ABSTRACT

ZIN, PHYO PHYO KYAW. Development and Applications of Ne&@eneration Cheminformatics
ApproachegUnder the Direction of Dr. Denis Fourches).

Cheminformatics ighe field that solves chemical problems using compLiteteecontext
of drug discovery, e important goal otheminformatics is to explore and design potential
therapeutic drugBy screeningrery large chemical libraries in a ceshdtime effective manner.

Macrolides are glycosylated macrocyclic lactones witHuevéo sixteenatoms in thecore
cyclic frame. They possess unusual drugl i ke
rules of drug likeness and bioavailability. Gaining insight into this unique structural class can
potentially transform our undstanding and development of novel antibiotic drugs, which has
become critical due to increasing antimicrobial resistance. However, macrolides reman under
exploited due to the difficulty in their organic synthesis, and the lack of publicly available
scre@ing-ready virtual libraries of macrolidés perform molecular modelind o overcome these
challenges, it is crucial to develop virtual library genagsioftware to diversify and expand the
chemical space of macrolides. Subsequently, these librariglsecased foiin silico studies to
screen, model and prioritize macrolides to be biosyntheskeekin, ar goal is to implement
cheminformatics approaelto construct wetdesigned and diversiyontrolled virtual libraries
of screeningeady macrolides.

In Chapter 2we develope@ novel cheminformatics approach and softweaaked PKS
Enumeratosoftwarein orderto design virtual macrolide/macrocyclic libraries fgrmuting and
adding the building blocks one by owéh multiple userdefined constraintsAs a case study, we
generated our first sample library of V1M (Virtual 1 million Macrolide scaffolds) using PKS
Enumerator and conducted a cheminformatics analysis to detetmeicbemical diversity of all
macrolide scaffolds generated. We additionally performed a comparative analysis of the V1M
scaffolds to those adighteenwell-known bioactive macrolides compiled from different studies.

In Chapter 3we develope@nother inovative cheminformatgapproach along witbur
new software SIME, Synthetic Insighbased Macrolide Enumerator, which enumerates fully
assembledn-silico macrolides with sugars present and high synthetic feasibility. One can utilize
constitutional and sfictural knowledge extracted from biosynthetic and important chemical
insightsof macrolides and apply them to design biosynthetically feasible macrolides. SIME allows

userdor specifyng a macrolide core structure, identifg positions in the core strtwge at which



chemical components aka structural motifs and/or sugars can be inserted, aimt)skéetipes

of structural motifs and sugars to be incorporated at those positions. With additional parameters
for constitutional and structural constraintsne can design highly specific libraries of
biosynthetically feasible macrolides towards a biological target of interest (e.g. ribosome) and/or
based on a privileged scaffold witierapeutiqotential. As proofof-concept, we generated V1B
library contaimng 1 billion in-silico macrolides and conducted chemical distribution analysis of
important molecular properties.

To have the most success in screening, identifying and designing most potent macrolides,
it is important to extract SAR (structdaetivity relationshig) of known, experimentally tested
macrolides. The knowledge and information from such SAR studies can be used to aid in the
design ofin-silico macrolide libraries with high success rate. However, there are currently no
centralized database kfhiown macrolactones/macrolides with bioactivity data. Thu§hapter
4, we developedhe MacrolactoneDB, a web application hosting 14k macrolactones mined from
public repositories with associated biological information. To accommodate different research
projects focusing omariouschemical scopes of macrolactones, we included options to filter them
based on criteria such as ring size, number of sugars, molecular weight, available biological data,
etc. This unique database hashe potential to inspire # development of new macrolide
therapeuticavith multiple interesting targetdVe also developed 91 mrc descriptors to better
characterize macrolactones/macrolides. We additionally conducted large machine learning
workflow with three common disease targetivestigate whether macrolactones/macrolides can
be trained and validated using variatateof-the-art machine learning algorithms and chemical
descriptors.

Virtual screening methods such as QSAR modeling, 3D molecular docking are essential
cheminformatics techniques that can tremendously facilitate drug discovery researches by
effectively identifying potential lead compoundsQhapter Swe developed hybrid MD-QSAR
modeling approach relying on deep neural nets (Datd)random forest (RE)singcombinations
of 2D, 3D, and 4D/MD (molecular docking) based chemical descriptors directly computed from
molecular dynamics simulatisnAn ensemble of QSAR modelsing thisapproach yielded good
success in predicting the biological endpointsnuditinib derivativedowards BCRABL kinase
protein, a key target for treating Chronic Myeloid Leukemia (CML). We additionally condaicted
thoroughchemical analysis and vialization of Imatinib datasets, evaluated the binding modes of



top analogues based on the 3D molecular docking procedure and cortig@apdneering
cheminformatics technologies wfolecular dockingandMD-QSAR modeling

Finally, another unique opportuyifor cheminformatics is the use of chemical molecules
to store and transfer information. Herein, Chapter 6 we developeda novel molecular
informaticsbased encryption technology, CryptoChem, which uses Quantitative StrDetiare
Relationships (QSDRand complex machine learning approaches to encipher and decipher
information in molecules. This study introduces an innovative application of machine learning
techniques as well as the big chemical data concept. The preliminary results from encoding and

decoding five datasets in virtual molecules confirmed the success of our working prototype.
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CHAPTER 1. INTRODUCTION

Cheminformatics provides insight and knowledge to chemical problems by organizing,
analyzing, modeling, visualizing, and predicting chemical informdfio8]. Key methods widely
used in cheminformatics such as quantitative struaatieity relationship (QSAR) were first
sought over fifty years ago by Hansch and Fuygja Cheminformatics has various applications
such asthe creation, analysis, and visualization of large chemical databases, calculation of
chemical properties using ligattdhsed or structureased methods, predictionsf o
biological/chemical endpoints for diverse compounds such as toxicity, binding affinity, and so on
[21 10]. Specifically, some of its key roles in pharmaceutical research areas involve identifying
new hit structures and chemical probes, guiding and optimizing lead designs, and establishing
models to btter understand the mechanisms of actions and important interactions between ligands
and protein receptofg, 6, 17, 7, 8, 1i116].

Through the collaborations between exmental and computational scientists,
cheminformatics has gained immense success in facilitating the discovapyvelf druglike
chemicals used for a variety of diseases including c4h8g24], diabete$18, 19, 2%28], MDR
[18, 19, 2932], neurodegenerative disord¢ts8, 19, 3335] and others. For instance, application
of computeraided drug design has cessfully identified novel drug candidates and protease
inhibitors such as Losartan (antihypertensi@6), Relenza (treatment for influenZ4p, 37, 38]

a combination of Saquinavir, Indinavir and Ritonavir (therapeutics for HIV treati&t)9, 39,

40], Captopril (antihypertensivgl8, 19] Dorzolamide (Carbonic anhydrase inhibitfr, 41]

and so on. Nowadays, with the immense surge of computational power, machine learning
algorithmsand availability of large public chemical databases, the cheminformatics field is
growing more rapidly than ever.

Herein, we developed two novel cheminformatics approaches and software to design large
in-silico macrolide libraries (1) PKS Enumeratehich adds and permutes structural motifs to
create macrolide scaffolds with multiple usksfined constraintsOf, and (2) SIME Synthetic
Insightbased Macrolide Enumeratathich enumerates fulsassembled macrolides by allowing
users to identify specific positions in macrolides for integration of structural motifs and sugars of
interest 0). My 2019 summer internship at Collaborations Pharmaceuticals (lnwler the
supervision of Dr. Sean Ekinkd to the development tfie MacrolactoneDBa web application

hosting the firstever centralized database of macrolactones with options to subset a desired



chemical spacamong macrolactongs accommodate different research proje6)s This is a
muchneeded resource to extract structure activity relationship (SAR) and chemical, biological
insights on this lesanderstood structural class of macrolactones and to start designing novel
virtual macrolides in searatf better therapeutics.

We also developed a new MQSAR hybrid approach that combines 3D molecular
docking, dynamic simulations and machine learning to better model and predict bioactivities of
kinase inhibitors @). This new technique yielded great success in characteandgstimating
inhibition potencies ofmatinib derivatives, kinase inhibitors towards B@BL, an important
protein kinase to &at Chronic Myeloid Leukemia (CML). I®, we developed a novel
cheminformatics encryption technique that encodes information in molecules withetre us
advanced machine learning techniques and Quantitative StizdtmeRelationships (QSDR). It
has practical applications in storing and transmitting confidential information.

Hence, this dissertation will explore hawvel cheminformatics techniquesich as PKS
Enumerator (Chapter 2), SIM[) can assist isearching new, potent macrolide therapeutics by
designing novel macrolides by leveraging chemical and biological insights to improve their
pharmacokinetic propertiegand by analyzing large chemical datasets such as V1M, V1B and
MacrolactoneDB It will also discuss the important role of cheminformaticgiaviding an
integrateddatabase of known macrolactondfacrolactoneDBwith important targets and new
uses that can ultimately shape the future macrolide drug design and develdpméhtalso
invesigate the predictive power of QSAR regression models on highly complex macrolactone
ligandsto effectively screemmacrolides that can be biosynthesized a prigyi Additionally, it
entailsthe development and application of hybrid MZISAR ensemble modelwith integration
of 2D, 3D and 4D/MD descriptors relying on highly complex deep neural @)dtsat carpredict
accurate potencies of kinase inhibitoFaurthermore, it will delve into the development of
CryptoChem, a novel molecular informatigsased encryption technology with the use of virtual
molecules Q). Lastly, future directions and perspectives for the field of cheminformatics will be

discussed i®
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Abstract

We report on the development of a cheminformatics enumeration technology and the
analysisof a resulting large dataset of virtual macrolide scaffolds. Although macrolides have been
shown to have valuable biological properties, there is no feasigreen virtual library of diverse
macrolides in the public domain. Conducting molecular modééspgecially virtual screening) of
these complex molecules is highly relevant as the organic synthesis of these compounds, when
feasible, typically requires many synthetic steps, and thus dramatically slows the discovery of new
bioactive macrolides. Hereime introduce a cheminformatics approach and associated software
that allows for designing and generating libraries of virtual macrocycle/macrolide scaffolds with
userdefined constitutional and structural constraints (e.g., types and numbers of strootifsal
to be included in the macrocycle, ring size, maximum number of compounds generated). To study
the chemical diversity of such generated molecules, we enumerated V1M (Virtual 1 million
Macrolide scaffolds) library, each containing twelve common strat motifs. For each
macrolide, we calculated several key properties, such as molecular weight, hydrogen bond
donors/acceptors, topological polar surface area. In this study, we discuss (i) the initial concept
and current features of our PKS (polyketidésumerator software, (ii) the chemical diversity and
distribution of structural motifs in V1M library, and (iii) the unique opportunities for future virtual
screening of such enumerated ensembles of macrolides. Importantly, V1M is provided in the
Supplenentary Material of this paper allowing other researchers to conduct any type of molecular
modeling and virtual screening studies. Therefore, this technology for enumerating extremely large
libraries of macrolide scaffolds could hold a unique potentialhian field of computational

chemistry and drug discovery for rational designing of new antibiotics andaarder agents.



2.1.Introduction

Macrocycles are ring structures composed of at least twelve atoms in the central cyclic
framework[1i 3]. Of particular interest are macrolides., glycosylated racrocyclic lactones
belonging to the class of polyketides (PKS) that represent an important family of bioactive
molecules[4i 6], Macrolides have critical therapeuticallglevant applicationg7], such as
antibiotics €.g.Erythromycin, Telithromycin, Clarithromycin, Azithromyc|B]) and anticancer
agents €.g. Dactinomycin, Cyclosporine, Temsirolimus, Sirolim{8]) (see Figure 21).
Additionally, they have been broadly investigated in modern drug discovery programs as

antifungal, antiparasitic, antiproliferative, antituberculosis, and antiviral afgnts

‘e
/,
£,
/4

o)
Azithromycin o " Erythromycin
(treatment of bacterial 7 (treatment of bacterial
infections such as Ho H infections including
Bronchitis, N skin, chlamydia,
<N respiratory)

l Pneumonia)

Figure 21. Two examples of welknown bioactive macrolides, Azithromycin and Erythromycin.

Macrocycles have been observed to bind difficult protein targets that possess relatively
bland surfaces and require large surface conf@ft8/acrocycles, structurally bigger than small
druglike molecules, can better fill and form multiple protiggand interactions within these
difficult-to-target binding siteg9]. Additionally, as the ring structures of macrocycles can
contribute to high structural prganizationthese features can accommodate for minimal loss of
entropic costg2], and cause macrocycles to usually display binding affinities for diverse
biological targetg10, 11} Importantly, there is heated interest in the investigation of maerolid
analogues as tools to chemically probe and manipulate biological sy&tdms

One major caveat of exploring macrolide bioactivities in drug discovery is the high

difficulty of their organic synthesis. feasible, synthesi8, 11, 12]typically requires at least 15
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steps and leads to very low yields, consequently impeding the discovery of new bioactive
macwplides. Therefore, the prioritization of potent analogues of macrolides is crucial before
attempting the experimental synthesis of these challenging organic compounds. To reduce time
and financial costs associated with these synthetic efforts, two maines/are now emerging:

(1) The biosynthesis of macrolides using synthetic biology conc&uismbinatorial
biosynthesis is a powerful technology that can produce libraries of unnatural and/or modified
structures by genetically manipulating biosynthetidypatys to natural producfd, 13], and has
been largely employed to increase chemical diversity of a given molecular s¢agpliajor
challenges of this technology include limited accessildlitiosynthetic routes and complexities
associated with large DNA sequences that contain multiple polyketide synthase genes and other
components[11]. One particularly significant consequence of these barigrthe limited
structural diversity of polyketides due to the types of structural extender units generated by
polyketide producing organisnmi$l]. To complement these efforts, presday semisynthetic
stat egies rely on finding c¢chemical[ll,il# &5hThé e s o0 t
chemical Ahandl esd can then be | everaged vi a
additional chemical diversity. This too has been somewhat restricted in scope anfbuyfilltly

(2) The use of computational chemistry to model, screen, and prioritize thelidescro
predicted to have the most promising properties: struttased virtual screening of chemical
libraries towards biological targets has proven capable of identifying novel ligands in a highly
costandtime effective manndi.6i 22]. By employing computeaided tools and heuristics, such
as 3Dmolecular docking and/or quantitative structaetivity relationship (QSAR) mode[&1,

22], one could predict the potential activity and synthetic feasibility of compounds in order to
prioritize analogues with desirable structural and molecular properties. Cheminformatics
approaches could thus be highly relevant to further the use of novel macrolides in pharmaceutical
development. In fact, they could facilitate and speed up the identifiaatpromising compounds

to be biosynthesized in priority.

Molecular docking and QSAR methodologies have indeed proven useful and reliable
enough to design and/or identify highly potent molecules with desired biochemical properties and
binding bioprofies[16i 18, 20 25]. Thus, we posit that higthroughput virtual screening could
help researchers discover valuable molecules from a library of enumerated analogues.

Consequently, the overall cost associated with thegdeand synthesis of those bioactive
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macrolides could be dramatically reduced. Obviously, this is especially true if most of those
enumerated macrolides can be biosynthesized by engineering polyketide synthase modules.
However, to achieve this ambitious ¢jothere is an urgent need for the creation of large and
diverse virtual chemical libraries of macrolides that could be virtisaligened against a given
biological target of intereste(g., bacterial ribosome) or a series of already known bioactive
macrdides treated as active probes. As far as we know, there is no large library of macrolides
ready for virtual screening in the public domain. Therefore, developing new cheminformatics tools
to generate large sets of virtual macrolide scaffolds representaluable resource for

computational modeling and virtual screening of novel bioactive compounds.

o)

*

Clockwise direction starting from * -
SM002-SM001-SM002-SM004-
SM006-SM001-SM002-SM009-
SM002-SM004-SM006-SM003

Figure 22. An example macrolide scaffold with twelve structural motif (SM) units as building
blocks. The sequence of SMs indicates their building order in the structure. The associated

chemical names and structures of SMs can be fouRdjure 24.

The main goabf this study was to develop and test a computational approach to enumerate
extremely |l arge | ibraries of macrolide scaffo
Structural motifs (SMs) are envisioned as the constitutional building blockdighiigial green in
Figure 22) at the foundation of a fully assembled macrolide scaffold. In our approach, SMs are
added one by one and permuted to cresig enumerate new macrocycles with all possible
arrangements of SMs. SMs currently employed in our software were directly and solely derived
from eighteen known, experimentaltpnfirmed bioactive macrolide scaffolds compiled from
different studies Kigure 23) [261 34]. The approach currently has
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moti fs and s e vmatfs. Mhataestecthon dramaticatlyt enharacéds the likelihood of
having these macrolide scaffolds to be successfully biosynthesized if found to have promising
properties. Herein, we conceived and implemented the PKS Enumerator program capable of
generatig large, highly customized virtual chemical libraries of macrocycle/macrolide scaffolds
with controlled structural diversity. It can serve asiraquein-its-genretool to explore the
chemical space of virtual macrocycles, investigate their chemical/physmtures, and create
well-designed libraries of macrocycles ready for virtual screening. Obviously, the vast majority of
those macrocyles will never be (bio)synthesized due to the time and cost such an endeavor would
represent. However, having the pbdgly to study the structural properties of those large series
of macrolide scaffolds is of high interest for modelers and computational chemists. Besides, our
PKS Enumerator technology can be coupled with other cheminformatics software such as BoBer
which replaces some of the isosteric fragements to improve overall potency, reduce toxicity, and
change bioavaility35]. Moreover, the enumerated libraries of virtual molecules can have other
uses when it comes to mapping and studying the chemical space with computational techniques.

As the main case study, we report onghameration and structural characterization of the
V1M library, a sample library generated via PKS Enumerator containing 1 million diverse
macrolide scaffolds built using nine common SM types (blue celsguare 24). It was directly
inspired by the core structures of eighteen known bioactive macrolides. Again, our overarching
goal is to generate virtual macrolide scaffolds that share high structailargy with well-known
bioactive macrolides. We then analyzed the distributions of SMs along with several molecular
descriptors (molecular weight, hydrophobicity, topological polar surface area, hydrogen bond
donors/acceptors, rotatable bonds, hetermatdeavy atoms) calculated for each enumerated
macrolide scaffold. We also conducted fingerprint analysis of V1M to determine the level of
chemical similarity towards the eighteen bioactive macrolides.

Overall, V1M was generated as a pradfconcept stdy (i) to help illustrate the features
of PKS Enumerator(ii) to demonstrate how chemical and structural diversity can be adeptly
controlled with the useprovided parameters, aid) to encourage computational (and potentially
experimental synthetic) scientists to custom design virtual chemical libraries of macrolide
scaffolds suited for their project needs. V1M is freely available in the Supplementary Material of

this manuscript. Maover, the PKS Enumerator is also freely available for download
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(http://www.fourchedaboratory.com/softwaje We believe this new virtual library of publicly

available macrolide scaffolds will ahle and inspire other molecular modeling studies.

Azithromycin Clarithromycin Dirithromycin

Figure 23. List of eighteen welknown bioactive macrolide drugs. These structures were later
simplified by removing sugar groups and replacing ester and amino chaingimgtinom the

core cyclic structures with alcohol and amine respectivelyAppendix Figure R).
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Figure 24. Sixteen structural motifs currently employed in PKS Enumerator. SMs were retrieved
from eighteen known bioactive m@lide scaffoldsKigure23 ) : ni ne Acommono str
(CSMs) are in blue cells, and seven Arareo st
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2.2.Methods

2.2.1.0verview of the Enumeration System

PKS Enumerator is a noveheminformatics software that enumerates and generates virtual
chemical libraries of macrocycles. The innovation of our enumeration approach relies on its ability
to create extremely large and diverse chemical libraries by manipulating and constraining key
structural parameters of the enumerated compounds, such as the type, number, and redundancy of
structural motifs in each compound or the overall diversity of the library. The software itself has
been developed in Python 3.5 and can be accessed via &gragkr interface. The software is

freely available for downloadttp://www.fourchedaboratory.com/softwajancluding its most

recent GUI https://github.com/zinph/pksnumerator.

