcal/mol). Afterward, the generated 3D structures
are deposited in the runtime cache for potential later reuse and then get post-processed in the

workflow's final step.

Fragment Conformer Post-Processing. Fragment conformers resulting from the procedure
described in the previous section need to undergo further checks, corrections and modifications
before they can be used as building blocks for molecule 3D structure templates (see section
Systematic Conformer Sampling). Depending on fragment type and source of the input
conformers, required post-processing steps comprise: Correction of aromatic ring substituent
bond lengths, inversion of stereocenters for the correction of detected configuration errors,
enumeration of invertible nitrogen states and generation of additional conformers by torsion
driving. The workflow of the executed post-processing procedure is shown in Figure 9. Herein,
the first two processing steps are concerned with required structural corrections resulting from
molecular graph modifications and the disregard of stereochemistry for acyclic fragments in the

fragment canonicalization procedure (see previous section).
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In the first correction step, for every input conformer, the lengths of bonds between aromatic ring
atoms and atoms of exocyclic substituents (which were replaced by hydrogen in the fragment
canonicalization procedure, see previous section) are scaled to match the corresponding
MMFF9%4 equilibrium bond lengths in the structural context of the parent molecule. In the second
step, atom and bond stereocenters of acyclic fragments whose calculated configuration does not
match the desired output configuration are corrected by exchanging stereocenter substituent
positions and applying geometric transformations on the involved atom 3D coordinates.

Since systematic errors introduced in the fragment canonical procedure do not apply to fragment
conformers extracted from a supplied 3D structure of the parent molecule (see Figure 8), the two
correction steps can be bypassed for this sort of conformers which is realized by a dedicated
check at the beginning of the post-processing workflow.

The next processing step performs a systematic enumeration of all possible invertible nitrogen
configuration combinations and generates corresponding 3D structures derived from the supplied
input conformers. For a fragment with N invertible nitrogen atoms this will lead to a
multiplication of the number of fragment conformers by a factor of 2V, In the current
implementation a non-planar nitrogen atom is considered invertible if it has three single-bonded
neighbors, is not a member of more than one ring and is connected to at least two heavy atoms.
CONFORGE supports three nitrogen configuration enumeration modes: i) no enumeration - if
specified, the enumeration procedure will be skipped and the fragment conformers are left
unaltered, ii) only invertible nitrogens with undefined configuration are considered (default
setting) and iii) all invertible nitrogens. Algorithmically, the configuration of a nitrogen is
inverted by rotating the 3D coordinates of the atoms of a selected substituent to the exact
opposite position on the other side of the plane spanned by the bonds to the remaining two
substituents. If the inverted nitrogen atom is a ring member, the exocyclic substituent will be
chosen for rotation. If the nitrogen is acyclic, the substituent comprising the smallest number of
atoms is selected.

If the fragment contains rotatable acyclic bonds, each conformer in the current set will be
subjected to torsion driving, further expanding the current fragment conformer ensemble by
systematic sampling. Usually, torsion driving only needs to be carried out for flexible acyclic
fragments for which just a single low-energy conformer is handed over by the parent workflow

(see previous section). Conceptually, the employed torsion driving workflow is largely similar to
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the one described for the generation of molecule conformers from a set of FCCs (see next
section) and, therefore, will not be outlined in more detail.

After torsion driving has finished, generated conformers which are out of the specified molecule
conformer energy window get discarded and the remaining conformers are then forwarded to the
last workflow step.

If no rotatable fragment bonds are present, the MMFF94 energy of each conformer using the
force field parameterization of the parent molecule is calculated (the torsion driving procedure
performs this step internally).

In the last post-processing step, the list of final fragment conformers is ordered by increasing
energy and, if necessary, reduced to the maximum allowed output ensemble size (default setting:
10,000 conformers) by removing the necessary amount of high-energy conformers from the end

of the list.
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Figure 9. Fragment conformer post-processing workflow.

Fragment Conformer Combination Torsion Driving. This processing step represents the heart
of the systematic conformer sampling workflow (see section Systematic Conformer Sampling)
and produces an ensemble of output conformers from a set of energy ordered input FCCs. 3D
structures of the output conformers are generated by a torsion driving procedure that aligns
individual fragment conformers specified by the processed input FCCs along rotatable bonds
linking the fragments (see section Molecule Fragmentation). The relative spatial orientation of
the aligned fragment conformers is dictated by rotatable bond-specific dihedral angles which are
retrieved from matching torsion library entries. Depending on the number of distinct torsion
angle combinations possible for the present set of rotor bonds, a corresponding number of output
conformers will usually be generated for each processed FCC. For big and quite flexible
molecules, the total number of possible conformers can quickly reach rather high figures and an
attempt to generate all of these conformers will fail due to excessive main memory and
processing time consumption. However, carrying out the processing of FCCs in order of
increasing energy and the early pruning of high-energy conformers during torsion driving
ensures that also in cases where the conformational space cannot be explored exhaustively, most
of the low-energy conformers will be captured and end up in the generated output ensembles (see

section Results and Discussion).
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Figure 10. Fragment conformer combination torsion driving workflow. Ecom» = sum of fragment
conformer energies of the current combination, E,.. = upper energy limit according to the energy
of the combination that led to the current lowest energy conformer and energy window setting,
Neonf = current number of generated output conformers, Npuqx = maximum number of output

conformers.

The first step of the overall torsion driving workflow (Figure 10) is concerned with the setup of
the fragment tree data structure. This data structure represents the in-memory foundation of the
torsion driving algorithm and comprises a set of linked nodes organized in a tree-like manner.
Each non-leaf node of the tree references a particular rotatable bond and provides storage for
conformers that can be generated by aligning all possible pairs of child node conformers along
the referenced bond applying the dihedral angles specified by an assigned torsion library entry.
The leaf nodes are associated with the fragments constituting the parent structure (root node) and
each stores a particular fragment conformer as specified by the currently processed FCC. For the
sake of better understanding, Figure 11 shows an example of a typical fragment tree constructed

by the setup procedure for the molecule shown in the root node.
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Figure 11. Example of a fragment tree built for the molecule shown in the root node (top of the
figure). This data structure serves as the basis for the systematic generation of molecule
conformers by performing torsion driving on a given FCC (represented by the fragment
conformers stored in the leaf nodes). For every rotatable bond of the molecule (marked in red), a
dedicated internal node stores the conformers that can be generated by twisting all possible child
node conformer combinations around the rotatable bond according to the dihedral angles

provided by the assigned torsion library entry.

Once the fragment tree data structure has been set up, an assignment of proper dihedral angles
for the rotatable bonds referenced by the non-leaf nodes is carried out. Here, for each rotatable
bond, a lookup for a matching entry in the loaded torsion libraries will be performed. Torsion
library entries specify matching rotatable bonds by a single SMARTS pattern® which describes a
linear path of three or four atoms and provides lists of preferred dihedral angles and associated
tolerance intervals. The torsion library used by CONFORGE has been derived from the
collection of rotatable bond patterns and corresponding dihedral angles compiled by Schérfer et
al.% and Guba et al.®” which resulted from statistical analyses of torsion angle preferences in the
drug-like chemical space. Based on the set of rotatable bond patterns in the most recent version
of the library by Guba et al., we performed our own torsion angle analysis using a database of
experimentally-determined receptor-bound ligand 3D structures extracted from the PDB.% Based
on the obtained results, several new library entries have been added, and various modifications to
the angle and tolerance lists of existing entries in the library by Guba et al. were made. Aside
from the built-in library, CONFORGE also supports multiple user-specified external torsion
libraries which are included in the search for matching entries. These will take precedence over
the entries in the built-in library and thus enable customization of the dihedral angles used in the
torsion driving core procedure.

Depending on the conformer generation settings in effect and the presence of local symmetry,
dihedral angles provided by the looked-up library entries may undergo further processing before
they are assigned to the corresponding tree nodes: i) In the case of rotatable bonds which
represent an axis of 1-, 2- or 3-fold rotational symmetry of at least one of the connected

fragments, all redundant angles that would lead to the generation of conformer duplicates are
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removed. Often occurring fragments with known rotational symmetry (e.g. Trifluormethyl,
Phenyl, #-Butyl, ...) have been tabulated as a list of SMARTS-patterns and are identified at
runtime by substructure searching. ii) If torsion angle tolerance range sampling has been enabled
(default: not enabled), two additional angles per listed dihedral angle will be calculated that mark
the beginning and end of the dihedral angle’s first tolerance range (see ref. ' for the definition of
the first tolerance range).

After the torsion angle assignment step, the workflow enters a loop in which a set of output
conformer candidates will be generated for each specified input FCC. The loop is exited either
after all FCCs have been processed or if one of the two early exit conditions is fulfilled. The first
early exit check is carried out before entering the torsion driving core procedure and evaluates
whether the energy of the currently processed FCC is above a certain upper energy limit. The
energy limit is calculated as the sum of the energy of the FCC that resulted in the lowest energy
output conformer generated so far and the specified energy window size. A generation of novel
low-energy output conformers from FCCs above this energy limit is very unlikely and the
processing of additional input FCCs will have little impact on the final output conformer
ensemble. Hence, the main loop can already be exited at this point with, on average, only little
losses in output conformer ensemble quality.

If the FCC passes the energy limit check, the torsion driving core procedure will be entered.
Herein, the leaf nodes of the fragment tree are first initialized with the fragment conformers
specified by the newly processed FCC and then a recursive generation of conformers at the non-
leaf nodes is carried out. The conformers of a non-leaf node are generated by overlaying pairs of
left and right child node conformers at the referenced rotatable bond and then applying rotations
to the coordinates of one child conformer according to the torsion angles assigned during setup.
This process is repeated for all possible child node conformer pair and torsion angle
combinations and finally results in a set of conformers which represents the conformational
space of the molecule substructure covered by the fragments referenced in the subtree rooting at
the currently processed node.

The MMFF94 energy Ea-g of a conformer A-B that was generated from two child node

conformers A and B for the torsion angle @ can be calculated as (Eq. 1):

Eap(®) = Es+ Ep + Eps + Ef(®) + Ec(O®) + Evaw(O) Eq. 1
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E4 and Ep denote the MMFF94 energies of the child node conformers A and B, respectively, Eps
represents the bond stretching interaction energy of the rotatable bond, E7 represents the sum of
the energies of torsion interactions involving the rotatable bond, Ec denotes the sum of the
energies of electrostatic interactions between the child node substructures, and Evaw denotes the
sum of corresponding Van der Waals interaction energies. As can be seen from Eq. 1, Ea, Ep as
well as Eps are torsion angle independent constants whose values, once calculated, can be reused
in the calculation of other energy terms they are involved in. The torsion driving procedure
exploits this fact and is thus able to perform a fast energy calculation of newly generated
conformers since every parameterized forcefield interaction energy term, in the worst case, needs
to be evaluated only once per generated conformer.

For each newly generated conformer a first check is made to determine whether its energy is
exceeding the current energy threshold which equals the sum of the minimum conformer energy
encountered so far and the specified energy window size. If so, the generated conformer is
discarded. Otherwise, it will be added to the node’s current working set. After all possible
conformers of a node have been generated, each saved conformer is again checked whether its
energy is within the allowed energy window and if not, gets discarded. Finally, the remaining
conformers are ordered by increasing energy and, if the number of conformers exceeds the
maximum allowed pool size (default value: 10,000 conformers), the amount of conformers is
reduced by pruning excessive high-energy conformers. These post-processing steps ensure that
potential high-energy molecule conformers get identified and removed from the processing
pipeline already early on and, in case of molecules comprising many fragments and/or high
numbers of torsion angles per rotor bond, a combinatorial explosion of live conformers will be
avoided.

After the bottom-up generation of conformers has finished at the root node of the fragment tree,
the torsion driving procedure terminates. The root node now stores a set of final low-energy
molecule conformers derived from the currently processed FCC. For each conformer a check is
then made whether its energy is above an upper limit calculated as the sum of the minimum
conformer energy encountered so far for all processed FCCs and the specified energy window
size. If the conformer’s energy is above the threshold, the conformer gets discarded. Otherwise,
it is added to the output conformer working set. If, during the processing of the root node

conformer ensemble, a new energetic minimum conformer has been encountered, the energetic
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minimum gets adapted and all conformers in the current working set which are now above the
new upper energy limit are discarded.

After all conformers have been processed, a check is made whether the second early loop exit
condition is met. The condition will be fulfilled if the number of conformers in the working set is
greater or equal to a specified non-zero maximum pool size (default value: 10,000 conformers).
If so, the loop will be exited and the torsion driving workflow terminates. Otherwise, the next

input FCC (if available) will be processed as described above.

Molecule Output Conformer Ensemble Compilation. Sets of low-energy molecule
conformers obtained from the systematic or stochastic sampling procedures usually do not yet
fulfill all user-specified output ensemble characteristics (structural diversity, max. output
ensemble size and energy window size) and may contain a significant amount of duplicates or
clusters of structurally too similar conformers. Figure 12 shows the workflow of the post-
processing procedure which takes care of compiling a final output conformer ensemble with
desired characteristics from a set of supplied input conformers. The procedure starts with ranking
the supplied input conformers by increasing energy to ensure a preference of low-energy
conformers in the later output conformer picking stage. Afterward, a check is made whether a
present 3D structure of the molecule that has been provided with the processed molecule on
input shall be added to the output conformer ensemble (default setting: not included). If so, the
input 3D structure gets extracted and, after calculating its MMFF94 energy, it is added to the
output conformer working set.

Processing then enters the main section of the workflow where final output conformers will be
selected iteratively from the energy ordered set of input conformers based on mutual structural
dissimilarity. The picking loop exits if either all input conformers have been processed, the
maximum output ensemble size has been reached or the energy of the currently processed
conformer exceeds the energy limit which is calculated as the sum of the minimum conformer
energy (= energy of the first conformer) and the specified energy window size. Within the loop a
processed input conformer is selected as an output conformer only if the heavy atom RMSD
between the current conformer and any of the previously selected output conformers is not below
a specified threshold value (default setting: 0.5 A). The RMSD of an evaluated conformer pair is

calculated by performing RMSD minimizing 3D alignments using CDPKit’s implementation of
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the Kabsch algorithm®-"° for all possible homomorphic atom mappings that might result from
the presence of topological symmetry. To avoid an excessive memory and processing time
consumption in case of highly symmetric molecules, the number of processed mappings has been
limited to a hardcoded maximum value of 131,072. If this limit is exceeded, further processing of
the current molecule will be suspended and a corresponding error is reported.

