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Abstract

Structure-based virtual screening is the method of choice for identifying new virtual hits
when no ligands for a target protein are known. Additionally, screening chemical
libraries, which are as vast as possible, has many advantages as the chances of
identifying novel scaffolds and true positives are higher. However, as the sizes of
chemical libraries increase with each new release of molecular libraries, it becomes
more and more computationally and time expensive to perform ultra-large virtual
screening campaigns, which leverage the entirety of these libraries. Machine learning
implementations have been very effective in mitigating these issues. Here, we explore
the most relevant protocols for machine learning accelerated docking-based virtual
screening and personalize two of the protocols (namely Deep Docking and MolPal) for
identifying novel virtual inhibitors of exfoliative toxin A.

Exfoliative toxin A is a glutamic acid specific serine protease, which cleaves desmoglein-
1 an important protein of the skin, responsible for keeping skin cells of the upper layer
connected. This target protein is therefore responsible for a dangerous skin disease,
which is associated with loss of the stratum granulosum and dehydration. So far, no
inhibitors are known, therefore a structure based virtual screening is the best way for
identifying new virtual hits.

By adopting the Deep Docking framework for virtually screening almost 900 million
compounds the needed computational cost was reduced 12 times in comparison to
conventional docking. In the end, 10 novel, prospective inhibitors, which show unique
scaffolds and promising ligand-protein interactions, were retrieved.

In addition, a smaller comparative study was performed using the MolPal framework,
which also reduced the computational cost substantially when screening a 2.1 million
sized library. However, this framework only retrieved 10.2% of the actual 1,000 best-
scoring compounds. This indicated room for improvement in future studies: New
surrogate models, structure-based methods and scoring functions could be investigated
in order to retrieve more personalizable protocols for handling target specific issues and

different aims.






Kurzfassung

Strukturbasiertes virtuelles Screening ist die Methode der Wahl zur ldentifizierung neuer,
virtueller Hits, wenn keine Liganden fur ein Target bekannt sind. DarUber hinaus bietet
das Screening mdglichst umfangreicher chemischer Bibliotheken deutliche Vorteile, da
die Chancen, neue Grundgeriste und bioaktive Substanzen zu identifizieren erhdht
werden. Da jedoch die GroRRe chemischer Bibliotheken mit jeder neuen Veroffentlichung
zunimmt, wird die Durchfihrung extrem groRer virtueller Screenings, die die Gesamtheit
dieser Bibliotheken nutzen, immer rechen- und zeitaufwendiger. Die Implementierung
von maschinellem Lernen stellt dabei eine effektive Losung dar. In dieser Arbeit werden
die wichtigsten Protokolle fir das durch maschinelles Lernen beschleunigte Docking-
basierte virtuelle Screening besprochen. Die zwei vielversprechendsten Protokolle
(namentlich Deep Docking und MolPal) wurden ausgewahlt, personalisiert, und fir die
Identifizierung neuartiger virtueller Hits von Exfoliatin A angewandt.

Exfoliatin A ist eine Glutaminsaure-spezifische Serinprotease, die Desmoglein-1 spaltet,
ein wichtiges Protein der Haut, welches fiur das Zusammenheften der Hautzellen in der
obersten Hautschicht zustandig ist. Dieses Zielprotein ist somit fir eine gefahrliche
Hauterkrankung verantwortlich, die mit dem Verlust der oberflachlichen Hautschicht und
mit Haut-Austrocknung assoziiert wird. Bisher gibt es keine Medikamente gegen
Exfoliatin A, weshalb ein strukturbasiertes, virtuelles Screening eine gute Méglichkeit im
Rahmen von computerbasierten Methode darstellt, um neue potentielle Inhibitoren zu
identifizieren.

Durch den Einsatz des Deep Docking Frameworks fiir das virtuelle Screening von fast
900 Millionen Verbindungen konnten die erforderlichen Rechenkosten im Vergleich zum
herkdmmlichen Docking um das Zwdlffache gesenkt werden. Es konnten zehn neue
potenzielle Inhibitoren gefunden werden, die einzigartige Grundgeruste und
vielversprechende Wechselwirkungen mit dem Protein aufweisen. Darlber hinaus
wurde eine kleinere Vergleichsstudie mit dem MolPal-Framework durchgefuhrt, das
beim Screening einer chemischen Bibliothek (2,2 Millionen Substanzen) ebenfalls zu
einer erheblichen Reduzierung des Rechenaufwands fuhrte. Allerdings wurden mit
diesem Protokoll nur 10,2 % der 1.000 besten Verbindungen gefunden. Dies deutet
darauf hin, dass in kunftigen Studien noch Raum fur Verbesserung besteht: Neue
“surrogate-models", strukturbasierte Methoden und Scoring-Funktionen kdnnten
untersucht werden, um eine Anpassung des Protokolls je nach Forschungsfrage und

Zielprotein zu ermdglichen.
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Introduction

1.Introduction

In recent years the size of most chemical libraries has substantially increased and this
development is likely to continue."? Indeed, the number of drug-like compounds is
roughly estimated to be far larger than the size of the current available libraries, with
~10%° possible compounds, when considering molecules with up to 30 atoms containing
C,N,0andS.:?

There are multiple chemical libraries which can be used for virtual screening (VS). Some
of the most popular and publicly available ones are: (1) ZINC22 with 37 billion
commercially accessible compounds,? Enamine, which offers (2) the Real* database
with 6 billion compounds and (3) the Real Space® library with 36 billion accessible
compounds. Therefore, it is of high interest to find new techniques of screening these
ultra large libraries in order to explore the vast diversity of the chemical space. In fact,
the more compounds are screened, the larger are the possibilities to identify compounds
with new chemotypes and the higher the rate of true positives.®’

In the past, the main method of discovering new hit compounds has been through
experimental high throughput screening (HTS). This approach is associated with various
issues, such as time- and cost-effectiveness.® However, as often the same set of
molecules is screened for multiple targets, the explored chemical space during HTS
campaigns is limited, thus restricting the scaffold novelty.® Due to the limitations
regarding the amount of compounds that can be screened, it is also challenging to find
hits with good activity profiles. Moreover, it is difficult to address challenging protein sites,

such as protein-protein interactions and allosteric sites.?