An example macrocycle, with ring size twelve, is showfigure 22. One should note
t hat firireig deBnedzas the rumber of SM units included in the ring structure. As
illustrated by its simplified workflow diagramFigure 25), PKS Enumerator allows for the
integration of two types of structural motitsommonandrare. The core workflow of our PKS
Enumerator is provided and explained in depth in the Implementation Details section. The basic
building blocks,i.e., structural notifs, in our method are functional groups such as alkenes,
epoxi des, esters, carboxylic acids, et c. , wi t
Figure 24) at which other SMs will be connected. These blocks are utilized to form the core ring
structures of macrolide scaffolds and are major contributors to the structural diversity of the
libraries generated.
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Recursion Tree for Permutations of SM001, SM002 and SM003

Figure 25. Simplified workflow diagram of PKS Enumerator system.

In this approach, SMs were directly and solely derived from eighteen known,
experimentallyconfirmed bioactive macrolide scaffolds compiled from different studhiigife
23)[26i34]. ACommono structur al motifs (CSMs), in
of eighteen known bicace&v macr ol i de drugs, while Arareo st
in less than fiveAppendix Figure A). This is very important as our primary goal was to generate
macrolide scaffolds that primarily include biosynthetically amenable building blocksl fioun
known bioactives. We believe this will increase the feasibility of such virtually generated
compounds through combinatorial biosynthetic appr¢ath14, 15] One should also note that
both CSM and RSM categories could be expandedpur program is not limited to nine CSM
types and seven3M types reported in this study. Other SM types can be hardcoded into the
software per request. On that premise, RSM category may eventually include SMs that are difficult
to synthesize and/or insert into a macrolide scaffold, and we believe such aniopseful for
future molecular design and exploratory studies.

The list of nine CSM types and seven RSM types employed for enumeration are provided
in Figure 24. Once a subset of these basic building blocks has been selected by the user, PKS
Enumerator automatically imports them into the program. Using SMs as building blocks, the
software permutes armleates macrocycles according to the filters and constraints set by the user
(seeTable 21). All generated structures are exported as SDF (withdwensional structures)

and CSV files, with six molecular properties calculated for each compound: molecular weight
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MW, hydrophobicity- SlogP, topological polar surface are8PSA, hydrogen bond acceptors
HBA, hydrogen bond donorsHBD, and rotatabledndsi NRB. These properties were selected
because they are often used to indicate drug likeness, cell permeability, and oral availability of

molecules.

Table 21. Constraints used in PKS Enumerator. User inputs for generatidibihry were also

provided.
Building Rules V1M Inputs | Parameter IDs

) Minimum 12 1

Range of CSMs in each macrocycle -
Maximum 16 2
_ Minimum 3

Range of RSMs in each macrocycle -
Maximum 4
Range of total structural motifs in each | Minimum 12 5
macrocycle Maximum 12 6
Prioritize Acommono ( CM 7
Number of permutations to skip 100,000 8
Library size 1,000,000 9
Addition of an ester Yes 10
Repetition of each CSM and RSM (varies) 11

Figure 25

The key userdefined constraints and filters in our program regarding the structural
characteristics of macrocycles are recapitulated in more details in the next section. Briefly, users
can choose to have an additional ester in the macrocycles, specify theft@l#&d®) RSMs to
build the core macrocyclic structures, and fix the number of SMs for each macrocycle.
Additionally, users can control the overall ring sizes and the library esige 00 million unique
compounds). The diversity of the library can alsocbatrolled by assigning the number of

permutations to be skipped after each macrocycle is written to the output file.
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2.2.2.User Controls and Enumeration of the V1M Library

We recapitulate ifable 21 the parameters used to set up the requirements for our program
execution. A preliminary graphic user interface of PKS Enumerator software, along with nine
currently employed CSMs and building rulesprisvided inFigure 26. The example inputs are
taken from the parameters we used to enumerate V1M, reported and analyzed in the Results

section.

@ PKS Enumerator — North Carolina State University

Common Structural Motifs Rare Structural Motifs Building Rules
SM001 x SM002 x smoo3 x [N | smoos x [N mw Per Macrocycle
R R R R R R R R R R Range of Common SMs from 12 to 16
R R " o
S Y j/ \l/ Y >< Range of Rare SMs from 0 to 0
OH =t 5 Range of Total SMs from 12 o to 12 o

R
= R R, R
‘\_< \”/ J/ Library
% o -

o Permutations to Skip 100000

A I N N I MY > oo soe 1000000

[¥] Add an additional ester to each macrocycle

Output as: [¥] csv [¥] SDF
Generate

Figure 26. Graphic user interface of PKS Enumerator software. The numbers in the blue circles
correspond to the parameters explained in the Methods section. Yellow cells in the structural motif

cells indicate the maximum repetitioallowed forthe corresponding SMs.

First and second parameters control the allowed range of CSM units to be included in each
macrocycle. Since numerical values of 12 and 16 have been provided for minimum and maximum
number of CSMs, macrocycles can contain twelve to sixteen CSM units gef the total ring
size set in fifth and sixth parameters permits. Similarly, third and fourth parameters determine the
minimum and maximum number of rare structural motif (RSM) units allowed per macrocycle. For
V1M, these inputs have been set to O; tfeees macrocycles will not contain any RSMs. The fifth
and sixth parameters, respectively, determine the minimum and maximum numbers of building
blocks or SM units to be included in each macrocycle; in other words, the ring size. The program
will generateall ring sizes of macrocycles starting from the minimum value, incrementing up to
the designated maximum number. Since both minimum and maximum inputs are twelve in the

example provided in Table 1, only macrocycles with twelve SM units will be generagohplts
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for the above parameters must be coherent for the program to work as desired. For example, if the
minimum number of total SMs {Sparameter) is higher than the combination of specified
maximum CSMs and RSMs"{2and 4" parameters), the progranill not generate any compound

and return an error message. This is because the sum of maximally allowed CSMs and RSMs is
lower than the required minimum ring size. Regardless, ring sfzar@ &' parameter) takes
precedent over the range of CSMs andvRSallowed per macrocycle $12"¢, 39 and 4"
parameters).

The seventh parameter determines whether CSM or RSM categories will be prioritized. If
users choose to prioritize CSM, the permutation process will start with maximally allowed number
of CSMs ad decrement until the minimally allowed CSMs per macrocycle. In other words, the
library will exhaust all possible arrangements of CSMs before including RSMs in macrocycles.
Hence, a library may contain macrocycles with only CSMs upon one or more ofltverfg
conditions which can potentially limit RSMs from partaking in the permutation praceksge
subsets of CSMs are importdd) small skipping parameter is provided,(oi) library size is set
too small. The reverse can happen if RSMs aipred over CSMs.

The eighth parameter controls the number of macrocycles to be overlooked after each has
been written to the output file. Once the program starts, it enumerates the first permutation of the
building blocks to generate one macrocycle amitkes the resulting structure to the output file if
the specified structural requirements are met. Then, the program skips a specified number of
per mutations per userods request, and repeats
compounds. fis process continues until the desired library size is achieved or no more
permutations are left to continue. Since macrocycles are built via block permutations in a
standardized and linear order (see recursion trddguare 25), larger inputs for the skipping
parameter delivers higher diversity. This option is particularly helpful when one desires to generate
a very diverse yet representative libraoyering an extremely large portion of the chemical space
potentially buildable using all the selected SMs.

The ninth parameter determines the total number of macrocycles to be generated at the end
of program execution. In other words, this parameter otsnthe overall size of the virtual
chemical library. It is necessary for efficiency of the software as well as the amount of storage. In
V1M, the total number of macrocycles is limited to 1 million. The tenth parameter indicates

whether each macrocycle stwcontain an additional ester or not; the former produces macrolide
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scaffolds, and the later macrocycle scaffolds. The eleventh parameter (yellow cells iREjure
controls how often each SM type can be repeated per macrocycle; in other words juseesita

the maximal occurrences of each SM type. This parameter is useful because repetition of certain
CSM types, such as SM001 and SM002, was observed in eighteen bioactive maéppeeslik
FigureAlA, A1B).

Since hundreds of millions of macrocgslcan be exported, output files are separated and
organized based on their ring size (total structural motif units). In this example, since the ring size
was twelve, the output files were named ORS_1
size.Additionally, the program outputs two other files containing important information about the
library: library_info.txt and SM_info.csv. The former has a compilation of all the input parameters
set for the library, along with the selected CSMs, RSMs ane &lapsed for the enumeration
process. The later reports data on CSM and RSM type distribution along with their number of

repeats per macrocycle (outputs in FigR£s.

2.2.3.Implementation Details

The core algorithm of PKS enumeration process is ptedem Figure 27. The
cheminformatics backbone of this python script relies on the RDKit libf86} and
PKS_Enumeration object. The later employs four helper methedsFge, FLp, Fc) provided in
Table 22 along with comprehensive descriptions to help aid in understanding the workflow of the
algorithm. Three major inputs required for the program are CSM types, RSM types, and a list
which compiles the building rulese., all eleven parametersoim section 2.2 in Methods. CSMs
and RSMs are shuffled after being imported into the program to prevent the repeatable SMs from
clustering together.

First (Figure 27, Region A), the program generates all possible ring sizes of macrocycles
based onBand &' parameters. For each ring size, it generates all possible allowed length pairs of
CSMs and RSMs per macrocycle based%2F, 39 and 4" paraméers using length pair function
(FLp). For each ring size, an empty template storage is created to hold templates containing CSMs
and RSMs in string representations (SMILES). These stored templates are later parsed with a
binary search function @6) to ersure that no duplicate macrocycles are produced. In other words,
duplicate check is performed on canonical SMILES by searching the template storage of associated
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ring size. Here, the orders of CSMs and RSMs in those templates do not matter, only #maéethe s
SMs are present in those templates. Then, length pairs of CSM and R8M,A(Lc = allowed
CSM units and k = allowed RSM units), are iterated for each ring size, and checked to ensure
that the pair adds up to the current ring size. If the length pair does not add up, it simply continues
to the next length pair. This step confirms macrocycles with only thespseified numbers of
CSMs and RSMs per ring size to be generated in the library. For the desired length pairs, all
possible combinations for selected CSMs and RSMs per their respective allowed lengths are
generated using the combination functios)(H his will generate two separate categories: CSMs
combinations per tand RSMs combinations per.L

In the next stepHigure 27, Region B), cartesian pradts (CP) of CSM and RSM
categories are generated. Here, CPs are essentially templates holding varying mixtures of CSMs
and RSMs. At this stage, the positions of SMs in the template are of little significance because the
template is then sorted and binagarch function (#s) is applied to perform duplicate check in
the associated template storage as mentioned above. If the template with the same SMs is not
found, it is added to the template storage, and then passed into the permutation process, during
which the actual permutation of all SM blocks is conducted to create macrocycles with different
arrangements of SMs (see recursion trdagare 25). If the template exists already, it will simply
move to the next CP, repeat the process of creating a template, and checking its existence in the
template storage.

During the permutation proceskigure 27, Region C), the program will first check
whether the library size (input fronf'@arameter) has been achieved. If so, the program will end.
If not, the template (canonical SMILES) will be standardizeddasemolvs modulg37], and an
ester may or may not be added perruées r e § pasasdter).(Mbl0s standardization is
performed by removing hydrogens, sanitizing mols, disconnecting metals, normalizing, reionizing
and assigning stereochemisfB7]. Next, the formatted template, containing SMs, is converted
into a compatible RDKit mol format, for which 3&ordinates and conformations may or may
not be generated using ETKDG method from RDKit libf@upon wuser 6s request
calculation function (bc) is then performed on thraolecule (se@able 22), and the macrocyclic
compound will be written to SDF (with or withc
and CSV files. Specified number of permutatior8 g&rameter) will the be skipped after the
molecule has been written to the output file. The permutation process will continue until all
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possible permutations for this template has been completed, after which, it will loop to the next

cartesian product which will provide ahet template to permute.

Loop for all ring sizes
v
——»{ Loop for all length pairs .

Merge & create template

—»  Permutation [« Region C

No Yes

Add ester to template ¥ Convert to molecule

!

Create 2D structures

Figure 27. General workflow of the core PKS Enumeration process. Regions A, B and C are

explained in the Implementation Details of the Methods section.
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Table 22. Helperfunctions from PKS_Enumerator class. The descriptions for each function were

provided to help understand the workflow of PKS Enumerator provided in Figure 2.7.

Methods Description

Binary search function @s) Searches target item in the given llstplemented
to ensure no duplicate macrocycles are genera

Descriptor computing function ¢€) | Computes six molecular descriptors for the in
compound via RDKit library: Molecular Weight
MW, Hydrophobicity - SlogP, Hydrogen Bon
Acceptors- HBA, Hydrogen Bond DonorsHBD,
Topological Polar Surface Area TPSA, and
Rotatable Bonds NRB.

Length pair function (k) Generates all possible common and rare SM le
arrangements based on total number of §
allowed in the program. This method is retiam
parameters 1, 2, 3, 4, 5, 6 and 7 in the building ry
The length pairs returned are sorted baseqg
ascending number of either common or 1
structural motifs (? parameter). Default prioritize
CSMs, i.e. length pairs are sorted based
ascendig lengths of rare SMs, thereby prioritizi
CSMs in the macrocycles. In each length pair,
number of CSMs are noted as &nd RSMs as k.
Their sum provides the total number of SMs
macrocycle.

Combination function (§ Generates all different conmations of SMs pe
input length.

2.3.Results

For thisproof-of-conceptstudy aiming at generating the V1M library, we constrained the
program so that each enumerated macrolide scaffold had a total of twelve SNleunitsqreate
14-member ring macrolide scaffolds such as Erythromycin). Each SM unit was selected from the
nine unique CSM types (see inputs for V1Mable 21 andFigure 26). SM001, SM002, SM006,
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SMO013 were allowed 3, 4, 2 and 2 times per macrolide scaffold respectively, and the remaining
CSM types once. These values were chosen by an approximate weighting based on the frequency
of CSM types found in eaatf the eighteen bioactive macrolide (BM) scaffolds (8peendix
Table Al). In other words, we allowed frequently occurring structural motifs such as SM001 and
SMO002 to be repeated more often than the others. We had the program skip 100k permutations
aftereach output structure. An additional ester was added, and V1M was set up to contain exactly
1 million macrolide scaffoldsI@ble 21).

The number of &possible macrolide scaffolds according to the input parameters used for
V1M was approximately 872 billion compounds, since each macrolide scaffold used twelve SMs
taken from a total of sixteen available CSMs in the selection peol3 repeats of SMAQ 4
repeats of SM002, 2 repeats of SM006, 2 repeats SM013, 1 repeat of SM003, SM004, SM005,
SMO008, SM009). Herein, we generated a total of 1 million compounds by skipping 100k possible
compounds after each selected macrolide scaffold. Considering tthet akamined compounds
met the required structural features and were chosen to be in V1M, we only covered the first 100
billion compounds,i.e., a small fraction (11.47%) of the entire possible macrolide scaffold
population based on the us#afinedconst ai nt s . It took a standard d
CPU, 8 GB RAM) approximately seven hours to generate V1M. Then we analyzed it in terms of:

2.3.1. Structural diversityi We reported on the distribution, composition of CSM types,
their occurrence(s) per matide scaffold, along with the distribution of heteroatoms and
heavyatoms observed in V1M. We computed the same properties for simplified structures
of eighteen weltknown BM drugs Appendix Figure &) and compared their results to
those of V1M.

2.3.2. Chemical diversity i We studied the distributions of molecular descriptors
(molecular weight MW, hydrophobicity- SlogP, topological polar surface aredPSA,
hydrogen bond acceptoHBA, hydrogen bond doneHBD, rotatable boneNRB) which
are commonly usetb assess drug likeness, bioavailability, and oral absor[8Ri3].
Additionally, we computed the same descriptors for eighteen BM scaffolds, and conducted
a comparative analysis to further emphasize the clautiersity of V1M.

2.3.3. Correlation Analysis§ We conducted a pairwise correlation analysis among all
computed descriptors (MW, SlogP, TPSA, HBA, HBD, NRB, heteroatoms, heavyatoms).
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2.3.4. Structural similarity with eighteen BM scaffolds We assessed the chemical
similarity of our 1M macrolide scaffolds from V1M with respect to the eighteen BM
scaffolds by conducting fingerprint analysis (MACCS).

Regarding the comparative analyses with €ighteen BMs, substituted ester and amino
functional groups protruding from the ring cyclic frameworks were replaced with alcohol and
amine groups respectively, and sugar blocks were removed. This preprocessing step allowed us to
directly compare the nbecular properties of the scaffolds of the welown BMs to those
generated in V1M. Simplified structures of the eighteen BMs are providedyiume 22. For

example, the structure of Erythromycin was modified as showppendix Figure 4.

2.3.1. Structural Diversity of V1M

We analyzed the structural diversity of V1M by studying the distribution of CSM types,
each typeds ¢ ompod edach @SM,typetpbranacomobde scaffol@ courds of
heteroatoms and heavyatoms. The distribution of CSM types and their composition in V1M were
presented irFigure 28A. The blue bars represent the number of macrolide scaffolds where
respective CSM types are observed, and the orange bars represents the total composition of each
CSM type in the entire library. All nine CSM types, in general, were higlgsesented (blue,
Figure 28A); SM001, SM002, SM003, SM008 and SM013 were observed in all 1M macrolide
scaffolds, and SM006, SM005, SM009, SM004 wereepnlel in 875k, 800k, 660k, 602k
macrolide scaffolds respectively. V1M employed all nine unique CSM types among a selection
pool of sixteen CSMs; therefore, the overall diversity of SMs in V1M is significantly high. Among
the eighteen BM scaffolds, we obged a somewhat similar distribution of CSM types (blue,
Figure 28B). All nine CSM types were present in eighteen BM scaffolds. SM001 and SM002, like
in V1M, were involved in all eighteen BM scaffolds; SM003, SM005, SM006, SM008 and SM013
were found in ten, six, six, seven and seven bioactive macrolide scaffolds.tinggyeSMO002
was observed twice more frequently than SM0OO1 in these eighteen BM scaffolds. We could
probably posit that the methyl structural motif (SM002) helps maintain/impose critical
conformational constraints for the macrolides (compared to the MDA direct comparison of
CSM type distribution (in percentages) among the scaffolds of the eighteen BMs and V1M was
shown inAppendix Figure AA.
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We then studied the total composition of CSM types in V1M (ordfigere 28A). Since
we generated a million macrolide scaffolds each containing 12 CSMs, the total number of CSMs
used in the library was 12 million. Among all 12 million CSMs, a comparatiaedye portion in
V1M were occupied by SM002 (methyl, 2.9 million, 24%) and SM001 (methylene, 2.2 million,
18%). The high occurrence for these SMs was obviously fueled by the high number of repetitions
we initially allowed for this enumeration (SM002 wdleaed four times, and SM001 three). The
SMO013 alkene was allowed two times and was comprised in 1.58M (13%). Some CSMs containing
oxygen such as SM004, SM005 and SM009 were comprised in relatively small portions (from
600k to 800k, 6%). The remaining SIsSM0 03 <containing an ethyl,
hydroxy methyl, and SM008 with a methyl carboxaldehyde) were comprised L2 (9%)
of the entire SM population. Regarding the eighteen BM scaffolds, a highly similar CSM type
composition was observédrange Figure 28B). Among a total of 163 CSMs found in eighteen
BM scaffolds, SM002 (60, 36.8%) and SM001 (32, 19.6%) accounted for fairly largengoes
in V1IM. The remaining seven CSM types among the BM scaffolds maintained a similar
composition (4% 8%) each. The direct comparison of CSM type composition (in percentages)
among the eighteen BM scaffolds and V1Rppendix Figure AB) emphasized eemarkably
similar pattern, which was contributed by the carefully weighted inputs for SM type frequencies
in generating V1M.

Regarding their occurrence per macrolide scaffold, we limited the occurrences of
five CSM types: SM003, SM004, SM005, SM008, @), to only one per scaffold. Thus, it is not
surprising to observe that their recurrences per macrolide scaffold in V1M were onBigume (
2.8C). Despite having different distributions for each repetition (which was not controlled during
the enumeration process), V1M contained SM001, SM002, SM006 and SM013 up to their
maximally allowed repetitions per macrolide scaffoligure 28C). It demonstrates that the
various user constraints are fully respected in the macrolide scaffold structures generated by the
PKS Enumerator software. In comparison be teighteen BM scaffoldsFigure 28D), the
frequency distributions of the CSMs in V1M appear more balanced or contiféideolg 28C); in
other words, they form a slightly bedhaped pattern. On the other hand, there is no recognizable

pattern among the different occurrences of CSMs amongighéeen BM scaffolds.
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Figure 28. Distribution of structural motifs in (A) V1M (Virtual 1 million Macrolide scaffolds),
and (B) 18 BM (Bioactive Macrolides) scaffolds fronppendix Figure &. Blue represents the
number of mawlide scaffolds with specified SM types. Orange represents the total composition
of SM types in the entire library, accounting for their repeats per macrocycle scaffold. Distribution
of SM occurrences per macrolide scaffold in (C) V1M, and (D) 18 BMs.