When the RMSD value resulting from one of the performed 3D alignments falls below the
specified threshold, further processing stops and the evaluated input conformer gets rejected. If,
otherwise, all performed pairwise RMSD checks have been passed successfully, the conformer is
added to the output conformer ensemble and processing continues with the next input conformer
in line.

Although the implemented output conformer selection algorithm is quite simple, the obtained
ensembles nevertheless fulfill all major quality criteria, which is proven by the benchmarking

results presented in the Results and Discussion section.
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Figure 12. Molecule output conformer ensemble compilation workflow based on conformer
energy ranking and pairwise RMSD calculations. Econs = conformer energy, Enax = upper
conformer energy limit according to the current lowest energy conformer and energy window
setting, Ncons = current number of generated output conformers, Nyqx = maximum number of

output conformers.

Multi-Molecule Output Conformer Ensemble Generation. For compounds that consist of
multiple components an additional processing step is required which merges the separately
generated molecule conformer ensembles into a single compound output conformer ensemble
(see also section Top-level Conformer Generation Workflow). The compound conformer
generation method implemented in CONFORGE builds composite conformers from sets of
selected molecule conformers by lining them up along the X-axis of the coordinate system. For
each placed molecule conformer, an axis-aligned bounding box (AABB) is first calculated which
specifies the minimum [Xoin, Ymin, Zmin] and maximum [Xmax, Yimax, Zmax] values of the atom
coordinates in each dimension of space. The position [Xuin, (Ymin + Ymax) * 0.5, (Zmin + Zmax) *
0.5] then serves as an anchor point for calculating a translation vector to a particular location on
the X-axis. The placement X-position starts at 0 and is incremented by Xax - Xmin + 4.0 after
each conformer has been placed. The constant 4.0 (in A) represents an additional safety distance
and makes sure that no atom Van der Waals sphere clashes occur between successively placed
conformers. For the generation of the ith compound conformer, the molecule conformers at
index i of the respective ensembles serve as input and its energy represents the total of the
molecule conformer energies. If a conformer at index i does not exist, the molecule conformer
with the highest index will be selected instead. Compound conformers are generated until all
conformers of the largest molecule ensemble(s) have been consumed. A schematic representation

of the compound conformer generation workflow can be found in Figure 13.
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Figure 13. Output conformer ensemble generation workflow for multi-component compounds.

NConf//NCam;: number of conformers of component j, Cp,. ;= ith compound output conformer,

C Mol i= ith conformer of component j, M = number of components.

Results and Discussion

The ability of CONFORGE to reproduce experimental 3D structures as well as its computational
efficiency and robustness has been thoroughly assessed both for typical drug-like molecules and
macrocyclic structures. The calculation of various performance metrics and the visual
presentation of the obtained results largely follows the established protocol developed by

Friedrich et al.?’

with some meaningful additions for the presentation of the macrocycle sampling
benchmarks. For reference, several well-known commercial (iCon;’ two modes), non-open-

source (Conformator;!! two modes) and open-source conformer generators (Balloon,?*> RDKit;¢
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two modes/parameterizations) were assessed in addition to CONFORGE employing the same
benchmarking protocol. The corresponding results will be presented and discussed along the

ones obtained for CONFORGE in the next sections.

Small Molecule Dataset. For assessing the small molecule conformer sampling performance of
the herein evaluated generators the Platinum Diverse Dataset?’ was used. The dataset consists of
2,859 high-quality protein-bound ligand conformations extracted from X-ray structural data
provided by the PDB and has been designed and compiled especially for the benchmarking of

conformer generators. 2728

Macrocycle Dataset. To evaluate the conformational sampling of macrocycles, we used a
dataset consisting of 208 macrocyclic structures taken from the Cambridge Structural Database
(CSD, 130 structures),’! the PDB (60 structures) and the Biologically Interesting Molecule
Reference Dictionary (BIRD) dataset (18 structures).’? The dataset (from now on referred to as
Prime dataset) was compiled by Sindhikara et al. for benchmarking the conformer generator
Prime>! (later also used for benchmarking other generators*®) and contains structurally diverse,
challenging macrocyclic structures (featuring disulfide bridges, cross-linking amide bonds,
polycyclic rings - including cyclodextrins, polyglycines, cycloalkanes and peptidic macrocycles)
with high crystallographic quality (low-temperature factors and/or resolutions). More details

about the composition of the full dataset can be found in the supporting information of.>!

Dataset Preparation. In order to prevent any evaluated conformer generator from taking
advantage of the 3D structural information present in the original dataset files, we converted both
datasets into isomeric SMILES format by means of a small Python script using functionality
provided by CDPKit. The thus generated SMILES files then served as input for the conformer

generators in all performed benchmarking runs.

Benchmarking Software and Hardware. The benchmarking runs for each dataset were

performed in a fully automated manner using a set of Bash and Python scripts on a dedicated
workstation equipped with an Intel Xeon E5-2630 V3 CPU (8 x 2.4 GHz) and 64 GB of DDR3

RAM running CentOS 8 Linux. User interaction was only required for starting the conformer
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ensemble generation process and, once finished, for analyzing the produced conformer generator
output. In each run, all evaluated conformer generators were executed in sequence without user
interaction and indefinite time gaps in between. The source code of the developed benchmarking
suite has been licensed under the GNU GPL V2 and is available for download (see Availability

of data and materials).

Processing Time Measurement and RMSD Calculation. Measured per-molecule processing
times and total program execution times were averaged over five runs to level out runtime
differences caused by background system activity and first-time program startup. Furthermore,
data was read and written only from/to local hard disk drives. Thus, any influence on I/O-speed
and processing times resulting from changes in network latency has been excluded. Depending
on availability, per-molecule processing times were either directly extracted from the saved
conformer generator log-files in a post-processing step or have been determined indirectly by
first time-stamping each line of log-output generated during program execution and then
calculating individual molecule processing times from the time-stamp differences of
characteristic generator specific log-file lines. In order to eliminate systematic processing time
errors due to internal multi-threaded execution (e.g. performed in iCon), single-threaded
execution was enforced for all conformer generators by tying started generator processes to a
single CPU-core using the Linux command ‘taskset’.

The RMSD of generated molecule conformers from the reference 3D structure in the processed
dataset has been calculated after performing an RMSD minimizing 3D alignment using
CDPKit’s implementation of the Kabsch algorithm.*”° For 3D alignment and RMSD calculation
only heavy atoms were considered and all possible topological symmetry mappings have been
taken into account. The lowest RMSD that could be obtained in this way among all conformers
of an evaluated ensemble was then reported as ‘best RMSD’. Since we encountered slight
differences between the conformer ensembles generated by iCon in the five performed runs,
calculated best ensemble RMSDs and ensemble sizes were averaged over the five runs for all

assessed conformer generators.

Statistical Analysis. Paired Wilcoxon Sign Rank Tests”® were carried out to check whether the

observed differences between the calculated smallest reference 3D structure RMSDs of
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conformer ensembles generated by CONFORGE and the corresponding values obtained for the
other herein tested generators are of statistical significance (o = 0.05). The p-Values were
adjusted for groupwise comparisons using the Bonferroni correction.’* Results of all performed

tests together with a short discussion can be found in the Supplementary Information document.

Assessed Generators. Aside from CONFORGE, we benchmarked four additional well-known
conformer ensemble generators - Conformator, iCon, Balloon, and RDKit - and compared their
conformer sampling performance with the results obtained for CONFORGE.

All assessed generators support different conformer sampling modes, methods, or
parameterizations that have an impact on the size and quality of the generated conformer
ensembles as well as on sampling speed. Hence, we also considered different modes of operation
in the performed benchmarks: Conformator and iCon were both run with two sampling
quality/speed settings (best and fast) in the small molecule and macrocycle dataset benchmarks.
For Balloon, we evaluated two sampling algorithms and the RDKit conformer generator was
assessed using two different built-in parameter set versions in all performed benchmarks. For the
sake of comparability of our benchmarking results with the values published by Friedrich et al.
(see notes below), the UFF forcefield was chosen to be used by the RDKit conformer generator
also in our benchmarks (see Table 1). In the Platinum Diverse benchmarks CONFORGE was run
in systematic sampling mode with a) default settings for all other sampling-related parameters
('CONFORGE Systematic Default') and b) enabled exhaustive torsion sampling and defaults for
the remaining settings (CONFORGE Systematic Best'). In the Prime dataset benchmarks
stochastic sampling and default settings for all other sampling parameters were used. A
comprehensive overview of all evaluated conformer generators, the applied settings and other
relevant information can be found in Table 1.

Notes on Omega and other conformer generators: The commercial conformer ensemble
generator Omega® by OpenEye Scientific Software - which has shown exceptional performance

in several previously published benchmarks 78

- would have been a perfect additional candidate
for inclusion in our benchmarking studies. Unfortunately, our academic software license does not
allow for publishing Omega benchmarking results without OpeEyes’s explicit permission.” To
enable at least a partial comparison of CONFORGE with Omega in the Platinum Diverse

benchmarks, we provided the benchmarking results (see Table 2) recently published by Friedrich
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et al.!! In our studies we used the same dataset and RMSD calculation method as Friedrich et al.

and the results we obtained internally for Omega differed only insignificantly (e.g. deviations

between the calculated mean accuracies were 0.012 A for max. ensemble size = 50 and 0.009 A

for max. ensemble size = 250, respectively). Hardware independent performance indicators of

other commercial/open source conformer generators (ConfGenX, ConfGen, CONFECT, MOE,

Frog2, etc.) that were determined and published by Friedrich et al. for the Platinum Diverse

Dataset?”?® can be compared with the corresponding values obtained for CONFORGE in the

same way as it was done for Omega.

Table 1. Conformer Generators and associated Settings employed in the performed

Benchmarking Studies

Generator Settings Clustering® Forcefield Prog. Version

Balloon DGP RMSD MMFF94

1.7.0
Balloon GA* RMSD MMFF94
CONFORGE Systematic Best! RMSD MMFF94s_RTOR_NO_ESTAT™

CDPKit source
CONFORGE Systematic Default® RMSD MMFF94s_RTOR_NO_ESTAT™

2021/02/27
CONFORGE Stochasticf RMSD MMFF94s_RTOR!
Conformator Best RMSD -/ MCOSI

1.1.0
Conformator Fastg RMSD -/ MCOSI
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iCon Best® RMSD MMFF94sk

447
iCon Fast RMSD MMFF94sk
RDK:it KDG" - UFF"

RDKit source
RDKit ETKDGv3! - UFF® 2020/09/2

“Conformer similarity measure used in the compilation of diverse output ensembles. "Genetic
algorithm (GA) disabled (--noGA flag), conformers generated via DG only. “‘GA enabled
(default). “Enforced systematic conformer sampling mode with larger energy window (20
kcal/mol), lower RMSD-threshold (0.3 A) and enabled torsion angle tolerance range sampling.
“Enforced systematic conformer sampling mode using default settings for energy window (15
kcal/mol) and RMSD-threshold (0.5 A). ‘Enforced stochastic conformer sampling using default
parameter settings. #Predefined conformer generation modes provided by the developers.
"Conformer generation using DG embedding parameters for the KDG method.’® ‘Conformer
generation using DG embedding parameters for the ETKDGv3 method including improvements
for small rings.?*¢ IMacrocycle Optimization Score (MCOS), only used for macrocycle
optimization.'! "MMFF94 parameter set variant which enforces planarity of delocalized trigonal
Nitrogen atoms.”” 'MMFF94s using a refined torsion interaction parameter set.”®

"MMFF94s_RTOR excluding electrostatic interaction terms. "Universal Force Field (UFF).”

Small Molecule Conformer Sampling Performance.

As shown in Table 2, our new conformer generator CONFORGE is able to retrieve the bio-active
conformations for the input molecules more accurately on average than all of our competitors.
For a maximum ensemble size of 50 the improvement of CONFORGE Systematic Best over all

competitors is of high statistical significance (o = 0.05, supplementary Table S2), while for a
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maximum ensemble size of 250 (supplementary Table S4) we cannot reject the hypothesis that
the RMSD results of Conformator Best follow the same distribution as our results. As for the
other methods at an ensemble size of 250, we can again claim better accuracy with high
statistical significance (o = 0.05). This is achieved while beating them regarding runtime, most
methods even by more than an order of magnitude. Conformator is able to find better
conformations when only regarding the best conformations from their produced ensembles, but
as the baseline conformation would not be available in practical applications these better
conformations would not be reliably retrievable. Conformator also produces smaller ensemble
sizes when run with its 'Fast' presets, which may be generally desirable, but as the user of a given
method will have to continue working with the generated conformations the on average worse
results are a significant downside. The performance benefits of CONFORGE over Conformator
are also large enough to have real-world impact with a speedup of 21.8x on average, when
comparing CONFORGE'’s 'Best' to Conformator's 'Fast' variant, which is the worst-case
comparison for our method. The runtimes of our benchmarks also show that no other openly
available method can compete with our new implementation regarding time spent, with the best
competitor, the commercially available iCon conformer generator with 'Fast' presets, still

requiring 3.2x the processing time of our method.