1.1 Virtual Screening

In VS, ligand libraries are computationally screened in order to assess their activity for a
given target. Through VS, most of the above-mentioned issues can be mitigated. Below,

details of the most widely-used VS approaches are provided.

1.1.1 Ligand-based virtual screening

Ligand-based virtual screening (LBVS) relies on the similarity-property principle, which
generally assumes that structures with similar chemical properties show similar
biological activity.®'° Therefore, known ligands are used for finding new prospective hit

compounds.® This method is therefore especially useful when no protein structure is
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available. Widely used ligand-based methods include quantitative structure — activity

relationships (QSAR), pharmacophore matching and similarity searching.®

1.1.2 Structure-based virtual screening

Structure-based virtual screening (SBVS) relies on the three-dimensional (3D) structure
of the target protein, which can be derived experimentally or computationally.® SBVS,
especially docking, is often chosen over LBVS as SBVS is more likely to find new
scaffolds and it can be used when no ligands are known for a specific target.® Docking
is a popular structure-based method and its potential for screening ultra large libraries

has been demonstrated in multiple studies.®"-1":12

1.1.3 Limitations of structure-based virtual screening

One major obstacle when screening ultra-large libraries through docking, especially in
academia, is the computational cost.”® A further limitation is the availability of high
resolution structural information about the target protein.'>'* Deep learning (DL) is trying
to solve some of these problems for example via de novo structure prediction using
AlphaFold."® Furthermore, DL-based docking programs are faster than traditional
docking programs, as for instance GNINA'® and AutoDock Vina'”, which are full docking
programs adopting DL both for pose prediction as well as scoring. 6"

Another approach to reduce the computational cost of ultra-large virtual screening is the
implementation of DL, not on the docking level, but rather on the screening level. Instead
of docking the entire ultra-large library, models are trained iteratively on just a subset of
the library. The resulting model is then applied to predict the activity of the compounds
of the entire chemical library.® Consequently, this method can be highly effective in
reducing the computational cost of docking ultra-large libraries. Protocols based on this

principle will be discussed, evaluated and employed in this thesis.

1.2 Exfoliative toxin A

Exfoliative toxins (ETs) are highly selective glutamyl endopeptidases, which are
members of the chymotrypsin-like serine protease family. ETs are secreted by different
Staphylococcus spp., including S. aureus, a dangerous pathogen responsible for various
diseases in humans.'®'® The main substrate of ETs is the membrane protein desmoglein
1 (Dsg-1). More specifically, Dsg-1 is a desmosomal cadherin responsible for the
integrity of desmosomes, which are cell-to-cell adhesive structures. Early on, it was

observed that ETs cause skin exfoliation only on the top layer of the skin, the stratum
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granulosum, leaving deeper skin layers intact.” This is explained by the selectivity in
hydrolyzing Dsg-1, which is the only isoform present in the stratum granulosum.
Whereas in the other strata, Dsg-3 is also expressed and able to compensate for Dsg-1
cleavage.' This mechanism of action is the direct cause of staphylococcal scalded skin
syndrome (SSSS), a disease which occurs mainly in infants and shows symptoms such
as loss of the superficial skin layer and dehydration as well as leading to secondary
infections.'®

There are at least four isoforms of ETs, which have been characterized. The main
isoforms known to cause SSSS in humans are ETA and ETB.' The latest isolated
isoform is ETE, which is also capable of cleaving Dsg-1 in the human epidermis.®
However, ETA is far more prevalent than the other ETs and, therefore, also the target
protein for this work.®

As for the structure of ETs, all of its isoforms have the catalytic triad (Asp-His-Ser) that
is characteristic to all the chymotrypsin-like serine proteases. Moreover, ETs also have
some structural elements leading to the selectivity for cleaving the glutamic acid-glycine
bond in Dsg-1, which are also typical for glutamyl endopeptidases.’® However, ETs
possess two very specific structural features: firstly, an N-terminal a-helix containing
charged amino acids can be observed in the available crystal structures. Secondly, the
residues forming the oxyanion hole of the enzyme have a distinct conformation. These
structural variations may be the reasons why ETs show no activity against broad
spectrum substrates of chymotrypsin-like serine proteases.'® The structure of ETA is
depicted in Figure 1, the catalytic triad (D102-H57-S195) is highlighted as well as the
important amino acids of the binding pocket: T190, H213 and K216. Furthermore, P192,

a key residue of the oxyanion hole is depicted.®
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Figure 1: ETA structure retrieved and modified from PDB: 1AGJ21 in order to retrieve the active
conformation for docking purposes. The conformation of P192 was manually changed as described in the
“Protein preparation” section. The protein is depicted in cartoon representation. Important amino acids as
well as the catalytic triad are highlighted in cyan, the binding site is highlighted as a transparent surface.

As of now there is no structural data available showing the interaction of ETA with small
molecule inhibitors, thus making a LBVS approach unfeasible. Therefore, it is extremely
important to find innovative techniques for discovering novel potential inhibitors of ETA.
In this work, a machine learning (ML) framework for accelerated docking-based VS will
be adopted. This allows the screening of billion-size libraries, thus increasing the
chances of finding potential ligands of the target protein. The right framework is chosen

based on the available protocols which are discussed in the following chapters.
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1.3 Related work

A brief summary of the most important work in the field of ML accelerated docking-based

VS is provided in Table 1. The protocols are referred to either by their name or, if no

name is provided, by the surname of the first author and the publication year. In the

following sub-chapters the studies from Table 1 are presented in more detail. Every work

mentioned presents different variations of the above mentioned method for more

efficient SBVS. Two of the protocols will be chosen and adapted in order to establish a

customized ML accelerated SBVS protocol.