Thenumber of Gheteroatoms, which is the only type of heteroatom in V1M solely based
on the selected CSMs, ranged from 4 td-Bj¢re 29F). The highest gpulations with approx.
444k and 350k macrolide scaffolds had six and seven heteroatoms, respectively, and 144k
macrocycles contained five-Reteroatoms. The diversity of heteroatoms in the library can be
easily controlled by using RSMs that could introel@dternative heteroatoms other than oxygen,
such as nitrogen, sulfur, phosphorus, boron, etc. However, we specifically chose commonly found
CSMs derived from the eighteen BM scaffolds and excluded RSMs that are normally enriched
with different heavy atomand/or functional groups. In comparison to the eighteen BM scaffolds,

which contained 7 to 9 heteroatoms, V1M delivered relatively lower numbers of heteroatoms. The
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number of heavy atoms in V1M followed a slightly {ekewed distribution ranging from 23 32
(Appendix Figure AB). Most of the library (858K macrolide scaffolds) had 29 to 31 heavy atoms.

A higher diversity in the number of heavy atoms can be delivered by adjusting the ring size or
structural motifs with different lengths and/or functiogedups. All BM scaffolds were composed

of 27, 29, 30, 31 and 34 heavyatoms per ring, and seventeen BM scaffolds were observed within

the heavyatom distribution of V1M.
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structures of randomly selected mamtes from V1M were displayed in associated bins of

molecular properties. Eighteen BM scaffolds which fell within the range of molecular properties

of V1M were also colecoded and displayed in associated bins.
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2.3.2.Chemical Diversity of V1M

We analyzedhte chemical diversity of V1M library in terms of six molecular properties:
molecular weight (MW), hydrophobicity (SlogP), topological polar surface area (TPSA),
hydrogen bond acceptors (HBA), hydrogen bond donors (HBD), and rotatable bonds (NRB).
These spafic molecular properties were selected because they are commonly used to assess oral
absorption, cell permeability, bioavailability, and drug liker{88$43] of small molecules.

The moleculaweight of V1M followed a slightly lefskewed distribution. It ranged from
378.5 to 456.6 g.mdlwith an average (meaw) equal to 422.6 + 16.7 g.mb{Figure 29A). The
highest population with approximately 316k macrolide scaffolds (31.6%) fell between 420 and
435 g.mott. Remarkably, 828k (83%) of V1M population fell within the narrow range of MW
from 405 to 450 g.mdi, along with seventeen out of tiegghteen BM scaffolds which ranged
from 384.22 to 482.25 g.mbéMwith an average of 424.7 +23.7g.mol Regar ding Lipin
of 5[39], V1M and eighteen BM scaffolds abidedy Li pi nski 6s mol ecul ar
had MW less than 500. However, the original structures of eighteen BMs were simplified by
removing sugars and bulky functional groups for a direct comparative study with V1M. Even after
the removal of commonlgccurring sugar groups which would amount to approx. 320 ¢.amal
bulky functional groups, eighteen BM scaffolds were found to have MWs very close to the MW
threshold. Therefore, based on the eighteen bioactive macrolide scaffolds we studied, MW limit
of 500 g.mot may not be quite relevant for macrolides.

Then, we analyzed the distribution of the predicted hydrophobicity as assessed by
the fragmenbased octanol/water coefficient partition (SlogP) for all generated macrolide
scaffolds in V1M. SlogP ltha belishaped symmetric distribution with values ranging from 1.19
to 5.57, and an average of 3.29 + 0.Fig@re 29B). The highest population wittpproximately
244k macrolide scaffolds (24.48%) fell in the SlogP range between 3 and 3.5. A very small
percentage (0. 48 %) of ViM had Sl ogP>5, t her
hydrophobicity. On the other hand, SlogP of eighteen BM scaffoldeabid by Li pi nski 6s
ranged from 0.17 to 2.69 with an average of 1.17 + 0.65. All eighteen BM scaffolds were observed
either below or within the low spectrum of SlogP distribution in V1M, suggesting that
low/moderate hydrophobicity is preferred fostent antibiotic macrolide drugs.

Topological Polar Surface Area (TPSA) appeared to follow ssleftved distribution. It
ranged from 52.6 to 130.42AFigure 29C) with an average of 99.5 + 15.6.Mpproximately
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302k (30.2%) fell in the most populated region between 105 and 34.20é 99.5% of the library
had TPSA between 60 and 135, in which 11 BM scaffolds (61.1%) were observed as well. TPSA
of the eighteen BM scaffolds ranging from 113 to 153vAre observed in the high end and beyond
the maximum range of V1M. Since macrolides are known for their ability to bind difficult target
proteins with bland surfaces and large binding poci&tshigher TPSAs observed for these
eighteen BMs could be highly relevant to their potent bioactivities. Overall, both V1M had thirteen
BM scaffoldslmd TPSAs compl i arf38], TRSAOh 1V ®dyand which fiveu | e s
BM scaffolds were observed.

The number of hydrogen bond acceptors (HBA) in V1M followed a slightly-sgetved
distribution EFigure 29D). V1M ranged from 4 to 8 HBAs with an average of 6.31 = 0.8.
Approximately 938k macrolide scaffolds (93.8%) of V1M was observed to have HBAs from 5 to
7, and a majority 444k (44.4%) macrolide scaffolds had 6 HBA. However, higher range of HBA
(7 to 9) was observed for all BM scaffolds, suggesting a higher count of HBAs could be relevant
to the potent bioactivities of macrolides. Both V1M and eighteen BM scaffolds were compliant
with Lipinskios rule regarding sldfBhdrogeriionds O10
donors in V1M ranged from 0 to 3, with 497K (49.7%) macrolide scaffolds have 2 HBiRE €
2.9E). BM scaffolds covered a wide rangeHBDs from 1 to 6, with 11 BM scaffolds within HBD
di stribution of V1IM. Sixteen BM scaffolds and
rule (HBD O 5). Two BM scaffolds had HBDs of
macrolide scaffold rangedrdm three to four Appendix Figure AA). A large majority,
approximately 800k (80%), of V1M had rotatable bonds of four. All BM scaffolds covered a range
of rotatable bonds from 0 to 6 with an average of 2.33 £ 1.68. Seven BM scaffolds had NRB of 1,
and oty five BM scaffolds fell within the same distribution of V1M. Both our V1M library and
18 BM scaffolds were compliant with Veberads r

Since we have been referencing Lipinskios
scaffoldswe also conducted a short study to assess whether the eighteen chosen BMs with reduced
structures Appendix Figure AR) followed these rules as welAppendix Figure & shows a
summary of molecular properties and filters such as MW, SlogP, TPSA, HBA, HBB,that
are normally used to determine cell permeability, bioavailability and drug likE3@&s40, 41]
along with colorcoded information on whether the molecular property values fall within or outside

Li pinskiod6s and Veberds region.
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Thirteen outof eighteen BM scaffolds displayed molecular properties well within
Lipi f3®llain@s Ve b {88]alsle thre uekt slightly deviate in TPSA and HBEppendix
Figure ) . Al l BM scaffolds displBOyl OMWEF,i vl adeR0 5s,t
scaffolds stildl showed values not far from th
TPSA=140). Dirithromycin (HBD=6, TPSA=153.47) and Roxithromycin (HBD=6, TPSA=151.3)
showed the highest deyv ieravdluesoohHBD fvhiletine resththeee BM pi n s
scaffolds (Cethromycin, Erythromycin and Flur
of 140 by arange of 4.52 to 7.15. This data suggested that, as expected, not all BM scaffolds abided
by Li pi nsekri6bss[39%url eé bt he majority of BM scaf fc
region of drug likeness and bioavailability. One should underscore again that our analysis was
conduced using the reduced representation of the BiMs, bnly the macrolide scaffolds) to
enable the direct comparison with the macrolide scaffolds generated by the PKS Enumerator. One
should also underline that estimating the drug likeness of macrolidghig tomplex; therefore,

rules derived from small aliphatic molecules are likely to fail.

2.3.3.Correlation Analysis among Computed Descriptors of V1M

To better understand the relationships among the chemical descriptors, we analyzed the
Pearson correlation coefficients among all molecular properties (MW, SlogP, TPSA, HBA, HBD,
heteroatoms and heavyatoms) computed for V1IM. The heatmap is repoftepdendix Figure
A7. Several interesting patterns emerged during this pairwise correlation analysis among
descriptors. TPSA was observed to hold multiple strong positive relationships with other molecular
descriptors except for SlogP and rotatable bonds. TR&bleshed strong positive correlations
with HBA (r = 0.97), HBD (r = 0.88), and heteroatoms (r = 0.97). Predictably, introducing
heteroatoms, especially polar atoms such as oxygen or nitrogen or fluorine, would increase polar
surface areas and promote hygken bonding as well. The chemical descriptors related to polarity
and hydrogen bonding (TPSA, HBA, HBD and heteroatoms) all had strong positive correlations
among each other; and some more than the others. For example, HBA established a perfect positive
correlation with heteroatoms. Oxygen was the only heteroatom introduced in CSMs (SM004,
SMO005, SM006, SM008 and SM009) used for our study, thus it is the major source affecting
important chemical properties which are TPSA, HBA and HBD. Introducing pafetidmal
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groups by carefully designing new SM types, selecting and specifying the occurrences of SM types
per macrolide scaffold could have a significant impact on the associated chemical properties.
MW had an unsurprisingly strong positive correlationnviieavyatoms (r = 0.99). MW
also showed relatively strong positive correlations with HBA (r = 0.71), HBD (r = 0.67), TPSA (r
= 0.66). It was likely because the CSM types containing oxygen had relatively larger functional
groups in comparison to the restaar study (e.g. SM005, SM006, SM008), thereby resulting in
a high correlation between MW and other descriptors: TPSA, HBA and HBD. This correlation can
be enhanced by allowing higher number of CSMs with polar atoms in the selection pool or
increasing theirepeats per macrolide scaffold. In general, it can be seen in V1M that several
molecular properties such as MW, TPSA, HBA, HBD, heavyatoms and heteroatoms had moderate
or strong positive correlations with one another.
Comprehensibly, SlogP (hydropholtygi established multiple strong negative
relationships with other molecular descriptors: TPSA {0.84), HBA (r =-0.93), HBD (r =-
0.77), and heteroatoms (-6.93). Since most polar compounds are known to interact with water,
lower hydrophobicity wold be observed for macrolides possessing larger polar surface areas or
functional groups with potenti al HBAs and HBD
(r =-0.44) and NRB (r = 0.04). NRB did not report any important correlations with thef tast o
molecular descriptors, and the distribution of NRB within VIApgendix Figure AA) was too

low to form any significant correlations with other descriptors.

2.3.4.Analysis of Chemical Fingerprints for V1M

Chemical fingerprints were computed fbe scaffolds of both V1M and the eighteen BMs.
We used 2D MACCS (RDKit implementation of the MACCS kE86]) via the RDKit fingerprint
node in Knime. Tanimoto similarity coefficients were computed via the CDK toolkit in Knime for
the fingerprints of V1M against those of eighteen BM scaffolds which were used as reference
compounds For each of 1M macrolide scaffolds in V1M, only the maximum Tanimoto score
achieved with any of the eighteen BM scaffolds was repargeegnaximum aggregation method.
For example, a macrolide scaffold would afford various Tanimoto scores with elgtiteen BM
scaffolds, among which it afforded the highest Tanimoto score with Clarithromycin. So, for that
macrolide scaffold, only Clarithromycin and the associated Tanimoto score was reported. We then
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analyzed the distribution of Tanimoto scores obthifte all 1M macrolide scaffolds. Tanimoto
scores range from 0 to 1, with 1 being the highest similarity score between two compounds and 0
the lowest. It should be noted that the Tanimoto score between Spiramycin and Rokitamycin is 1
(Appendix Figure &), which would explain why macrolide scaffolds in V1M obtained the same
Tanimoto scores with both. It should also be noted that MACCS method does not account for
chirality since they are 2D fingerprints based; thus, there is a clear limitation in determining
chemical similarity for compounds with different stereocenters.

V1M had a slightly lefiskewed distribution of MACCS Tanimoto scores ranging from
0.63 to 1.0, with an average of 0.84 + 0.G4g(re 210A). The macrolide scaffolds in V1M
identified seven among the eighteen BM scaffolds as most chemically similar: Clarithromycin,
Midecamycin, Rokitamycin, Spiramycin, Tylosin, Miocamycin and Erythromy@iguie 210B).

The count of macrolide scaffolds with highest Tanimoto scores associated with these seven
BM scaffolds is reported iRigure 210B. A large portion of V1M, 297k (30%) and 301k macrolide
scaffolds (30%), was associated with the highest MA®&Sd chemical similarity with
Miocamycin andClarithromycin respectively among all other BM scaffoléfsg(re 210B).
Approximately one quarter of V1M, 216k (22%) macrolide scaffolds, identifiediebémycin,
and 149k macrolide scaffolds (15%) identified Erythromycin as the most chemically similar BM
scaffolds. Only 32k macrolide scaffolds (3%) identified Rokitamycin/ Spiramycin, and 3.9k
macrolide scaffolds (0.39%) Tylosin as the highest chemisatiyjar BM scaffold.

The boxplot analysis iRigure 210C showed the distributions of Tanimoto scores against
these seven BM scaffolds. This allowedtagletermine the level of chemical similarity between
individual BM scaffolds identified as most chemically similar, and their closest macrolide scaffold
analogues in V1M. Clarithromycin (0.853 £ 0.03), Midecamycin (0.846 + 0.03) and Rokitamycin/
Spiramydn (0.849 + 0.03) showed similar distributions with a median Tanimoto score of
approximatively 0.85FKigure 210C), indicating that macrolide scaffolds V1M afforded an
equivalent level of chemical similarity with these BM scaffolds. Miocamycin (0.826 = 0.05) and
Erythromycin (0.831 + 0.04) covered relatively wider, but somewhat similar Tanimoto
distributionswith a median Tanimoto score of approximat@lg3 Figure 210C). Overall, their
closest analogues from V1M showed an equivalent level of chemical similarity with these BM
scaffolds; except for Tgkin which had relatively lower Tanimoto scores ranging from 0.66 to

0.84 with an average of 0.76 + 0.03. Among the macrolide scaffolds in V1M that had highest
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fingerprint similarity with Miocamycin, six example structures along with their Tanimoto scores
were provided irFigure 211. Using Tanimoto score of 0.75 as a cutoff value for good similarity
measurement, 987k macrolide scaffolds in V1M achievgld themical similarity with the known

BM scaffolds based on MACCS fingerprint.
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Figure 210. Calculation of Tanimoto similarity scores between V1M and the 18 BM scaffolds as
probe molecules using MACCS Fingerprint and maximum aggregation method. (A) Highest
Tanimoto distribution of V1M. Number of macrolide scaffolds in V1M identifying eight BM
saffolds as highest chemically similar; (B) pie chart with count of macrolide scaffolds reported
as percentage of the population; (C) box plot analysis of eight BM scaffolds with associated

Tanimoto score distributions.
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ID: 151600 Row ID: 185948 Row ID: 183467
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Row ID: 248604 Row ID: 797312 Row 1D: 797328
MACCS Tanimoto: 0.83 MACCS Tanimoto: 0.81 MACCS Tanimoto: 0.75

Figure 211. Example macrolide scaffolds from V1M identified as close analogues of Miocamycin,

based on their Tanimoto coefficient and MACCS fingerprints.

2.4.Discussion

One of our primary goals in this study was to develop a method and asseoiatete
capable of efficiently generating very large libraries of virtual screem@ady macrolide scaffolds
that include biosynthetically amenable building blocks found in known bioactive macrolides. That
is why we studied eighteen known bioactive mhdeodrugs Appendix Figure A) and included

only the CSMs (the common structural motifs found in at least five among the eighteen BMs) to
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generate V1M library, which has been shown to contain analogues with high structural similarity
towards the known baxtive macrolides. We posit it is possible to synthesize many of these
enumerated virtual macrolide scaffolds using the combinatorial biosynthesis technology which
applies synthetic biology concepts to engineer polyketide synthase modules, mention@dlin the
Introduction Additionally, with the surge of powerful technologies, supercomputers and smart
algorithms, there is much hope in synthesizing sochptex and innovative compounds using Al
powered retrosynthetic route planning software (e.g., Chenjdtita

However, it should be noted that using the detiggilding blocks from known bioactive
macrolides or sharing strong chemical similarity with the alreadsting analogues do not
guarantee stable or experimentally synthesizable compounds, since certain arrangements of SMs
can result in unstable chemic@lomponents. For example, functional groups such as
hydroxymethylester (C&-C-OH) or methoxymethylester (GO-C-OMe) are unstable and
perhaps impossible to form and they do not occur in any of the bioactive macrolides we studied.
The technology of our PKEnumerator software does not address synthetic feasibility, stability,
or toxicity of the enumerated compounds since each feature, being a project worthy of a research
paper on its own, involves a large scope of work. In the future, we aim to implemenosthose
useful additional features to enhance the capabilities of PKS Enumerator.

According to Lipinskiodos rule of 5, compoun
HBA >10 show low potential for druglikeness due to poor oral absorf8®ln Many bioactive
compounds di spl ay LU45panc cerkain drag cladses,ringledinge antibistic i ¢ s
macrolides, have been known for dililge potential including reasonable absorption, cell
membrane permeability, and bioavailabi[dyl, 45] Additionally, filters such as topological polar
sur face a[40e4d]and e durife) of romtb | e b o n[88s41]@r® alsb §opd
indicators of oral bioavailability. In V1M, all generated compounds displayed molecular properties
wel | within Lipinskids and Veberbds rules in t
large majority of V1M (9.5%) displayed SlogP lower than 5.

Nonet hel ess, mo s t bi oactive macrolides Vvi
MW> 500) but are still bioactive and afford reasonable bioavailalili®]. Therefore, strict
reliance on those rules could be a hindrance in exploring the chemical space of macrolides for
novel antibiotics due to their unique structural features and biological profd@8ie&l, 42] One

way to approach macrolides would be to establish predictive (Q)SAR models from bioactive
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compounds and explore how their unique strutfeestures contribute to their potencies. It would
certainly give us more insight for developing new compounds.

The analysis part of the manuscript may aj
Afcommon senseo. However , otghiefrom suchsexpioratpry and h or a
descriptive statistics. The structural and chemical diversity analyses further reflect the depth of
control users can have in designing and manipulating these virtual chemical libraries. Chemical
similarity statistics can & used to finetune the libraries: researchers can create leigjindy
focusedset of compounds sharing strong chemical similarity towards the target molecules, or
diverse set of compounds with different building blocks and molecular descriptors.

There ae several types of applications we plan to accomplish with this enumeration
technology. We aim to generate libraries of macrocycles with very specific molecular properties,
and thus createighly focusedsets of compounds, not just structwise, but alsgropertywise.

In other words, we can provide a range for each molecular descepgo™MW, SlogP, TPSA,

HBA, HBD, NRB) and the enumerator will select only the macrocycles with molecular properties
that fall within userdefined ranges. This could berdoin addition to similarity constraints toward

a particular active macrolide probe. Currently, that step is donespasteration. Moreover, we

will virtually screen PKS Enumerator library using molecular docking to test tens of millions of

diverse macratle scaffolds against several biological targets of relevance. These molecular
docking findings will be used to prioritize new macrolide biosynthesis and potential experimental
testing.

The macrolide scaffolds generated by our PKS Enumerator lack sugporents found
in bioactive macrolides. More research is needed to correctly and systematically incorporate sugars
into our macrolide scaffolds. For example, how do we determine all the potential positions in a
given macrolide scaffold? Would sugars badied to the same SMs throughout the entire library?

If not, how should we implement it as an option in our software? What if the chosen SMs are not
always part of the macrolide scaffolds? Or if the chosen SMs can repeat twice or more, to which
SM(s) shoull we attach sugars? Should sugars be addedppost enumeration? We plan to

resolve these questions and include the corresponding feature in a future version of our software.