Table 2. Conformer Generator Performance Comparison for the Platinum Diverse Dataset

Maximum ensemble size 50 Maximum ensemble size 250
Generator Mean Median Min. Max. Mean Median Min. Max.
RMSD (A)
Balloon DG 0.967 0.788 0.027 4.564 0.806 0.613 0.025 3.996
Balloon GA 0.989 0.858 0.027 4.606 0.833 0.711 0.027 4.336
(ngslt\IFORGE Systematic 0.669| 0486 0030 3.919 0559 | 0416 0.030 3.675
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CONFORGE Systematic 0683 | 0548 0036 3.140 0616 0524 0036 2.793
Default

Conformator Best 0.680 0589 |  0.020 3.255 0568 | 0474  0.020 2.931
Conformator Fast 0.747 0.654 0.020 3.511 0.637 0.538 0.020 3.329
iCon Best 0.701 0588 |  0.030 3.662 0639 [ 0569 0030 3.662
iCon Fast 0.719 0535 0.030 3.921 0598 [ 0474 0030 3.662
RDKit ETKDGV3 0711 059 [ 0038 4386 0604 | 0518 0038 3.367
RDKit KDG 0.738 059 [ 0.038 4.156 0621 | 0515 0038 3.638
Conformator Best® 0.68 0.58 - - 0.57 0.47 ; -
Conformator Fast* 0.75 0.66 - - 0.64 0.53 - -
Omega® 0.67 0.51 - ; 0.57 0.46 ; -

Ensemble Size

Balloon DG 49.09 50 - S| 24155 250 ; -
Balloon GA 38.19 43 - | 18033 210 - -
CONFORGE Systematic 39.05 50 . | 14926 212 - .
CONFORGE Systematic 28.80 29 - | 8207 29 - -
Conformator Best 38.60 42 - - 167.37 189 - -
Conformator Fast 20.53 19 - - 71.46 55 - -
iCon Best 28.96 32 - - 71.99 32 - -
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iCon Fast 35.07 50 - - 122.29 89 - -
RDKit ETKDGv3 50.00 50 - | 24999 250 - -
RDKit KDG 50.00 50 - -1 25000 250 - -
Conformator Best* 38 42 - - 166 187 - -
Conformator Fast* 20 19 - - 70 54 - -
Omega® 34 50 - - 118 74 - -
Processing Time (s)

Balloon DG 16939 | 14432 0711 89.403 | 81763 | 70.543 1285  461.502
Balloon GA 12596 | 10982 0.042 49986 | 66587 | 58269 0472| 262.118
ESSII\IFORGE Systematic 0.164 0.021 0.001 14.295 0.334 0.07 0.001 16.431

CONTORGE Systematic 0102| o0o012| o0o001| 19769 0224 |  0014| 0.001 19.942
Conformator Best 4.028 0.344 0.009 268.220 6.579 2.160 0.009 353.579
Conformator Fast 3.581 0220 0.008 | 262.060 4.240 0516 | 0.008 | 293616
iCon Best 0.652 0.199 |  0.002 64.742 0.755 0275  0.002 65.130
iCon Fast 0.527 0.174 |  0.002 30.975 0.652 0269 |  0.002 31.132
RDKit ETKDGv3 5.539 2962 | 0102 | 932943 | 27377 | 14903 | 0541 | 3657.464
RDKit KDG 4.075 2910  0.077 26434 | 20590 | 14.664 |  0.423 132.641

The best values for RMSD, ensemble size, and molecule processing time obtained by any

assessed generator are written in bold letters. “The values listed for Conformator were taken from
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ref. ! and included for reference to demonstrate the correctness of our benchmarking code by the
close reproduction of the previously published results for this generator. As a side effect, this
allows us to also include the in ref. '! published results for Omega which we could not assess in

our study due to licensing reasons.

It is also important to note that most other conformer generators were not able to handle all of the
presented molecules and failed to produce any results for some molecules. The overall program
execution times and number of molecules for which processing failed are listed in Table 3. Only
1Con was also able to compute conformers for all molecules regardless of ensemble size, while
again, all competitors were significantly slower than our method. The computation of the
conformers for the whole dataset took the more thorough CONFORGE Systematic Best variant
under 9 minutes while the commercially available iCon took 26 minutes with the ‘Fast’ variant.
Freely available algorithms required at least 2 hours and 50 minutes (Conformator Fast) with
many of them taking significantly longer than even that method. This comparison nicely
visualizes the real impact of these runtimes on a researcher whose work depends on the

generation of conformers.

Table 3. Total Program Execution Times and Molecule Processing Failures recorded for the

Platinum Diverse Dataset

Maximum ensemble size 50 Maximum ensemble size 250
Generator
Total execution Number of failed Total execution Number of failed
time (hh:mm:ss)? molecules time (hh:mm:ss)? molecules
Balloon DG 13:26:45 0 64:55:43 1
Balloon GA 10:18:53 3 53:12:55 3
ESSTF ORGE Systematic 00:08:55 0 00:20:23 0
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CONFORGE Systematic 00:05:43 0 00:13:14 0
Default

Conformator Best 03:11:41 4 05:13:06 4
Conformator Fast 02:50:25 4 03:21:48 4
iCon Best 00:31:59 0 00:37:46 0
iCon Fast 00:26:07 0 00:33:44 0
RDKit ETKDGv3 04:36:43 1 22:48:01 1
RDKit KDG 03:34:20 1 18:03:37 1

*Wall time elapsed between program start and termination.

As can be seen in Table 4, the largest improvement of CONFORGE regarding accuracy can be

identified in the number of molecules for which conformer generation produces especially

similar results to the true bioactive conformation (RMSD < 0.5 13;). CONFORGE Systematic

Best is thereby able to produce more conformers close to this ground truth, while still performing

similar to the competitors for larger RMSD accuracy ranges.

Table 4. Percentile of Platinum Diverse Dataset Structures successfully reproduced below

specified RMSD thresholds

Generator

Maximum ensemble size 50

Maximum ensemble size 250

RMSD threshold (A)

0.5

1.0 1.5 2.0

0.5

1.0 1.5 2.0
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Balloon DG 324 61.1 78.5 89.6 41.8 69.7 84.5 93.6
Balloon GA 26.6 58.2 79.2 91.1 34.2 67.6 86.6 94.7
CONFORGE Systematic 514 78.8 90.3 96.4 59.5 86.4 95.0 98.3
Best

CONFORGE Systematic 44.5 80.0 92.2 97.2 47.1 85.2 95.6 99.0
Default

Conformator Best 41.8 78.0 93.2 98.4 52.9 85.9 96.5 99.0
Conformator Fast 36.8 73.8 91.8 98.0 45.9 83.2 95.5 98.8
. 36.5 80.8 93.1 97.9 38.0 86.6 96.2 99.0
iCon Best

. 46.1 76.5 89.5 96.5 54.3 85.3 95.1 98.4
iCon Fast

RDKit ETKDGv3 40.9 75.7 92.0 97.8 47.6 84.9 96.5 99.4
RDKit KDG 40.7 75.0 90.3 96.6 48.5 83.3 95.3 98.5
Conformator Best* 42 78 94 98 53 86 97 99
Conformator Fast* 37 73 91 98 46 83 95 99
Omega® 49 80 92 97 56 87 96 99

The best value for each RMSD threshold obtained by any assessed generator is written in bold
letters. “The values listed for Conformator were taken from ref. '' and included for reference to
demonstrate the correctness of our benchmarking code by the close reproduction of the

previously published results for this generator. As a side effect, this allows us to also include the
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in ref. ! published results for Omega which we could not assess in our study due to licensing

reasons.

In practice, the ensemble size produced during conformer generation is also an important factor.
If a large number of conformers is produced, it is more likely that one of them is close to the
bioactive conformation, as a fundamental goal of conformer generation is to produce a
sufficiently diverse set of results. Still, this increase in the number of conformations comes with
the downside of having to search through this larger solution space for the conformer(s) desirable
for a given use-case and results in a larger uncertainty of whether or not the correct one was
chosen. For this reason, we visualized in Figure 14 how the accuracy, ensemble size and
processing times compare between the different conformer generation methods. We limited the
ensemble sizes to 50 and 250 for the different measurements, and it can be seen that
CONFORGE lies approximately in the middle regarding how much of the ensemble size limit it
uses, with the 'Best' variant producing smaller ensembles than the 'Default’ variant. Generally, all
methods would be allowed to output maximally large ensemble sizes (exactly the maximum
allowed number for each molecule), but, with the exception of RDKit, they all discard too
similar solutions. Even though CONFORGE produces similarly sized ensembles, its runtime is
unparalleled by the other methods and the accuracy is nearly always better. This shows that the
aforementioned benefits in accuracy and especially runtime are not an artifact of larger

ensembles.
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Figure 14. Percentile of Platinum Diverse Dataset molecules as a function of accuracy in the
reproduction of the protein-bound ligand conformation (left), output ensemble size (middle), and
molecule processing time (right) at maximum ensemble sizes of (a) 50 and (b) 250 conformers.

For each of the diagrams, quicker rising curves indicate better performance.

The size of ensembles usually relates to the degrees of freedom that can be sampled during
conformer generation. Rotatable bonds are thereby the largest contributing factor as the 3D
position of molecule substructures connected to each of these bonds can vary, leading to a
combinatorial problem when assembling the final conformer. Figure 15 shows this property
nicely, as most conformer generators produce larger ensembles with an increasing number of
rotatable bonds. Exceptions to this are the variants of Balloon, which seem to be agnostic to this
number, and Conformator’s 'Best' variant, which does not use the full amount of allowed

conformers, even for complex molecules.
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Figure 15. Median ensemble size as a function of the number of rotatable bonds at maximum
ensembles of (a) 50 and (b) 250 conformers generated for the Platinum Diverse Dataset. Curves

with lower median ensemble sizes indicate better performance with respect to this criterion.

The molecules are also likely to contain more atoms with an increasing number of rotatable
bonds. This introduces more possibilities of errors in the relative position of the atoms compared
to the crystal structure, leading to a higher expected RMSD than for small molecules when using
the same conformer generation method and, therefore, lower accuracy. With increasing molecule
size, this inevitably leads to a decreasing number of molecules retrieved with any fixed RMSD
precision. Figure 16 visualizes this relationship for the different benchmarked methods and
shows how the different algorithms are affected by this phenomenon. While all methods retrieve
less molecules within a fixed threshold with an increasing number of rotatable bonds, our
CONFORGE variants are usually able to handle this increase better than the competitors. Not
only is the retrieval of molecules with few rotatable bonds more accurate, larger ones with more
rotatable bonds also experience less of an accuracy loss compared to the other benchmarked
methods. Other methods we could identify to handle larger numbers of rotatable bonds well
include 'iCon Best' (1 A), 'Conformator Best' (1.5-2 A) and 'RDKit ETKDGv3' (2.5 A) which, as
can be seen in Table 4, show good reproduction rates with increasing RMSD thresholds. For the
percentage of molecules retrieved within the accuracy threshold of RMSD <= 0.5 A

'CONFORGE Systematic Best' outperformed all other methods.
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number of rotatable bonds at maximum ensemble sizes of (a) 50 and (b) 250 conformers.

Macrocycle Conformer Sampling Performance.

Macrocyclic compounds usually pose an even larger challenge for conformer generators due to
the large number of (partially) rotatable bonds contributed by flexible side chains and the
macrocyclic ring system itself. For this reason, we separately compare the performance of the
different conformer generation methods to our CONFORGE Stochastic variant, which has been

specifically designed for macrocycles and large/complex compounds.
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Table 5 shows the performed measurements. CONFORGE Stochastic achieves on average higher
accuracy than any other herein benchmarked method, with high statistical significance (a = 0.05,
supplementary Table S6). When only measuring the accuracy for atoms constituting the
macrocyclic ring, it can be observed that the relative improvement over other methods is even
larger. Still, this improved conformer quality comes at the cost of longer runtimes compared to
other methods. As the quality of the results is significantly better and the relevance of
macrocyclic compounds for drug development is continuously rising, our new method will
provide drastic improvements when working with such molecules. The only notable competitor
in this domain is the RDKit variant ETKDGv3. This method is able to outperform CONFORGE
Stochastic regarding runtime while producing conformers that closely resemble experimental 3D
structures. Still, the conformers produced by RDKit are more difficult to use in practice as the
method always generates conformers up to the maximum allowed ensemble size. This larger
ensemble size, compared to our method’s 255.66 on average, may also be part of the reason why

this competitor produces more sensible results than the other tested methods.

Table 5. Conformer Generator Performance Comparison for the Prime Macrocycle Dataset

Generator Mean Median Min. Max.
Overall RMSD (A)*
Balloon DG 1.782 1.434 0.043 7.637
Balloon GA 1.851 1.592 0.032 5.829
CONFORGE Stochastic 1.153 0.942 0.042 5.249
Conformator Best 1.563 1.187 0.180 6.478
Conformator Fast 1.615 1.252 0.221 6.468
iCon Best 1.472 1.115 0.052 6.372
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iCon Fast 1.479 1.173 0.052 5.928
RDKit ETKDGv3 1.247 0.978 0.052 4.842
RDKit KDG 1.439 1.305 0.049 4.543
Macrocycle RMSD (A)"
Balloon DG 0.938 0.736 0.029 3.855
Balloon GA 1.140 0.917 0.025 4.528
CONFORGE Stochastic 0.586 0.473 0.028 3.155
Conformator Best 0.974 0.808 0.126 5.193
Conformator Fast 1.026 0.857 0.126 3.841
iCon Best 0.913 0.714 0.035 4753
iCon Fast 0.950 0.762 0.035 5.240
RDKit ETKDGv3 0.672 0.584 0.027 3.141
RDKit KDG 0.833 0.747 0.027 3.379
Ensemble Size
Balloon DG 321.20 500 - -
Balloon GA 145.28 64 - -
CONFORGE Stochastic 255.66 242 - -
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Conformator Best 236.02 233 - -
Conformator Fast 99.53 59 - -
iCon Best 69.22 43.8 - -
iCon Fast 130.72 69 - -
RDKit ETKDGv3 500.00 500 - -
RDKit KDG 500.00 500 - -
Processing Time (s)
Balloon DG 262.62 17445 9.87 1453.09
Balloon GA 494 88 343.06 40.58 2602.07
CONFORGE Stochastic 977.88 43291 12.10 10609.27
Conformator Best 471.40 169.61 7.19 43358.54
Conformator Fast 186.90 111.53 1.54 5615.60
iCon Best 28.53 30.17 0.72 492.15
iCon Fast 26.05 2491 0.68 574.71
RDKit ETKDGv3 677.82 159.89 7.25 34714.72
RDKit KDG 31248 148.09 7.37 2962.38

The best values for RMSD, ensemble size, and molecule processing time obtained by any

assessed generator are written in bold letters. “‘RMSD taking into account all heavy atoms of the
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molecule. "RMSD taking into account only the heavy atoms constituting the macrocyclic ring

system.

The difficulty of this task can be seen once again in Table 6 where the number of molecules for
which the conformer generation failed is shown. Besides CONFORGE Stochastic, only RDKit
was able to complete the computations without failure, while the other methods could not
produce any results for at least one molecule. Notably, Conformator even completely crashed
with a segmentation fault when presented 6 of the molecules in the dataset (VEVHAF, POTTEY,
PRD_000785, 1'YND_SFA, INMK_SFM, 3160_GR6).

Table 6. Total Program Execution Times and Molecule Processing Failures recorded for the

Prime Macrocycle Dataset

Generator Total execution atime Number of failed
(hh:mm:ss) molecules
Balloon DG 14:31:35 9
Balloon GA 27:20:21 11
CONFORGE Stochastic 56:30:54 0
Conformator Best 26:29:35 7
Conformator Fast 10:46:42 9
iCon Best 01:48:45 1
iCon Fast 01:40:27 1
RDKit ETKDGvV3 39:09:47 0
RDKit KDG 18:03:17 0
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*Wall time elapsed between program start and termination.

