Deep Painting:
Cheminformatics approaches to
connect the biological profiles of
compounds with their structural

information.

Dissertation
zur Erlangung des Grades
"Doktor der Naturwissenschaften"
im Promotionsfach Chemie
am Fachbereich Chemie, Pharmazie, Geographie und Geowissenschaften
der Johannes Gutenberg-Universitat

in Mainz

Aishvarya Tandon
geb. in Lucknow 03. Oktober 1994

Mainz, den 14. Mai 2024



D77

1. Berichterstatter: | NGcGccTNNEEEEEE
2. Berichterstatter: [ N R

Tag der miindlichen Prifung:



Declaration



Publication, Presentations and

Posters

The results presented in this thesis contributed to the following publication:

A. Tandon, A. Santura, A. Pahl, H. Waldmann, P. Czodrowski, “Identification of
Lysosomotropism using Explainable Machine Learning and Morphological Profil-
ing Cell Painting Data”, RSC Medicinal Chemistry 2024, Manuscript Accepted.

Additionally, following talks and posters were presented at different conferences during
the course of the PhD:

Talk “X-FP: eXplainable FingerPrints” at the RDKit User Group Meeting 2023

Poster “X-FP: Software Presentation and Validation Case Study” at the First Mainz
and Friends Artificial Intelligence Conference 2023

Poster “Lysosomotropism meets Machine-Learning: A cheminformatics approach
to understand lysosomotropism” at the RDKit User Group Meeting 2022

Talk “The Art of Deep Painting” at the German Conference on Cheminformatics
2020 (Virtual)

Talk “Deep Painting — an amalgamation of Cell Painting and Machine Learning”
at the RDKit User Group Meeting 2020 (Virtual)



Contents

Abstract
Zusammenfassung
1. Introduction
1.1. Morphological Profiling Cell Painting Assay . . . . ... ... ......
1.1.1. Background . . . . ... ... ..
1.1.2.  Cell Painting Assay at MPI Dortmund . . . . ... ... ... ..
1.2. Cheminformatics . . ... ... ... ... ... Lo
1.2.1. Background . . . ... ...
1.2.2. Machine Learning Methods . . . . ... ... ... ... .....
1.23. Modelinputs . . . ... ...
1.2.4. Classification and Regression . . . ... ... ... ... ... ..
1.25. Metrics . . . . . ...
2. Cell Painting Assay meets QSAR
2.1. Introduction . . .. ... ... ...
22. Results . . . ...
2.21. ModelingResults . . . ... ... ... L o L.
2.22. Post-hocAnalysis. . .. ... ... ... ... ... ...
23. Methods . . ... ... ..
23.1. RegressionModels . . .. ... ... ... ... . ...
2.3.2. ClassificationModels . . . . ... ... ... ... ... ......
233. OtherModels . . ... ... ... ... ... ... ... ... ...
2.4. Limitations . . . . . . . ... L oL
25. Conclusion . . . . ...
3. Cell Painting Assay and Generative Modeling
3.1. Aimand Motivation . . . . . .. ...
3.2. Background . ... .. ...
3.2.1. Autoencoders (AE) and Variational Autoencoders (VAE) . . . . .
3.2.2. Generative Adversarial Networks (GAN) and Conditional Gen-
erative Adversarial Networks (¢cGAN) . ... ... ... ... ..
3.2.3.  Generative Modeling by Méndez-Lucio etal. (2020) . . . . . . ..

11
11
11
13
24
24
24
28
30
30

33
33
34
34
36
37
38
40
43
44
45



Contents 6
33. Results . . . . .. 54
3.3.1. MolVAEDeveloped . . . . ... ... ... ... ... .. ... . 55
3.3.2. cGANDeveloped . . . . ... ... ... 58
3.4. Methods . . .. ... ... 59
3.4.1. MoIVAE . . . . . . . e 59
3.4.2. Conditional GAN . . . . . .. ... ... 61
3.5. Outlook and Conclusion . . . . ... ... ... ... ... ..... 65
4. Lysosomotropism and Explainable Machine Learning 67
4.1. Abstract . . . ... 67
4.2. Introduction . . .. . ... ... .. 67
43. Results . . . . ... 70
43.1. Determination of Lysosomotropism . . . . . .. ... ... .... 70
4.3.2. Matched Molecular Pair Analysis (MMPA) . . . . ... ... ... 71
4.3.3. Explainable Machine Learning . . . . ... ... ... ...... 73
4.4, Discussion . . . . . . ... 82
44.1. Lysosomotropic compounds tend to have higher logP . . . . . . . 82

4.4.2. Non-lysosomotropic compounds tend to have lower molecular
weights . . . . ... Lo 82
4.4.3. sp3-hybridized carbon atoms are found important. . . . . . . .. 84
4.4.4. Basic moieties are found important . . . . . ... ... 84
44.5. Keysubstructures . . . . . . .. ... 84
44.6. The model performance . .. ... ... ... ........... 84
4.4.7. Concentration dependency of lysosomotropism . . . . . ... .. 85
4.4.8. Limitations . ... ... ... ... ... .. .0 85
449. Conclusions . . . ... ... 86
4.4.10. LysoPredictor Web App . . . ... ... ... ... ... ..... 86
4.5. Materialsand Methods . . . . . . ... ... ... oL 87
4.5.1. Data Selection for MMPA, and Model Training and Validation . . 87
4.5.2. The mmpdb Algorithm . . . . . ... .. ... ... .. ... 87
4.5.3. Explainable Machine Learning . . . . ... ... ... ... ... 88
4.6. Acknowledgement. . . . . .. ... .. Lo Lo 89
5. Induction Web-App 920
5.1. Introduction . . . . ... ... ... ... 90
52. Results . . . ... 91
5.2.1.  Model Performance . . . . ... ... ... ... .. 91
5.2.2. Front-andBackend . . . . ... ... ... ... L. 91
53. Methods . . ... .. ... 91
53.1. DataProcessing . . . ... ... ... ... ... ... .. ... 91
5.3.2. Model Architecture . . . . .. ... Lo 92
5.3.3. Front-andBackend . . . . ... ... ... ..o L. 93