Table 1: List of work related to ML accelerated VS in the last 5 years. '

Protocol Input ML Advantages of the | Disadvantages of the
name model method method
Structural RF + More than 10 - Experimental
Svensson - | and physical fold reduction of testing required
20177 descriptors the screening
dataset
Signature SVM + 62.61% - Still time and
molecular reduction of resources
Ahmed - descriptors docking library consuming for
2018% ultra-large
libraries
Morgan FFNN |+ 50 to 100-fold - Computationally
Deep fingerprints reduction of still demanding
Docking - library - Easyto
20202 implement other
docking
programs
MEMES - ECFP, GPR + Only 6% of - Use of k-means
202125 Mol2Vec, library was to cluster the
CDDD docked compounds
Atom-pair RF, + 40-fold - Only supports
MolPAL - fingerprints | FFENN, reduction of docking using
202125 or molecular [ MPNN library pyscreener
graph + Use of Beysian
optimization
Molecular | gcNN. |+ 14-fold - Use of not
Yang - graph or RF, ’ reduction of publicly available
2021% Morgan DNN computing cost tools
fingerprints
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RDKit MPNN |+ 10-to 100-fold - New test and
descriptors reduction of validation set
HASTEN - library after each
202128 + easy to change iteration
ML or docking
methodology
Morgan LR + Uses a simple - Not peer
Martin - fingerprints ML model able reviewed work
202129 to achieve - LR modelis
promising prone to
results overfitting

" Abbreviations: RF, random forest; SVM, support vector machine; FFNN, feed forward neural network;
ECFP, extended connectivity fingerprint; GPR, gaussian process regression; MPNN, message passing
neural network; GCNN, graph convolutional neural network; DNN, deep neural network; LR, logistic
regression

1.3.1 Svensson et al. - 2017

In the study of Svensson et al.?°, a subset of a library is docked. The predicted hits are
experimentally validated and the results are used to train a conformal predictor, which is
based on a RF classification model trained on RDKit*® descriptors. The conformal
predictor classifies the remaining compounds as either of the two classes (active or
inactive) but also as both or none of the classes. Only compounds with one “active” label
were chosen for a second round of screening. This is done until a desired number of
active compounds is identified. This approach is validated by using the Directory of
Useful Decoys, Extended (DUD-E)3' database.?? Overall 57% of the active compounds
were identified, when only screening 9.4% of the original library.?? This approach is not
purely computational, as experimental results are necessary for training the model. For
the objective of screening ultra-large libraries this approach would still be costly and time

consuming.

1.3.2 Ahmed et al. - 2018

In the study of Ahmed et al.?3, a subset of compounds from a chemical library is docked,
the compounds are classified based on the docking scores as “active” and “inactive”. An
inductive conformal prediction approach with SVM as an underlining classifier is trained
and used for predictions on the entire database. The compounds with one single
“inactive” label are removed from the library and, therefore, never docked. The model is
retrained by choosing a small subset of compounds from the reduced library, which are
again docked and labeled. This is done iteratively until the desired efficiency of the model
is reached.?® For validating this approach the entire library is docked for better

comparison with the Ahmed 2018 protocol, which, in fact, reduced the number of docked
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compounds by more than 60% while maintaining an accuracy of 94%, when aiming for
the top 30 hits.?®> However, a 60% reduction of the to-dock library, although remarkable,

is still not enough for screening ultra-large libraries with limited computational resources.

1.3.3 Deep Docking - 2020

In 2020, Gentile et al. developed Deep Docking.?* Here, a subset of compounds is
chosen, docked and labeled as “active” or “inactive” depending on a threshold set based
on the top scoring compounds. A FFNN is trained based on the Morgan fingerprints of
the labeled compounds and the resulting model is used to classify the entire library. In
the following iterations, new and improved models are generated by adding a fraction of
prospective hits to the training set, a procedure called training set augmentation. The
chosen compounds are again docked, and a new model is trained. This process is
repeated for a predefined number of iterations or until the number of prospective hit
compounds is sufficiently small.’ This protocol is the first of its kind to be applied on an
ultra-large library (1.36 billion) and was able to reduce the docking library 50 to 100 times

without any notable hit loss being reported. 24

1.3.4 MEMES - 2021

In MEMES (machine learning framework for enhanced molecular screening)?® a major
difference in comparison to other protocols is introduced: After featurizing the entire
chemical library, the compounds are clustered using k-means. A small subset from each
cluster is chosen and subsequently docked for training the model. From this point,
Bayesian optimization is applied for training the GPR surrogate model and choosing new
compounds to add to the training set based on an acquisition function. This is done
iteratively until the maximal number of iterations is reached.? This protocol was able to
identify about 90% of the top-scoring 1,000 compounds when only docking 6% of a
chemical library containing 100 million compounds.?® The main drawback of this protocol
lies in the k-mean clustering. In fact, if the number of clusters is not correctly set by the
user it might lead to over- or under-clustering.? This is especially difficult with ultra-large
libraries. Secondly, k-means clustering is time-consuming when applied to ultra-large

libraries.®?

1.3.5 MolPal - 2021

MolPAL?® (molecular pool-based active learning) is similar to MEMES? in the sense that
Bayesian optimization is used for iteratively training the surrogate model with new

compounds selected based on an acquisition function. The main difference is that the



Introduction

initial batch of compounds for training the surrogate model is chosen randomly instead
of by clustering. This protocol retrieved almost 95% of the top 50,000 compounds with a
40-fold reduction of the docking library.?® A key advantage of MolPal is its flexibility in
choosing the surrogate model, acquisition metric and batch size depending on the
dataset size and aims of the work.