Just as for the previous benchmark, we computed the percentiles of molecules for which
conformers within a certain RMSD threshold have been found by the individual methods. Table
7 shows the resulting values, with CONFORGE Stochastic finding more high-quality conformers
for any of the presented thresholds. The next best percentile values were measured for RDKit

ETKDGvV3.

Table 7. Percentile of Prime Macrocycle Dataset Structures successfully reproduced below

specified RMSD thresholds

RMSD threshold (A)
Generator
0.5 1.0 1.5 2.0 2.5 3.0 35 4.0

Balloon DG 16.3 35.6 49.0 61.1 70.7 77.9 82.7 87.5
Balloon GA 5.8 23.6 43.8 59.6 71.6 79.3 85.6 90.4
CONFORGE Stochastic 25.5 524 75.0 81.7 92.3 95.7 98.6 98.6
Conformator Best 11.5 39.9 60.6 70.7 80.3 86.5 89.4 92.3
Conformator Fast 7.2 36.1 55.3 69.2 78.4 84.6 88.9 90.9
. 19.2 45.7 60.6 72.6 80.8 90.4 93.7 95.7
iCon Best

. 25.0 447 60.6 70.7 80.8 88.0 93.8 95.7
iCon Fast
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RDKit ETKDGv3 22.6 514 67.8 79.8 89.4 94.7 97.6 98.6

RDKit KDG 12.5 389 61.5 74.0 87.0 94.2 97.6 98.6

The best value for each RMSD threshold obtained by any of the assessed generators is written in

bold letters.

The accuracy benefits of CONFORGE can, once again, be seen in Figure 17. The produced
ensembles are of average size compared to our competitors, while the method needs more time to
produce the results than others. This increase in computation time should be more than made up

for by the increase in quality over the other algorithms.
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Figure 17. Percentile of Prime Macrocycle Dataset molecules as a function of accuracy in the
reproduction of the crystallographic 3D-structure (left), output ensemble size (middle), and
molecule processing time (right). For each of the diagrams, quicker rising curves indicate better

performance.

The quality of CONFORGE Stochastic’s results is visualized cumulatively over the number of
rotatable bonds and size of the macrocycle in Figure 18. There, the plots show that for nearly all
possible thresholds for those two properties, our method drastically outperforms any other

algorithm regarding the accuracy of generated conformers.

Mean RMSD [A]
3

0.0

[4] 5 10 15 20 25 30 35 10 20 30 a0 50 60
Maximum number of rotatable bonds Maximum macrocycle size
—— Balloon DG === Conformator Best ===~ iCon Best --- RDKit ETKDGv3
Balloon GA —— Conformator Fast iCon Fast RDKit KDG

—— CONFORGE Stochastic

Figure 18. Mean overall RMSD as a function of the maximum number of rotatable side chain
bonds (left) and maximum size (atom count) of the macrocyclic ring system (right) for the Prime
Macrocycle Dataset. Curves with lower mean RMSD indicate better performance with respect to

this criterion.

Conclusions

We introduced and described the implementation of the novel conformer ensemble generator
CONFORGE which has been designed and developed to deliver top-level performance for all
types of organic molecules in the drug-like chemical space. CONFORGE is fully open-source
and available as part of the Chemical Data Processing Toolkit in the form of a versatile

command-line tool that accepts a wide panel of input data formats and a set of classes and
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functions provided by CDPKit’s C++/Python-API. CONFORGE’s implementation is based on
established concepts and algorithms which have proven their power with respect to conformer
ensemble generation in other well-known software tools for this purpose. For the
computationally efficient and accurate conformational sampling of drug-like small molecules a
knowledge-based systematic approach is employed, which makes extensive use of pre-generated
fragment and torsion angle libraries that were derived from experimental 3D structures. For the
sampling of macrocycle conformers, CONFORGE implements a purely stochastic approach
based on a combination of DG and 3D structure refinement by iterative MMFF94 energy
minimization. Irrespective of the sampling approach, CONFORGE does not require any input
atom 3D coordinates and is able to generate conformer ensembles solely from molecular graph
connection table information. The conformer sampling approach best suited for a processed input
molecule is either chosen automatically or can be specified by the user in advance for all
molecules to process. Furthermore, CONFORGE correctly handles compounds consisting of
multiple molecules like salts and mixtures by a separate generation and later combination of
individual component conformer ensembles.

CONFORGE'’s capability to reproduce experimental 3D structures as well as its computational
efficiency and robustness has been assessed for typical drug-like organic molecules using the
Platinum Diverse Dataset and for macrocyclic systems using a dataset of 208 molecules

1.51

compiled by Sindhikara et al.”" The calculation of performance metrics and the visual

presentation of the obtained results largely followed the established protocol developed by

Friedrich et al.?’

with extensions for the presentation of macrocycle sampling results. For
comparison, several well-known commercial (iCon; two modes), non-open-source (Conformator;
two modes) and open-source conformer generators (Balloon, RDKit; two
modes/parameterizations) were benchmarked in addition to CONFORGE using the same
benchmarking protocol. For the Platinum Diverse Dataset benchmarks, two runs with maximum
output ensemble sizes (MES) of 50 and 250 representative conformers were performed, and for
the testing of the macrocycle sampling performance, a MES of 500 was chosen. In the Platinum
Diverse Dataset benchmarks, CONFORGE achieved a median accuracy in the reproduction of
bioactive conformations of 0.486 A (MES = 50) and 0.416 A (MES = 250), respectively, which
were the best values among all tested generators (see Table 2). At the same time, CONFORGE

had the lowest mean processing time per molecule (12 ms for MES = 50 and 14 ms for MES =
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250, respectively) and the lowest mean output ensemble size of 29 conformers in case of a MES
of 250 and the second lowest for a MES of 50, respectively. The mean accuracy of 1.153 A
achieved by CONFORGE for the macrocycle dataset was again the best among all benchmarked
conformer ensemble generators (see Table 5). However, CONFORGE also showed the highest
mean per molecule processing time (432.91 s) and produced output ensembles with a mean size
of 242 conformers (see Table 5). These results indicate that there is still room for improvements
when it comes to macrocycle conformer sampling and CONFORGE will be best suited for low
throughput applications which favor accuracy over speed.

In summary, the presented open-source conformer ensemble generator CONFORGE has proven
to be able to deliver excellent performance in several aspects of relevance. To our knowledge,
CONFORGE is the first open-source conformer generator that is able to compete with leading
commercial software for the conformational sampling of drug-like small molecules and at the
same time also shows very good performance when it comes to the conformational sampling of
macrocyclic systems. It will provide the scientific community with a truly free alternative of high
quality that facilitates open research due to the absence of any restrictions on the use of the
generated data. As part of the CDPKit project, CONFORGE will be actively maintained and
undergo further development. Planned future improvements of CONFORGE include speed
optimizations regarding stochastic sampling, the possibility to use other general-purpose force
fields like the Open Force Field®® and functionality enabling a restriction of conformer sampling

to only particular user-specified parts of the processed molecule.

Data and Software Availability

The source code of the developed benchmarking suite, both test datasets in SDF and SMILES
format, the generated conformer ensembles (multi-conf. SD-files) and benchmarking result files
(CSV-files and figures) for all assessed generators, the CDPKit source code? in the version at
the time of benchmarking and an installer for the corresponding CDPXKit binaries (compiled for
RHEL 8.x based systems) can be downloaded from https://zenodo.org/record/7817208 (DOI:
10.5281/zenodo.7817208).
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Supplementary Information

A description of all options supported by CONFORGE’s command-line interface (Table S1) and
tables/text summarizing the results of the carried out Paired Wilcoxon Sign Rank Tests (Tables

S2, S3, S4, S5 and S6; PDF).
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3.3 Conclusion

In this chapter, the topic of conformer generation for small molecules was discussed. Also,
the novel conformer generation algorithm CONFORGE was presented, it is available as part
of the open-source toolkit CDPKit [40]. This new method can generate conformer ensem-
bles for small molecules both more accurately and faster than the tested competitors while
improving upon the accuracy of conformers for macrocyclic compounds even more drasti-
cally. Note that not only openly available tools were tested during the benchmarking, but
also commercial-only ones, which were also outperformed. This was achieved by applying
various code/algorithmic optimization strategies and creating a refined fragment library. For
the conformer generation of large compounds, such as molecules with macrocycles, a custom
stochastic sampling strategy was implemented, resulting in unparalleled accuracy compared
to the tested state of the art methods.

The open availability of this fast and accurate method will be of great benefit to the whole
chemoinformatics research community, as many computer aided drug design methods require
compounds’ conformations and their overall result quality strongly depends on the quality of
the conformer ensembles.
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Chapter 4

Graph Edit Distance
Approximation

4.1 Introduction

Graphs are data structures that contain objects, represented as vertices, and their relation-
ships/connections, represented as edges. They can be used to describe a variety of complex
network-like structures such as the Internet, social networks, road networks (intersections
and roads), or molecules (atoms and bonds).

In many of these applications, a measure of dissimilarity between two graphs is of in-
terest. This measure can be thought of as a distance. Two graphs that are similar can be
considered “close” to each other and thereby have a small dissimilarity /distance. Conversely,
very dissimilar graphs can be considered far apart and should therefore have a large distance
value. An intuitive definition for the distance between two equal graphs would thereby be
0, with a distance value greater than 0 for any unequal pair, whereby larger values indicate
more dissimilar graphs. While there exist a variety of graph distance measures [26], one of
the most commonly used ones that adheres to this intuitive idea is Graph Edit Distance.

Graph Edit Distance (GED) is defined as the minimum required total “cost” of trans-
forming one graph into another [I2]. This cost is determined by the edit path, describing
which series of edit operations needs to be performed to modify one graph into the other.
Edit operations have a predefined cost, or cost function, and commonly include changes such
as adding, removing, or relabeling a vertex/edge. The difficulty when computing GED is that
precisely the cheapest (optimal) edit path is required during computation, which leads to the
problem being NP-hard, meaning it can only be computed exactly in a reasonable time for
very small-sized graphs. The problem of this theoretical complexity can also be seen with
the current state of the art algorithms, as none of them can reliably compute exact GED on
graphs with more than 16 nodes. [5] Still, there exist applications where GED is of great use,
such as ligand-based virtual screening of molecules [13], where larger graphs can occur and
runtime per molecule is of utmost importance.

Due to the restrictive complexity of exact GED, approximation methods are often used
in practice, as small inaccuracies are acceptable in many applications. There exist various
heuristics that approximate GED [5], the most prominent one being Bipartite Graph Match-
ing (BGM) [38] due to its relatively low computational complexity. Still, the accuracy of
BGM often suffers from its emphasis on relatively small local neighborhoods around vertices,
as it only considers vertex pairs with their immediate incident edges to build an assignment.
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While methods that consider larger neighborhoods with the BGM methodology exist [6], they
usually require multiple orders of magnitude longer to produce a GED approximation.

Contribution made

The goal was to design a method that is able to approximate Graph Edit Distance (GED)
more accurately than the classical Bipartite Graph Matching (BGM) approach while retaining
a similar runtime or at least not being slower than more accurate heuristics. To achieve this,
the idea was to consider larger neighborhoods of the vertices, while not increasing runtime
drastically. Previous attempts at this idea used subgraphs which are compared with exact
GED [0] or bags of walks [14]. The use of exact GED to compare subgraphs makes the
method a lot slower (multiple orders of magnitude) than the classical BGM, while the bags
of walks approach has the downside of being difficult to parameterize such that accuracy is
gained (tottering phenomenon [14]).

To combat these pitfalls, the use of trees to compare the neighborhoods of vertices for
the computation of assignment costs was investigated. A prominent tree variant, which
has found application in other graph-related problems such as isomorphism testing [19] or
graph kernels [30], is the Weisfeiler Lehman tree. While those trees look promising at first,
their exponential growth in size with increasing graph diameter makes them unfeasible for
comparing neighborhoods.

As a solution to this, a novel tree representation of the neighborhood of a vertex with
the help of neighborhood trees (and compressed neighborhood trees) is proposed. These
trees abstract the surroundings of a vertex by including all shortest paths from the observed
vertex to all other vertices that are reachable within a fixed distance. Not limiting the
distance thereby results in a tree that is limited in depth by the diameter of the graph. Also,
the applied compression methodology ensures that the size of the representations is limited
by the number of vertices and edges in the graph, by transforming the trees into directed
acyclic graphs.

With this novel tree representation combined with the fast BGM approach to approxi-
mate GED, the new method should provide an intuitive tuning parameter to increase the
accuracy of approximation compared to classical BGM, by increasing or decreasing the depth
of the trees, while mostly retaining BGM’s runtime benefits. This should also be very ben-
eficial when using GED with molecules, especially when they are large, as is the case with
macrocyclic molecules.

4.2 Neighborhood Trees
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Abstract—The graph edit distance is used for comparing
graphs in various domains and is primarily approximated due to
its high computational complexity. Widely-used heuristics search
for an optimal assignment of vertices based on the distance
between local substructures. While fast ones only consider
vertices and their incident edges, leading to poor accuracy,
other approaches require computationally intense exact distance
computations between subgraphs. Our new method abstracts
local substructures to neighborhood trees and compares them
using efficient tree matching techniques. This results in a ground
distance for mapping vertices that yields high quality approx-
imations of the graph edit distance. By limiting the maximum
tree height, our method supports steering between more accurate
results and faster execution. We thoroughly analyze the running
time of the tree matching method and propose techniques to
accelerate computation in practice. We use compressed tree
representations, recognize redundancies by tree canonization
and exploit them via caching. Experimentally we show that
our method provides a significantly improved trade-off between
running time and approximation quality compared to existing
state-of-the-art approaches.