Contents 7

54. Outlook . . . . . . . . ... . e 94

6. eXplainable FingerPrints (X-FP) 95
6.1. Introduction . . . ... ... . . ... ... 95
6.2. Background . ... ... ... L 97
6.2.1. Morgan Fingerprints . . . . . . ... ... 0oL 97

6.2.2. DrugTargets . . ... ... .. ... ... . 99

6.3. Methods . ... ... . . . . . ... 100
6.3.1. X-FP: Software Design . . . . ... ... ... ... ........ 100

6.3.2. X-FP: Validation Study Design . . . . . ... ... ... ...... 104

6.4. Results . ... ... ... e 105
6.4.1. X-FP:SoftwareResults . . . . ... ... ... ... . ....... 105

6.4.2. X-FP: Validation Study Results . . . . . ... ... ... ..... 106

6.5. Futureof X-FP . . . . . . . . . ... ... . 108
Abbreviations 109
List of Abbreviations . . . . . . . . ... ... ... 109
Bibliography 111
7. Supplementary Information 120
A. Acknowledgments 176

B. Curriculum Vitae 179



Abstract

In this doctoral thesis, different research projects were carried out, with the underlying
theme of connecting the biological profiles of the compounds - determined by the mor-
phological profiling Cell Painting Assay (CPA), with their structural information using
different cheminformatics methods.

In the first project, Machine Learning (ML) models were developed to perform Quanti-
tative Structure-Activity Relationship (QSAR) to predict the Cell Painting (CP) profiles
of the compounds using different molecular representations. Different combinations of
modeling methods and representations were explored, however, none of them had good
predictive power. An hypothesis of models’ low predictive power is that compounds
with similar structures do not show similar bioprofiles.

In the second project, a generative modeling method was developed to generate numer-
ous compounds having similar CP profiles. The prepared generative method did not
generate compounds with relevant medicinal chemistry structures.

Lysosomotropism is a phenomenon where small, lipophilic compounds with basic moi-
eties get trapped in the lysosomes. CPA is a reliable surrogate to identify compounds
showing lysosomotropism because such compounds have a distinct phenotype. In the
third project, it was reported that compounds having suitable lipophilicty and basic-
ity do not qualify them to be lysosomotropic. To study which factors drive lysoso-
motropism and vice-versa, Matched Molecular Pair Analysis (MMPA) and Explainable
Machine Learning (XML) was performed on suitable subset of the internal CPA data.

Modern ML methods like Neural Network (NN) and ensemble decision trees generally
have high predictive power but suffer from “black box” nature as their predictions can
not be explained. In the fourth project, an open-source software called eXplainable Fin-
gerPrints (X-FP) was developed. X-FP uses ML feature attribution methods like Shapley
Additive Explanations (SHAP) in context of Morgan Fingerprints (MF), and generates
an intuitive report highlighting important MF bits and the substructures encoded by
them.

Induction is the percentage of significantly altered CP features, and is used as a measure-
ment of compound’s activity in the CPA. Induction prediction is desirable for chemists as
they can prioritize the predicted CPA active compounds. A web-app which used a binary
classifier NN was developed on the existing internal platform for this purpose.



Zusammenfassung

Im Rahmen dieser Doktorarbeit wurden verschiedene Forschungsprojekte durchgefiihrt,
deren Ziel es war, die biologischen Profile der Verbindungen, die durch das morpholo-
gische Profiling (Cell Painting Assay) bestimmt wurden, mit ihren strukturellen Infor-
mationen zu verbinden, indem verschiedene Methoden der Cheminformatik eingesetzt
wurden.

Im ersten Projekt wurden Machine Learning-Modelle entwickelt, um Quantitative Structure-
Activity Relationship zur Vorhersage der Cell Painting-Profile der Verbindungen unter
Verwendung verschiedener molekularer Darstellungen durchzufithren. Es wurden ver-
schiedene Kombinationen von Modellierungsmethoden und Darstellungen erforscht, aber
keine von ihnen hatte eine gute Vorhersagekraft. Eine Hypothese fiir die geringe Vorher-
sagekraft der Modelle ist, dass Verbindungen mit dhnlichen Strukturen keine &hnlichen
Bioprofile aufweisen.

Im zweiten Projekt wurde eine generative Modellierungsmethode entwickelt, um zahlre-
iche Verbindungen mit dhnlichen Kurzprofilen zu erzeugen. Die endgiiltige Methode
erzeugte keine Verbindungen mit relevanten Strukturen aus der medizinischen Chemie.