At last, we compared our PKS Enumerator to BOBER (web server Base ofsBioisally
Exchangeable Replacemenit3}]. The purpose and approach behind these cheminformatic tools

are very different. The purpose of PKS Enumerator is to diversify the class of macrocycles and
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macrolides by adding structural motifs one by one and permuting them, while offeriagtibn

to introduce novel structural motifs into macrocycle/macrolide scaffolds. On the other hand,
BoBER aims to improve activity, reduce toxicity, change bioavailability using the concept of
bioisosterism and scaffold hoppifd5]. These two cheminformatics tools, however, can be
complementary to one another such that some structural fragments from macrocycle/macrolide
scaffolds generated by PKS Enumerator can be replaced with other fragments using BoBER to
improve overall biological activities and pharmacokinetic properties.

2.5.Conclusion

V1M, the virtual library of 1 million macrolide scaffolds created in this study using our
PKS Enumerator software, is the largest publicly accessible library of macrolide scaffolds. This
library including chemical structures, and computed ptegse is provided as supplemental
material. We showed that modern molecular enumeration software enables the computationally
efficient generation of diversitgontrolled and extremely large chemical libraries of macrolide
scaffolds with weHldefined struatral constraints. Such new type of enumeration technology
diversifies the class of macrolidbg offering a plethora of innovative and unexplored structures.
Hence, it widens the scope of macrolides to motivate the search of polyketide drugs for design and
synthesis, and consequently helps advance pharmaceutical development. Chemical diversity
analysis of V1M showed wedistributed molecular properties of interest, and druglike
characteristics (based on Lipi n§iliobmacalidel Vebe
scaffolds. Importantly, V1M contained analogues that share high chemical similarity with well
known bioactive macrolides. This is certainly hopeful for future studies in search of novel

bioactive macrolides.

Supplementary Material

SMI File of V1M containing 1M macrolide scaffolds

Appendix Table A. Common structural motif (CSM) type distribution and occurrence per
macrolide scaffold among eighteen bioactive macrolide (BMs) scaffolds.
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Appendix Figure A (A-P). Sixteen struaral motifs (nine CSMs and seven RSMSs)
currently employed in PKS Enumerator software, along with the bioactive macrolides from which
they were derived.

Appendix Figure R. Modified structures of eighteen wdlhown bioactive macrolides
(BMs)

Appendix Figue A3. Structural simplificatiorof Erythromycin for a comparative study
with enumerated macrolide scaffolds from V1M.

Appendix Figure A. Percentage of (A) macrolide scaffolds in which associated CSM
types were found, and (B) CSM type composition, in 18Eivid V1M.

Appendix Figure A. Distribution of (A) rotatable bonds, and (B) heavy atoms in V1M

Appendix Figure &. Colorcoded map to demonstrate the molecular properties of eighteen
bi oactive macrolide scaffol dsuesn correlation

Appendix Figure A. P e ar swise @arelation ingatmap of all eight molecular
descriptors of V1M library: MW molecular weight, SlogP hydrophobicity, TPSA topological
polar surface area, HBA hydrogen bond acceptors, HBDhydrogen bond dars, NRB1
rotatable bonds, heteroatoms, heavy atoms.

Appendix Figure 8. Modified structures of Rokitamycin and Spiramycin. The computed
Tanimoto score between these two structures is 1, based on MACCS fingerprint method.
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Abstract

We report on a new cheminformatics enumeration techndl@WE, Synthetidnsight
based Macrolide Enumerafbia new and improved software technology. SIME can enumerate
fully assembled macrolides with synthetic feasibility by utilizing the constitutional and structural
knowledge extracted from biosynthetic aspects of macroliddsn into account by the software
are key information such as positions in macrolide structures at which chemical components can
be inserted, and the types of structural motifs and sugars of interest that can be synthesized and
incorporated at those pasms. Additionally, we report on the chemical distribution analysis of
the newly SIMEgenerated V1B (Virtual 1 Billion) library of macrolides. Those compounds were
built based on the core of the Erythromycin structure, thirteen structural motifs andra &ibr
sugars derived from eighteen bioactive macrolides. This new enumeration technology can be
coupled with cheminformatics approaches such as QSAR modeling and molecular docking to aid
in drug discovery for rational designing of next generation maed¢hidrapeutics with desirable

pharmacokinetic properties.

Structural Motifs

A ———

i

H

Sugars

Keywords: Macrolides, PKS Enumeratorsilico chemical library software, polyketides
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3.1.Introduction

Macrolides are at least 483embered glycosylated macrolactone rifijswherein 12 to
16- membered macrolides are widely known as a family of antibif®ic3] (e.g. Erythromycin,
Pikromycin, Clarithromycin, Azithromycin). Macrolides belong to a large family of protein
synthesis inhibitors and other biologically activity members known as polyketides: structurally
diverse and compleratural products with important therapeutic properfids They display
diverse biological properties such as antibiotic, ang&in antimicrobial, anticancer, and
immunosuppressant activif2]; they thus have gainedl critical interest in the pharmaceutical
industry to be pursued as starting points for the development of novel antibacteria]&gdis
advancements inoenbinatorial biosynthesis have made it possible to genetically engineer
biosynthetic pathways to natural products to produce unnatural/modified macrolides based on a
molecular scaffold providefb].

Macrocyclic structures are known for their ability to bind to large, featureless, almost
undmuggable protein binding pockd®, and their unusual physicochemical properties commonly
far exceed all of the thresholds, structural taleand other empirical rules for estimating
druglikeness (such as Lipinsj8] and Veber9]). In fact, the unique nature of the ring scaffold
makes them highly desirable due to the resulting high structurabrgamization and rigid
conformationd10, 11] The rigidity of the macrocydibackbone limits the flexibility of certain
structural motifs, thereby reducing undesirabletaffjet interactions and the associated entropic
costs, which sequentially increases binding affiiify Macr ocy c | echameldoscto pos s
properties that enable conformational flips driven by thiydrogen bonding and polarity of the
solvent environment, yielding a significant impact onabilability and permeability12].
Additionally, they are known for their stability to proteolytic degradation in intricate biological
surrowndings, higher membrane permeability and metabolic staplldj, which are important
druglike properties. The mechanistic insights and molecular properties that allow for such
favorable bioavailability and pharmaceutical properties are not yet fully understood, which hinders
the innovation and exploitation of ghstructural class for novel polyketide antibiofits, 13, 14]

Hence, studying macrolides has potential to yield important findings that could help identify vital
key charateristics for novel drug designs and development. However, they are still- under
exploited in part due to limited tools and databases to investigate structural features and
relationships of macrolides. In fact, there has been little progress in the degatopf newer
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macrolide drugs up until very recenfli5]; even though the first macrolide, Erythromycin, was
discovered in 195pP16].

The search for novel macrolide therapeutics can be facilitated by cheminformatics methods
such as global/local strugtil enumeration, and virtually screened chemical libraries which can be
modeled against biological targets of interest. Prdtgand complex binding interactions and
structureactivity relationships (SAR) can be extracted from such studies and uggohize lead
compounds with enhanced inhibition potencies and binding affinities. However, the actual lack of
in-silico macrolide libraries in public repositories has been a major challenge in researching this
unique structural class.

That was the ratioma for our recent study in which we introduced a cheminformatics
approach based on the concept of macrolide structural motif (SM; building blocks) to efficiently
generate largen silico, screeningeady libraries of macrolides with complex usefined
structural constraint§l7]. We also reported on the resulting screemempy chemical database
V1M containing 1 million macrolide scaffolds with SMs extracted from eighteen experimentally
confirmed macrolides. Two major weaknesses raggrthe first approach were related to the
exclusion of sugars (even though they have been shown to be critical for the biological activity
[18]) and the actual synthetic feasibility based on biosynthetic eagng approach. The V1M
macrolide scaffolds did not contain sugars, a significant component sometimes contributing to one
or two-thirds of the binding enerdy8, 19]. In addition, all the SMs were added one after another;
hence, it might result in the arrangement of
be synthesized via biosynthetic engineering techniques. However, a virtual screening libbrary ca
only be truly useful if the hit compounds discovered during the procesiedantdbe synthesized
and experimentally tested.

Herein, we propose a more advanced, cheminformatics enumeration approach with
enhanced biosynthetic feasibility and full intatjon of various SMs as well as sugars of interest
to scaffolds. This approach is inspired directly by the actual enzymatic assembly machinery of
polyketides. The insights from the biosynthetic engineering studies of macrolide synthesis can be
applied toour SIME (Synthetic InsigHbased Macrolide Enumerator) technology to consinict
silico chemical libraries that can in principle be experimentally synthesized. In this study, we also
present the resulting V1B chemical library, the largest freely availabtual database of

macrolides to date. V1B contains 1 billion fully assembled macrolides with their attached sugars,
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constructed based on the scaffold of Erythromycin. We also studied the distribution of important
chemical properties known to affect dgrefficiency, absorption and bioavailability such as
molecular weighti MW, polar surface ared PSA, hydrophobicityi SlogP, hydrogen bond
acceptors HBA, hydrogen bond donoisHBD, and rotatable bondsNRB. The distribution of
the aforementioned progees of V1B were compared to MacrolactoneDB, a database of existing
macrolactones mined from public repositories from another study.

Overall, V1B was generated ap@of-of-conceptstudy (1) to help illustrate the features
of SIME, (2) to encourage comational and experimental synthetic scientists to custom design
virtual chemical libraries of macrolide scaffolds suited for their project needs, and (3) to further
our understanding of macrolides for the pharmaceutical advancement and search of novel
therapeutics. V1B is freely available in the Supplementary Material of this manuscript (Additional

file 1). Moreover, SIME is also freely available for downloalttd://www.fourches

laboratory.com/sitware andhttps://github.com/zinph/SIME We believe this new virtual library

of publicly available macrolide scaffolds will enable and inspire other molecular modeling studies.

3.2.Methods

3.2.1.User Controls of SIME

SIME takes three major inputs: (1) macrolide core, (2) structural motifs (SM), and (3)
sugars, along with some other usefined constraints. Users can input the core macrolide
structure indicating positions of replacement for sugarsSisl. The macrolide core must be in
SMILES format with possible replacement point:
as O[] *sugar *] 6. For exampl e, the erythromycir
Figure 31) should be formatted as
'CCI[C@H]10C(=0)[*[*sugar[C@H](C)[*sugar][*]C[*]C(=0)[*][C@ @H](O)[*]1".

Structural motifs and sugars can be uploaded as separate .txt filasingritee SMILES of SMs

and sugars in each line (see software repository for examples of input files). Each SM or sugar
should start and end with [*R*] which are connection points to the rest of the core macrolide ring
structure or SMs or sugars. One sldoule nsur e t hat between O[] *R*] 6s
desired SM or sugar in SMILES format. The structures of SMs and sugars used to generate V1B

are shown irFigure 32 andFigure 33 respectively, and the corresponding input text files for SMs
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and sugars have been provided in the supplementdeyialaf this paper. The structures and IDs

of SMs used to generate V1B library were directly extracted from PKS Enumidratcand the

sugar structures were derived from 18 bioactive macrolides from the same cheminformatics study
corducted by Zin et dl1.7].

@ SM replacement Points
. Sugar replacement Points

Figure 31. Example structure of erythromycin core with possible structural motif and sugar
replacement points.

| swomr | swooz | swoo3 | swooa | swoos |

OH e
R_% _R
HO —0 I o E

J Both R and S Stereocenters

Figure 32. Structures othirteen SMs used to generate V1B Library.
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Figure 33. Structures of seven sugars used to generate V1B Library

The first parameter in designing the macrolide library was to limit the number of repeated

structural motifs in each macrolide (i.e., # maximum number of repeats for SMs). An illustration

has been provided iRigure 34. There might be multiple points of interest for inserting SMs in

the macrolide cores and it is likely that macrolides with the same SMs in all these points of interest

might be produced. e users can limit the chemical space of macrolide library by choosing the

maximum number of SM repeats allowed at those positions. All SMs of interest can then be

incorporated into the macrolide cores in the specified positions and may repeat maxinally up

that userdefined number per scaffold to enumerate macrolides.
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Without repeat limitation

R ><R Inserting SM006
_—
HO

SMO006 o)
With repeat limitation of 3

Figure 34. Graphical illustration of the first parameter in SIME; # maximal repeat for SMs

We additionally incorporated a second parameter to control theeruoh sugars
at the specified positions. A graphical illustration has been providEgyime 35. A macrolide
core may have three (or more) positiohsvhich sugars can be added. However, users may not
want macrolides with sugars added in all the positions. This option allows users to specify the
minimal number of sugars to add in those positions for the generated macrolides. Users may choose
to add atleast two sugars to those scaffolds, so the library will contain macrolides with two or
three sugars. The rest of the positions which were specified for sugar(s) will have hydroxyl groups

attached.

Figure 35. Graphical illustation of the second parameter in SIME; minimal # of sugars

The third parameter is the library size, the total number of macrolides of the generated

library. In the output smile files, each file is limited to at most 1 million. In V1B library, there are
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in total 1000 files, each containing 1 million macrolides. The fourth and fifth parameters are
options to enumerate all possible stereocenters of the connecting atoms for selected SMs and
sugars in each scaffold respectively (graphical illustratidfdignre 36). The joining atoms with

defined stereocenters in selected SM and sugar are detected by the algorithm and both R and S
configurations forthos& Ms and sugars can be generated at
choice. However, joining points with undefined stereocenters are undetected for generation of both

R and S configurations. Currentl vy, the backe
obtained the functionality to detect, manipulate or fix R or S configuration at a given stereocenter.

As such, the present SIME algorithm does not identify R or S configuration and generates both

when a stereocenter is detected at the joining point.

R R'
Y
(0] (0]
RYR' Y
O o]
R R'
0

0

% Joining Point j/

Figure 36. Graphical illustration of the fourth parameter in SIME; enumerate all possible
stereocenters. Upon detection of stereocenters at the connecting atom present in SM011, SIME
generates both R and S configurations foljtrei ni ng at om upon usero6s re

Since very large chemical libraries of macrolides can be generated, output files are sorted
in a folder called ALI BRARIESO. The files in
i n t hi stimestampmalt*. sfii | eso wherein * stands for t
timestamps replaced with the actual time stamp in the format of “yea@nth-datehourminute
second". Additionally, the program outputs an information file entailing all the user parameters
appliedto generate the program along with the macrolide core, sugars and structural motifs that

users have selected.
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3.2.2.Implementation Details

The inputs for SIME are (1) macrolide core, (2) SMs, (3) sugars, (4) paramdt@glire
3.7) and the required formats for the first three inputs are providg@ ih.UserControls of SIME
The output is a folder containirgmilesfiles each of which contains a maximal of 1 million
macrolide structures encoded in chemical SMILES format. It can be divided into three major
sections: 1) initial processing, IlI) tempdapreparation and 1ll) enumeration and creation of
macrolides. The graphical illustration for the simplified workflow of SIME is providdéigare

3.8.

@ SIME — North Carolina State University

' 'CCIC@H]10C(=0)[*][*sugar*|[C@H](C)[*su '

Upload Macrolide Core gart)[*1C[*1C(=0) ] [C@@H)(O)[* )1

Upload Stmctural Motifs StructuralMotifs, txt

Upload Sugars Sugars.txt
# Maximal Repeat for Structural Motifs 3
# Minimal Repeat for Sugars | 1
Library Size 1000000000

enumerate all possible stereocenters for SMs o

enumerate all possible stereocenters for sugars

Generate

Figure 37. Graphical User Interface of SIME

In the first section of initial processing, sugars are processed. The program loads sugars
from a selected file (grently set to default sugar file). If users choose not to enumerate both R
and S configurations of sugars at joining points (parameter 5th), connection points [*R*] for each
sugar are strippeSdu qaistdfdséreselecabph paratal ¢hd furictmn 6
ENUMERATE_sugar_stereocenterss¢Frs Table 31) is performed for each sugar to generate
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both R and S configurations of sugars at joining pointesé&tsugars are then appendesiugar

i st. Arddilist@ri $i ste&ted by Saddistdngste@m2, BMsdre o x y |
processed. The file containing SMs of wuserso
default SM file). If ers choose not to enumerate both R and S configurations of SMs at joining
points (4" parameter), connection points [*R*] for each SM are stripped and then appended to
structural_motifdist. If users select the"jparameter, the function enumerate_SMrebcenters

(Fsm_rs Table 31) is performed for each SM to generate both R and S configurations at joining
points and then appendedstiouctural_motifdist.

In sectio I, the 29 parameter, minimal repeat for sugars, is addressed. Wherein sugars
are not used at sugar positions of interest in the macrolide core, a hydroxyl functional group is
used in its pl Sogard Aulslp waréwsatdednithe firss seatidn ofdnitial
proced¢ssil hgecloingd t8Ggarss and a hydroxyl group. The t
o fSugard Bull Li$td , a c c o 1 mhiameterRiguresd7),2o be inserted at sugar positions
of interest in the macrolide core template are determined using the function
generate_dummy_sugar_templatesogr, Table 31).

In the third section of template preparation, the core macrolide is processed and prepped
for the creation of new macrolide structures. The graphical illustration for the simplified workflow
for this secon is provided inFigure 38. Of note, the default for core macrolide is set to
erythromycin core provided ifigure 31 and as of now, only the first single macrolide core
provided in the text file is considered. In step 1, the function remove_SM_ digits(Fable 31)
is applied to the core macrolide smile string. It strips the labeled digits from the SM positions of
interest if there are any. For examplesWo converts--[1*] --[2*] --[3*] ----[*sugar*]--[*sugar*]’
into --[*] --[*] --[*] ----[*sugar*]--[*sugar*]". In step 2, string_splitter ¢E) is applied to the output
smile from step 1 to split into different fragments. There may be fragments in which sugar positions
of interest may be embedded. Thus,teps3, all the fragments are assessed for the presence of
sugar positions of interest and again split at those sugar positions into more fragments. The
fragments are then cleaned up for further processing. In sspudtural_motifsfrom section |
are irserted at SM positions of interest in the macrolide core template. In step 5, based on the
arrangements of sugar Sugargé t shuldlas®dc alr 2t e cdh siem t 2@ c

positions of interest in the macrolide core template. Now,iskeedf SMs and sugars are prepped
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and placed at the right positions of the macrolide core template, thus it is ready to proceed into the
section IV.

During section IV, macrolides are enumerated and created in SMILES format based on the
prepped macrolideore template from section Ill. The cartesian products (CP) of all the fixed
f r a g m&ractursl, motif® Sugar® aFuldLis® at t he specified posi:
enumerate possible macrolide structures. During this enumeration procgssgtiaen checks if
the total number of repeatable SMs in the macroliffgétameter ifFigure 37) is satisfied after
the enumeration of a macrolide sk, the program proceeds to check whether the library size has
been achieved. If not, the next cartesian product is enumerated and a new macrolide structure is
created. This process continues until the desire library size is achieved or the internaf memor
capacity is full.
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Section I: Initial Processing
[ Fixed parts of the macrolide core

. . . 1. Process sugars 2. Process SMs
= Strip connection points [*R*]
* Positions of interest for SMs * Enumerate Rand S Full_List Sugars SMs

configurations at joining
. Positions of interest for sugars

points upon users’ selection
SMs

Selected SMs
=

N
———
Rt

) Section II: Determine Sugar Arrangements

Sugars 0
W Selected sugars M

- Full_List Sugars
Full_List

§> Selected sugars + hydroxyl = =
=

E.g. at least one sugar

(%]

@

Full_List ™~

o

Section Ill. Template Preparation

Step 1 _*1_#-*?’-'-.

Step2 C_*og_*g_*-}_'_.
step3 — Y -y — *—'&—J“
step4 2—*—*—*—.—.
Steps C_ E—E — M o my (B
StePS| é— — -%D- %

Section IV. Macrolide Enumeration

Full_List

Figure 38. Graphical illustrative workflow of the core SIME. Sections I, II, Il and IV are

explained in th&.2.2.Implementation Detaile f 8.2 Meth6d® sect i on.
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Table 31. Helper functions for SIME. The descriptions for each function were provided to help

understand the simplified workflow of SIME algorithm providedrigure 38.