The same group developed a method named “active design space pruning”® for
excluding all low scoring compounds from the dataset, based on the observation that,
when using MolPal, most compounds predicted as low-scoring ones in the first iteration
remain that way during subsequent iterations. This method excludes compounds by
calculating their probability of being a hit. This probability is based on the mean
(predicted docking score) and the uncertainty of a compound. This does not involve high
additional computational cost as the mean and uncertainty are already required by
Bayesian optimization used in MolPal.3 Again, the user must evaluate whether the lower

computational cost is worth potentially losing hit compounds.

1.3.6 Yang et al. - 2021

Yang et al. published a protocol?” with a similar concept to Deep Docking. One main
difference is that the AutoQSAR/DeepChem package** of Schrodinger is used for
selecting the best model between GCNN and RF. Furthermore, the hyperparameters
are defined in an automated manner. The user needs to specify a time period within
which the hyperparameter and model search is performed.?” The main disadvantage of
this approach is that it adopts tools which are currently not publicly available. Though,

the automated ML approach could be an advantage for non-experienced programmers.

1.3.7 HASTEN - 2021

HASTEN? (machine learning boosted docking) shares many similarities with the Deep
Docking protocol: In HASTEN a subset of compounds from a library is randomly chosen,
docked and a ML model is trained based on the docking scores and applied to the
chemical library. For the subsequent iterations compounds for training the ML model are
selected based on the pool of predicted hits. This is done for a set number of iterations.
The authors report some advantages over previously discussed protocols. Firstly,
HASTEN allows a simple implementation of any docking program and ML methodology.
Secondly, with each iteration step, new compounds with docking scores are added to
the training, validation and test set, and not only to the training set as described with
Deep Docking.?® This last point might be a disadvantage as the models generated after

each iteration cannot be compared to each other as different test sets will be used.
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1.3.8 Martin et al. - 2021

In Martin et al.?° a simple LR model is used for ML, which enables ultra large VS. In this
study, Morgan fingerprints®® with a pharmacophoric invariance of size 8,192 were used.
Their results are also compared with those of MolPal and it is concluded that the more
simple logistic regression reaches better results than the MPNN model, which was
reported to be the best performing model in MolPal.?° However, the linear regression

model might have a tendency to overfit when handling a large number of compounds.3¢

1.4 Objective of this work

The objective of this work is to establish a customized workframe for accelerating
docking-based VS. For this aim, the protocols Deep Docking and MolPal were chosen
and GOLD was incorporated into both protocols for docking. Regardless of the chosen
ML framework, the accuracy of the protocol is dependent on the reliability of the docking
algorithm employed, as the ML models are trained on the docking scores. Although
GOLD was first developed in 1995 it has been continuously improved over the years and
remains one of the most used docking algorithms.?"*® Having GOLD as an additional
option to perform docking within the Deep Docking and MolPal protocols is, therefore,
an enormous advantage.

Deep Docking was chosen as it is the first protocol of its kind to be applied on ultra-large
libraries and showing good results in retrieving top-scoring compounds while reducing
computational cost. Furthermore, Deep Docking has been adopted by other groups and
proven its efficiency in retrieving actual hits, when testing the chosen prospective hits in
in vitro studies.?*° MolPal, on the other hand, is the only protocol using active learning
and incorporating pruning of the inactive labeled compounds. These methods are very
efficient in both retrieving prospective active compounds and reducing computational

cost.
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1.5 Computational Methods

In the following the main computational methods adopted in the selected VS protocols

are explained.

1.5.1 Deep learning in drug discovery

DL approaches have been widely implemented in every part of the drug discovery
pipeline. In the previous chapters, some implementations in VS were discussed. There
are different types of DL algorithms, which are able to recognize patterns and extract
features in different ways based on how the training set is structured.*' In the first
protocol, a multi-layer perceptron (MLP) will be employed for the purpose of generating
models, which will predict the potential ligands from a whole chemical library based on
calculated docking scores of a subset of the library. In the second protocol a direct

message passing neural network (D-MPN) will be employed for the same aim.

1.5.1.1 Multi-layer perceptron
In Deep Docking, the MLP is the DL model of choice. MLP is a type of FFNN and also

the most common type to be used in drug discovery and, therefore, has been extensively
studied. The MLP is trained by detecting the optimal parameters for minimizing the error
between the predicted and the actual label of the input data set.*? As can already be
deduced from the name, the MLP consist of three or more layers: an input layer, an
output layer and one or more hidden layers. Various representations of the molecules
can be used for training, in this case, 1,024-bit Morgan fingerprints® with a radius of 2
were chosen. The exact architecture of the MLP model is described in the respective

method section in detail.

1.5.1.2 Message-passing neural network

When using MolPal, the D-MPN was adopted, as it was the best performing model
reported by the authors.?® The main difference to the MLP is that it operates on a graph
rather than on calculated features. The D-MPN functions in two phases, a message
passing phase and a readout phase. During the first phase “messages” or information
are passed between atoms and/or bonds and their hidden state is updated depending
on the incoming information. This procedure is repeated for a specified number of
iterations. Finally, the hidden states are aggregated in order to produce a molecule-level

feature vector.?®
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1.5.2 Bayesian optimization

MolPal?® adopts Bayesian optimization to build the D-MPN model. Bayesian optimization
is a form of active learning that iteratively selects the experiments to perform depending
on the predictions made by a surrogate model. In this protocol the Bayesian optimization
was performed on a chemical library and the experiments, here molecules, were
selected in batches rather than one by one, therefore, “batched Bayesian optimization”
was performed. Batched Bayesian optimization generally begins by calculating the
objective function for a random set within the pool. Subsequently, a surrogate model is
trained on the data and passed on to an acquisition function together with the value of
the current maximum objective function. The acquisition function calculates the utility of
evaluating the objective function of a new point. In this case, the utility was measured in
a greedy way, meaning that batches are selected based on the highest objective function
value.?543 The points with the largest utility are acquired, the objective value is calculated

and the model is updated with the new data. This process is repeated iteratively.?