Lysosomotropismus ist ein Phanomen, bei dem kleine, lipophile Verbindungen mit ba-
sischen Anteilen in den Lysosomen gefangen werden. CPA ist ein zuverlassiges Sur-
rogat zur Identifizierung von Verbindungen, die Lysosomotropismus zeigen, da solche
Verbindungen einen ausgepragten Phanotyp haben. Im dritten Projekt wurde berichtet,
dass Verbindungen, die eine geeignete Lipophilie und Basizitat aufweisen, nicht als lyso-
somotrop einzustufen sind. Um zu untersuchen, welche Faktoren den Lysosomotropis-
mus und umgekehrt antreiben, wurden Matched Molecular Pair Analysis und Explain-
able Machine Learning an einer geeigneten Teilmenge der internen CPA-Daten durchge-
fihrt.

Moderne ML-Methoden wie Neural Network und Ensemble-Entscheidungsbaume haben
im Allgemeinen eine hohe Vorhersagekraft, leiden aber unter “black box” Natur, da
ihre Vorhersagen nicht erklart werden konnen. Im vierten Projekt wurde eine Open-
Source-Software namens eXplainable FingerPrints (X-FP) entwickelt. X-FP verwendet
ML-Methoden zur Merkmalszuweisung wie Shapley Additive Explanations (SHAP) im
Kontext von Morgan Fingerprints (MF) und erzeugt einen intuitiven Bericht, der wichtige
MEF-Bits und die von ihnen kodierten Substrukturen hervorhebt.
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Die Induktion ist der Prozentsatz der signifikant verdnderten CP-Merkmale und wird als
Maf fir die Aktivitat der Substanz im CPA verwendet. Die Induktionsvorhersage ist fiir
Chemiker wiinschenswert, da sie den vorhergesagten CPA aktiven Verbindungen Prior-
itat einraumen konnen. Zu diesem Zweck wurde auf der bestehenden internen Plattform
eine Web-App entwickelt, die einen binaren Klassifikator NN verwendet.



1. Introduction

1.1. Morphological Profiling Cell Painting Assay

1.1.1. Background

Investigation of biological activities of novel chemical matter and/or potential drug can-
didates is of high relevance in chemical biology and drug discovery. Such investigations
are usually performed with target or cell-based assays. However, such assays are gener-
ally limited to the biological activities they detect and cannot provide a holistic view of
the activities induced by the compounds.

Since specific cellular processes or states can be reflected in cell morphology, perturba-
tions of cell morphology by genes, chemical compounds or diseases can be subjected to
predictive analysis.[!l Image-based morphological profiling of cells involves the measure-
ment of cellular features, such as size, shape, staining intensities, etc. of cells perturbed
by various treatments, usually in a high-throughput setting. Morphological profiling
differs from conventional screening assays. In conventional screening assays, a limited
number of features are quantified as their association with the biology of interest is es-
tablished. In contrast, morphological profiling is unbiased. All measurable features are
obtained together, providing a holistic view of a cellular state. Another advantage of
obtaining information in such a holistic manner is that a single experimental campaign
can be reused for multiple purposes.?!

The Cell Painting Assay (CPA) is an image-based morphological profiling assay. It quan-
titatively captures changes in cell morphology induced by treatments compared to the
control.’l This assay uses six different dyes - with different excitation and emission
wavelengths (except for two dyes with similar wavelengths) - to selectively stain dif-
ferent cell organelles and compartments. High content imaging is then performed in 5
channels corresponding to the dyes, followed by a series of analyses by different soft-
ware, resulting in morphological fingerprints or Cell Painting (CP) profiles. Each CP
profile contains hundreds of morphological features. The entire CPA protocol can be
run in medium to high throughput. Experimental details are available in the Section
1.1.2.

One of the major challenges in chemical biology is the detection of bioactivity of newly
synthesized compounds, the Mode of Action (MoA) of which is usually unknown. Mor-

11
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Cell Painting assay
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Figure 1.1.: Overview of the Cell Painting Assay (CPA) at MPI Dortmund.

a) Experimental setup - involving assay setup and image acquisition across 5 different channels.
b) Morphological profiles per cell are calculated by CellProfiler, an open-source software devel-
oped by the Broad Institute.

¢) In-house software pipeline performs data aggregation and data processing. A feature vector
comprising of all the z-scores is the CP profile of a compound. CP profiles prepared this way can
be visualized as a color-coded heatmap, where each CP feature’s value ranges from -15 (blue) to
+15 (red).
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Figure 1.2.: A CP profile of a compound is made up individual morphological features. In liter-
ature, such profiles are also referred as compounds’ biological fingerprints.

phological profiling methods to correctly predict MoA and toxicity of compounds with
unknown bioactivity are already reported by several studies.[¥! CPA quantitatively cap-
tures changes in cell morphology induced by test compounds compared to the control.
It can therefore identify biological activities and targets of chemical compounds without
a prior target hypothesis, in contrast to screening assays that focus on specific targets or
pathways. Identification is typically done by comparing the Cell Painting (CP) profiles
of test compounds with the CP profiles of well-annotated reference compounds whose
modes of action and targets are known.

Apart from the application of detecting bioactivity of compounds in chemical biology,
the CPA has also been applied successfully in different domains.[® It has found appli-
cation in annotating gene and allele functions,®! as input to machine learning methods
for predicting assay-specific biological activities resulting in better hit rates with high

[10,11 [12]

predictive performance,”-") predicting toxicities,'*!!] repurposing drugs for cancers,

etc.