Helper Functions Description

ENUMERATE_sugar_stereocenters Take in sugar strings that start and end wit

(Fsc_r9 [*R*] and return a list of sugars with two
different stereoceters for the joining carbon
enumerate_SM_stereocentersyrs Takes a list of SMs. For SMs with identified

stereocenters at the joining point, both R an

configurations for those SMs are generated
added to thall_possibldist. For SMs with
undefined stereocenters at joining points g

without stereocenters, th&yll remain
unchanged and added to #ik possibldist.
Returns thall_possibldist.

remove_SM_digits (kswp) Takes a given smile and locates SM points

interest indicated with [1*], [2*], etc. Returns

the smile string with all SM points @iterest

with removed digits.

Input---> '1[1*]234[2*]5[3*]6'
Output---> "1[*]234[*]5[*]6'
string_splitter (ks Splits a given string into fragments based o
symbol provided and returns a list containin

the fragments. For example:
input---> string ="1[*]234[*]5[*]6', symbol =
T
output---> ['1', 'T*T, '234', 'T*I", '5', T*]", '6']

insert_SMs (fsm) Takes in a smile template resulted from
string_splitter and
with a list of SMs.
generate_dummy_sugar_templatesofr) This function takes two parameters: smile

template, minimal sugars in each macrolid
(default is one sugar). For simplification
purposes, it generates a list of all possible sy
dummies asSUGARS(intended for onl
sugars) and-ull_List6 (i nt endeqg
hydroxy) for the number of sugars specified
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Table 32 (continued).

the given smile template. For example, if the
are two sugar positions identified in the give
core with &least one sugar allowed, this
function will output this result: [EUGARS
'Full_List), (Full_List, 'SUGARS]. It means
that the first and second locations for sugarsg
one templ at e aSUGARB
an @ull distd ( sugar respettively.
The second template allow for the full list an
the list of sugars in the first and second
locations designated for sugars respectivel

(FrssD

replace_ SYMBOLsugars_with_dummies

This function takes two inputs:
sugar_dummy_order and
smile_template_with_sugar_symbols. It spli

the given template at [*sugar*] positions
wherein the correct
OFull _Listoé) ar

insert_sugars_to_dummiesdb)

This function takes the smitemplate with

speci fied 6SUGARSO6 ¢

function. 't then r

actual |l ist of swugar
of sugars and a hydroxyl group.

3.3.Results

3.3.1.Parameter Settings for V1B

The structural ca of Erythromycin with five possible SM and two sugar substitution
points Figure 31) was used as a major scaffold for generating V1B. In our prekesesrch, we
compiled and studied eighteen experimentally confirmed bioactive macrolides (BMs) from
different studieq1, 19 26]a n d
of 18 BMs (structures shown in Figure 4[&¥]). The distribution analysis of SMs found in 18
BMs can be found in the cheminformatics study by Zialefl7]. Among te aforementioned

S Ms , we sel

ected

t hi

extracted nine Acommono and

rteen SMs,; Fogure3g), adiopotsnmo n O
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for SMs of interest in SIME. We additiomalextracted seven sugars from the same 18 BMs to
incorporate into V1B macrolide scaffoldsigure 33).

To recapitulate, thirteen SMEigure 32) and seven sugarBigure 33) extracted directly
from 18 BMs from the cheminformaticgudy by Zin et al[17] were used to substitute and
enumerate the novel macrolide structures in V1B. The option to enumerate all possible
stereocenters at the connecting points to the macrolide core was enabled. The number of maximal
repeats for the same SMs per scaffolbwset to three, the minimal number of sugars per scaffold
was set to one. The library size was restricted to 1 billion molecules.

Since there are eleven out of thirteen possible stereocenters at the connecting points for
SMs and seven out of seven fogats, there are in fact 24 SMs (2 x 11 SMs with possible R, S
configurations + 2 SMs without R,S configurations) and 14 sugars (2 x 7 with possible R, S
configurations). Based on this, the possible chemical space of macrolides based on these given
input paameters would contain 1.57 billion compounds; 24 total SMs at five substitution points
with 3 repeatable SMs (24 23 x 22) x 14 total sugars in at least one of two substitution points
(14 x 1 + 1 x 14+ 14 x 14). Since V1B contained 1 billion compountdspvered 63.8%

(W) of that possible chemical space.

3.3.2.Distribution of V1B molecular properties

To save time and computational power in conducting the distribution analysis of the entire
V1B library, we applied a stratified random sampling to V1B and extracted 1 million
representative macrolides. V1B was exported as 1,000 output files, each ofotitamer] 1M
systematically enumerated macrolides. From each file, we randomly sampled 1,000 macrolide
structures, totaling a final set of 1M macrolides for distribution analysis. Nine macrolide structures

randomly sampled from V1B are shownHigure 39.
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Figure 39. Randomly picked example macrolide structures from V1B. The first set of digits

correspond to the name of the files and the second set the row ID of the compound.
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As in the analysis of V1M library conducted by Zin et{a¥], we studiedhe distribution
of six important molecular properties: molecular weightMW, hydrophobicityi MolLogP,
topological polar surface aréaPSA, hydrogen bond acceptdrsiBA, hydrogen bond donoi's
HBD and rotatable bondsNRB (Figure 310). More descriptive statistics on the aforementioned
properties are providedfable33. We al so compared them to Lipi
likeness and bioavailability even though most bioactive macrolides with reasonable bioavailability
di sobey Lipinskiodés rul es[10.e. g., macrolides wi
MW followed a slightly bimodal distribution and ranged from 488.62 to 975.09 ¢glmol
with a mean of 761.25 + 68.17 g rib(Figure 310A, Table 33) . 100% exceeded Liop
of 500. MolLogP followed a gaussian distribution with a range /80 to 5.66, and a mean of
0.73 = 1.24 Figure 310B, Table 33). Interestingly, less than 1% exceeded SlogP of 5. TPSA
followed a gaussian distribution ging from 125.76 to 306.87 °A2 with a mean of 213.09 + 22.88
°A2 (Figure 310C,Table33) . 99. 92% exceeded Lipinskids TPSA
left-skewed distribution and ranged from 9 to 22 with a mean of 15.91 +Higtifé 310D, Table
3.3). An overwhelming 99.7% violated HBA of at most 10. HBD followed a gaussian distribution
with a range from 1 to 10 and a me#r8.94 + 1.35Figure 310E, Table 33). 12.53% disobeyed
HBD of at least 5. NRB followed a gaussian distribution and ranged frimnd 3 with a mean of
9.50 = 2.00 Figure 310F, Table 33). 30.82% surpassed NRB of 10.
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Figure 310. Distribution of molecular properties in V1B: A) MW molecular weight, B)
MolLogP i calculated water/octanol partition coefficient, C) TPS£opological polar surface

area, D) HBAI' hydrogen bond acceptors, E) HBDhydrogen bond donors, F) NRBrotatable
bonds.
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Table 33. Descriptive Statistics on the Molecular Properties of V1B.

MW TPSA HBA HBD NRB MolLogP
Mean 761.25 213.09 15.91 3.94 9.50 0.73
Standard 0.07 0.02 0.00 0.00 0.00 0.00
Error
Median 770.86 213.59 16.00 4.00 10.00 0.72
Mode 791.93 209.21 16.00 4.00 10.00 1.32
Standard 68.17 22.88 1.77 1.35 2.00 1.24
Deviation
Sample 4647.79 523.30 3.15 1.83 4.02 1.53
Variance
Range 486.47 181.11 13.00 9.00 16.00 9.96
Minimum 488.62 125.76 9.00 1.00 3.00 -4.30
Maximum 975.09 306.87 22.00 10.00 19.00 5.66
sum 761250697.24 213094450.6€ 15912601.00 3942719.00 9504851.00 729225.56
Count 1000000 1000000 1000000 1000000 1000000 1000000
Confidence
Level 0.13 0.04 0.00 0.00 0.00 0.00
(95.0%)

To better understand the distribution of macrolide chemical properties in a similar chemical
scope, we compared it to the same molecular properties from another study Macrola¢&¥eDB
a database of known macrolactones mined from public repositories. As it can be seen in the
resulting density plotsHigure 311), V1B macrolides fell within the wejpbopulated regions of
MacrolactoneDB across all the molecular properties selected for assessmewaslaégpecially
true for MW and TPSA of V1B which were defi
showed that though V1B might violate one (or
for the assessment of drug likeness and bioavailabifitgnwall molecules, V1B macrolides
possessed molecular properties within the reasonable ranges displayed by known bioactive
macrolactones and macrolides. Of note, none of the key properties studied of V1B were found
beyond those displayed by MacrolactoneBis confirming that V1B macrolides were generated
structures with acceptable molecular properties being entirely within the chemical space displayed

by the currently known macrolactones.
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drugli ke regions based on Lipinski and Veberd
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3.4.DISCUSSION

One major goal of this study was to develop a more synthietiedly approach compared
to the PKS Enumerator from ourgwious study[17]. Herein, we have addressed this by
developing a novel cheminformatics approach that closely follows the way synthetic chemists and
biologists could potentially design novel macrolides. SIME can act as a powerful tephiwl
designin-silico macrolide libraries with biosynthetic feasibility. This is done by exploiting the
knowledge from enzymatic assembly lines that construct macrolides in Nature, and from artificial
biosynthetic pathways to diversify macrolides; esplgcthe insights into what extenders can be
inserted or manipulated throughout the macrolide scaffolds. These libraries can then be
computationally screened via cheminformatics approaches such as QSAR modeling and molecular
docking against interesting logical targets to identify lead compounds which can indeed be
experimentally tested. Importantly, the insights gained from such experimental results can be used
to validate and improve the cheminformatics approaches along with other exmstiigo
tedhniques such ggime macrocycle conformational sampli23], ConfBustef28], LoopFinder
[29]. Additionally, such generated ensembles of macrolides can be further probed and examined
for binding profile studies, liganfdrotein interactions, conformational arrangements using classic
cheminformatics simulations such as molecular dynamic simulations, docking and modeling. This
can provide important biological insights into macrolides and rekpeaur knowledge of this
structural class and help us design more effective macrolide therapeutics.

It is also important to note that both PKS Enumerftéy and SIME are vital in their own
way for investigating the chemical space and features of macrolides. Though SIME can generate
VS-ready macrolides that can be more synthetically feasible, PKS Enumerator can be used to
diversify and generate large end#es of novel macrolide scaffolds that can be virtually screened
against protein targets still. Though these macrolides may be less syfhit@etty with current
biosynthetic technology, binding studies, important preligigind interactions and SAR sied
can still be extracted to advance hit optimization efforts. The findings from such studies can then
be used to guide the direction of synthetic biology towards prioritized novel scaffolds. Thus, PKS
Enumerator can be useful in expanding the chemiagpesof macrolides, discovering their
pharmacokinetic features and directing synthetic efforts for certain biological targets. In a future
when highly complex enzymatic assembly lines responsible for the production of polyketides can
be easily assessed amddified as needed to create novel macrolides, PKS Enumerator would be
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a highly effective and useful technology for efficient screening, identification and SAR studies of
macrolactones/macrocycles that can in reality be synthesized and experimentally teste
Meanwhile, the SIME technology can leverage the findings and discoveries from synthetic biology
of polyketides to efficiently generate new synthesizable macrolide analogues and help aid in

identifying those with high therapeutic potential and extraciA& knowledge.

We also analyzed the distribution of important chemical properties of 1 million compounds
that have been selected with randomly stratified sampling approach from V1B. Molecular weight,
topological polar surface area and hydrogen bond émepf V1B macrolides overwhelmingly
breached Lipinskibds and Veberds rules of dr
properties were found to be within the chemical scope of Macrolactone Dif)lzmellastructural
database of bioactive macrolactones. One may point out that macrolide scaffolds from V1M
generated by PKS Enumerator in the first study were shown to display a majority of the molecular
propertieswelbwi t hi n Li pi nski 6s ingMWMany¥EBAandhsgh chenlicals i nc
similarity to experimentally confirmed bioactive molectEg]. However, in that study, the sugars
were not included and only the macrolide scaffolds were considered; both for VIM and 18
reference bioatve macrolides (BMs). The exclusion of sugars significantly impacted the range of
chemical properties displayed by both V1M and 18 BMs, thus their properties fell within
Li pinskidods and Veberods drugli ke andmponerasl | y bi
were accounted for, the molecular properties such as MW of V1M and 18 BMs would be increased
by approx. 352 g.mdl since macrolide antibiotics often contain two sugar moieties such as
Cladinose (MW of 176.21 g.mé) and Desosamine (MW of 175.33nol?) [30].

It should be noted that 3D structures of macrolides are highly important for theicahem
properties and biological activities. The 2D molecular descriptors used in this study were generated
by RDKit softwarg32], and some properties such as PSA, MolLogP may be considerably affected
by their 3D conformational arrangents and the chameleonic properties usually displayed by
macrocyclic structurel83]. For example, experimental Log&fssome bioactive macrolides such
as Azithromycin34], Clarithromycin[34] and Erythromycirf34], Carbomycir{34], arwe at least
1.5 logs higher than the calculated MolLogP (Table S2). However, in some bioactive macrolides
such as Oleandomycin, Tylosin, the calculated MolLogP values are much closer and are found

within 0.8 log of experimental LogPs. The values of caledaflolLogP and experimental LogP
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[34] for these experimentally confirmed bioactive macrolides are shown in Table S2. Henceforth,
it should be noted that the distribution of computed molecular properties such as MolL&¢gP, TP

for 1M samples for V1B in this paper cannot be claimed accurate. The possible discrepancies
between the experimental and predicted values of some molecular properties are largely

contributed by 3D conformational arrangements of macro|Ri&s

The conformational analysis of macrocycles still remains a highly complex and challenging
problem and there needs to be ferttesearch, method developments and experimental validations
in that area. We encourage interested readers to consult further readings regarding specific
macrocyclic structures and their conformational arrangements in studies such as Conformational
Contrd of Macrocycles by Remote Structural Modification by Appavoo 8%l Predicting the
Bioactive Conformations of Macrocycles: a Molecular Dynarbiased Docking Procedure with
DynaDock by Ugur et. aJ36], A Conformational Exploration of Dissymmetric Macrolides
Antibiotics by Belaidi et. al37], etc. Currently, the prediction or generation of 3D conformations
of macrolides or macrgcles is beyond the scope of this paper. SIME generates macrolide
structures in SMILES format that can be further processed to generate 3D conformations by using

cheminformatics tools such pame macrocycle conformational samplif2®], ConfBustef29].

Regarding the implementation of the SIME software, we plan to further optimize the
algorithm in the future to boost the efficiency in generating libraries and memory storage (e.g.,
GPU acceleration). We will take into consideration user feedback and enatemew, better
options in our software to help scientists design bétteilico macrolide libraries to be used for
VS screening, modeling and other cheminformatics studies. We expect to figure out the details on
stereochemistry specificity for SMs aswgars at the connecting points to the scaffolds in the near
future to better accommodate the findings from biosynthetic chemists. The best potential of SIME
in exploring and understanding such complex and enigmatic structural class of macrolides can

only be achieved through collaboration between experimental and cheminformatics scientists.

3.5.CONCLUSIONS

In this study, we implemented SIME, an efficient chemical library generation software to
generate virtual screenisrgady macrolide libraries with Banced biosynthetic feasibility. As

proof-of-concept, we utilized SIME to construct V1B, the largest publicly accessible library of 1
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billion in-silico macrolides based on the core of Erythromycin structure, thirteen SMs and six
sugars extracted from eigd@n bioactive macrolides from the previously conducted dtlicly

This new enumeration algorithm relies on the biosynthetic engineering concept of macrolides and
insights from such fields to explore and desigssilico library of highly biosynthesizable
macrolides. That is highly valuable because the entire library including the lead macrolides
predicted by cheminformatics tools such as virtual screening and/or QSAR modeling can in fact
be biosynthesized and tested for experimentatiaes. The highest potential and success of this
polyketide enumeration technology in drug discovery can be achieved through collaboration
between cheminformatics and biosynthetic studies of macrolides. This can highly impact and

contribute to the futw studies in search of novel bioactive macrolides.

Supplementary Material

V1B folder containing SMI files of 1 billion fully assembled macrolides
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Abstract

Macrolactones, macrocyclic lactones with at least twelve atoms within the core ring,
includediverse natural products such as macrolides with potent bioactivities (e.g. antibiotics) and
useful druglike characteristics. We have developed MacrolactoneDB, which integrates nearly
14,000 existing macrolactones and their bioactivity information frdferdnt public databases,
and new molecular descriptors to better characterize macrolide structures. The chemical
distribution of MacrolactoneDB was analyzed in terms of important molecular properties and we
have utilized three targets of intereBtgsmodum falciparum Hepatitis C virus and-€ells) to
demonstrate the value of compiling this data. Regression machine learning models were generated
to predict biological endpoints using seven molecular descriptor sets and eight machine learning
algorithms. @r results show that merging descriptors yields the best predictive power with
Random Forest models, often boosted by consensus or hybrid modeling approaches. Our study
provides cheminformatics insights into this privileged, underexplored structural afass

compounds with high therapeutic potential.

Ring Filters
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4.1. Introduction

Macrocycles are at least -li2embered ring structurdgd, 2]. Of particular interest are
macrolides and macrolactones, a priviggéructural class commonly found in bioactive natural

productg3, 4] and Wldely researched in pharmaceutlcal drug discdqueés; 5 9] (Figure 41).
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Figure 41. Example of macrolactones from MacrolactoneDB, along with associated names.
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The design of macrocyclic drugs has been inspired by naturally occpwiyketides,
secondary metabolites in certain living organigifis These molecules clearly violate druglike
rules by Lipinski et al.[10] but they have been stessfully employed as antiviral, antibiotic,
antifungal, antiparasitic agent$ll] (e.g. erythromycin, clarithromycin, azithromycin).
Macrocyclic structures are also interesting because of their ability to bind to difficult, undruggable
protein targets, and display unusual physicochemical propgsti¢$ence, studying this structural
class could vyield important findings to help identify essential characteristics for novel
macrolactone drug design. Distinguishingexdp of cyclic drugs are their rigidity which reduces
undesirable side effects, the associated entropic costs to increase binding affinity, stability to
proteolytic degradation, ability to bind to difficult targets with large binding po¢ke® 12]and
6chamel eoni cd6 abil i tyslsotendtofhave pgher membrane peaniedbitityn s .
and metabolic stabilit{6, 7].

Despite this, macractones have been underexploited due to structural complications and
difficult organic synthesis. Traditional organic synthetic approaches towards macrocyclic
compounds have proven extremely challenging, usually involving numerous steps. Chemical
databasesuch as ChEMBL13], PubChemn14], ZINC15 [15] are indispensable to computer
aided drug discovery (CADD). They provide valuable biological/chemical information to build
structureactivity relationship (SAR) models for screening, discovering and designing new drugs.
However, there is no laegdatabase for known, existing macrolactones in the public domain to our
knowledge and this impedes the exploration and understanding of macrolactones. Specifically, a
database of macrolactones has the potential to inspire the development of new drugs.

Hence, one major goal of this study was to develop MacrolactoneDB. In this study, we
mined macrolactones from public repositories; NANP[QB], StreptomeDB[17], unpd[18],

NuBBe [19], ZINC15 [15], TIPdb[20], AfroDB [21], BindingDB [22], AfroMalariaDB [23],
BIOFACQUIM [24], ChEMBL [13, 25] and PubChenjl14], along with available biological
information extracted from ChEMBLU13] (Appendix Table B1) to create a database of
macrolactones with bioactivities and a front end web application that allows users to subset a
chemical space among molecules via multiple filters on chemical properties such as ring size,
number ofsugars, molecular weight, etc.

Macrolactones are a broad, diverse structural class with various levels of complexity, and

the database of macrolactones needs to be useful for different research project needs. For example,
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biosynthetic chemists who workcacls el 'y  wi t h Aficl assi co macrol i d
pikromycin, etc. may be interested in a very specific set of tweksixteenmembered
macrolides with sugars present. Additionally,
past 50 years due developments in medicinal research such as first, second and third generation

of macrolides, ketolides, etl, 26]. Thus, to accommodate research groups focusing on different

areas of macrolactones, we constructed a web application with multiple filters to allow users to
extract a highly specific subset of interest.