I. INTRODUCTION

In recent years graphs have been widely used to model
structured data and methods for analyzing them have gained
in popularity. Graphs are commonly used in web content
mining [1], pattern recognition [2], molecular property pre-
diction [3], [4], any many other domains. Various tasks and
applications require quantifying the similarity of two graphs.
One of the most prominent measures of graph similarity is
the graph edit distance (GED), i.e., the cost for transforming
one graph into another by applying predefined edit operations.
Usually adding, removing and relabeling vertices and edges is
allowed, where each operation is assigned a specific cost. The
computation of the graph edit distance from G to H then
consists of finding a sequence of edit operations of minimum
total cost that can be applied to G and yields a graph G’
isomorphic to H. In practice, the usefulness of the exact GED
is limited, as its computation is NP-hard [5]. This lead to
the development of fast heuristic algorithms, such as bipartite
graph matching (BGM) [6]. This method derives an edit path
from an optimal (linear) assignment between the vertices of
the two graphs. The cost for assigning a vertex v in V(G) to a
vertex v in V (H) reflects the cost for editing v and its incident

* Authors contributed equally to this work

edges to match v’ and its incident edges. Vertex insertion
and deletion is encoded by introducing additional placeholder
vertices. The derived edit path is not necessarily optimal, but
its cost is used as an approximation of the GED in many
domains [7]. However, there are applications, for which the
approximation quality obtained using this method is not suf-
ficient, or that could benefit from more accurate results, such
as graph clustering, k-nn classification or similarity search
in graph databases. Hence, extensions of BGM have been
proposed, which take enlarged local substructures around ver-
tices into account. However, these either capture only limited
structural information using walks [8] or require exact GED
computation of subgraphs [9] leading to a drastic increase in
both memory and time complexity. For this reason, we propose
a new GED heuristic following the concept of BGM, which
includes local information in the form of neighborhood trees
to drastically improve the trade-off between running time and
approximation quality. We compare neighborhood trees by a
structure and depth preserving tree edit distance (SDTED),
which is highly efficient compared to computing the exact
GED, while retaining the benefits of incorporating expressive
structural information.

The concept of neighborhood trees is inspired by so-called
unfolding trees related to the Weisfeiler-Leman heuristic for
the graph isomorphism problem. The method iteratively refines
vertex labels encoding vertex neighborhoods of increasing
size. The technique has recently become popular in graph
learning, where it forms the basis of successful graph ker-
nels [10] and graph neural networks [10], [11]. Graph neural
networks have been shown to be equivalent to the Weisfeiler-
Leman method regarding their expressivity, i.e., the ability
to distinguish non-isomorphic graphs [12], [13]. The discrete
colors representing unfolding trees have been used to obtain
a highly efficient heuristic for the GED ignoring their subtle
structural differences at the expense of approximation qual-
ity [14]. Also, graph neural networks have been employed to
predict the GED for graph pairs, but the technique does not
allow to obtain a corresponding edit path [15]. Unfolding trees
are a suitable concept for understanding the structure encoded
by iterative methods based on direct neighborhoods, but are
rarely generated explicitly. A main reason for this is that they
quickly grow in size with increasing height. Our concept of



neighborhood trees overcomes this problem by pruning re-
peated vertices and allowing compact representations without
redundancy amenable to efficient tree matching.

Our contribution. We make the following contributions.

1) We propose to use tree structures encoding node neigh-
borhoods and their SDTED in the BGM framework for
approximating the graph edit distance.

2) We propose neighborhood trees, a compact and powerful
variation of the Weisfeiler-Leman unfolding trees.

3) We thoroughly analyze the running time of the SDTED
and improve it to O(n2A) for two trees with n vertices
and maximum degree A reducing it by a factor of A%h
over the best previously known result [16], where h is
the height of the tree.

4) We apply caching techniques and compressed representa-
tions to drastically speed-up the computation in practice.

5) We show that our new approach outperforms state-of-
the-art approximation algorithms for the GED regarding
approximation quality while being computed efficiently.

II. PRELIMINARIES

In this section, we give an overview of the necessary
definitions and the notation used throughout the article. We
first introduce graphs, the graph edit distance and a standard
approximation scheme for it. Then we provide an introduction
to the Weisfeiler-Leman algorithm and the SDTED.

A. Graph Theory

A graph G = (V,E,u,v) consists of a set of vertices
V, a set of edges E C V x V between them and labeling
functions p: V' — L and v: E — L for the vertices and
edges, respectively. In this article, we assume that L is a set of
categorical labels. We consider undirected graphs and refer to
an edge between v and v by uv = vu. The vertices and edges
of a graph G are denoted by V(G) and E(G), respectively.
The neighbors of a vertex u € V are denoted by N(u) =
{v | uwv € E}. A rooted tree T is a connected, acyclic graph
with a distinct vertex r € V(T') referred to as root denoted by
r(T) =r.Forv € V(T)\{r} the parent p(v) is defined as the
unique vertex u € N(v) closer to r than v, and Vv € V(T)
the children are defined as chi(v) = N(v)\{p(v)}. An isomor-
phism between two graphs G and H is a bijection ®: V(G) —
V(H) such that () Yu,v € V(GQ): p(v) = p(®w)),
and (i) ®(u)®(v) € E(H) & w € E(G), and
(iil)) Yuv € E(G): v(uv) = v(®(u)®(v)). For two rooted
trees 7' and 7" in addition ®(r(T")) = r(T’) must hold. If an
isomorphism between two graphs G and H exists, they are
called isomorphic, denoted by G = H.

B. Graph Edit Distance

The graph edit distance (GED) is the cost of transforming
one graph into the other by deletion, insertion and relabeling
of vertices and edges. An edit path between G and H is a
sequence (ej,es,...,ex) of such edit operations that, when
applied one after the other to G, yield a graph G’ = H.
Edit operations have non-negative costs given by the edit cost

function c. The GED is the cost of a cheapest edit path.
Formally, the graph edit distance between two graphs G and
H is defined as

k

GED(G, H) = min {Z c(e)

i=1

(e1,...,ex) € T(G, H)} ,

where Y (G, H) denotes the set of all possible edit paths from
G to H. Since computing the GED is NP-hard [5], it is
often approximated. Many heuristics rely on finding an optimal
assignment between the vertices of the graphs. Let A and
B be two sets with |[A] = |B| = nand c: Ax B —- R
a ground cost function. An assignment between A and B
is a bijection m: A — B. The cost of an assignment 7 is
c(m) = > q4cacla,m(a)). The assignment problem is to find
an assignment with minimum cost and can be solved in cubic
time using the Hungarian method [17].

C. Bipartite Graph Matching

An upper bound for the GED between two graphs can be
obtained from any edit path between them. An edit path can be
derived from an optimal assignment of their vertices regarding
a cost matrix. Riesen and Bunke [6] constructed a k X k cost
matrix C, with & = n + m for two graphs with n and m
vertices, respectively. For simplicity, we present a reduced
matrix with k¥ = max{n,m} that is sufficient for metric edit
costs [18]. Due to the symmetry of the GED in this case no
vertices need to be inserted. Assume w.l.o.g. that n > m, then
we obtain a quadratic n X n cost matrix by adding n — m
columns representing deletion of vertices in G by defining

1,1 C1,2 Ciom | Cl,e Cl,e
C = 21 C22 Com | C2.e
Cn,1 Cn,2 Cnym | Cn,e Cn,e

The entries of C' can be interpreted as follows: Values c; ; (left
part) represent the costs for replacing vertex 4 of G with vertex
j of H. The entries c; . (right part) are the costs for deleting
vertex ¢ of G and its incident edges. Based on this cost matrix
an optimal assignment is computed. An equivalent solution can
be obtained from an n x m cost matrix by a more involved
reduction applicable even for non-metric edit costs [19].

An edit path can be derived from a vertex assign-
ment w: V(G) — V(H) as follows [6]: Any vertex
(i) v € V(G) with w(v) ¢ V(H) is deleted, (ii) v € V(H)
with 77 1(v) ¢ V(G) is inserted, (iii) v € V(G) with
w(v) € V(H) and p(v) # p(w(v)) is relabeled. Simi-
larly any edge (i) wv € E(G) with n(u)n(v) ¢ E(H)
is deleted, (ii) uv € E(H) with 7~ Y(u)m~(v) ¢ E(Q)
is inserted, (iii) uv € E(G) with 7(u)w(v) € E(H) and
v(uwv) # v(mw(u)m(v)) is relabeled. The sum of edit costs is
the approximated GED. Since the edit path found might not
be optimal, this method provides an upper bound.
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Fig. 1: Graph G and its unfolding trees Fy,v € V(G

D. Weisfeiler-Leman Color Refinement

The 1-dimensional Weisfeiler-Leman (WL) algorithm or
color refinement starts with all vertices having a color repre-
senting their label (or a uniform coloring in case of unlabeled
vertices). In each iteration the color of every vertex v in V(G)
is updated based on the multiset of colors of its neighbors
according to

cit1(v) = h(ci(v), {ei(w) [u e N(v)}),

where h is an injective function. Since every graph isomor-
phism associates vertices having the same color only, the
approach allows to recognize graphs as non-isomorphic. Non-
isomorphic graphs with the same multiset of colors for all
1 € N exist, but they are rare even for ¢ = 2 [20] and many
real-world graph datasets do not contain such graph pairs [21].
The expressivity and computational efficiency of the method
makes it an important tool for graph isomorphism testing and
machine learning [11], [21].

The colors encode neighborhoods of increasing radius by
a tree structure, see Figure 1. Mathematically, the unfolding
tree FY with height ¢ of the vertex v € V(G) is defined
recursively as the tree with a root representing v and children
N(v). Each child w € N(v) is the root of the unfolding tree
F*, and F} = ({w}, (). The labels of the original graph are
preserved. The unfolding trees F” and F}” of two vertices v
and w are isomorphic if and only if ¢;(v) = ¢;(w).

E. Structure and Depth Preserving Tree Edit Distance

For rooted trees we use the structure and depth preserving
tree edit distance (SDTED) [16], which is defined as

SDTED(T,T") := min{c/(M) | M € SDM(T,T")},

where SDM(T,T”) denotes the set of all structure and
depth preserving mappings between 7' and 7'. A mapping
M C V(T) x V(T") is structure and depth preserving,
iff 1) Y(u,u'),(v,0') € M: uw = v & v =
G (r(T),r(T")) € M, and (i) Y(u,v') € M:

(p(u),p(u)) € M. Let My = V(T)\ {my [ (my,mg) € M}
and My = V(1) \ {mz | (m1, m2) € M} be the vertices not
in the mapping. The cost ¢’ of the mapping M is defined as

S el u@)+ Y clud+ 3 elew).

(u,v)eM u€ M vE Mo

d(M) =

We can respect edge labels by associating the relabeling costs
with the endpoint that is the child of the other endpoint. Given
two trees, the SDTED can be computed in a bottom-up fashion
from optimal assignments between the children of two vertices
at the same level until reaching the roots, see the Appendix
for a recursive formulation.

III. RELATED WORK

Computing the GED is a combinatorial optimization prob-
lem and different standard approaches for such problems have
been applied. Some exact methods are based on backtracking
search, e.g., CSI-GED [22] or BSS_GED [23], while others
use integer linear programming formulations such as BIP-
GED [24]. The complexity, however, makes exact approaches
infeasible for large graphs and approximate methods are
widely-used [7].

Many approximation methods [5], [6], [25], [26], [9] are
based on optimal assignments. Usually, faster methods are
only suitable for graphs with discrete labels and uniform
edit costs. A very general, tight lower bound, which can
handle continuous labels and arbitrary (metric) edit costs,
is Branch [25]. It follows the concept of BGM introduced
by Kaspar Riesen and Horst Bunke [6], but guarantees that
the assignment costs are a lower bound of the GED. Existing
variants use larger neighborhood subgraphs by computing the
exact GED between them with the downside of drastically
increased computational complexity [9]. Others encode neigh-
borhoods by bags of walks [8], where only the start and end
vertices are considered. This comes at the cost of losing local
structure information, as all intermediate vertices are omitted.
Moreover, the approximation quality decreases for walks with
five or more vertices due to the phenomenon of tottering [8].

Our idea of neighborhood trees is inspired by Weisfeiler-
Leman unfolding trees. Graph and vertex similarities based on
the WL algorithm have been studied extensively in machine
learning [21]. Several graph kernels count matching WL col-
ors [10], use them to compute optimal vertex assignments [27]
or define similarities between colors, e.g., by matching un-
folding trees [16]. A GED approximation based on finding an
optimal vertex assignment regarding a tree metric generated
by the WL algorithm was proposed by Kriege et al. [14]. This
approach uses matching WL colors and implicitly compares
the unfolding trees of two vertices level-wise (from root to
leaves) and determines the similarity as the number of levels
up to which the unfolding trees are isomorphic. This leads to
a coarse similarity, in which vertices with different labels, but
equal neighborhoods are considered less similar than vertices
with the same label and completely different neighborhoods.
While the technique is faster than comparable BGM methods,
it is less accurate on some datasets.

GED approximation methods not based on BGM are of-
ten multiple orders of magnitude slower, while improving
accuracy only marginally [26]. This includes methods such
as the LP relaxations of ILP formulations [24], which may
yield tighter lower bounds but, again, at drastically increased
runtime. Graph neural networks have been used for predicting
the GED for pairs of graphs based on their vertex- and graph-
level embeddings [15]. This technique, however, does not yield
an edit path and cannot guarantee that the result is a lower or
upper bound for the GED.
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(a) G (b) Unfolding tree (c) O-NT (d) cNT (e) 1-NT
Fig. 2: Graph G, and height 2 trees of upper left vertex.

IV. NEIGHBORHOOD TREES FOR GRAPH MATCHING

Accurate approximation of the GED through BGM re-
quires representations of sufficiently large and complex ver-
tex neighborhoods, which allow the efficient computation of
suitable and expressive distances. We propose to use trees
for representing neighborhoods and use the SDTED between
such trees as a cost function for the assignment. Trees cap-
ture the vertex neighborhoods well and their structure can
be exploited to speed up distance computation. This leads
to significant speed-ups over neighborhood subgraphs. We
investigate traditional WL unfolding trees for this purpose,
which quickly grow in size with increasing height and store
a large amount of redundant information. To mitigate this, we
propose k-redundant neighborhood trees, which are equivalent
to WL unfolding trees for sufficiently large % but exhibit less
redundancy for smaller values of k£ leading to significantly
more compact representations. Of particular interest are the 0-
redundant neighborhood trees, which represent a vertex with
its surroundings by a rooted tree of shortest paths up to a
maximum length restricting the radius of the surroundings.
Bounding the tree height allows to control the trade-off be-
tween more accurate results and faster execution.

A. Definitions and Properties

We formalize the concept of neighborhood trees. A k-
redundant neighborhood tree can be constructed from the
corresponding unfolding tree by deleting all subtrees with its
roots that already occurred more than k levels before. Let
depth(v) denote the length of the path from v to the root
and ¢(v) denote the original vertex in V (G) represented by v
in the unfolding or neighborhood tree.

Definition 1 (k-redundant Neighborhood Tree, k-NT). For
k > 0, the k-redundant neighborhood tree of a vertex v €
V(G) with height i, denoted by T}y, is defined as the subtree
of the unfolding tree F} induced by the vertices uw € V (F}Y)
satisfying

Yw € V(E?): ¢(u) = ¢(w) = depth(u) < depth(w) + k.