1.1.2. Cell Painting Assay at MPI Dortmund

The Chemical Biology Group at the Max Planck Institute of Molecular Physiology, Dort-
mund, is one of the leading academic research groups in the field of CPA. CPA is used
extensively to elucidate the mechanisms of action and bioactivities of new chemical mat-
ter. Table 1.1 contains a list of selected publications from the group for the years 2019 to
2023. CPA was used in these publications. The Figure 1.1 gives with an overview of the
CPA at MPI Dortmund - from the experimental setup in the wet-lab to the generation of
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the CP profile of in-house compound library. The Figure 1.2 shows that a CP profile of

a compound is a list of different CP features aggregated in form of z-scores.

Table 1.1.: Research involving Cell Painting Assay at MPI Dortmund

No. Research Publication

L Pyrano—fu{o—pyl'rldone PNPs as mitochondrial Christoforow et al. (2019113
complex I inhibitor

5 Ir'1df)cmchona alkaloids PNPs as autophagy in- Foley et al. (2020)(14
hibitors

3. Deferoxamine and iron chelators Schneidewind et al. (2020)!]

4. Cholesterol homeostasis and lysosomotropism Schneidewind et al. (2021)!°!
Formation of pseudo-sesquiterpenoid alkaloids . (17]

> PNPs with diverse bioactivities Liu et al. (2021)

6. PNP ﬁtagr.nents and their connections affecting Grigalunas et al. (2021)01%
bioactivities
Identificati f dih h -

7 dent} Cz‘).tl‘OII of dihydroorotate dehydroge Schélermann et al, (2022)1°
nase inhibitors

8. Identification of tubulin-targeting compounds ~ Akbarzadeh et al. (2022)2"

9. CP subprofile analysis Pahl et al. (2023)2!]

10.  Detection of mitochondrial stress phenotype  Adariani et al. (2023)?
Identificati f in E 1ul

11 denti cat19n o motor protein Eg5 as cellular Liu etal. (2023)2)
target of spirooxindoles

12.  Novel bioactivity of chromaline PNPs Zinken et al. (2023)[4]

13.  Illuminating Dark Chemical Matter (DCM) Pahl et al. (2024)[%]

14 Bioactivity of monoterpene indole alkaloids Xie et al. (2023)L2¢

PNPs

Detection of bioactivity using Cell Painting Assay

The in-house MPI compound library of 14,837 compounds (processed dataset, as of June
2023) assayed in the CPA, can be broadly divided into three categories:

1) Reference compounds - compounds with annotated biological activity, mainly from -
Prestwick Chemical Library, the Library of Pharmacologically Active Compounds, Sell-
eckchem, MedChemExpress, Structural Genomics Consortium, etc.

2) Internal research compounds primarily consisting of Natural Products (NP)-inspired
small molecules and Pseudo-Natural Products (PNP).

3) Compounds from external collaborators.

The analysis of the latest compoud library is present in the Section 1.1.2.

Compounds with similar CP profiles are expected to share the same MoA.[*") Therefore,
comparing the CP profiles of a compound of unknown bioactivity with the CP profiles
of compounds with annotated bioactivities, which serve as references or landmark here,

can be used to generate hypotheses for the compound’s target and/or MoA.!*!*!
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In the Chemical Biology group, CPA is mainly used to generate hypotheses about novel
chemical matter, which is usually followed by target identification methods. Due to
its target-agnostic approach, CPA can cover large areas of biological space in a single
experimental approach. This makes it an optimal method for evaluating the bioactivi-
ties. In addition to novel chemical matter or compounds under investigation, CPA may
also detect unreported bioactivities and off-target activities for compounds with known
bioactivities.

One of the compound classes of interest to the group is natural products and their deriva-
tives. Natural products (NPs) are a great inspiration for drug design. They are the result
of thousands of years of evolution to perform their functions optimally. As a result, they

(27] While some NPs are already fragment-sized, NPs

tend to have good bioavailability.
can generally be simplified into NP-derived fragments. By combining different NP frag-
ments, novel scaffolds are formed, which are referred to as "pseudo-natural products”
(PNPs). PNPs may retain the chemical and biological relevance of NPs, but since they
are not available from the current biosynthetic pathways in nature due to the unprece-
dented arrangements of the fragments, they may have novel or different bioactivities
and targets compared to the guiding NPs.[8] While it has been reported that NPs and
PNPs are commonly found in biologically relevant compounds, the vast number of NP
(9] Figure 1.3 shows the de-
sign of PNP by combining NP-derived fragments and NP fragments, followed by analysis

in CPA.

fragments leaves a huge scope for the design of novel PNPs.

Christoforow et al. (2019) designed and synthesized a collection of PNPs, termed "pyrano-
furo-pyridone" (PFP) PNPs, by synthetically recombining NP-derived pyridone and di-
hydropyran fragments. When analyzed in the CPA, these PFPs showed biosimilarity to
numerous reference compounds. These reference compounds are involved in various
signaling pathways involving reactive oxygen species. They confirmed that the PFPs
induce the formation of reactive oxygen species and reported the PFPs as structurally
novel inhibitors of mitochondrial complex I. This analysis demonstrated that similar
physiological responses can be elicited by compounds with different annotated targets

if the targets are involved in a common MoA.["*]