Additionally, we conducted a cheminformatics analysis of MacrolactoneDB to better
understand the chemical diversity and scope of this structural class. We analyzed the chemical
distribution in terms of several important molecular properties: moleculahtvgV), polar
surface area (PSA), hydrophobicity (SlogP), hydrogen bond donors (HBA), hydrogen bond
acceptors (HBA), rotatable bonds (NRB), and ring size (RS). To further demonstrate the chemical
diversity and scope of macrolactones, we visualized thmichénetwork of MacrolactoneDB and
incorporated biological activities in the form of pChEMBL into the network.

We also observed that contemporary chemical descriptors or fingerprints lack information
to sufficiently account for large bioactive ring stures such as frequency of ring sizes larger than
twelve, sugars etc. Thus, they may not fully characterize macrolactone molecules. Consequently,
the lack of these important details can adversely affect Quantitative StrActivigy
Relationship (QSAR) rad Mechanism of Action (MoA) studies. Thus, we developed 91 new
descriptors (mrc)Kigure 42), which account for frequency of ring sizes ranging frbirtden to

ninety-nine, sugars, core esters, etc. to better characterize macrolactones and macrolides.
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# Esters in core
ring: 2

# Sugars : 4

Smallest RS,
largest RS: 36, 36

Figure 42. lllustration of mrc descriptors with CHEMBL2221290 as an example structure.
Descriptors include frequency imfoation on ring sizes of 13 to 99, largest and smallest ring sizes,

number of sugars and number of esters in core ring structures.

As the main case study, we extracted the three most common targets from MacrolactoneDB
(Plasmodium Falciparurfmalaria), Hepfitis C and Fcells), conducted cheminformatics analysis
on the associated macrolactone ligands, and developed our machine learning (ML) workflow.
QSAR modeling was conducted using a variety of sttthe-art ML algorithms and molecular
descriptor setdVe applied 1€old cross validation (CV) on our three case studies and examined
the relevance and usefulness of different cheminformatics methods and tools on these highly
complex, large ring molecules. Our overarching goal for such modeling was to detehmai
optimal combination of ML algorithm and fingerprint set, and to provide chemical insights into
macrolactones. Our workflowAppendix Figure B) uses contemporary ML algorithms such as
Random Forest (RF), Support Vector Regression (SVR), Naive BE3sK nearest neighbor
(KNN), Deep Neural Nets (DNN), Consensus (CSS, averaged endpoint among all the
aforementioned ML algorithms), and Hybrid approaches from the two best algorithms (RF_KNN
I average prediction from RF and KNN, and RF_ DNaverage pdiction from RF and DNN).
Our workflow utilizes explicit and implicit molecular descriptors which include morf@éd mrc
(newly developed descriptors to address macrolide characteristics), mordred_mrc, MACCS,
ECFP6, 2Drdkit, and dnall o (a merger of wunique
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4.2. Methods

4.2.1 MacrolactoneDB

MacrolactoneDB is a web application hostingl3,700 macrolactones, including
macrolides mined from public repositories such as NANPDHE, StreptomeDB17], unpd[18],
NuBBe [19], ZINC15 [15], TIPdb[20], AfroDB [21], BindingDB [22], AfroMalariaDB [23],
BIOFACQUIM [24], ChEMBL [13, 25]and PubChenil4]. Ring structures with at least twelve
members and ester functional group(s) wittme tore rings were filtered usiPKit Molecule
Substructure Filtenode and SMART patterns in Kninf@8]. The detailed information regarding
the number of compounds for eadatabase is availablédgpendix Table B1). All filtered
structures were curated using a similar protocol proposed by Fourchg8@t 4l) removal of
mixtures, inorganics , 2)structural conversion, cleaning/removal of salts, 3) structural
normalization, and 4) removal of structural duplicates. This resulted in currently 13,721 diverse

macrolactones in MacrolactoneDB attp://marolact.collabchem.com/Example chemical

structures were randomly picked from MacrolactongbBigure 41). All the available biological
activity information was retrieved from ChEMBL database using ChEMBL web ser{d€gs
python 3.6. Due to the large structural diversity otrofactones, we developed a ufgendly

web interface with filters that allow users to restrict and subset the chemical space of interest
(Appendix Method B).

4.2.2. Macrolide Related (mrc) Descriptors

We developed 91 macroligelated descriptors tcekter characterize macrolactones and to
complement mordred descriptd27]. mrc descriptors include information énequency of ring
Ssizes ranging from 13 to 9-fmembeen)afieduensytofsagard | ar
and occurrence of esters within the core rings. An illustrative diagram of mrc descriptor along with
an example structure of CHEMBL222129G®wn inFigure 42.

Mordred is, so far, the most comprehensive 2D descriptor set (approx. 1,600 features)
which includes not only the complete £$tRDKit descriptorg41], but also accounts for ring
structures wi ring sizes up to 12. Hence, we developed mrc (macrolactones related) descriptors
to complement mordred, and mrc accounts for the presence and frequency of ring sizes ranging

from 13 to 99. The specified ring size in mrc should sufficiently cover theataatone space
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because the largest macrolide ever reported in the literature was Zooxanthellamide Cs with 63 to
66 atoms in the core ring structufd]. The ring sizebased features in mrc were built on top of
Mordred descriptors.

One feature in mrc was the frequency of sudpased on six sugar SMART patterns as
identified by cdk43] (Appendix Table B). It was, however, unable to recognize specific sugar
types as cladinose, desosamine, etc. thus it only accounted for the occurrence of sugars instead of
individual sugar types. Another mrc feature is thert of esters in the core ring structures. Classic
macrolides such as erythromycin, azithromycin have one ester within the core rings. The
terminating thioesterase (TE) module usually found in the last domain in the type 1 NRPS
multienzymes cleaves offelfully assembled peptidé4], closes the ring structures, resulting an
ester within the core ring. Thus, the count of core esters could be an important trait in determining
the extent of bigsynthesizability for macrolides or a characteristic oftiratproducts, and thus
included as a feature in mrc descriptors.

The code to compute mordred_mrc descriptors has been provided in the github repository
https://github.com/zinph/mordred_mrto assesse efficiency of mrc descriptors, we computed

them for the entire MacrolactoneDB containing ~ 13,700 large, highly complex ring molecules
with MW up to 4429.7 g.mdl This is perhaps the most challenging chemical dataset for
computing complicated descrgus. Some calculators (e.g. PaDEL) result in missing values from
time out[27]. mrc descriptor calculation for thentee MacrolactoneDB was completed in an
acceptable time of 43mins 38s on an Intel® Xeon®¥94 CPU, 32 GB memory machine
whereas mordred descriptors took 1hr 44min 37s. Further updates on algorithm optimization of
mrc descriptors can be referenced imgjt repository.

Of note, mrc descriptors alone do not sufficiently characterize macrolactones since it only
includes information on ring sizes and macrolide related characteristics. They were developed to
complement mordred descriptors. For QSAR modelithgg importance and relevance of
mordred_mrc descriptors will come into play for training datasets of macrolides with well

distributed properties addressed by mrc.

4.2.3. Chemical Network Visualization of MacrolactoneDB

Unsupervised hierarchical clusterimgs conducted with ECFP6 fingerprints calculated

for the curated set of ~13,700 compounds in MacrolactoneDB using ggtree package33 in R
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(v3.4.4). The edges and nodes were generated based on Euclidean {isihhetween the
ECFP6 of the molecul es and Wa 4G liesveemclustersniven v ar i
then generated a chemical network visualization of these compounds using Gefd4irQ&nhd a
combination of multiple layout algorithms such as MultiGravitydeAtlas2, ForceAtlaspi8],
Contraction, Yifan HJ49], and Yifan Hu Proporbnal provided by the Gephi topl7, 50} Each

node in the chemical network was a macrolactone ligaigaife 44). The nodes in the chemical
network were then colored according to the maximally reported pChEMBL value of the
corresponding compound against any known target. For 1233 macrolactones, there were more than
one pChEMBL value for the same ligatatget pairs, and there were multiple targets associated
with 1479 macrolactone ligands. In this approach, we focused on the macrolactone ligands and
their level in the general activity spectrum; thus, we chose amytarget with any maximally
reported biological endpoint. The color and size of the nodes represent pChEMBL values where
green is associated with high and red is associated with low pChEMBL vBlgase(44). The

nodes for compounds with unreported pChEMBL values are colored black in the visualization
network. Overall, only ~2,800 (20%) macrolactones had reported pChEMBL vERigase(44).

4.2 4. Quantitative Structure-Activity Relationship (QSAR) Modeling

All the computing details can be foundAppendix Method BR.

4.24.1. Data Curation

All the macrolactone ligands associated with three targets (ChEMBLB&smodium
falciparum, ChEMBL379 Hepatitis C virus and CHEMBL614309T-cells) were extracted and
curated using the protocol proposed by Fourches g7l Only those with known pIC50 for
Plasmodium falciparum and@ells targets, and pIC50/EC50s for the Hepatitis C target were kept.
For the same targdigand pair, (1) only exact activity values were consde (2) if there were
several values of the same affinity type available, the average of all reported values-adthia z
of 2 were kept, and the rest treated as outliers and discarded. The full data sets are available in

Supporting Information (Data SHY).
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4.24.2. Descriptorsand Machine Learning (ML) Algorithms

In this study, we used the following fingerprint/descriptor sets: MACI®$ (166 bits),
ECFP6[40] (2048 bits), 2D RDKit[41] (115 features), mordref@7] (1613 features), mrc (91
features), mordred_ mr¢ a combi nati on of mordred Bad mrc
combination of mord¥d_mrc, ECFP6 and maccs (3919 features).

The following ML methods were used in this study: RF, NB, SVR, KNN, DNN, CSS,
RF_KNN and RF_DNN. These ML methods have been commonly and successfully used in

cheminformatics studies, and summarized descriptions previded iMAppendix Method B.

4.24.4. Overview and QSAR Workflow Development

We developed QSAR regression models by selecting three targets (Plasmodium
falciparum, Hepatitis C and-@ells) with the most known macrolactone ligands with bioactsritie
reported. Our main objective in this QSAR modeling study is to assess the performance of
contemporary 2D fingerprint/descriptor sets and ML algorithms on these underexplored large
bioactive molecules.

We hypothesize explicit descriptors such as mordreshordred_mrc would outperform
implicit fingerprints such as MACCS, ECFP6 since structural fragibhas¢d approach may not
fully capture ring information as well as explicit descriptors. We also posit the frequency of RS
and sugars would influence bindiaffinities; thus, adding mrc to mordred descriptors could boost
the performance of QSAR models; especially if the training dataset hadistebbuted properties
addressed by mrc. However, different structural fragments undeniably play an importamt role
the chemical properties and interactions with the target proteins, thus we expect to see a certain
level of importance and relevance in predicting their biological endpoints towards associated
targets.

Overall, we explored the following cheminformatiedated questions. We assessed
whether applying PCA or parameter tuning improved the predictive power of QSAR models. We
explored whether explicit descriptors outperform implicit fingerprints, determinedp&imal
combination of ML and descriptor/fingerprint set that performs well on macrolactones, and

assessed if mrc descriptors complement mordred descriptors and help boost the predictive power
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of QSAR models. Hence, we implemented the workflow which egg# ML algorithms and

seven descriptor setdgpendix Figure B).

4.24.5. QSAR Model PerformanceEvaluation

To evaluate the performance of QSAR regression models, we used the following criteria:

the mean absolute error (MAE), and the coefficierded&rmination ).

B
b0 ==
Bw w

Y P TBo o

Where y = experimental pIC50¢w0= mean of experimental pIC50,

@ = predicted pIC50, andd = mean of predicted pIC50

4.3. Results

4.3.1. Analysis of MacrolacbneDB

To assess the chemical diversity of molecular properties displayed by macrolactones, we
analyzed MacrolactoneDB by studying the distribution of important molecular properties (MW,
SlogP, TPSA, HBA, HBD, NRB, RS). These properties, except RS, arekodvave a significant
influence on bioavailability and membrane penetrgi@@j), and are commonly used to assess drug
|l i keness, bioavailability, and oral absorptio
[28, 29] The descriptive statistics regarding these molecular properties are shéywpendix
Table B.

MW of macrolactones followed a rigkewed distribution and ranged from 194 to 4429
g mottwith a mearof 787 + 339 g mot (Figure 43A, Appendix Table B). An overwhelming
82% exceeded MW of 500. PSA followed a righewed distribution ranging from 26.3 to 1439
°AZwith a mean of 213 139 °A?(Figure 43B, Appendix Table B). Almost 71% exceeded PSA
of 140. SlogP followed a behaped distribution with a range fred8.5 to 21.7, ad a mean of
3.10 = 2.65 Figure 43C, Appendix Table B). Interestingly, less than 22% exceeded SlogP of 5.
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HBA followed a rightskewed distribution ahranged from 2 to 87 with a meahl2.7 +
6.36 Figure 43D, Appendix Table B). More than half (58%) violated HBA of at most 10. HBD
followed a rightskewed distribution with a range from 0 to 48 and a mean of 4.63 tH@8¢
4.3E, Appendix Table B). 23% disobeyed HBD of at least 5. NRB followed a kgjtgwed
distribution and ranged from O to 154 with a NRBof 9.21 + 7.98Figure 43F, Appendx Table
B2). 31% surpassed NRB of 10.
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RS ranged widely from 12 to 55 with a mean of 17.4 + 58%8éndix Figure B,
Appendx Table B). 14membered macrolactones are the most common in MacrolactoneDB,
representing 22.3% (3056 compounds) of the database. 12merh6ered macrolactones, the
common RS range for classic macrolides represent ~65% (8914 compounds) of thetabiseeda
11,487 compounds (84%) of macrol a[gZdf. ones wer e
We visualized the chemical network of MacrolactonePyre 44) and incorporated
their bioactivities. Overall, MacrolactoneDB had a comprehensive collection of large ring
structures with different degree$ complexity and covered a large scope of chemical properties

with widely varying ranges.

Figure 44. Chemical Space Visualization of MacrolactoneDB; color and size represent
compounds with pChEMBL values where red indicates low pChEMBL values and green high

pChEMBL values. Compounds with unreported pChEMBL values are colored black.

4.3.2.Relevance of Rile of 5 to Bioactivities of Macrolactones

We assessed the relevance of Li pinskios

macrolactones in the general activity spectrum. We assessed the maximally reported pChEMBL
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values of macrolactones and observeeétivar they obeyed or violated the Rule of 5. Compounds
with the maximal pChEMBL value of at least 7 were considered active and those below 7 inactive.
Appendix Figure B shows the summary statistics on the relevance to the Rule of 5 with respect
to the adwity of macrolactones, along with scatter plots of MW and SlogP, MW and TopoPSA.
Among all activities reported for macrolactones, 455 (17%) abided by these rules among which
only a very small population of 91 (3%) which were active. Many pChEMBL reported
macrolactones, approximately 2300 (83%), violated the Rule of 5 yet a comparatively large

population of ~1100 (41%) were found active.

4.3.3.Distribution Analysis on Biological Endpoints of Macrolactone Ligands

In QSAR modeling, pIC50s (negative logsiGb0) were used as prediction endpoints for
Plasmodium falciparunand T-cells targets. However, pIC50s for Hepatitis C target had very
limited variation and highly skewed distribution (not reported); thus, pIC50/pEC50 were used as
biological endpoints in tolding our QSAR regressors. For compounds with both pIC50 and
pPEC50 reported, we only took pIC50 since the dataset predominantly had IC50s reported.

The distribution of pIC50 forPlasmodium falciparum- Malaria (CHEMBL364),
pIC50/pEC50 for Hepatitis C tgets (CHEMBL379) and pIC50 for-dells (CHEMBL614309),
were shown inAppendix Figure BA, S4.38 and S4.3 respectively. Malaria had 223
macrolactone ligands with an almost normal distribution of pIC50s ranging from 4.67 to 8.61 and
a mean of 6.59 + 0.631epatitis C had 129 macrolactone ligands with a slightlydeéwed
distribution of pIC50/pEC50s ranging from 4.48 to 9.59 and a mean of 7.29 + icedls had
103 macrolactone ligands with an abnormal distribution of pIC50s ranging from 4.93 t0 8.74 an
amean of 8.24 + 1.07. The box plot distribution showed the Hepatitis C dataset covered the widest,
most weltdistributed range of pIC50/pEC50 values whereas the other two had relatively narrower
pIC50 distributionsAppendix Figure BD). Overall, all tie datasets had a good range of activities

suitable for QSAR regressors.
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4.34. Cluster Analysis of Macrolactone Ligands

We conducted an unsupervised hierarchical clustering using Euclidean distance, Ward
Linkage with (A) mordred_mrc, and (B) ECFP6 (2@8&). The resulting circular dendrograms
for Plasmodium falciparugHepatitis C and Tell datasets were providedAppendix Figure B,

B6 andB7 respectively. Each dendrogram node was colored according to the experimental pIC50
or pIC50/pEC50 values affded by the corresponding chemical structure. This procedure allowed
us to identify analogues having similar structures or chemical properties. Additionally, it could
point to the importance or relevance of descriptors based on whether they can cinptarnos

with similar activities.

In the Plasmodium falciparundataset, we identified two interesting clusters with
mordred_mrc Appendix Figure BA) whose members were clustered apart based on ECFP6
(Appendix Figure BB). The first cluster in mordred_mromtained two macrolactones with
varying pIC50 values (red arrows Appendix Figure BA). Their structures were shown in
Appendix Figure BC and different structural components were highlighted yellow. This suggests

these two compounds share similar chenproperties, but different structural fragments which

contributed to varying 160 s . I n fact, they had a Tani moto ¢
between two chemica[81]) of 0.87 (MACCS166 bits) and a differencd @1,900 nM in their
IC500 S . This iIs an example of activity <c¢cliff] W

despite two struct ur B3, idandfied by gordied mro.iTheseradalogst r u ¢
are interesting because it sheds light on chemical components of interest in macrolactone structures
that play an important role bioactivities and thus are worth exploring and manipulating for future

SAR studies and for improving potencies.

Similarly, in another cluster, three compounds with similar pIC50s, clustered together with
mordred_mrc (blue arrows iAppendix Figure BA) were clustered apart with ECFP6 (blue
arrows inAppendix Figure BB). Their structures were shownAppendix Figure BD, differing
structural components highlighted, and shared structural fragments indicated witoctEdrstar
symbols. They had theame core ring structure, but side chains were modified at N10 or in the
sugar component at CBjpendix Figure BD). Regardless of these structural differences, they
were similar in terms of chemical properties and in pIC50s. These analogs are aéstimgter
since they showed the impact of structural modification on biological endpoints towards

Plasmodium falciparumin this cluster, modifying the sugar component (the side chain in tertiary
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amino of CHEMBL1946558) yielded higher bioactivity among alblagues. Merging the
structures of CHEMBL1946558 and CHEMBL2029590 could be of interest but also could impose
a synthetic challenge. Structural modifications at these different positions may lead to more
interactions with the target and could perhaps yiajtier bioactivity unless the sidechains occupy
identical binding sites. In both clusters based on mordred_mrc, we identified highly similar
structural analogues with a few modifications in the side chains affording different pIC50s. This
cluster analysisliemonstrates that we can extract useful struetatieity relationships and study

the influence of minor structural changes in macrolactones on their activities whichtcam in

lead to the design and investigation on new compounds of interest. Adtitiaster analysis
regarding Hepatitis C and-@ells case studies is providefippendix Results B). Further, the
distribution analysis of mrc properties for macrolactone ligands of these three case studies is
provided Appendix Results B).

4.35. Assesment and Comparison of Descriptors and Machine Learning Algorithms

We compared the performance of molecular descriptors and ML models from tuned
methods for all our cases studies. Heatmaps with statisticsamdRVAE results foPlasmodium
falciparum Hepatitis C and cell case studies with tuned methods can be fourkdgiare 45.

More details on Rand MAE for the entire QSAR modeling workflow inding base and
pca_tuned methods are provided\ppendix Figure B0,B11 andB12 and the impacts of tuning
parameters and feature extraction techniques on QSAR modeling is descAppédmalix Results
B3. To determine the optimal set of descriptors, emegated clustered columns across 8 MLs for

each descriptor set iPRAppendix Figure B6) and MAE Appendix Figure B7).
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Figure 45. 10fold CrossValidation across eight machine learning algorithms anéirgperprint

/ descriptor sets with tuned method for (Aj Roefficient of determination) for Plasmodium

falciparum, (B) MAE (mean absolute error) for Plasmodium falciparum, ¢@pmHepatitis C,
(D) MAE for Hepatitis C, (E) Rfor T-cells, and (F) MAE dr T-cells.