Note that for £ > ¢ the k-redundant neighborhood tree is
equivalent to the WL unfolding tree. We call the 0-redundant
neighborhood tree simply neighborhood tree (NT), see Fig-
ure 2 for an example. In neighborhood trees, some edges of the
graph are not represented, e.g., the diagonal edge between the
blue and the green vertex of graph G in Figure 2. Hence, we
also investigate 1-redundant neighborhood trees, which include
such edges (see the Appendix for details).

Neighborhood trees may contain multiple instances of the
same vertex on the same level only. In general k-redundant

neighborhood trees, these duplicates are again the roots of
isomorphic subtrees and increase the size further. Therefore,
we propose a compressed neighborhood tree (cNT) to reduce
duplicate vertices. Given two vertices v and v on the same
level of a rooted tree T', by merging u onto v we refer to
the operation that adds the edge p(u)v to T and deletes the
subtree rooted at u. When merging two vertices, we assume
that no vertices with lower depth can be merged.

Definition 2 (Compressed Neighborhood Tree, cNT). The
compressed neighborhood tree Cf) of v € V(G) is the
reduction of T}, obtained by merging vertices u onto vertices
w whenever ¢(u) = ¢(w) and depth(u) = depth(w).

Note that the rooted subtrees of two vertices that are
merged are isomorphic leading to a well-defined compressed
neighborhood tree independent of the order in which vertices
at the same level are merged. The size and height of a ¢cNT
are bounded as follows.

Theorem 1. The cNT of a k-redundant neighborhood tree
rooted at any vertex of a graph G has size at most O(|E(G)|-
(k+1)) and height at most diam(G) + k, where diam(G) is
the diameter of G.

Proof. A cNT CY, ; rooted at vertex v € V(G) includes all
shortest paths from v to any vertex w which have length at
most diam(G). As the parameter k in k-NTs allows for up to
k repetitions of vertices in subsequent layers, at most k layers
are added to the compressed k-NT through repetition of the
vertex w € V(G) where Vu € V(G): depth(u) < depth(w).
Thereby, the maximum height is bounded by diam(G) + k.
Since no vertex can occur multiple times in a single layer and
a vertex can only occur in 1+ & consecutive layers, we can
infer an upper bound on the size of any compressed k-NT.
Any vertex u € V(G) can occur at most k + 1 times together
with its incident edges. As |E(G)| > |[V(G)| + 1 the size of
any C7). is bounded by O(|E(G)| - k). O

Restricting the maximum height reduces the size of the tree
further by pruning deeper levels. The compressed tree C7
can be created directly instead of deriving it from the full tree
by merging vertices.

B. Creating Neighborhood Trees

Algorithm 1 shows how to generate compressed neighbor-
hood trees according to Definitions 1 and 2 with ¥ = 0 and
a maximum height h. For the creation of a tree the chosen
vertex is set as its root and iterative refinement is performed.
The iterative refinement method explores the neighborhood
level-wise in a breadth-first search fashion. We build the cNT
by appending newly found children to their parents instead
of inserting them into a queue. If a child was already found
at a layer and a corresponding vertex has been created in
the cNT, only the missing edge is inserted. If the refinement
did not extend the tree by a new level, its height remains
unchanged. In this case the refinement procedure terminates
immediately, otherwise it continues until the maximum height



Algorithm 1 Creation of compressed neighborhood trees

function BUILDNT(Graph G, height h)
T<+0
for each v € V(G) do
T < cTree(v) > initialize cNT
140 > refinement height
while ¢ < h and HEIGHT(T') = i do
REFINE(T', )
141+1
T+ Tu{T}

return 7

> T all cNTs

function REFINE(cTree 7', Graph G)
d < HEIGHT(T)
Lq < {v e V(T) | depth(v) = d}
for each v € L; do
for each ¢ < vu € E(G) do > edges incident to v
if u ¢ V(T) then
T.ADD(v,u,e) > add child u to v with e
else if depth(u) = d + 1 then
T.ADDEDGE(v,u,e) 1> add e from v to u

h is reached. Our datastructures for (compressed) neighbor-
hood trees maintain information such as the vertex depth,
the set Ly of potentially extendable leaves, and whether a
vertex is already represented to achieve constant time look-ups.
With these techniques Algorithm 1 constructs a compressed
neighborhood tree of a given vertex in time O(|E(G)]).

C. Neighborhood Tree Edit Distance

We compare pairs of (compressed) neighborhood trees using
the SDTED, see Section II-D, to obtain a distance between
vertex pairs reflecting the dissimilarity of the neighborhoods
for use in the BGM framework. We introduce a weight w to
control the contribution of layers based on their depth. The
cost of an edit operation at depth [ is multiplied by w'. For
w = 1 we obtain the unweighted case and we chose w < 1 to
reduce the influence of deeper levels.

The SDTED can be solved recursively starting at the root
vertices and computing optimal assignments between their
children, where the cost for matching two children depends
on the SDTED of their subtrees, see the Appendix for details
and pseudocode. Schulz et al. [16] used this approach with
memoization to obtain a running time of O(nn’hA3) for
two WL unfolding trees with n and n’ vertices, height h
and a maximum degree of A. We improve the running time
by introducing techniques for efficient tree matching into the
SDTED computation and refining the analysis.

Theorem 2. The SDTED of two trees with n and n' vertices
and maximum degree A can be computed in O(nn'A) time.

Proof. Consider two trees T = (V,E), T" = (V,E’) with
n and n' vertices, respectively. We have to solve a linear
assignment problem for each pair of vertices (i,7) € V x V'

with depth(é) = depth(j). Let n; and n; denote the number
of children of ¢ and j, respectively. Introducing placeholder
vertices for insertion and deletion leads to a squared cost
matrix with n; +n; rows and columns [16]. However, we can
find an equivalent solution using the reduction of Bougleux et
al. [19] resulting in an n; xn; cost matrix C. The arising prob-
lems can be solved by maximum weight matching algorithms
for unbalanced bipartite graphs in time O(ms + s2logs),
where m is the number of edges, i.e., non-zero entries in C,
and s the smaller vertex set [28]. From this we obtain an
upper bound of O(n;n;A) for our setting, since m < n;n;
and s = min{n;,n;} < A. This leads to a total running time
of

Z Z O(n;in;A) =0 an Z njA | =O(nn'A).
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In the case of integral edit costs bounded by K, the costs
in all assignment problems are bounded by C' = K(n + n’).
We can use the bipartite matching algorithm by Goldberg et
al. [29] to obtain a total running time of O(nn’v/Alog(AC))
using the same arguments.

D. GED Approximation with SDTED Caching

Based on the neighborhood tree edit distance we obtain
a cost matrix, which is then used to compute a minimum
assignment between the vertices of the two graphs. From
the assignment an upper bound for the graph edit distance
is then derived yielding our approximation. Combining The-
orem 1 and Theorem 2 we obtain a total running time of
O(nn/mm’A) for computing the cost matrix for two graphs
with n and n’ vertices, m and m’ edges, and maximum degree
A by applying the SDTED to all cNTs of vertex pairs. The
running time for creating the cost matrix dominates the total
running time of our approach. We describe implementation
details and techniques to speed-up the computation in practice.

The most significant acceleration is achieved by storing
and reusing the results of SDTED computations for neigh-
borhood trees and subtrees. To this end, we use canonical
string encodings of trees (further detailed in the Appendix),
which are equal for two trees if and only if the trees are
isomorphic. While no polynomial-time algorithm is known for
the graph canonization problem [30], canonical encodings of
unlabeled trees can be computed in linear-time by classical
algorithms [31], which sort siblings level-wise in a bottom-up
fashion. While for unlabeled graphs sorting can be realized
in linear-time using bucket sort, for arbitrary label alphabets
O(nlogn) time is required to order the tree unambiguously.
From this, a string encoding is derived via tree traversal
serving as a unique identifier. In our method, this technique
is used for accessing a hash-based data structure storing the
SDTED between trees by using tuples of canonical encodings
as key. Here, we exploit the symmetry of the SDTED by
ignoring the order of the two encodings in the tuple.



We implemented the tree canonization procedure such that
it generates canonical encodings of all subtrees as a byproduct,
which are also cached in the same way. This means that, not
only the encodings of subtrees can be reused for computing
the encoding of all parents, but also the repeated computation
of SDTED between subtrees can be avoided. During the first
recursive step, where the overall encodings are computed, all
subtree encodings are also computed and stored.

V. EXPERIMENTAL EVALUATION

We compare our newly proposed technique to state-of-the-
art approaches regarding approximation quality and runtime.
Specifically, we address the following research questions:

Q1 How tight are the upper bounds of our method compared
to the state-of-the-art?

Q2 How do our bounds perform when taking the trade-off
between bound quality and runtime into account?

In the Appendix, we also investigate the speed-up gained by
our caching strategy.

A. Setup

This section gives an overview of the datasets, the methods
used in the experimental comparison and their implementation
and configuration.

1) Methods and Distance Functions: We compare our
approach to the state-of-the-art bipartite graph matching meth-
ods BGM [6], its extensions using bags of walks [8] and
subgraphs [9], as well as to the state-of-the-art exact GED
method BSS_GED [23], as we focus on solution quality
while not being orders of magnitude slower than BGM. For
our method, we compare the assignments under the SDTED
using the traditional unfolding trees WL and neighborhood
trees NT, while varying the height parameter. We employ
the optimizations described in the previous section applying
compression for WL and NT. The weight parameter w for the
SDTED computation was set to 0.5 for all datasets, which was
found to yield good results in preliminary experiments. Since
the exact approach can handle uniform edit costs only, we use
these in our experiments.

2) Implementation: We implemented our newly proposed
methods, as well as BGM and its extensions, in Java. For
our competitors methods, we followed the implementations
presented by the authors. We used the C++ implementation
of BSS_GED provided by the authors. All experiments were
conducted on an Intel Xeon Gold 6130 machine at 2.1 GHz
with 96 GB RAM. We report average execution time over 5
runs. Our implementation is available at http://anonymized.

3) Datasets: We tested all methods on a wide range of
real-world datasets from the TUDataset collection [32] with
different characteristics, see Table I. These datasets are widely
used for graph similarity computation and have discrete vertex
and edge labels. Attributes, if present, were removed prior
to the experiments since not all methods support them. We
randomly sampled 1000 graphs from the dataset Protein
Com [33].

TABLE I: Characteristics of the datasets.

T I N R TN I N
12345678910

Name G| |Vl |E| |Lv| |Lg| diam.
Letter-med 2250 4.67 4.50 — — 2.44
MUTAG 188 17.93 19.79 7 4 822
PTC_FM 349 14.11 14.48 18 4 737
Protein Com 1000 10.19 9.19 622 — 4.76
MSRC_9 221 40.58 97.94 10 - 7.00
NCII 4110 29.87 32.30 37 —  13.33
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Fig. 3: Average relative error (proposed in bold).

B. Results

In the following, we report on our experimental results and
discuss the different research questions.

1) QI: Bound Quality: Tight bounds are essential, espe-
cially when the exact graph edit distance is small. In this
section we compare our new approaches with state-of-the-
art bipartite graph matching. We first investigate how many
iterations are needed for the different tree structures to achieve
the best accuracy. The average relative approximation error of
the different methods regarding the exact graph edit distance is
shown in Figure 3. Since BGM does not have any parameter
to adjust the tree height, walk length or subgraph size, the
approximation error is constant and it is used as a baseline.
While we gain a huge advantage initially in all datasets,
the approximations do not get much better after a certain
tree height. An explanation for this is that many graphs
are already fully explored by NTs of small height and not
many vertices are added in later refinement steps. The Walk
method performed sometimes worse and sometimes better than
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Fig. 4: Approximation quality of N7_10 in comparison to the different
state-of-the-art methods on the datasets MUTAG and MSRC_9. The
methods are denoted with variant_height.

the baseline BGM, while always performing worse than our
approach. Additionally, the method has unpredictably varying
accuracy with increasing walk length, often even leading to
degraded accuracy. The Subgraph method could only be tested
with subgraph sizes of 1 and 2 due to the huge increase in
runtime (see Figure 5). For these parameter settings, the results
were comparable to or worse than our method.

We compare our approximations to the different state-of-
the-art methods in Figure 4 and the corresponding figure in
the Appendix. Points that are below the gray line indicate a
better approximation by our approach. Since almost all points
are below this line, we can conclude, that our method performs
generally better, even on datasets with larger graphs.

2) Q2: Runtime: There is typically a trade-off between
runtime and accuracy. In this section we evaluate our proposed
approaches in terms of runtime. Figure 5 shows the average
runtime for computing the distance between two graphs using
the different methods. Exact computation is much slower
than most approximations and shown as a baseline (for the
datasets MSRC_9 and NCII no values are given, since the
graphs are already too large for this method). Since BGM only
computes one larger assignment (and one small assignment
for each vertex pair), we can expect it to be faster than our
newly proposed methods. In practice we see that the runtime
difference between BGM and NT is quite small, while our
WL variant is much slower. Since the unfolding trees in the
WL variant contain many redundant vertices and grow very
fast in size with increasing height, this is in accordance with
our expectation. The plateauing of the runtime for NT can be
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Fig. 5: Average runtime for computing the distance between two
graphs (proposed in bold).

explained by the bounded size of the NTs. After every edge in
the graph is explored, the tree will not grow in size anymore.
The Subgraph method becomes very slow when increasing
the size of the subgraphs, to the point where exact GED
computation is faster than the approximate method. For this
reason, we did not test subgraph sizes of 3 and larger. The
runtime of Walk varies a lot between the datasets relative to
the other methods. Seemingly, Walk is fastest when the number
of distinct labels is large, due to the small number of matching
node pairs in the method’s product graph. While Walk was the
fastest method other than BGM for the Protein Com dataset, it
is important to note, that it performed worse than the baseline
BGM.

3) Discussion: The experiments showed that, while our
approach provides tighter bounds for the graph edit distance, it
is only marginally slower than state-of-the-art bipartite graph
matching. Especially for graphs with small diameter, a small
tree height is often sufficient. We observed, that in contrast
to bags of walks, where large walk lengths can decrease the
method’s accuracy due to the “tottering phenomenon” [8], the
accuracy of our method increases with larger tree height. This
indicates, that a good choice for our height parameter h can
be easily and intuitively found by a user, as it trades accuracy
for runtime. Our experiments have shown that not limiting h
still results in a fast method, as the increase in computational
complexity arising from the parameter h is bounded by the
diameter of the graphs.