Foley etal. (2020) synthesized a novel class of PNP compounds called indocinchona
alkaloids by fusing the cinchona alkaloid scaffold with the indole ring system. In a se-
ries of cell-based screens, one potential compound of this class, termed azaquindole-1,
was found to be a potent autophagy inhibitor. When analyzed in the CPA, the CP pro-
file of azaquindole-1 was found to be similar to a lipid kinase VPS34 inhibitor, SAR405.
In fact, azaquindole-1 was found to be a potent inhibitor of VPS34 in a confirmatory
screen. They found that for the azaquindole class of compounds, inhibition of VPS34
strongly correlated with autophagy inhibitory activity, and therefore they hypothesize
the relationship between VPS34 and autophagy inhibition. With this study, the authors
highlighted the potential of CPA as a target identification method.['*
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value increase

pseudo-natural product collection through various arrangements of the fragments

value decrease

(=) e
( ‘?;)E’ee ) chemical perturbation ( ‘&‘.‘? ) detection of hological orofil
morphological changes morphological profiles

Figure 1.3.: [llustration of design of Pseudo-Natural Products by fragment combination and eval-
uation in the Cell Painting Assay.

Used with permission of Springer Nature BV, from “Natural product fragment combination to
performance-diverse pseudo-natural products”, Grigalunas etal. 2021, Nat Commun 12, 1883
(2021);1'®) permission conveyed through Copyright Clearance Center, Inc.

Schneidewind et al. (2020) determined the CP profile of deferoxamine, an iron chelator
used to treat iron-overload diseases. They identified a number of metal chelating agents
among the reference compounds that are highly biosimilar to deferoxamine. In addition,
they found that several deferoxamine-biosimilar reference compounds have different
annotated cellular targets. They concluded that high biosimilarity in the CPA is exhibited
by the compounds that are iron chelators and those that impair the cell cycle in the S/G2-
phase by targeting DNA or S/G2 regulating proteins. This compound cluster based on
the CP profiles of these reference compounds can be used to determine the MoA of
unannotated compounds.!*’!

Schneidewind et al. (2021) identified a large biocluster of compounds that alter choles-
terol homeostasis. This is primarily due to the physicochemical properties of the com-
pounds - protonation and lipophilicity. This phenomenon, termed lysosomotropism,
is well described in compounds with a suitable cross-section of these physicochemical
properties and is pharmaceutically relevant. Interestingly, many well-established com-
pounds with different primary targets were also found to be present in this cluster.['’]
More details about lysosomotropism are covered in Chapter 5 - Lysosomotropism and
Explainable Machine Learning.

Liu etal. (2021) designed a collection of PNP compounds using chemical ring distor-
tion of NPs and a complexity-to-diversity strategy. The stereochemical diversity of this
collection of pseudo-sesquiterpenic alkaloids was reflected in different biological per-



Chapter 1. Introduction 17

formances. They found that different stereoisomers resulted in different CP profiles -

indicating different bioactivities.['”

Grigalunas et al. (2021) prepared a PNP library of 244 structurally diverse compounds.
These compounds were a synthetic combination of the fragment-sized NPs - quinine,
quinidine, sinomenine, and griseofulvin - with chromanone or indole-containing frag-
ments. They analyzed the compounds in the CPA and made several observations. First,
most of the compounds (84%) were active in the CPA. Second, the CP profiles of the PNPs
appeared to be mostly due to the combination of NP fragments rather than the individual
NP fragments from which they were derived. In other words, the CP profiles of PNPs are
mostly different from the CP profiles of the NPs and PNPs from which they are derived.
Third, the connectivity between two NP fragments also affects the bioactivity. Finally,
NP fragments can be broadly categorized into ’dominating’ and ‘non-dominating’ frag-
ments. Dominating fragments are those whose combinations can lead to similar bioac-
tivity, whereas non-dominating fragments are those whose combinations can lead to
novel bioactivity. Therefore, CPA can be useful to drive the PNP design collection as it
can categorize the bioactivities of the NP fragments, which in turn can be used to either

explore novel biological space or build upon known bioactivity.®!

Dihydroorotate Dehydrogenase (DHODH) is a rate-limiting enzyme in pyrimidine biosyn-
thesis. Itis a target of interest for several diseases, including autoimmune diseases, multi-
ple sclerosis, rheumatoid arthritis, and viral diseases. Scholermann et al. (2022) identified
a cluster of compounds biosimilar to brequinar, a DHODH inhibitor, in which inhibition
of pyrimidine biosynthesis is a common property. They report that CPA can identify
DHODH modulation at the mitochondria, which is its site of action. They also find that
inhibition of purine and pyrimidine biosynthesis show similar morphological changes
in the DNA but distinct changes in the rest of the cell compartments, thus CPA can be
used to differentiate between inhibitors of pyrimidine and purine biosynthesis.!*"!

Akbarzadeh et al. (2022) used nocodazole as a representative tubulin-interfering com-
pound among the reference compounds. They found that several reference compounds
for which tubulin was not reported as a target were highly biosimilar to nocodazole.
In addition, they identified 15 nocodazole biosimilar compounds with different chemi-
cal scaffolds in the internal research compounds. They validated the tubulin targeting of
these compounds in an independent experiment. The nocodazole biosimilarity was used
to define a tubulin CP cluster, which may enable the identification of tubulin-targeting
small molecules.?"!