In thePlasmodium falciparurd at aset, fal
consistently across 8 MLs based ofi (Righest,Appendix Figure B6A), and MAE (lowest,
Appendix Figure B7A). On the other hand, MACCS, a structuraigmentbased fingerprint
approach, had the lowest performance by comparison Witk R0.44 @ppendix Figure BR6A)
and MAEnin = 0.36 @ppendix Figure BR7A). In general, implicit fingerprints; ECFP6 %x =
0.57, MAEnin = 0.30) and MACCS, did not perim as well as explicit descriptors or the merger

nal |

~

o .

0O descriptors

In the Hepatitis C dataset, the descriptor sets had very simdisatdRVIAE across 8 MLs;
descr i pia®76s@ppehdix Figute|RGB) dnd MAR® 0.37wi t h R

(Appendix Figue B17B). The Tcells dataset results showed a significant difference in the

wi t h

nal

hY

(0]

performance between explicit and implicit descriptors.

Explicit descriptors (mordred,
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mordred_mrc and fa0.78 ¢appendia Figue )R6Ch and MARin 0.39
(AppendixFigure BL7C) across MLs. On the other hand, implicit fingerprints; ECFPga4R
0.56, MAEnin= 0.47) and MACCS (Rax= 0.17, MAEnin= 0.62) yielded very poor performances.
Our QSAR models with MACCS did not find any meaningful correlation for macosiadigands
of the T-cells target with any ML algorithms.

Overall, the prediction results from the case studies agreed with our hypothesis that explicit
descriptors (mordred, mordred_mrc) would perform better than implicit fingerprints (MACCS or
ECFP6); especially in MalariaandcTe | | s case studies. Of not e, A
among others, closely followed by either mordred or mordred_mrc in all cases. In fact, the
difference of highestRand | owest MAE acr odnsordied/snordresitmace e n i
were 0.01 and 0.02 at most respectively. Thus, adding MACCS or ECFP6 to mordred_mrc only
slightly affected the predictive power of QSAR models. Perhaps, it is sufficient to use mordred or
mordred_mrc alone to build regression modelsh o wever , there is no harm
to account for propertyelated and structural variations captured by both explicit and implicit
descriptors. Afterall, across our case stud:]
performanceif not equal to mordred or mordred_mrc descriptors.

When consensus and hybrid modeling approaches were applied, we noticed an increase in
R2across our case studies, especiallyFmsmodium falciparuniFigure 46A) and Hepatitis C
(Figure 46B). In thePlasmodium falciparunase studyRigure 45A for R? andFigure 45B for
MAE), RF_DNN afforded Rnax0.64 and MAminO . 27 wi th dAall o descript
afforded the Rnax 0.62 and MAmin 0.29 with 2DRDKit descriptors. Moreover, CSS achieved
consistently high R~ 0.63 across descriptors except for ECFP6 and MACCS.

In Hepatitis C, RF_DNN stdily afforded high R0.75 Figure 45A) across descriptors
and low MAE figure 45B) 0.38, closely matched by RF_KNN and CS$ .T-cells, RF
individually was still the best among 8 MLs including CSS, RF_DNN and RF_Kigui(e 46C).

However, CSS, RF_DNN and RF_KNN closely maiththe performance of RFs and were
superior to other individual ML algorithms including DNN.

Lastly, we sampled a few unique, outlier macrolactones from each case study either based
on ring size, structural complexity, and assessed the performance o0Hdld1CV on them.

Appendix Results B showed that we still afforded excellent predictions on such complex,
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uniquely ringsized molecules even though the training set barely covered the chemical scope of

these structures.

A. Case Study |: Malaria (CHEMBL364)
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Figure 46. Boxplot analysis of ML algorithms with associatetditribution across six descriptor
sets for (A) case study | with Plasmodium falciparum, (B) case study Il with Hepatitis C Virus,
(C) case study Il with Tcells.
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4 .4. Discussion

MacrolactoneDBprovides a comprehensive database of curated macrolactones with
bioactivities across many targets. Such a database is likely of interest to researchers and presents
opportunities for repurposing these compounds for new uses. Compounds from MacrolactoneDB
can be used as scaffolds that can be manipulated and modified to design novel macrolides using
biosynthetic engineering methods, seynthesis or traditional organic chemistry. Ergo, it can
motivate the development of novel polyketide antibiotics, andweage further exploration of
challenging, underexplored macrolactones. We believe MacrolactoneDB will launch a plethora of
cheminformatics studies including QSAR. For example, chemical insights from conducting
frequency analysis of structural fragments, lnuilding blocks, in MacrolactoneDB can be used in
conjunction with other software such as PKS Enumefagjro effectively design large isilico
libraries of macrolide with improved drudikeness and synthetic feasibility.

We conducted a cheminformatics analysis of MacrolactoneDB to understand the chemical
scope and coverage of these large ring molecules. An overwhelming majority of them evidently
vi ol at edéRulpe naeftki ®8 and Veberdés rul ef0,8f drug
However, the assessment tieir bioactivity showed that they still afforded interesting
bioactivities despite their violations. In fact, a much larger number of macrolactones beyond the
Rule of 5 were found to be biologically active than those within. That was perhaps due to the
fichameleod i ke d behavior of macrocyclic structur es
conformation driven by intranolecular hydrogen bonding based on its surrounding aqueous or
nonpolar environmenfl10, 35] The analysis of MacrolactoneDB signifies an urgent need to
develop new drug likeness and bioavailability rules specific to medium to large sized molecules
such as these macrotanes.

Additionally, we developed mrc descriptors to better characterize macrolactones, provide
insight into their SAR and improve predictive modeling with integration to other descriptors such
as mordred. The usefulness of mrc descriptors will be provememical datasets with large
variance, weldistributed ring size and macrolide related characteristics. One feature in mrc was
the frequency of sugars, a crucial component influencing the bioactivities of macrolides and
contributing onehalf to twothirds of the binding energy36]. Classic macrolide structures,
usually twelve to sixteemembered ring$4, 37], have one or more sugars attached to the core
rings via glycosidic bonds. We hypothesize the presence/frequency of sugars could thus be
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important in characterizing macrolactones/macrolides. However, specific sygps such as
cladinose, desosamine, etc. are not yet recognized by mrc; only the total frequency of sugars.
Examining chemical databases, mining sugar components, identifying and incorporating various
types of sugars to mrc will certainly be worth expig. Information on the occurrence of specific
sugar types and atomic positions for glycosidic bonds will also be helpful in extracting SAR
relationships and building predictive models for macrolides.

We demonstrated in our preof-concept study withiree common disease targets that
machine learning models for macrolactones/macrolides can be trained and validated using various
algorithms and descriptors. We conducted QSAR modeling with macrolactofdasomodium
falciparum Hepatitis C virus and -€Cels from MacrolactoneDB with eight MLs and seven
descriptor sets. Since large structures such as macrolactones are underexplored in QSAR
modeling, the insights from this study could be valuable to the cheminformatics community. It is,
in fact, one of the fst such studies exploring and tackling this structural class of macrolactones
by applying multiple cheminformatics techniques such as several combinations of ML algorithms
and chemical descriptors.

Our three case studies showed that RF was the besttpredmong individual ML
algorithms across six descriptor sets. We also demonstrated that consensus modeling from five
ML algorithms or hybrid approach which averages the prediction results from two ML algorithms
(in this case study, RF_DNN and RF_KNN)g#lily increased the predictive power of QSAR
models built with individual ML algorithms.

Regarding the descriptors, we expected mor
useful and relevant in predicting the bioactivities since they would convey a ampeahensive
representation of macrolactone structures. We also applied implicit chemical fingerprints (ECFP6,
MACCS) to assess and compare the performance of structural frabassat approach in
predicting the macrolactone bioactivities. Our results fatinthree case studies showed that the
mer ger Aall 0 was the best feature types for
mordred_mrc descriptors across MLs, which agreed well with our initial expectation. An
interesting observation was that exfilidescriptors outperform implicit descriptors across MLs
and case studies, except in the case of Hepatitis C wherein implicit and explicit descriptors

performed equivalently. Mordred_mrc was the most useful set of descriptors; even merging other
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descrippbr sets such as ECFP6 and MACCS to mordr e
improvement in comparison to mordred_mrc alone.

The analysis of macrolactone ligand datasets in the three case studies showed narrowly
distributed and limited variation of aarocycle related properties addressed by mrc descriptors
(Appendix Results B), thus they are likely not ideal datasets to assess the true performance of
mordred_mrc descriptors. Understandably, we did not see any noticeable difference in the
performanceof mordred and mordred_mrc across MLs.

One i mportant finding was our QSAR model s
endpoints on highly complex, uniquely risgi zed ( 6émi sfi td) macrol acto
the datasets in Hald CV (Appendix Results 8). We demonstrated the high predictive
performance of QSAR model s affording Atopodo p
macrolactones even when they were trained with dominantly diffsized ring structures. This
highlighted theusefulness of contemporary chemical descriptors and ML algorithms.

Of note, this workflow was built with only 2D fingerprints/descriptors, thus the information
characterizing these macrolactones may not capture the conformational information such as intra
hydrogen bonding properties. Yet, the predictive power of these models built with 2D descriptors
alone was rather impressive?(R 0.64 for Plasmodium falciparum?R 0.76 for Hepatitis C
Virus, R = 0.78 for TFcells). Conformational analysis of macrocycles still remains a complex,
challenging problem wherein a small structural modification can result in conformational
reorganization of remote regions of a macrocyclic backl§dbg It is hoped that when such
information is included the models will improve further. However, our study confirmed 2D
descriptorbased QSAR models developed with compounds from MacrolactoneDB can be used to
predict biological activities of new macrolides and to prioritize potential htbggis. This will

have value in the search for novel macrolactone / macrolide therapeutics.

Declarations:

Additional Files

Appendix Data B1Curated structure activity datalata supplied as a separate file.

Appendix Method B. MacrolactoneDB
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Appendix Method B. Computing details for QSAR modeling
Appendix Method B. Machine learning methods

Appendix Results B. Cluster analysis of macrolactone ligands
Appendix Results B. Distribution analysis of mrc properties

Appendix Results B. Tuningparameters and feature extraction techniques to improve
performance

Appendix Results B. Performance of ML workflow with macrolactones

Appendix Table B. The number of chemicals filtered for 13 databases at each filtering
stage.

Appendix Table B. Descripive Statistics on Molecular Properties of MacrolactoneDB:
Molecular Weight (MW), PSA (Polar Surface Area), SlogP (Hydrophobicity), HBA (Hydrogen
Bond Acceptors), HBD (Hydrogen Bond Donors), NRB (Number of Rotatable Bonds), and Ring
Size (RS).

Appendix Tabé B3. SMARTS for sugar patterns (for mrc descriptors)

Appendix Table B. Hyperparameters covered in grid search areas for pca_tuned and tuned
models.

Appendix Table B. Summary of 30 neural network architectures tested for QSAR internal
crossvalidation

Appendix Table B. Maximally Reported ¥andomization Results from 10 iterations of
10-fold CrossValidation for case study-IMalaria (CHEMBL364), pIC50

Appendix Table B. Maximally Reported ¥andomization Results from 10 iterations of
10-fold CrossValidation for case study HHepatitis C (CHEMBL379), pIC50/pEC50

Appendix Table B. Maximally Reported ¥andomization Results from 10 iterations of
10-fold CrossValidation for case study Iil T-cells (CHEMBL614309), pIC50

Appendix Figure B. QSAR modelingvorkflow using 8 ML algorithms and 7 fingerprint
/ descriptor sets

Appendix Figure B. Distribution of Core Ring Sizes in MacrolactoneDB.

Appendix Figure B. Statistics on the bioactivity of macrolactones and their agreement or
| ack t her esRuledffive. Ecateri plots detwéen (A) MW and SlogP, and (B) MW and
TopoPSA.

Appendix Figure B. Distribution of (A) pIC50 values for targets Plasmodium falciparum
(CHEMBL364), (B) pIC50/pEC50 values for Hepatitis C virus (CHEMBL379), (C) pIC50 values
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for T-cells (CHEMBL309), (D) Boxplot distribution of biological endpoints akaffinity for
three case studies: Plasmodium falciparum (CHEMBL364), Hepatitis C (CHEMBL379)-and T
cell (CHEMBL614309) targets.

Appendix Figure B. Circular dendrogram obtainécbm the hierarchical clustering of
Plasmodium falciparum (CHEMBL364) dataset with Ward linkage, and Euclidian distance using
(A) mordred_mrc descriptors, (B) ECFP6 fingerprints. Compound nodes and names are colored
according to their pIC50 value. Struatarof (C) two chemicals indicated with red arrows in both
mordred and ECFP6 dendrograms, and (D) three chemicals from the blue oval based on mordred
and in different clusters indicated by blue arrows based on ECFP6.

Appendix Figure B. Circular dendrogrambtained from the hierarchical clustering of
Hepatitis C virus (CHEMBL379) dataset with Ward linkage, and Euclidian distance using (A)
mordred_mrc descriptors, and (B) ECFP6 fingerprints. Compound nodes and names are colored
according to their pIC50 valu&tuctures with activity cliff based on ECFP6 clustering are shown
in (C). The structure of the most chemically unique macrolactone based on mordred_mrc
dendrogram is shown in (D).

Appendix Figure B. Circular dendrogram obtained from the hierarchicadteling of F
cells (CHEMBL614309) dataset with Ward linkage, and Euclidian distance using (A)
mordred_mrc descriptors, and (B) ECFP6 fingerprints. Compound nodes and names are colored
according to their pIC50 value. Structures from purple oval or indidatepurple arrows are
shown in (C), blue oval or indicated with blue arrows are shown in (D).

Appendix Figure B. Violin plot analysis of ring size scaffolds with associated pIC50 and
pChEMBL distributions for (A) Plasmodium falciparum (CHEMBL364), (B) Hefs C Virus
(CHEMBL379), and (C) Icells (CHEMBL614309) respectively.

Appendix Figure B. Violin plot analysis of sugars with associated pIC50 score
distributions for Plasmodium falciparum (CHEMBL364).

Appendix Figure BO. 10fold CrossValidation across eight machine learning algorithms
and six fingerprint / descriptor sets for case study | with Plasmodium falciparum (CHEMBL364):
(A) Coefficient of Determination (8, and (B) Mean Absolute Error (MAE).

Appendix Figure B1. 10fold CrossValidation across eight machine learning algorithms
and six fingerprint / descriptor sets for case study Il with Hepatitis C Virus (CHEMBL379): (A)
Coefficient of Determination (R2), and (B) Mean Absolute Error (MAE).

Appendix Figure B2.10-fold CrossValidation across eight machine learning algorithms
and six fingerprint / descriptor sets for case study Il witeells (CHEMBL614309): (A)
Coefficient of Determination (R2), and (B) Mean Absolute Error (MAE).

Appendix Figure B3. Boxplot comparison of pca tuned and tuned methods for six
descriptor sets across three case studies of Plasmodium falciparum (CHEMBL364), Hepatitis C
Virus (CHEMBL379) and Tcells (CHEMBL614309) in terms of Ri coefficient of
determination: (A) Random Forest (REjd (B) Deep Neural Nets (DNN).
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Appendix Figure B4. Distribution of Coefficient of Determination?Rising Support
Vector Regression (SVR) from six descriptor sets for base, pca_tuned and tuned methods for (A)
Plasmodium falciparum (CHEMBL364), (B) Hejiet C Virus (CHEMBL379), and (C) -Eells
(CHEMBL614309).

Appendix Figure B5. Comparison of base, pca_tuned, tuned methods from eight MLs and
six descriptors (excluding mrc descriptors) used in the study across three case studies of
Plasmodium falciparum (CHEMBL364), Hepatitis C Virus (CHEMBL379), -tells
(CHEMBL614309) for (A) coefficient of determination{Rand (B) mean absolute error (MAE).

Appendix Figure B6. Clustered columns analysis of coefficient of determination (R2)
from 10fold cross validaon for (A) Plasmodium falciparum (CHEMBL364), (B) Hepatitis C
Virus (CHEMBL379), and (C) Tells (CHEMBL614309).

Appendix Figure B7. Clustered columns analysis of mean absolute error (MAE) frem 10
fold cross validation for (A) Plasmodium falciparum (CMEL364), (B) Hepatitis C Virus
(CHEMBL379), and (C) Tcells (CHEMBL614309).

Appendix Figure B8. Machine Learning workflow predictions on (A) the only- 27
membered (CHEMBL2303629) and (B) the onlyr@@mbered (CHEMBL487366) macrolactones
from Plasmodium figiparumi malaria (CHEMBL364) ligand dataset.

Appendix Figure B9. 10fold CV predictions on the (A) 2fnembered
(CHEMBL591604) and (B) 38nembered (CHEMBL2407590) macrolactones from Hepatitis C
Virus (CHEMBL379) macrolactone dataset.

Appendix Figure B0. Machine learning workflow fbld CV predictions on the 21
membered macrolactone ligands (A) CHEMBL162354, (B) CHEMBL352172 and (C)
CHEMBL347657 from Tcells (CHEMBL614309) dataset.
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Abstract

Imatinib, a 2phenylaminopyridindbased BCRABL tyrosine kinase inhibitor, is a highly
effective drug for treating Chronic Myeloid Leukemia (CML). However, cases of drug resistance
are constantly emerging due to various mutationsémMBL kinase domain; thus, it is crucial to
identify novel bioactive analogues. Reliable QSAR models and molecular docking protocols have
been shown to facilitate the discovery of new compounds from chemical libraries prior to
experimental testing. Howeveas the vast majority of QSAR models uses 2D descriptors, the rise
of 3D descriptors directly computed from molecular dynamics simulations offers new
opportunities to potentially augment the reliability of QSAR modelsrein, we employed
molecular dockig and molecular dynamics on a large series of imatinib derivatives and developed
an ensemble of QSAR models relying on deep neural nets (DNN) and hybrid sets of 2D/3D/MD
descriptors, in order to predict the binding affinity and inhibition potencies oé ttaspounds.
Through rigorous validation tests, we showed that our DNN regression models achieved excellent
external prediction performances for the pKi dataset (N =558 R0 . 71 and MAE O
the plGo dataset (n =306, 0. 54 and withAstEct \@liddlion prbtdcols based on
external test sets, 4f0ld native and nested cross validation. Interestingly, the best DNN and
random forest models performed similarly across all descriptor sets. In fact, for this particular
series of compoundsur external test results suggest that incorporating additional 3D, protein
ligand binding site fingerprint, descriptors or even MD tisegies descriptors did not significantly
improve the overall Rout lowered MAE of DNN QSAR models. Those augmentedetsocould
still help in identifying and understanding the key, dynamic prdigand interactions to be

optimized for further molecular design.
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5.1. Introduction

BCR-ABL tyrosine kinase is a key target for treating Chronic Myeloid Leuké@hAL),
which was estimated to affect ca. 9,000 individdalsin the US in 2019. Imatinib (Gleevec,
STI571) is a small molecule drug inhibiting th€R-ABL fusion kinase with high specificity2i
4] and has become a true gant@nger for combatting CML. Imatinib was fitsscovered to bind
to the chimeric tyrosine kinase via hitfiroughput screenin], later optimized with molecular
modeling and medicinal chemistry, and rapidly moved to clBic5] However, tyrosine kinase
inhibitor (TKI) resistance to Imatinib has emerged over time due to variciagaddorms of BCR
ABL. [5, 6] New analogues of Imatinib such Bdotinib [7], Ponatinib[8], Dasatinib[9] were
thusdesigned and optimized to overcome TKI resistance (structures shdvigune 51), and
were in fact proven more potent, effective and clinically approved as first or skoend
therapeutic treatment®, 6] Therefore, BCRABL inhibitors, specifically the structural analogues
derived from Imatinib, hold much potential in guiding and developing newer, more efficient

therapeutic treatments in tackling CML.