1.5.3 Docking

Molecular docking refers to a method that evaluates the predicted poses of molecules
in the binding site of a target protein. Search algorithms generate poses, which are then
ranked by scoring functions.** In the case of GOLD (Genetic Optimisation for Ligand
Docking), a genetic algorithm is employed to explore the possible ligand conformations.
In this work, the default ChemPLP score was used as a scoring function.*” ChemPLP
models van der Waals and repulsive terms in order to evaluate the generated poses and

it is generally very efficient for VS campaigns.*®
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2.Methods

2.1 Ligand preparation

On the one hand the ZINC20" “Wait OK” library, containing over 880 million compounds,
was used for the experiments run using the Deep Docking protocol. The library was
downloaded using the tranches browser on the ZINC website*®. This resulted in the
download of 1,900 tranches. On the other hand, the Enamine HTS library (2.1 million
compounds) was used for evaluating the MolPal workframe. Both libraries were
prepared using tools from OpenEye as described in the Deep Docking protocol':
Flipper, which is part of OMEGA 4.1.0.0%", was used to calculate possible stereoisomers
of each molecule. The tautomers tool from QUACPAC 2.1.1.0*8 was used to determine
the dominant tautomer (at pH 7.4) of each isomer. Default settings were used for both
procedures. The only change was limiting the maximum number of chirality centers to
be enumerated to 8 when using flipper, as the ZINC library would get too large to be
handled on one single workstation when using the default value of 12. To ensure an
efficient execution of these steps, a shell script was written that prepares all the 1,900
tranches of the ZINC library. After the preparation the ZINC library consisted in 890
million compounds and the Enamine library in 3.3 million compounds.

Before starting with the docking procedure, 3D structures of each compound to be
docked were generated using the OPLS4 force field. This was done with LigPrep from
Schrodinger 20221-1.

2.2 Protein preparation

Firstly, the position of P192 was manually changed in order to retrieve the active
conformation of ETA. In PDB 1AGJ?", the carbonyl oxygen of the mentioned proline
residue is flipped 180° in comparison to all other chymotrypsin-like serine proteases,
thus hindering the entrance of the ligand into the oxyanion hole. This conformation is
also reported in other isoforms and assumed to be the inactive state of the protein.™®

The protein was further prepared in Maestro 12.7.161 using the protein preparation
wizard from Schrodinger’s Epik 5.5161 module*® and keeping mostly default parameters:
hydrogens were added, water molecules were removed as they might hinder prospective
hits from forming interactions within the binding site (this is a variation from default),

bond orders were assigned based on the Cambridge crystallographic database (CCD),
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the states of the heteroatoms at pH 7.0+/-2.0 were calculated using Epik. Furthermore,
the protein structure was subjected to energy minimization by applying the OPLS4 force
field®® and converging heavy atoms to a root-mean-square deviation (RMSD) of 0.30 A.
The prepared protein was loaded into Hermes 1.10.5%'. Here, the binding pocket grid
was defined based on a previously docked ligand. Only atoms, which were within 6 A
from the ligand and were solvent accessible, were chosen for building the binding cavity
grid. Lastly the protein structure was saved in mol2 format. The ligand chosen for the
purpose of defining the binding pocket is a protein-like substrate, which was docked to
ETA based on the homology model created by Gismene et al."® showing the homolog
protein ETE bound to a peptide mimicking the human Dsg1 loop containing the cleavage

site.

2.3 Docking and selection of final prospective hits

GOLD was used to dock the compounds during each iteration and in both protocols. All
parameters were set to their default values, except for autoscaling, which was set to 0.5,
thus allowing an acceptable balance between docking speed and accuracy. The number
of generated poses was set to 3 and ChemPLP was used as the scoring function.

These parameter values were kept the same when docking the final library of predicted
hits retrieved after running the last iteration of Deep Docking. The 10,000 best scoring
compounds from this last library were docked again with parameters allowing more
accurate predictions: the autoscale parameter was set to 1, which allows for maximum
accuracy and the number of generated poses for each compound was set to 10. After
this final docking step, the best scoring 1,000 compounds were selected based on the

ligand efficiency (eq. 1) and manually evaluated.

. . . ChemPLP score
ligand efficiency =

eq. 1

number of heavy atoms

2.4 Deep Docking

To ensure simple and user-friendly execution of the Deep Docking protocol, a Jupyter
Notebook®? was generated. This enabled the step-by-step execution of the right scripts
provided by the developers of the protocol, as well as the ligand and protein preparation
and docking. The non-automated version of the protocol was chosen as it is more
suitable for limited computational resources.’ A general overview of the workflow is

depicted in Figure 2.
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Preparation of the “ZINC Wait
OK” ultra-large library
(880 Mio compounds)

A A

Random sampling of library Manual selection of the best
compounds
\ 4 A
Training set
Testing set

Validation set Docking of the predicted

active compounds

y 1
Ligand & protein preparation If last
sufficiently
y small library
DNN model training -
Y
Choose best model Training set augmentation
3
Y
Predictions on entire library

Figure 2: General workflow of the Deep Docking, the first protocol to be adopted. After sampling a random
subset of compounds from a prepared library, the compounds are docked and ML models are trained on
the docking scores. The best model is chosen and used to classify the entire library. Subsequently, new
compounds to be added to the training set in the next iteration are chosen from the pool of prospective hits.
Finally, the last pool of prospective hits is actually docked and manually evaluated.