Ideally, if the CP profiles of a novel compound and the reference compound(s) are very
similar, it can be expected that both will have a similar MoA. However, this is not al-
ways the case due to numerous limitations of reference compounds - they may have
incomplete annotation, polypharmacology, and unaddressed targets. To address such
concerns, Pahl etal. (2023b) introduced subprofile analysis. First, cluster subprofiles
were defined per different established bioclusters. A cluster subprofile is a subset of
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CP features common to the reference compounds of that biocluster. In the next step,
a median subprofile - which would define a biocluster - is calculated per biocluster.
These "standard" median subprofiles can now be used for comparison with the sub-
profiles of the test compounds. High biosimilarity of a test compound subprofile to a
standard subprofile would indicate bioactivity for that particular biocluster. If there are
multiple highly biosimilar clusters, it can be inferred that the compound may exhibit
[21]

polypharmacology.

Adariani et al. (2023) found a mitochondrial stress phenotype induced by several small
molecules with different annotated targets. They defined a novel CP cluster called Mi-
toStress. Members of this cluster show such a phenotype despite having different targets
because such targets indirectly suppress mitochondrial respiration and increase reactive
oxygen species levels, the latter of which can lead to mitochondrial fragmentation.??!

Liu et al. (2023) synthesized a novel PNP called spirooxindoles, which is a combination
of oxindoles and iso-oxindoles with a spirocyclic linkage. They analyzed the bioactiv-
ity of this novel class of compounds using the CPA. These compounds did not initially
show biosimilarity to any of the pre-existing bioclusters, but in a low-dimensional UMAP
plot they were next to the tubulin cluster, suggesting that they could affect microtubule
dynamics, which could further induce mitotic arrest. When compared to reference com-
pounds for biosimilarity, these compounds were found to be biosimilar to mitotic kinesin
Eg5 inhibitors. Upon further investigation, these novel PNPs were found to indeed in-
hibit Eg5, indicating that CPA can be used to detect Eg5 inhibitors.[?’]

Zinken et al. (2023) performed a CPA-guided PNP design to further validate the findings
of Grigalunas et al. (2020). They synthesized 39 compounds belonging to a novel PNP
compound class called chromaline, which consists of the NP fragments chromane and
4H-quinoline. Both the chromane fragment and the 4H-quinoline scaffold were assumed
to be non-dominating, thus the resulting chromaline PNPs might have a novel biological
space. To ensure that the connectivity does not confer bioactivity, the same bridged
connectivity pattern was used for all compounds. They found that indeed the chromaline

compound class mostly showed unique bioactivity.!%?4

A collection of compounds known as Dark Chemical Matter (DCM) are so named be-
cause they have been reported to be inactive in more than 100 different assays. The inter-
esting aspect of these compounds is that they are often structurally similar to bioactive
small molecules and as such do not have a separate structural scaffold class. Pahl et al.
(2024) performed CPA on a subset of this DCM compound library to detect bioactivity.
Using CPA, they were able to identify compounds in this library that are modulators
of microtubule dynamics, DNA synthesis, and DHODH. They concluded that the use of
unbiased CPA allowed the detection of bioactivity for various compounds in the DCM
compared to target-based approaches where such compounds may not have been ex-
posed to the correct assay. They also suggest that such bioactive compounds may exhibit
less polypharmacology and are likely to be highly selective for their targets.[%!
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Xie etal. (2023) synthesized a PNP compound library based on the fragments of an NP
class, the monoterpene indole alkaloids. While 67% of the compounds in this synthe-
sized PNP library were active in CPA at 10 uM, all of the compounds were active at
50 M compound concentration. Most of these compounds were found to be lysoso-
motropic, perhaps because of their favorable physicochemical properties. However, two
compounds showed biosimilarity to the DNA synthesis and tubulin bioclusters, respec-
tively. Subsequent evaluation revealed that they were indeed inhibitors of their respec-
tive classes.?!

Protocol

CPA protocol at MPI Dortmund closely follows the method described by Bray etal.
(2016).1221]

U20S cells are seeded in a 384-well plate containing 5 L U20S medium. The cell con-
centration is 1600 cells per well. The plate is incubated at 37° C for 4 hours. While the
standard concentration is 10 M, compound treatment of varied concentration, if nec-
essary, is done with the Echo 520 acoustic dispenser. An incubation for 20 hours at 37°
C follows. For control, DMSO of same concentration is used instead.

First, mitochondria staining takes place by 0.1 pg/pL Mito Tracker Deep Red for 30 min-
utes at 37° C in the dark. Cells are then fixed using 3.7% formaldehyde in PBS for 20
minutes at 37° C in the dark. The cells are washed three times with 70 uL of PBS, fol-
lowed by permeabilization with 25 pL of 0.1% Triton X-100. Each well would be left with
10 pL volume.

25 uL of a staining solution mix containing 1% BSA, 5 ;L/mL Phalloidin, 25 ;1g/mL Con-
canavalin A, 5 ug/mL Hoechst 33342, 1.5 ug/mL WGA-Alexa594 conjugate, and 1.5 M
SYTO 14 solution is then added to each of the well. Table 1.2 lists the dyes, the cell
compartment they stain and their excitation and emission ranges. The excitation and
emission ranges are taken from the ThermoFisher Scientific catalog web pages last ac-
cessed on November 21, 2023.

The plate is incubated for 30 minutes at room temperature in the dark and then washed
three times with 70 pL PBS. PBS is not aspirated after the last wash. The plates are sealed
and centrifuged at 500 rpm for 1 minute.