VI. CONCLUSIONS

We introduced a new bipartite graph matching based GED
approximation. For the vertex assignment, neighborhood trees
and their edit distance are used. Thereby, our approach takes
complex structural information around the vertices into ac-
count without performing expensive exact GED computations
for local subgraphs. As our trees can be limited in height,
an individual trade-off between runtime and accuracy can



be achieved. In our experimental evaluation we showed that
the proposed method is only slightly slower than the state-
of-the-art approach, while providing great benefits regarding
approximation accuracy.

In future work we will investigating other practical ap-
plications of our method, such as database search, where
storing the computed SDTEDs globally seems promising.
Furthermore, our method can be applied to molecular graphs
for structure-based virtual screening of ligands [4]. The im-
proved approximation quality with only small overhead is
promising especially when working with larger molecules
such as macrocyclic compounds [34]. The WL algorithm is
fundamental for graph learning methods such as graph kernels
and graph neural networks [21]. Various applications in this
field could potentially benefit from replacing WL unfolding
trees by more compact neighborhood trees.
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APPENDIX

We give algorithmic details omitted in the main document
and investigate 1-redundant neighborhood trees, which do
not provide a huge benefit over O-redundant neighborhood
trees in most cases. In Section A we present the pseudocode
for computing the SDTED. Section B gives an overview
of the creation of k-redundant neighborhood trees, including
implementation details. In Section C we give further details on
implementation and optimization. We show the approximation
results on the remaining datasets in Section D and evaluate the



Algorithm 2 Computation of SDTED

function SDTED(Tree T}, Tree 1)
n + max(|chi(r(T1))], |chi(r(T2))])
PAD(T,n), PAD(T,n) > add undef. for equal size
C+ Ryxn > O initialized
for each s; € chi(r(7y)) do
for each s’ € chi(r(73)) do
if s; is defined or s’ is defined then
if s; is undefined then
Cij + DELETIONCOST(s)
else if s is undefined then
C;j < DELETIONCOST(s;)
else
Cij < SDTED(s;, 5})

> child cost

¢r < COST(r(Th),r(T2))
¢s < LAPCOST(C) > min. subtree assignment cost
return c, + cg

runtime and approximation quality of 1-NTs in Section E. In
Section F we investigate the effect of our caching strategy on
the runtime of our method.

A. SDTED

The structure and depth preserving tree edit distance can be
used to compare two rooted trees. Intuitively, it compares the
two trees layer by layer recursively by finding the minimum
assignment cost between children and including that cost for
assigning the parents in the layer above. A naive implementa-
tion of the SDTED can be seen in Algorithm 2. This simple
variant does not include edge costs, but only vertex costs. Trees
and subtrees with different numbers of children are padded
with placeholder vertices such that deletion/insertion costs can
be considered. The deletion cost of a whole subtree can be de-
termined without additional recursion. For our implementation
of the SDTED we included edge costs and store the costs for
all computed pairs of trees and subtrees using a lexicographic
encoding, see Section C.

B. k-redundant Neighborhood Trees

In variant 1-NT we investigate k-redundant neighborhood
trees with k£ = 1, and allow for vertices to reappear one layer
after their first occurrence (see Figure 6 for an example). Since
vertices can reappear in different layers, the compressed tree
includes the same vertex object in different parts of the tree.
For this reason, vertex references are used such that every
layer of our tree contains at most one distinct reference to a
vertex, while two subsequent layers can contain two different
references to the same vertex. Besides the usage of references,
it only differs from NT regarding conditional checks due to
allowing the additional vertices.

C. Lexicographic Encoding

In the computation of the SDTED, pairs of subtrees often
occur multiple times. This is even more likely to happen if the
original graph has symmetry or otherwise shows regularity.

Yo A An &

(a) G (b) Unfolding tree (c) 1-NT (d) compr. 1-NT

Fig. 6: Graph G, and height 2 trees of upper left vertex.
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Fig. 7: Approximated graph edit distance of N7_J0 in comparison
to the approximation computed by the state-of-the-art methods. The
methods are denoted with variant_height.

Compression of trees alleviates some computational complex-
ity of our method, but the repeated SDTED computation
between the same subtrees is still costly. For this reason, we
introduce a lexicographic encoding on our neighborhood trees
similar to [31]. This encoding is used to store costs for pairs
of trees or subtrees, by mapping their joint encoding to this
value, thereby completely avoiding duplicate computations. As
child encodings are stored during this computation, in practice,
all (sub-)encodings of a tree are created with the first call for
encoding the tree at its root.

Note that when using k-redundant neighborhood trees with
k > 1, vertices are represented through references. This
abstraction of the vertices does not impact the produced
string of the lexicographic encoding but only avoids duplicate
computation for references equal in memory address.

D. Approximation of the Graph Edit Distance

Here we show the results regarding the approximation of the
graph edit distance for the remaining datasets. Figure 7 shows
the relation between our approximation and the state-of-the-art
methods.
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E. Runtime and Approximation Error with 1-NTs

Figure 8 shows the runtime for the different methods, also
including 1-NTs. Interestingly, 1-NT performs much worse on
dataset MSRC_9 than NT, while on the other datasets, there
was not much of a difference between them. This could be
due to the higher average vertex degree in this dataset, since
1-NT has some redundancy in the tree (by allowing vertices
to appear in two consecutive levels).

Figure 9 shows the average approximation error of the
different methods, also including 1-NTs. It can be seen, that
they are only slightly better than 0-NTs in some cases. This,
and the lower runtime, suggests that 0-NTs are sufficient
for representing the neighborhood of a vertex accurately and
efficiently.

FE. Caching

In our extended experiments we evaluate the speed-up in
runtime gained using our caching strategy for the different tree
variants. For a fair comparison, we do not store the cached
values for the whole dataset, but only during the pairwise
approximation. If the values were kept over the computation of
all or multiple approximations additional speedup at the cost
of memory may be gained whenever subtree pairs reoccur for
different graph pairs.

Figure 10 shows the average runtime for computing our
approximations of the graph edit distance with and without
using our caching strategy and varying tree height. Since the
runtime for the uncached WL increased very quickly with
larger height, only values up to a tree height of 5 are given.
On almost all datasets we can see a huge runtime benefit for
all methods. Because the size of the WL trees is not limited
by the graph size and quickly grows, this method benefits
the most from caching. The other two methods benefit more
on datasets with higher average degree and larger diameter.
One reason for this, might be the higher number of redundant
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computations occurring in these graphs, which can be avoided
by our caching strategy.
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4.3 Conclusion

In this chapter, a novel approach for approximating Graph Edit Distance with the help of
new neighborhood trees was presented. Neighborhood trees abstract the local neighborhood
of a vertex by storing all shortest paths to other reachable vertices, with their intermediate
vertices and edges, up to a maximum length. Thereby, the depth of each tree is limited by the
distance to the furthest away vertex and the overall diameter of the graph. This representation
is a lot smaller than Weisfeiler Lehman trees and can even be further reduced in size by
compressing the neighborhood trees into directed acyclic graphs (compressed neighborhood
trees), resulting in trees that at most contain as many vertices and edges as the original
graph.

To approximate GED, the same methodology as in classical Bipartite Graph Matching is
applied, whereby the representations of the vertices of both graphs are compared pairwise to
create a cost matrix from which a minimal assignment is found. To obtain the cost values
for this assignment, Structure and Depth preserving Tree Edit Distance (SDTED) is used
with the compressed neighborhood trees of various sizes. With the optimal assignment of the
trees, the edit path and the resulting GED can be derived. The result section shows that this
newly created method is able to outperform BGM in accuracy, while mostly staying within
the same order of magnitude regarding runtime.

The concept of neighborhood trees and the proposed compression should also be applicable
in other graph-related domains. For example, many graph learning methods use Weisfeiler
Lehman (WL) trees and kernels, where optimizations regarding runtime may be possible
using the novel neighborhood tree representation. Another advantage of these trees is that
they encode less redundant information than WL trees, which may allow machine learning
methods to more easily derive relevant information from the data and thereby produce more
accurate models.
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Chapter 5

Conclusion

In this dissertation, important topics of computer aided drug design and chemoinformatics
were touched on with a focus on domains that need special attention due to the rising im-
portance of novel macrocyclic compounds. In each of those domains, novel methods and
algorithms were presented that are able to improve upon the state of the art and thereby
facilitate further research on large compounds and compounds with macrocyclic core.

A deeper look into virtual molecule screening methods revealed that current state of
the art algorithms often miss molecules even though they should fit the presented screening
model. This is the case due to the overemphasis on secondary fitness scores, which are
not in line with the primary goal of finding a transformation. Therefore, a novel alignment
algorithm (G3PS) was proposed that avoids these issues by iteratively searching for valid
transformations, without overfitting towards such secondary scores. Also, other additional
model restrictions, such as exclusion volumes, are considered already during the process of
finding the transformation, instead of only considering them in post-processing as a filter.
The results show that this new approach is able to retrieve molecules with pharmacophore
screening both more accurately and with lower runtime than the previous state of the art.
When the model allows for omitted features (only partial matches of the molecules) the
runtime improvement of G3PS grows exponentially in the number of allowed omitted features,
as its complexity does not grow with omitted features. The increase in accuracy and runtime
should prove especially useful when working with macrocycles, as those are especially difficult
to find fitting transformations for and require a lot of processing time due to their size.

Conformer generation was another topic of interest, as there are no algorithms pub-
licly available that can compete with commercial ones regarding both runtime and accu-
racy. The generation of high-quality conformers for macrocyclic structures thereby proved
especially challenging, as even only commercially available generators often struggle with
such structures. For this reason, an openly available novel conformer generation algorithm
(CONFORGE) has been developed that implements various optimizations such as refined
fragment libraries and caching strategies to provide an attractive alternative to the scientific
community. The performed benchmarks show that CONFORGE is able to produce con-
former ensembles both faster and with higher accuracy than other openly available methods
while also outperforming the tested commercial ones. For the generation of conformers for
compounds with macrocycles, a stochastic sampling strategy is employed with which the
produced ensembles outperform all of the tested competitors regarding accuracy. This new
method should drastically improve the state of the art and facilitate future research when
working with macrocycles.

Graph edit distance (GED) and approximation thereof were also explored. As the com-
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putation of exact GED is computationally infeasible for even only medium-sized graphs due
to its high algorithmic complexity, it needs to be approximated in practice. Still, GED is
of great interest when working with molecules, as there exist various methods depending on
it, and becomes even more difficult to use with large compounds or compounds with macro-
cycles. Therefore, an investigation on how such an approximation can be obtained more
accurately while not requiring unreasonable amounts of time to compute was necessary. As a
result, a novel local neighborhood representation in the form of (compressed) neighborhood
trees was designed which can be compared and used for creating a vertex assignment. With
this assignment, a suboptimal edit path and thereby upper bound on the GED can be com-
puted. The results show that this new method is able to approximate GED with this upper
bound more accurately than fast state of the art methods while staying within the same order
of magnitude regarding runtime, which other methods don’t. The proposed neighborhood
tree concept could also be applied in other domains. It should be able to replace Weisfeiler
Lehman trees in some applications such as graph neural networks, where both accuracy and
performance could be gained in the future.

Overall, proposed methods and algorithms presented in this dissertation should facilitate
future research in the domain of macrocycles and computer aided drug discovery in general.
For all of the touched topics, the newly developed methods bring significant improvements
regarding result quality, computation time, or in many cases even both. The straightfor-
ward methodologies and explainable nature of the methods should also provide an attractive
starting point for further research and additional improvement upon this thesis’ work.
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Appendix A

Abstract

A.1 English abstract

With the recently fast-growing interest in macrocyclic compounds and the novel synthesis
methods which enable their creation, new computer aided drug design methods are needed
to improve the drug design process. For this reason, existing methods need to be reevaluated
and improved upon to handle both larger and more complex molecules. In this dissertation,
the current state of the art in three application domains, namely virtual screening, small
molecule conformer generation, and graph edit distance approximation, were investigated.

For virtual screening, fundamental flaws with existing methods were identified that lead
to degraded performance and accuracy in hit retrieval. With a major refocus of the opti-
mization goal a novel alignment algorithm, Greedy 3-Point Search, was developed, which is
faster and more accurate in retrieving hits than previous methods. With this new method,
the accuracy and therefore scientific value of pharmacophore-based virtual screening should
increase significantly.

Conformer generation methods are widely available, though the openly accessible methods
produce worse results than commercial-only ones while being computationally less efficient.
The newly created CONFORGE method aims to solve this issue by improving upon the
performance and accuracy of publicly available methods, bringing them closer to or even
surpassing commercially-only ones. It is available for anyone to use with the CDPKit, which
can be downloaded from the public GitHub repository [40].

Graph Edit Distance (GED) computation is NP-hard, making it unfeasible to use with
larger-sized graphs/molecules. While various approximate methods exist, increasing their
accuracy would be beneficial for the use with many follow-up methods. For this reason,
a novel representation of local node surroundings with neighborhood trees was developed,
which can be used in conjunction with the Bipartite Graph Matching (BGM) methodology.
This enables more accurate GED estimation while staying in the same order of magnitude
as standard BGM regarding runtime. Other methods, which provide better accuracy than
BGM, take multiple orders of magnitude longer to run. This new method, thereby, fills an
accuracy /runtime trade-off spot, that was previously not achievable.

With these novel methods, future macrocycle and chemoinformatics research in general
will be able to be conducted more accurately and efficiently. The newly developed concepts
also open up the possibility of new research directions and to spawn further ideas to advance
chemoinformatics or even completely different research domains.

131



A.2 Deutsche Zusammenfassung

Mit dem in letzter Zeit schnell wachsenden Interesse an makrocyclischen Verbindungen und
den neuartigen Syntheseverfahren, die ihre Herstellung ermdoglichen, werden neue computer-
gestlitzte Arzneimitteldesignverfahren benotigt, um den Designprozess zu verbessern. Aus
diesem Grund miissen bestehende Methoden neu bewertet und verbessert werden, um sowohl
groflere als auch komplexere Molekiile handhaben zu koénnen. In dieser Dissertation wurde
der aktuelle Stand der Technik in drei Anwendungsdoménen untersucht, namlich virtuelles
Screening, Generierung von Konformeren fiir kleine Molekiile und Approximation von Graph
Edit Distance.