2.4.1 Descriptors and sample size

After the first preparation of the ligands, 1,024-bit circular Morgan fingerprints3® with
radius 2 were calculated for all compounds. Subsequently, compounds for training,
testing and validation of the MLP model were selected. For each set 900,000 compounds
were randomly chosen. Moreover, overlaps between the sets were eliminated by
removing the common compounds. Then, the compounds were docked and, for better
compatibility with the original protocol, the GOLD scores were inverted by multiplying
them by -1 and the compounds with lower values of the negative scores were considered
better.5® In fact, the protocol was originally designed to use Glide® and FRED®®, which
produce negative docking scores.>® From the generated docking scores, a cutoff is

calculated based on the scores of the validation dataset. As per default, cutoff is set in
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order to classify 1% of the compounds as active and 99% as inactive in the first iteration.
With every subsequent iteration the percentage of compounds considered active is
linearly decreased until reaching 0.01% in the last iteration, meaning the cutoff gets
lower with every iteration in order to retrieve more active compounds. The validation and
test set are the same in each iteration, however the training set is augmented after the
first iteration with 900,000 compounds retrieved from the predicted hits of the previous
iteration. In every iteration, compounds overlapping with those included in the sets used

in previous iterations are removed.

2.4.2 Model training and selection

The Keras Python library was used for training and building the MLP model. The
recommended number of models to generate (24) was chosen. The hyperparameters

for the models were chosen from the default hyperparameter grid:
- dropout =[0.2, 0.5]

learning rate = [0.0001]

bin-array (number of hidden layers) = [2, 3]

classweight = [2, 3]

number of units (neurons) = [100, 1500, 2000]

2 2

Additionally, by default, a 10-fold oversampling of the minority class was performed and
the classweight for the minority class was set to 2 or 3 in order to deal with the highly
imbalanced data. Finally, the threshold used to determine if a compound is active or not
is chosen based on the threshold needed in order to correctly predict 90% or more of
the active compounds in the validation set. This threshold was then also used during
inference.

The best model among 24 generated models was chosen based on the full predicted
database enrichment (FPDE) value on the test set. The FPDE is calculated as the ratio

between the precision (eq. 2) and the random precision (eq. 3).

TP

precision =
TP*FP

eq. 2

TP database
total molecules qgtabase

random precision =
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2.5 MolPal

A general overview of the MolPal protocol can is described in Figure 3.

Enamine HTS library is Manual selection of the best
prepared compounds
(2,2 Mio compounds) T
l Docking of the predicted
Descriptor calculation and active compounds

Protein preparation

If last it. or
l early stopping

Initial sampling
Update surrogate model with
l new data
80:20 split for training and T
validation

Evaluation by docking with
Test set GOLD

! !

Surrogate model Acquisition of the most
construction promising compounds

Figure 3: General workflow of the MolPal protocol: A random subset of the chemical library is chosen and
docked. A surrogate model is trained on the docking scores and applied to predict the docking scores of
the library. From here the Bayesian optimization proc process (highlighted in the green square) begins: an
acquisition function is used to acquire new compounds, which are docked and used to update the model.
This is done for a set number of iterations.

2.5.1 Ligand preparation, sampling and docking

For timing reasons, only a small study was performed using the MolPal protocol. The
Enamine HTS dataset containing 2.1 million compounds was downloaded and prepared
as described above using the programs flipper and tautomers. After preparation, the
library size consisted of 3.3 million compounds. The D-MPN was the best performing
surrogate model as described by the authors of MolPal, therefore, it was adopted in this
work.?® 0.2% of the entire library was randomly chosen for the initial model training, as it
was reported to retrieve accurate results.?® The same threshold is also set for the batch

sizes in subsequent iterations.
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MolPal only supports pyscreener®® for performing the docking. Pyscreener exclusively
allows docking with the four vina docking softwares, Vina'’, QVina2%’, PSOVina®® and
Smina® and with DOCK6®°. To enable the use of GOLD in MolPal, GOLD was
incorporated into pyscreener. So, when GOLD is chosen as the docking software, 3D
conformations of the ligands to be docked are generated as described above.
Furthermore, the ligands are docked and the best score and conformation is retrieved

by parsing the “bestranked” file automatically generated by GOLD for each ligand.

2.5.2 Model training and subsequent iterations

The D-MPN was implemented by PyTourch®' through PyTourchLightning®? using the
MoleculeModel class from the Chemprop library®® and employing standard settings.
Adam optimization was adopted to train the model and a Noam learning rate scheduler,
with initial, maximum and final learning rates of 10#, 10 and 10*, respectively. The
network was trained over 50 epochs, the mean square error was used as a loss function,
with a batch size of 50. An early stopping based on the validation score was applied with
a patience value of 10. The model was trained and then applied to the entire molecule
pool. The model generates a predicted mean for each compound and another subset of
compounds of the same size as the initial sample size is chosen using greedy as an
acquisition metric. The model is updated with the new data and trained on all the
observed compounds. This procedure is done for 5 iterations and a list with the top 1%
compounds and their predicted scores is retrieved at the end. The top-scoring
compounds were compared to the top scoring compounds retrieved when screening the

same library using the same settings for GOLD.

2.6 Hardware

The in-house setup used for this work consisted of a Linux computer with CentoOS
Stream 8 as operating system, 1 GPU (NVIDIA GeForce RTX 4090 with 24 GB of
memory) and 32 CPUs (AMD Ryzen 9 7950X 16-Core Processor). The GPU was used
for MLP and D-MPN training and inference and 26 CPUs were used for docking.
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3.Results

3.1 Decrease in computational time

Overall, a drastic decrease of computational cost and time for both Deep Docking and
MolPal could be seen. The Deep Docking protocol was used to virtually screen over 890
million compounds. Had the compounds been docked on the same workstation as used
for this work, it would have taken over 2 years, whereas using the Deep Docking protocol
it just took 4 weeks. A more detailed description of the duration for the most important

and time-consuming steps can be seen in Table 2.