To reduce the plate effect, plates are prepared in triplicates with shifted layout. Imag-
ing of plates is performed by Micro XL High-Content Screening System (Molecular De-
vices) in 5 channels (DAPI: Ex350-400/Em410-480; FITC: Ex470-500/Em510-540; Spec-
trum Gold: Ex520-545/Em560-585; TxRed: Ex535-585/Em600-650; Cy5: Ex605-650/Em670-
715) with 9 sites per well and 20x magnification (binning 2).

1716 morphological cell features per microscope site are extracted from images using
the open-source CellProfiler package (version 3.0.0). Data are aggregated as medians per
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compound DMSO

Feature cell1 | cell2 | cell 3 cell (n+1) median MAD Feature
Meanintensity | 10000 | 11500 |20000| 16000 | 14000 | 1400 | Meanintensity | 8000 | 7500 | 12000 | 9500
MaxIntensity | 50000 | 60000 55000 52000 | 54000 & 5400 MaxIintensity 30000 | 25000 | 32000 28000
Std.IntensityEdge | 6000 | 5000 | 4000 | 25000 3500 | 350 | Std.IntensityEdge | 2500 | 4000 | 4500 | 3000
MADIntensity | 630 | 560 | 780 | 205 450 | 45 | MADIntensity 500 | 400 | 450 | 200
7 _ Median,,,... - Median,,,
-Score =
MADus0

|

Feature vector=2,,2,,2,, Z,, ...., Z..,

compound 1 | | ' m
compound 2 ‘
compound 3
color coding of Z-score
. -
value 15 0 -15

Figure 1.4.: A schematic on z-score calculation of each CP feature.
Reprinted from Cell Chemical Biology, Volume 28, Issue 3, Ziegler et al. (2021),1") “Morphological
profiling of small molecules”, Pages 300-319, Copyright (2021), with permission from Elsevier.

well (9 sites — > 1 well), and then over the triplicates. Further analysis was performed
using a custom in-house software pipeline written in Python, utilizing several data pro-
cessing libraries and packages. Out of 1716 cell features, a set of robust and reproducible

579 features were determined as described in Woehrmann et al. (2013) and Pahl et al.
(2023).121:301

The CP feature of a compound is a list of the z-scores of these 579 cellular features,
where z-score is a measure of how far a data point is from a median value (Figure 1.4).

z-scores are calculated relative to the median of the DMSO controls using the following
formula:

Valuemeasurement - medlancontrols
MAD controls

Z-Score —

where, MAD stands for Median Absolute Deviations.

Induction, a measurement of bioactivity is a percentage of significantly altered features.
It is calculated using the following formula:

number of features with absolute values > 3

Induction [%] =
(%] total number of features
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Similarities between two CP profiles, termed biosimilarity, are calculated from the cor-
relation distances (CD) between two profiles using the following formula:

. (u—1u)-(v—0)
D= =Dkl =)l

where @ is the mean of the elements in u, - denotes the dot product, and ||z||2 is the
Euclidean norm of z:

lalle = /a2 + 23+ + a2

This calculation is done using the Python library, scipy
(https://docs.scipy.org/doc/scipy/reference/generated/scipy.spatial.distance.correlation.html).

The biosimilarity is then defined as:

Biosimilarity = 1 — C'D

Biosimilarity values smaller than 0 are set to 0. It is expressed in percent.

Table 1.2.: List of dyes and the corresponding cell organelles

No. Dye Subcellular component Wavelengths
(Excitation / Emission)
1. Hoechst 33342 Nuclei 361 nm / 497 nm
2. Concanavalin A Endoplasmic Reticulum 495 nm /519 nm
3. SYTO 14 Nucleoli 517 nm / 521 nm
4. Phalloidin Actin 581 nm / 609 nm
5. Wheat germ agglutinin ~ Golgi 590 nm / 617 nm
6. MitoTracker Deep Red  Mitochondria 644 nm / 665 nm
Data

In the following section, the latest available in-house CP dataset (June 26, 2023) is an-
alyzed. The dataset was imported as a Pandas DataFrame. There were 53,052 entries.
A preprocessing step was performed. This preprocessing included keeping only com-
pounds tested at the 10 ©M concentration (this was chosen as the default concentration),
removing toxic compounds, removing compounds with a missing structure, removing
compounds with an impurity flag, and removing compounds from the DCM campaign.
If multiple measurements of the same compounds were present, the one with the highest
induction was selected. The final processed dataset contained 14,837 compounds. Since
this dataset consists of compounds over years, it can be visualized as shown in Figure
1.5a.
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a Number of Compounds (Year-wise) b Compounds in the MPI Dataset
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Figure 1.5.: Data distribution in the processed CP dataset.
a) Number of compounds over year.
b) Distribution of references and other compounds.

Multiple measurements of same compound happen when it is provided by different col-
laborators for their respective projects to be assayed in the CPA. It is also possible for
the compound to be different forms, for instance, with salts.

Toxicity in the CPA is determined as follows. During the incubation stage of the CPA,
cells normally divide once. When the cell count, relative to the DMSO control, is at 50%,
it means that while the cells have not died yet, they are in full arrest and have stopped
dividing. However, when the relative cell count goes below 50%, the compounds are

marked as toxic.

The Figure 1.5b shows the number of reference compounds and the rest of the com-

pounds in the dataset.