Fiir das virtuelle Screening wurden grundlegende Mangel mit bestehenden Methoden iden-
tifiziert, die sowohl zu mangelhafter Laufzeit-Leistung als auch zu geringer Genauigkeit beim
auffinden von Treffern fiihren. Mit einer fundamentalen Neuausrichtung des Optimierungs-
ziels wurde ein neuartiger Ausrichtungsalgorithmus entwickelt, Greedy 3-Point Search, der
beim Auffinden von Treffern sowohl schneller als auch genauer ist als frithere Methoden. Die
durch den Einsatz dieser neuen Methode gewonnene Genauigkeit sollte den wissenschaftlichen
Wert des pharmakophorbasierten virtuellen Screenings nochmals erheblich steigern.

Methoden zur Generierung von Konformeren sind weit verbreitet, wobei die offen zugéng-
lichen Methoden schlechtere Ergebnisse liefern als kommerzielle Methoden, wahrend sie rech-
nerisch weniger effizient sind. Die neu entwickelte CONFORGE-Methode zielt darauf ab,
dieses Problem zu l6sen, indem sie sowohl die Leistung als auch die Genauigkeit 6ffentlich
verfiugbarer Methoden verbessert und damit ndher an kommerzielle Methoden herankommt
oder sie sogar iibertrifft. Die entwickelte Software ist fiir jeden iiber das CDPKit verfiighar,
welches aus dem 6ffentlichen GitHub-Repository [40] heruntergeladen werden kann.

Die Berechnung der Graph Edit Distance (GED) ist NP-hart, was eine Verwendung fiir
groflere Graphen/Molekiile unmoglich macht. Es gibt verschiedene Néherungsverfahren, den-
noch wére eine Erhohung ihrer Genauigkeit fiir die Verwendung mit vielen Folgeverfahren von
Vorteil. Aus diesem Grund wurde eine neuartige Darstellung der lokalen Knotenumgebung
mit Nachbarschaftsbaumen entwickelt, die in Verbindung mit der Bipartite Graph Matching
(BGM) Methodik verwendet werden kann. Dies ermdglicht eine genauere GED-Schétzung,
wéhrend sie in Bezug auf die Laufzeit in der gleichen Grofenordnung wie Standard-BGM
bleibt. Andere Methoden, die eine bessere Genauigkeit als BGM bieten, ben6tigen mehrere
Groflenordnungen mehr Zeit. Das neue Verfahren fiillt damit einen Genauigkeits-/Laufzeit-
Kompromisspunkt aus, der zuvor nicht erreichbar war.

Mit den vorgestellten neuartigen Methoden ist zu erwarten, dass zukiinftige Makrocyclen-
und Chemoinformatik-Forschung im Allgemeinen genauer und effizienter durchgefiihrt wer-
den kann. Die neu entwickelten Konzepte bieten sich auch dafiir an neue Forschungsrichtun-
gen zu erdffnen und weitere Ideen hervorzubringen, die Chemoinformatik oder auch andere
Forschungsgebiete weiter voranbringen werden.

132



Bibliography

1]

[10]

[11]

AcHARYA, C., Coop, A., PoLLl, J. E., AND MACKERELL, JR, A. D. Recent advances

in ligand-based drug design: relevance and utility of the conformationally sampled phar-
macophore approach. Curr Comput Aided Drug Des 7, 1 (Mar. 2011), 10-22.

Aksu, B., AND YEGEN, G. Chapter 2 - global regulatory perspectives on quality by
design in pharma manufacturing. In Pharmaceutical Quality by Design, S. Beg and M. S.
Hasnain, Eds. Academic Press, 2019, pp. 19-41.

ANDERSON, A. C. The process of structure-based drug design. Chemistry € Biology
10, 9 (2003), 787-797.

AprarROY, P., REDDY, K. K., AND REDDANNA, P. Structure and ligand based drug
design strategies in the development of novel 5- LOX inhibitors. Curr Med Chem 19, 22
(2012), 3763-3778.

BLUMENTHAL, D. B., BORIA, N., GAMPER, J., BOUGLEUX, S., AND BRUN, L. Com-
paring heuristics for graph edit distance computation. The VLDB Journal 29, 1 (Jan

2020), 419-458.

CARLETTI, V., GAUZERE, B., BRUN, L., AND VENTO, M. Approximate graph edit dis-
tance computation combining bipartite matching and exact neighborhood substructure
distance. In Graph-Based Representations in Pattern Recognition (2015), pp. 188-197.

DURRANT, J. D., AND McCAMMON, J. A. Molecular dynamics simulations and drug
discovery. BMC Biology 9, 1 (Oct. 2011), 71.

EKINS, S., MESTRES, J., AND TESTA, B. In silico pharmacology for drug discovery:
methods for virtual ligand screening and profiling. Br J Pharmacol 152, 1 (June 2007),
9-20.

FISCHER, A., SMIESKO, M., SELLNER, M., AND LILL, M. A. Decision making in
structure-based drug discovery: Visual inspection of docking results. Journal of Medic-

inal Chemistry 64, 5 (2021), 2489-2500. PMID: 33617246.

FrIEDRICH, N.-O., DE BRUYN Kops, C., FLACHSENBERG, F., SOMMER, K., RAREY,
M., aAND KIRCHMAIR, J. Benchmarking commercial conformer ensemble generators.
Journal of Chemical Information and Modeling 57, 11 (2017), 2719-2728. PMID:
28967749.

FrIEDRICH, N.-O., MEYDER, A., DE BrRUYN Kops, C., SOMMER, K., FLACHSEN-
BERG, F., RAREY, M., AND KIRCHMAIR, J. High-quality dataset of protein-bound

133



[21]

[22]

ligand conformations and its application to benchmarking conformer ensemble gener-
ators. Journal of Chemical Information and Modeling 57, 3 (2017), 529-539. PMID:
28206754.

Gao, X., X1A0, B., Tao, D., aND L1, X. A survey of graph edit distance. Pattern
Anal. Appl. 13 (02 2010), 113-129.

GARCIA-HERNANDEZ, C., FERNANDEZ, A., AND SERRATOSA, F. Ligand-based virtual
screening using graph edit distance as molecular similarity measure. Journal of Chemical
Information and Modeling 59, 4 (2019), 1410-1421. PMID: 30920214.

GAUZERE, B., BOUGLEUX, S., RIESEN, K., AND BRUN, L. Approximate graph edit
distance guided by bipartite matching of bags of walks. pp. 73-82.

GINI, G. QSAR methods. Methods Mol Biol 2425 (2022), 1-26.

GooD, A. 4.19 - virtual screening. In Comprehensive Medicinal Chemistry II, J. B.
Taylor and D. J. Triggle, Eds. Elsevier, Oxford, 2007, pp. 459-494.

Hawkins, P. C. D. Conformation generation: The state of the art. Journal of Chemical
Information and Modeling 57, 8 (2017), 1747-1756. PMID: 28682617.

HorvATH, D. Pharmacophore-based virtual screening. Methods Mol Biol 672 (2011),
261-298.

Huang, N. T., AND VILLAR, S. A short tutorial on the weisfeiler-lehman test and its
variants. In ICASSP 2021 - 2021 IEEFE International Conference on Acoustics, Speech
and Signal Processing (ICASSP) (jun 2021), IEEE.

JosHi, T., SHARMA, P., JosHi, T., MATHPAL, S., PANDEY, S. C., PANDEY, A., AND
CHANDRA, S. Chapter 4 - recent advances on computational approach towards potential
drug discovery against leishmaniasis. In Pathogenesis, Treatment and Prevention of
Leishmaniasis, M. Samant and S. Chandra Pandey, Eds. Academic Press, 2021, pp. 63—
84.

KaArpPLUS, M., AND McCaMMON, J. A. Molecular dynamics simulations of
biomolecules. Nature Structural Biology 9, 9 (Sep 2002), 646—652.

Kwitkowski, V. E., PRoweLL, T. M., IBRAHIM, A., FARRELL, A. T., JUSTICE,
R., MITCHELL, S. S., SRIDHARA, R., AND PAzDUR, R. Fda approval summary:
Temsirolimus as treatment for advanced renal cell carcinoma. The Oncologist 15, 4

(2010), 428-435.

LANGER, T., AND HOFFMANN, R. D. Pharmacophores and Pharmacophore Searches.
John Wiley & Sons, Dec. 2006.

LANGER, T., AND WOLBER, G. Pharmacophore definition and 3D searches. Drug
Discov. Today Technol. 1, 3 (Dec. 2004), 203-207.

LeacH, A. R., GiLLET, V. J., LEwWIs, R. A., AND TAYLOR, R. Three-dimensional
pharmacophore methods in drug discovery. J. Med. Chem. 53, 2 (Jan. 2010), 539-558.

L1, T., DoNG, H., SHI, Y., AND DEHMER, M. A comparative analysis of new graph
distance measures and graph edit distance. Information Sciences 403-404 (2017), 15-21.

134



[27]

28]

[29]

[30]

[31]

32]

[37]

[38]

[39]

[40]

[41]

MALLINSON, J., AND COLLINS, I. Macrocycles in new drug discovery. Future Medicinal
Chemistry 4, 11 (2012), 1409-1438. PMID: 22857532.

MARSAULT, E., AND PETERSON, M. Macrocycles are great cycles: Applications, oppor-
tunities, and challenges of synthetic macrocycles in drug discovery. Journal of medicinal
chemistry 54 (03 2011), 1961-2004.

MENG, X.-Y., ZHANG, H.-X., MEZEI, M., AND Cul, M. Molecular docking: a powerful
approach for structure-based drug discovery. Curr Comput Aided Drug Des 7, 2 (June
2011), 146-157.

Moreris, C., FEYy, M., AND KRIEGE, N. M. The power of the weisfeiler-leman algo-
rithm for machine learning with graphs. In IJCAT 2021 (2021), pp. 4543-4550.

MoORRIS, G. M., AND LiM-WILBY, M. Molecular docking. Methods Mol Biol 448
(2008), 365-382.

NATIONAL CENTER FOR BIOTECHNOLOGY INFORMATION. Pubchem: Compound sum-
mary of temsirolimus. https://pubchem.ncbi.nlm.nih.gov/compound/Temsirolimus.
Accessed: 2023-02-07.

NEwMAN, D. J., AND CrRAGG, G. M. Chapter 1 bioactive macrocycles from nature.
In Macrocycles in Drug Discovery. The Royal Society of Chemistry, 2015, pp. 1-36.

PirRHADI, S., SHIRI, F., AND GHASEMI, J. B. Methods and applications of structure
based pharmacophores in drug discovery. Curr Top Med Chem 13,9 (2013), 1036-1047.

PoLi, G., SEIDEL, T., AND LANGER, T. Conformational sampling of small molecules
with icon: Performance assessment in comparison with omega. Frontiers in Chemistry

6 (2018), 229.

QiNnGg, X.-Y., Leg, X. Y., DE RAEYMAECKER, J., TAME, J., ZHANG, K.,
DE MAEYER, M., AND VOET, A. Pharmacophore modeling: Advances, limitations,
and current utility in drug discovery. Journal of Receptor, Ligand and Channel Research
7 (11 2014), 81-92.

RaaMAN, M., SANTRA, S., KovALEv, 1., KOPCHUK, D., ZYRYANOV, G., MAJEE,
A., AND CHUPAKHIN, O. Green synthetic approaches for practically relevant (het-
ero)macrocycles: An overview.

RiEsEN, K., AND BUNKE, H. Approximate graph edit distance computation by means
of bipartite graph matching. Image Vision Comput. 27, 7 (2009), 950-959.

Roy, K., AND DAs, R. N. A review on principles, theory and practices of 2D-QSAR.
Curr Drug Metab 15, 4 (2014), 346-379.

SEIDEL, T. Chemical data processing toolkit. https://github.com/molinfo-vienna/
CDPKit. Accessed: 2023-02-07.

SEIDEL, T., IBIS, G., BENDIX, F., AND WOLBER, G. Strategies for 3d pharmacophore-
based virtual screening. Drug Discovery Today: Technologies 7, 4 (2010), e221-e228. 3D
Pharmacophore Elucidation and Virtual Screening.

135


https://pubchem.ncbi.nlm.nih.gov/compound/Temsirolimus
https://github.com/molinfo-vienna/CDPKit
https://github.com/molinfo-vienna/CDPKit

[42]

[43]

[44]

[45]

SENGUPTA, S., AND MEHTA, G. Macrocyclization via c—h functionalization: a new
paradigm in macrocycle synthesis. Org. Biomol. Chem. 18 (2020), 1851-1876.

SIMOENS, S., AND Huyvs, I. R&d costs of new medicines: A landscape analysis. Frontiers
in Medicine 8 (2021).

THURAKKAL, L., NANJAN, P., AND POREL, M. Design, synthesis and bioactive prop-
erties of a class of macrocycles with tunable functional groups and ring size. Scientific
Reports 12, 1 (Mar 2022), 4815.

TOMAR, V., MAZUMDER, M., CHANDRA, R., YANG, J., AND SAKHARKAR, M. K.
Small molecule drug design. In Encyclopedia of Bioinformatics and Computational Biol-
ogy, S. Ranganathan, M. Gribskov, K. Nakai, and C. Schonbach, Eds. Academic Press,
Oxford, 2019, pp. 741-760.

VERMA, J., KHEDKAR, V. M., AND CouTINHO, E. C. 3D-QSAR in drug design—a
review. Curr Top Med Chem 10, 1 (2010), 95-115.

WOLBER, G., AND LANGER, T. LigandScout: 3-D pharmacophores derived from
protein-bound ligands and their use as virtual screening filters. J Chem Inf Model 45, 1
(Jan. 2005), 160-169.

Xu, M., Luo, S., BENGIO, Y., PENG, J., AND TANG, J. Learning neural generative
dynamics for molecular conformation generation, 2021.

Yu, W., AND MACKERELL, JrR, A. D. Computer-Aided drug design methods. Methods
Mol Biol 1520 (2017), 85-106.

YuDpIN, A. K. Macrocycles: lessons from the distant past, recent developments, and
future directions. Chem Sci 6, 1 (Nov. 2014), 30-49.

136



	Introduction
	Computer aided drug design (CADD)
	Pharmacophores
	Macrocycles
	Scientific goal and motivation of the thesis

	Virtual Screening
	Introduction
	Greedy 3-Point Search
	Conclusion

	Conformer Generation for Small Molecules
	Introduction
	CONFORGE
	Conclusion

	Graph Edit Distance Approximation
	Introduction
	Neighborhood Trees
	Conclusion

	Conclusion
	Appendices
	Abstract
	English abstract
	Deutsche Zusammenfassung