Table 2: Approximate compute times for the most important steps executed during Deep Docking.

Key step Time on one workstation
Iteration 1
Preparation of the 3D conformations 24 h
Docking 51 h
Model training 8 h
Predictions on entire library 7h

Subsequent iterations

Preparation of the 3D conformations 8 h
Docking 17 h

Model training 8h
Predictions on entire library 7h

As for MolPal, only a relatively small library was used for evaluating the performance of
the protocol. Still, a substantial time reduction could be observed. In fact, if 3.3 million
compounds were to be docked on the same workstation, it would have taken
approximately 3 days to conclude. When using the MolPal protocol, the library could be

screened in 10 hours. The duration of the most important steps is described in Table 3.
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Table 3: General compute time for the most important steps during one iteration executed during MolPal.

Key step Time on one workstation
Preparation of the 3D compounds and 50 min
docking
Model training 15 min
Predictions on entire library 60 min

3.2 Performance of the protocols

3.2.1 Deep Docking

The performance of the models is evaluated by calculating the area under the receiver
operating characteristics (AUROC). The AUROC is suitable for evaluating the
performance of classification problems. It quantifies how well the model can distinguish
between active and inactive compounds. As can be seen in Figure 4, the AUROC value
is increasing after each iteration. The last and best generated model shows an AUROC
value of 0.967, which means that the model has a chance of 96.7% for correctly
distinguishing between active and inactive compounds. These are encouraging results.
However, the highest performance boost can be seen in the second iteration as the
AUROC increases by 2.2%. After the second iteration, the AUROC values are still rising

but the changes are less significant.

AUCit. 1 = 0.912
AUCit. 2 = 0.934
AUCit. 3 =0.939
AUCIit. 4 = 0.942
AUCit. 5 = 0.945
AUC it. 6 = 0.950
AUCIit. 7 = 0.952
—— AUCIt. 8 = 0.955
AUC it. 9 = 0.964
—— AUC it. 10 = 0.967

0.8 1.0

TPR

FPR

Figure 4: Increasing AUROC values of the best model after each iteration of Deep Docking.
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Figure 5: A, Decreasing number of prospective hits in the library after every iteration. B, Decreasing amount
of prospective hits in the library from the second to the last iteration of Deep Docking.

The higher performance increase of the model during the second iteration could also be
the reason for the steep decrease in the amount of predicted active compounds, as can
be observed in Figure 5. Here, after the first iteration, the number of prospective hits
predicted by the model amounts to about 250 million compounds. Already after the
second iteration, the amount of prospective hits had decreased to about 30 million
compounds. In Figure 5a the decrease in the subsequent iterations does not seem
significant, however, until the tenth iteration the amount of prospective hits is cut in half
when compared to the amount of prospective hits in the second iteration, this can be

better observed in Figure 5b.
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3.2.2 MolPal

By docking only 1.2% of the 3.3 million compounds, the MolPal protocol was able to
capture, under the predicted top 1% of compounds, 102 compounds matching the top-
1000 scoring compounds in the library, according to the explicit docking results. These
results are not as promising as the ones the authors were able to retrieve.?® The reason
behind this discrepancy might lie in the different acquisition function used or it might be
target specific. Further experiments using different surrogate models and acquisitions
functions would need to be conducted in order to retrieve a better performance of the

protocol.

3.3 Predicted hits

3.3.1 Deep Docking

After execution of the entire protocol, approximately 15 million compounds were
retrieved, which had been predicted to be active on ETA by the last Deep Docking model.
It took additional 6 days to dock these prospective hits. Through more accurate docking
the best 1,000 compounds were selected based on ligand efficiency and the 10 most
promising compounds are presented below.

The results are evaluated by considering the crystal structure of a glutamic acid specific
serine protease bound to a peptide-like ligand (PDB: 1HPG).%* The structure is depicted
in Figure 6 and the amino acids interacting with the ligand are highlighted. On the one
hand, it is clear that some amino acids are conserved in the ETA binding pocket: H57,
G193, S195 and H213. On the other hand, the serine in position 190 of this protease is
substituted by threonine in ETA. Also, the serine in position 216 is replaced by lysine in
ETA. The co-crystallized peptide forms hydrogen bonds with all the aforementioned
amino acids, indicating their importance for protein-ligand interactions. It is assumed that
these interactions play a key role when targeting ETA, as it is also a glutamic acid

specific serine protease.
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Figure 6: PDB 1HPG64 showing a glutamic acid specific serine protease bound to its ligand. A, the protein
in cartoon and the peptide ligand in cyan sticks, with the amino acids forming interactions highlighted, as
well as the surface of the binding site. B, zoom-in view of the binding site with H-bonds shown as yellow
dashed lines and the amino acids forming the interactions highlighted. Here the residues of the ligand, which
do not perform interactions are hidden for better understanding.

The first five compounds (Figures 7-16) share in general very similar patterns: 1) a
carboxylic acid bound to an aromatic 5-membered ring or to an aliphatic chain on the
one side of the structure, 2) on the opposite end they all have a planar aromatic residue,
and 3) the two aforementioned sub-structures are connected by a more flexible and polar
linker. In all instances, the carboxylic acid is predicted to establish H-bond interactions
and form salt bridges with the imidazole nitrogen of H213 and the amine group of K216.
The polar moieties in the linker interact with S195 and G193 by forming H-bond

interactions.

In compound A, an additional H-bond can be observed with T40 as shown in Figure 7.
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Figure 7: ETA (1AGJ) represented as a cartoon, with bound compound A, shown as blue sticks as well as
the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow, salt bridge in pink.

Also, in compounds B (Figure 8) the same interaction with T40 is established with the

nitrogen in the pyrazole ring.