Compounds with an induction of 5 or more are considered active in the CPA. There are
4778 CP active and 10059 CP inactive compounds in the dataset (Figure 1.6). It should
be noted that the terms "CP active" and "CP inactive" do not indicate the activities of
these compounds in different assays. In other words, a compound may have a known
bioactivity but be CP inactive if it does not induce sufficient morphological perturbations

on cell morphology in the CPA, and vice versa.

Figure 1.7 shows different bioclusters and the number of compounds present per bioclus-
ter. While a compound may have different bioactivities and fall into several bioclusters,
in this case a compound is assigned to a biocluster for which it shows highest proximity.
This calculation is based on the subprofile analysis shown by Pahl et al. (2023).[2] Exam-
ple reference compounds from each biocluster are shown in supplementary figures S1 -
S13.



Chapter 1. Introduction 23

a 12000 b Number of Compounds (Year-wise)
5000
10000 CP Induction
4000 B CP Active
8000 B CP Inactive
9]
§ 6000 & 3000
o =
&) =}
o
4000 Y 2000
2000 1000
0 " -
CP Active CP Inactive 0
CP Induction 18 19 20 21 22 23

Years (20-)

Figure 1.6.: CP Induction.
a) Compound distribution based on being CP active or inactive.
b) Yearly compound distribution binned by induction.
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Figure 1.7.: Number of compounds per bioclusters
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1.2. Cheminformatics

1.2.1. Background

Cheminformatics, as a scientific disciple, can be (simply) defined as the use of compu-
tational methods in solving chemistry problems.®!! Nowadays, it is an integrated part
of the drug discovery process. While cheminformatics, as a general term, may encom-
pass broad areas of research domains, like molecular modeling, Quantitative Structure-
Activity Relationship (QSAR), quantum mechanics, etc., in this thesis it will be exclu-
sively cover Quantitative Structure-Activity Relationship/Machine Learning methods,
similarity search, Matched Molecular Pair Analysis, and calculation of physical chemi-
cal properties of compounds.

1.2.2. Machine Learning Methods

Artificial intelligence is a broad field of computer science that focuses on developing
algorithms and models that can simulate human-like intelligence and perform tasks in
a similar way.

Machine Learning (ML) is a subset of artificial intelligence. According to Andrew Ng,
"Machine learning can be defined as the process of inducing intelligence into a system or
machine without explicit programming." It is a multidisciplinary field of computer science,
mathematics, statistics, and application domains. ML models identify the patterns and
relationships in the data and make predictions based on this knowledge.

One of the earliest applications of a statistical method - a multiple linear regression
- to explain a bioactivity (here, the plant-growth inhibitory activity of phenoxyacetic
acids) using chemical descriptors was more than fifty years ago.l*”l The goal of Quanti-
tative Structure-Activity Relationship (QSAR) modeling is to predict the bioactivities of
compounds from their chemical properties usually expressed as structural information
or descriptors. QSAR is based on the principle that similar chemical structures should
have similar (bio)activities. QSAR models take the information about the compound in
the form of chemical descriptors or its substructures as input and predict the activity
as output. Such models are typically developed using statistics (for instance, Matched
Molecular Pair Analysis) or machine learning methods.

The use of ML models to perform QSAR has become a common practice in drug dis-
covery in the last few decades, both in academia and pharmaceutical industries. In the
pharmaceutical industry, the goal of ML models is to save resources and time by finding
ideal drug candidates or deprioritizing unpromising ones. While in academia, successful
models help to extend their applications to novel problems.!*!
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Input Hidden Hidden Output
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Figure 1.8.: Diagram of a Deep Neural Network architecture

Deep Neural Networks

A simplified representation of the structure of a neural network is shown in Figure 1.8. It
is a hierarchical organization of neurons connected to other neurons. The term layer is
used to define a group of neurons that are logically separated in this hierarchical struc-
ture. The input data is received by the first layer of neurons, called the input layer, whose
output then provides input to the first hidden layer, which in turn provides input to the
next layer, and so on. A hidden layer is a layer of neurons that are not connected to the
input or output of the network and are responsible for learning the complex represen-
tations of the data.

Each neuron as shown in Figure 1.9, has many components. Weights (W) are scalar
values assigned to each neuron. They determine the influence of each input on the
output of a neuron. Biases are scalar values added to the weighted sum of the inputs
before the activation function is applied. They allow neurons to shift their activation
threshold up or down in response to different patterns in the data.

Activation function (¢) is a mathematical function that is applied to the output of a
neuron to introduce non-linearity. A few of the common activation functions are:

- Sigmoid: Maps real numbers to a value between 0 and 1.
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Figure 1.9.: Diagram of an individual neuron in a Neural Network architecture

- Tanh: Maps real numbers to a value between -1 and 1.
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tanh(x) =

- Rectified Linear Unit: Maps real numbers to zero or themselves.

ReLU(x) = max(0, z)
- Leaky ReLU: Modified version to ReLU to prevent neurons to become inactive due to
ReLU function outputting zero for negative inputs.
LeakyReLU(z) = max(az,x), o >0
- Softmax: Outputs probability distribution over multiple classes.
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The simplified model training process is described. A feed-forward neural network takes

softmax(z) =

an input (x) and produces an output (7). The z provides the initial information that is
then propagated through different neurons and layers resulting in . This process is

B34 The error between the predicted output and the ground

called forward propagation.
truth is calculated based on the loss function selected by the user. This error is then
used to update the weights and biases of the entire network in the opposite direction

("backpropagation"). The parameters are then updated to minimize the erro