Figure 8: ETA (1AGJ) represented as a cartoon, with bound compound B, shown as blue sticks as well as

the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow, salt bridge in pink.
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As for compound C, the outer phenyl group is forming n-m stacking interactions with the

phenyl group of F34 (Figure 9).

Figure 9: ETA (1AGJ) represented as a cartoon, with bound compound C, shown as blue sticks as well as
the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow, salt bridge in pink, z-stacking in cyano.

Compound D (Figure 10) displays additional interactions with the backbone oxygen of

S214 (hydrogen bond) as well as with the nitrogen in G28 (halogen bond).
~

Cl

Figure 10: ETA (1AGJ) represented as a cartoon, with bound compound D, shown as blue sticks as well as
the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow, salt bridge in pink, halogen bond in purple.
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The last compound with this scaffold is compound E. It shows interactions with the most
important amino acids as well as an additional H-bond with the nitrogen in S41 as

depicted in Figure 11.

) "'\o/ //

Figure 11: ETA (1AGJ) represented as a cartoon, with bound compound E, shown as blue sticks as well as
the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow, salt bridge in pink.

The second set of compounds is similar to the ones which were discussed above. The
main difference lies in the nitro functional group, which is present instead of the
carboxylic acid. Nitro groups are known to be mutagenic and cause genotoxicity as they
are reduced in vivo into nitrosamines and hydroxylamines.®® Nevertheless, these
compounds were chosen as they present interesting interactions and if bioactivity were
to be detected, the toxic moieties could be exchanged by bioisosteres.

For compound F, interactions with the main amino acids H213, K216, T190 and G193
can be observed in Figure 12, as well as two additional interactions made by both

nitrogens of the thiourea functional group with the two oxygens present in S41.

26



Results

0
/7 T190 ‘l-)’

Figure 12: ETA (1AGJ) represented as a cartoon, with bound compound F, shown as blue sticks as well as
the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow, salt bridge in pink, halogen interactions in purple.

Compound G shows a halogen interaction with G28 as seen in compound D in addition

to the already discussed interactions (Figure 13).

Figure 13: ETA (1AGJ) represented as a cartoon, with bound compound G, shown as blue sticks as well as
the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow, salt bridge in pink.
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The last of the selected molecules to contain a nitro group is compound H (Figure 14).

Here again the halogen interaction with the same glycine as above can be seen,

indicating that it might be an additional important interaction to exploit.
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Figure 14: ETA (1AGJ) represented as a cartoon, with bound compound H, shown as blue sticks as well as
the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow, salt bridge in pink, halogen interactions in purple.

Compound | shows an alcohol functional group instead of the carboxylic acid or nitro
group. By exchanging this group the interactions with either K216 and/or T190, which
were seen in all previous compounds are lost. This could have negative repercussions
for ligand affinity as salt-bridges are powerful interactions which might play an important
role in bringing the ligand closer to the protein. Nevertheless, this compound has the
same scaffold as described above and shows hydrogen-bond interactions with four
amino acids (H213, S195, G193, S41) as depicted in Figure 15.
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Figure 15: ETA (1AGJ) represented as a cartoon, with bound compound I, shown as blue sticks as well as
the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow.

The last compound retrieved with the Deep Docking protocol is compound J (Figure 16).
Here a carboxylic acid interacting with H213, K216 and T190 is present. However, the
scaffold differs from that of the above-mentioned compounds as there is no planar
moiety at the other end from the carboxylic acid. However, all important interactions are
fulfilled.

Figure 16: ETA (1AGJ) represented as a cartoon, with bound compound J, shown as blue sticks as well as
the amino acids forming interactions represented as gray sticks. The predicted interactions are visible as
dashed lines: H-bonds in yellow, salt bridge in pink.
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Conclusions and outlook
4.Conclusions and outlook

In this work, different protocols for DL accelerated docking-based VS were presented
and two of the most promising ones were explained in more detail, modified in order to
accommodate docking with GOLD, and applied to dataset sizes of 2.1 million and 880
million compounds, respectively. A thorough evaluation of the Deep Docking and MolPal
protocols demonstrates that they both substantially decrease time and the need of
computational resources for VS. Indeed, when applying Deep Docking to the ultra-large
library, screening was 14 times faster than conventional docking on the same
workstation. A similar tendency was observed for MolPal, where the screening
procedure was 7 times faster than conventional docking.

In addition to the increased efficiency, the Deep Docking protocol also performed well
with respect to hit selection, as compounds showing important patterns and interactions
for the protein-ligand binding were detected. Also, diverse scaffolds with similar
interactions with the target could be retrieved. These results led to the identification of
virtual hits for the yet undrugged Staphylococcus aureus ETA.

However, during the analysis of the Deep Docking results a large number of large,
hydrophobic compounds were detected. These findings correspond to the already
observed bias of docking scores, which tend to predict molecules with high molecular
weight as being more active.®® The MLP model seems to catch this bias and manifest it
in the results. For future inquiries, the chosen library needs to be carefully filtered in
order to exclude molecules, which are too large and lipophilic. For the scope of this work,
this step was omitted as a library containing as many compounds as possible needed to
be screened for better evaluation of the protocol performance. This issue was partially
mitigated by selecting the last set of active compounds based on their ligand efficiency
before visual inspection and manual selection.

In spite of the previously discussed issues, as long as the exact set of top-scoring
compounds is not needed, these protocols represent an extraordinary alternative to
conventional ultra-large virtual screening campaigns. Additionally, these tools could also
help reduce the cost of in vitro HTS campaigns. Thus, improving time and cost expenses
in the early stages of drug discovery.

Lastly, for future applications, these protocols could be combined with other structure-
based methods, such as molecular dynamics and free energy calculations. In addition,
the use of other surrogate models or docking algorithms could be explored to gain a
more customized protocol. Instead of the docking score, which seems to show a bias

toward larger compounds, the DL models docking scores.
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