Imatinib (Gleevec) Nilotinib (Tasigna)
IC50 =170 nM IC50 <30 nM
Y , Y PPN \/'
| A
D N k/-{\ |
Ponatinib (Iclusig) Dasatinib (Sprycel)
IC50=8.6 nM IC50=0.8-1.8nM

Figure 51. 2D chemical structures and inhibition potencies of Imafitifp and bioactive

analogues (Nilotinily7], Ponatinib[8], Dasatinibf9]) towards human BCRRBL protein kinase
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Meanwhile, as the cost of identifying new potent analogues is rather high, modern
Quantitative Structurdctivity Relationship (QSAR) modeling has evolved to become a vital
component for drug discovery. Thesatistical models relying on machine learning can be
employed as a timandcost effective tool to help design and prioritize compounds to be
synthesized and biologically tested in priority. QSAR models establish quantitative relationships
between a seriesf chemical structures and their biological activities. When developed and
validated according to the best practices, QSAR models can be used to filter out small subsets of
potentially active hits from a large virtual chemical library containing milliohgotential
candidates.[11i 14] QSAR regression models, in comparison to QSAR classifiers which
categorize compounds as either active or inactive, can predumfisgiological endpointse(g.,

IC50, Ki, LD50, %inhibition) for new structures, and thus, are deemed to be more definitive,
refined and useful in selecting the most relevant compounds to be considered further. This is
especially true when those modal® applied to the members of a chemical series in which all
compounds are fAactiveo, thus making most <cl as

irrelevant.

Deep Neural Nets (DNNs) are increasingly used in developing QSAR and QSPR
(Quantitative Structure Activity/ Property Relationship) models; they have been shown to
outperform conventional machine learning methods especially when it comes to tackling very
large multidimensional datasef$5] That surge in popularity is leading to enhanced algorithms
and methods to optimize the training of those DNN models and preéhantoverfitting. But
perhaps more importantly, the recent advancements in-&eé&leration are pushing DNNs to
become the method of choice for large datasets. GPU acceleration is also disrupting molecular
dynamics (MD) simulations by dramatically redugithe computation time. Thus, coupling
4D/MD descriptors from MD simulation studies wétate of-the-art machine learning techniques
like DNN has become an accessible and attractive idea in building psguictive QSAR models.

[16] Recently, our group recently conducted MD simulations on 87 ERK2 kinase inhibitors and
showed that 4D conformatiestependent chemical descriptors derived from the MD simulations
were the best in discriminaty the most active from the moderate actives and inactive ERK2
binders, including those poorly predicted by 2D QSAR models and 3D molecular dgtKing.

In this study, we incorporated highmensional descriptor matrices derived from MD
trajectories for a large set of imatinib derivatives. We consistently trained and validated DNN
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models across different 2D, 3D, and MD descriptor sets for computing theABR®Minding
affinity (pKi), the associated inhibition potency (ptf; and an integrated activity endpoint (p

All). A general scheme of QSAR modeling with 2D, 3D and 4D/MD desaspn developing our
QSAR regressors to predict continuous biological endpoints is showkigiure 52. We
benchmarked how DNN performed in comparigotn random forest (RF), and we also compared
the performance of different descriptor sets (2D, 3D, ligainding site descriptors, dynamic
interface fingerprints). We evaluated whether machine learning methods were converging
regarding the most signifioadescriptors and whether the integration of more descriptors provided
significant improvements in the prediction reliability. In that context, we were especially interested
in building DNN models with the time seriggsed protentigand interaction desiptors extracted

from MD simulations (15 nanoseconds) computed for every single kinlakéor complex. Our

main goal in this study was thus to develop robust and reliable-Ba¢d QSAR regression
models to predict binding affinities of imatinib analeg. The best models will be used in future

studies to identify new hit analogues capable of binding B®R tyrosine kinase.

Molecular Descriptors
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Figure 52. General scheme for developing QSAR regression models with 2D, 3D and 4D
descriptors to predict a continuous biologica
QSAR modeling perspectij&6]).
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5.2. Materials and Methods

5.2.1. Dataset Compilation ad Curation

The bioactivities were extracted from the ChEMBL v23 (2017) datgti8$eonsidering
compounds with a reported activity for the human BEEBL tyrosinekinase. Compound
activities were defined as inhibition constant (Ki) and half maxintfabitory concentration in
mol/L (ICso). Active compounds were curated using a similar protocol used by Bajoratfi6i:al.

(i) only exact activity values were considered, and (ii) in case of several affinities being available
expert curation was favorized and if affinity values were in the sange r@nd type (Ki, 16), we
computed an activity average (if not, the records were discarded). Manual curation allowed us to
further remove erroneous entries. The affinities were then transformed to negative log values (pKi
and plGo). In this study, theatasets for pKi and pigwere modeled separately. Additionally, we
modeled an entire dataset with all the activities reported (pKi arnd) piGhe form of pAll. The

full curated datasets (pKi, pi& and pAll) are available as SDF files in the Suppogti

Information.

5.2.2. Protein Preparation, Glide Docking and Molecular Dynamics

The X-ray crystal structure of human ABL kinase domain in complex with imatinib
(STI571, Gleevec) (PDB: 2HYY, resolution: 2.4 A) was used for molecular docking-1ABL
human kinase protein in complex with Gleevec along with the interactions is provigeglie
5.8. First, the structure was preprocessed using the Protein Preparation [2hid the
Schrodinger Suite v2013. Bond orders were assigned to untemplated residues. All hydrogens
were emoved from the original structure and then added back. There was no missing side chain,
and all water molecules were deleted. The PROPKA prod2dm22] was used to predi¢he
protonation states for protein residues at pH 7. The hydrogen bonding network was optimized by
the minimization of sampled hydrogens. Finally, a restrained minimization was performed using
the OPLSJ23] force field. In this study, all smatholecule structures were docked into the ATP
binding site of the target protein using Glide and two scoring functions: the standard docking
precision (Glide SP) and extra docking precision (Glide p2RB) 25] The ABL kinase set of

ligands was further preprocessed accordinth&following protocol. Explicit hydrogen atoms
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were added, and ionizable compounds were converted to their most probable charged forms at pH
7.0 + 2.0 using the LigPrd@6] software. The binding region was defined by a 10 Ax 10 Ax 10
A grid box. A scaling factor of 0.8 was applied to the van der Waals radii. The OPLS3 force field

was used for grid generation. Deflasgttings were used for all remaining parameters.

Once Glide docking was performed, the-foyg poses with the lowest Emodel score
underwent postlocking minimization. The top ranked pose was selected for each ligand, and then
ligands were sorted accand to the docking scores (termed SP and XP scores in this manuscript
depending on the precision mode used) of the top member. The poses used for downstream analysis
were those predicted using the docking (Glide SP or XP) that resulted in the largesta®pear

correlation with aupenisedidockiigvméulesed) so call ed n

Following molecular docking, independent 15 ns MD simulations were performed for each
ABL kinase ligandprotein complex using the GPatcelerated Desmond softwarg27]
Simulations were conducted with a TIP3P explicit solvent model. We chose a 1 ps recording
interval, resulting in a MD trajectory with 15,000 unique conformations per ligand. The NPT
ensemble was employed with a temperature fixed at 300 K and preskOxkelzr. The integration

time step was set at 2 fs. Default settings were used for all other parameters.

5.2.3. 1D/2D Molecular Descriptors

Using the MolVS python library (https://pypi.org/project/MolVS/) chemicals have been
prepared from their origin@MILES strings including the following steps: (i) hydrogen removing,
(i) sanitization, (iii) metal disconnection, (iv) stereochemistry process, (v) desolvation, and (vi)
filtering of fragments. From each the prepared SMILES RDKit python library wasasethpute
a set of 647 molecular 1D, 2D descriptors (www.rdkit.org). It included for example descriptors
such as the count of carbon or nitrogen atoms, topological indices, SlogP.

5.2.4. 3D Molecular Descriptors

The best pose obtained from the ARinase GlideXP docking was chosen as the default

3D structure for each compound of the datasets. Using RDKit and the PyDPI python [&8ry,
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a set of 502 3D descriptors was computed for each compound charactegaimd) deometry,

volume, charge distribution, etc.

5.2.5. 4D/MD Descriptors

From the MD trajectories, exactly 15,000 frames were extracted including complex
proteinligand (one every picosecond). The 4D/MD descriptor set results from a combination of
avera@ and standard deviation of descriptors characterizing the ligand, the binding site and the
molecular proteirligand interactions over the 15,000 MD frames.

For each frame, 3D ligands descriptors were computed for the complexed ligand. Binding
sites werextracted in taking proteins residues positioned at less than 6 A of the ligand. From each
extracted binding site, 52 descriptors were computed including binding site volume, composition
and energetic characteristi¢29] Molecular proteidigand interactions between each compound
and theABL-kinase protein were characterized using a fingerprint of interaction compufa@pn.

By framefor each residue in the binding site a fingerprint including seven bits, characterizing
seven types of interaction (apolar interaction, aromatic interaction face to face and edge to face,
H-bond ligand as acceptor-lbbnd ligand as donor, electrostaticeirgction with ligand giving
positive charge and ligand giving negative charge) was computed (bit equal to 1 if the residue
makes an interaction with the ligand). Molecular interaction descriptors were defined as the sum

by bit (i.e. type of interaction) cll residue fingerprint computed for one frame.

To summarize 4D/MD descriptors were computed as an average and standard deviation of
ligand, binding site and molecular interaction descriptors computed for each of the 15,000 frames

individually.

5.2.6. MDAIl Frame Descriptors

Overall, the MD descriptors for each compound were integrated into a matrix of 620
columns (features) and 1,501 rows (time series descriptors during a time frame of 15 ns). In other
words, each compound is represented by a dataxr@t@pproximately 1 million (930,620)

features which involves MD descriptors over a span of 15 ns (illustration shdvguire 53).
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This amounts to very high mulimensional data; for example, for 555 pKi reported Imatinib

analogues, all the features would amount to approximately 555 million in total.

MD descriptors

MD simulation for a compound
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Figure 53. Graphical illustration for the production of 4D/MD descriptor matrix for QSAR
model ing with Deep Neur al Nets ((&dapted from

The complex nature of DNNs is perfectly suited to handle such highly-dmrénsional
data and does not require much data pruning or feahg®eering However, applying them on
our MD descriptors would still demand high processing power, large memmnggst and
considerable amount of time. In order to speed up the process and reduce memory usage since
such large data inputs tend to cause resource exhaustion errors, the matrices were pruned by
removing features (columns) being empty or null across deflesicompounds. It is important
to note that custom manual data curation scripts were developed to handle MD descriptor matrices
because conventional methods of dimensional reduction techniques are usually not able to tackle
these sorts of large matriceNormally, all the data is gathered into a csv file and loaded altogether
into the program, to which dimensionality reduction techniques can be applied. In our case of MD
matrices, we developed Python scripts to check statistics on the features awassids for all

compounds. 162 features were removed from the dataset. Finally, the MD descriptor for each
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compound has 458 columns, thus amounting to ~687k features in total across 1,501 rows of time

series. These reduced MD matrices were used for 3R model development.

5.2.7. Descriptor Curation

For each compound, three set of descriptors were computed including 2D, 3D, and 4D/MD
descriptors. Each final set of descriptors used is a combination of one or several of these descriptor
sets. Only infomative and not correlated descriptors were selected from the initia(i)set:
Descriptors with a variance null aid with a distribution including more than 85% of the data
in one quantile were remove@j) Then, from this informative descriptor sefch descriptor was
clustered with descriptors sharing more than

correlation.

5.2.8. Chemical Network Visualization of Imatinib Analogues

To assess the chemical similarity of all the Imatiaitalogues for each affinHyased
dataset, we conducted an unsupervised hierarchical clustering using a combination of 2D, 3D and
4D/MD descriptor set, Euclidean distance, and Ward linkage and generated circular dendrograms.
The chemical network visualizahs were then generated using a variety of layout algorithms
including Yifan Hu, Yifan Hu proportional, ForceAtlas2, Contraction, Expansion, etc. in Gephi

(https://gephi.ord/ The color of each node in the chemical ratwvis based on the chemical

associated biological activity from red (low) to green (high). The size of the nodes corresponds to
the negative log affinities wherein lower and higher values are represented by smaller and larger
p-affinities respectively. Tis method clusters structurally similar analogues within the pKigopIC

and pAll datasets.

5.2.9. Development of QSAR Regression Models

All the computing and multiple testing were done on three machines to multitask and speed
up the process: WINDOWS 10 (Processor Intel(R) Xeon(RM¥ CPU @ 3.20GHz, , 4 Core(s),
4 Logical Processor(s), two GPUs of NVIDIA Quadro P4000), Ubuntu 18.04.2(lnt&(R)
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Xeon(R) CPU E®630 v3 @ 2.40GHz, two GPUs of Quadro K4200), and CentOS 6.9 (two
GeForce GTX TITAN X). The following software modules were installed to develop our QSAR
models: cudatoolkit 8.0, cudnn 7.0.5, python 3.6.3, Jupyter Notebook Ketakgpu 2.2.2,
numpy 1.15.0, pandas 0.23.3, rdkit 2017.09.3.0, sk&kin 0.19.2, scipy 1.1.0, tensorflaypu
1.9.0.

We developed several regression models for six descriptor sets to predict binding affinities
using DNNs as discussed below. When depelg the DNN models, four descriptor sets (2D,
2D+3Dset, 2D+3D+4D/MD, MD all frames) were used as input features and mapped to the
biological endpoints i.e. binding affinities (pKi, pp. The trained models were then used to make

predictions and benchmiaed for evaluation.

We implemented our regression models and validated them with NesteeMatfinisgion
(NeCV) as well as Native Crod&lidation for the descriptor sets with reported pKi andsplC
separately. We conducted NeCV in our study becauseit efficient procedure to generate test
data as well as to select QSAR models, especially when we encountered a data scarcity with 555
compounds for pKi and 307 compounds for gal®1ost importantly, NeCV has been accepted
widely in the machine learningommunity as the stat#f-the-art, (almost) unbiased model
assessment method in estimating the true €@ar.32] As far as we know, there is no relgdi
available modules for the application of NeCV or an explicitly detailed algorithm to reference for
cheminformatics study. For the readersdé conve
used for this study in Appendix Figure C1. Herein, we orpypreon the native CV results for MD
matrices of plG and pKi, simply because it was too computationally demanding to apply NeCVs
to the MD descriptor matrix. Native CV, however, was applied for all different sets of descriptors

for both pKi and plG reported compounds.

Independent training and external test sets were also created for each descriptor set to
further test the robustness of our regression models. To compute the most realistic prediction error,
the best regression model with parameters waldoased on the performance of the NeCV was
selected and a few other parameters chosen from othepevérming models were incorporated.
Then, the model was fitted with the training set. It was then used to make predictions on the

external test set, vikh provided us with a more robust evaluation of our regression models.
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5.2.9.1. Deep Neural Nets (DNN)

The scripts to develop QSAR DNN models were written in python 3.6.3. All the training
for six descriptor sets with Deep Neural Nets (DNN) was done Ketras 2.2.2 functional API,
TensorFlow backend with GPU acceleration, NVIDIA CuDNN librafi@3] For all the descriptor
sets other than MD matricate models were trained in batches of 50 samples for approximately
150 epochs with default learning parameters. For MD matrices, the models were trained by fitting
one matrix (one compound with descorg for MD simulation run of 15ns) at a time for 150
epochs with default learning parameters. Since the DNN adjustable parameters are plentiful, we
generated thirty different DNN architectures covering a large range of hidden layers, nodes,
activation funtions, optimizers, dropout percentage and weight regularization (see Appendix
Table C1).

5.2.9.2. Random Forest (RF)

The major focus of our study was to assess the predictive performance of DNN based
regression models on different descriptor sets. Howeve also compared it to random forest
(RF), a machine learning technique wa&lited and proven useful for many cheminformatics
studies. RF, a predictive algorithm based on the majority votes from an ensemble of decision trees,
can handle many featuragsist oveffitting, and generally provide good resulf34i 37] In this
study, we covered a grid search area of estimators ranging from 200 to 2000, auto and square root
maximal features, mamial depths ranging from none to 110, minimum sample splits ranging from

2 to 10, minimal sample leaves ranging from 1 to 4, and with/without bootstrap aggregations.

5.2.10. Model Evaluation Methods
5.2.10.1. Nested Cros¥alidation (NeCV)

We implementedNested Cros¥alidation (NeCV) approach in developing our regression
models and assessing their performance. The algorithm closely follows that provided in Chapter 2
of Temporal Video Segmentation by Christian Petersf#8].In this approach, the internal loop

is used to tune hyperparameters of the neural networks and to select the best performing model
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which is used to make predictions oe tixternal CV folds. Therefore, the external loop is used to

assess the prediction performance of the best performing DNN models.

The diagram of NeCV algorithm has been provideHigure 54 and the pseudocode was
provided in Appendix Figure C1. We pseudo randomly split the datasets into internal ten folds
(110) and external ten folds (E10) in our NeCV approach. There were no literature findings
suggestig the appropriate combinations for the number of internal and external [Bl{i$Ve
initially experimented with different hypgrarameters chosen from a wide range to cover a large
search area. We then fiuhened and narrowed down to thirty sets of various turning
hyperparameters for our DNN regression modélse generalized summarpf thirty
hyperparameter combinations such as the number of hidden layers, optimization algorithms,
activation functions are provided in Appendix Table ach DNN model was built by
manipulating the number of layers, nodes, dropout rate which allowsenpege of nodes to be
dropped during the training process to preven
ALeakyRELUO (activation | ayer), Asi gmoi do, A t
Armspropo al gor i t hitedized rantoenly All ehesg modsls witle different n
combinations of hyperparameters were tested in the internahabdation, and the most stable
regression model was selected and fitted with outer trains to make predictions on the corresponding
outertests. Finally, we gathered results on the external folds, each of which was predicted by the
best regression models chosen based on internahabdation. In other words, the external fold
predictions were generated by the best regression modeldyase on different internal folds.
It is very important to underscore that the prediction set molecules were not used in the training
and modefitting process to prevent information leakage. We then reported mean absolute error

(MAE), mean squared err¢MSE), and coefficient of determination3jRn this external CV fold.
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Nested Cross-Validation

Dataset

External Folds (10-fold)

1 2 3 L} 5 6 7 8 9 10

external
Cross-
validation

Outer Test Outer Train

For each DNN, perform internal cross-validation. Choose the best DNN with least average MAE across all folds.

DNN
With the best models
DNN, evaluate Internal Folds (10-fold)

on the current
outer test fold.

internal
Cross-
validation

Inner Train

For each inner k, perform cross-validation.

Figure 54. Diagram representation of the Nested Gidakdation Algorithm used in this study.

To build the optimized model, we used the most stableehrfomim the internal NeCV as a
base model in which a few parameters were added and/or modified based on other best models
chosen from the internal CV | oop. We defined
fitted with the training set and usemmake predictions on the external test set. To determine the
performance of our models both in the internal and external loops, the squared Pearson correlation
coefficient (), mean absolute error (MAE), mean squared error (MSE) were evaluated and

repored.

It is well-known that DNN models and corresponding prediction results are not entirely
reproducible to the same decimals, when the same calculations are conducted multiple times. The
prediction results are still slightly different even when a DNN rhaglérained from scratch
following the procedure to the last detail; the same data with the same set of parameters for the
same number of epochs. To generate robust models and prediction results, the entire process of
NeCV which involves model selectionitivn the inner loop, model fitting with outer data, and
making predictions on external folds were thus repeated ten times. The prediction results were

averaged and reported over these ten runs. As a result, it took 8 days 9 hours 31 minutes to run
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NeCV for the pKi compound set using five different descriptor sets for an iteration of ten times on
a single GPU of NVIDIA Corporation GM200 [GeForce GTX TITAN X].

5.2.11. QSAR Model Performance Evaluation and Hypeparameter selection

To evaluate theperformance of QSAR regression models, three criteria were used: the
mean absolute error (MAE), and the coefficient of determinathon between predicted and

experimental values (i.eKi or plCsovalues)

Bao w
boo = © °

€

N Bo &
P B % o

Where y is the experimental valugis the mean of the experimental value, is the predicted

value ando  the mean of the predicted value.

5.3. RESULTS

5.3.1. Chemical Analysis of Imatinib Datasets

The distributions of pKi, plGo and pAll (mixed types of plGo and pKi) are shown in
Figure 55. In the curated dataset, 555 compounds have pKi valuesagafigm 4.24 to 10.73
with a mean of 8.10 (+ 1.38), whereas 306 compounds hagevaldes ranging from 4.02 to 9.4
with a mean of 6.86 (+ 1.31)-All (mixed affinity types of pKi and pl&) have 861 compounds
with values ranging from 4.02 to 10.73 wdahmean of 7.66 (x 1.48). Overall, pKi, pt&nd p
All activity types vary over a widespread with a log span of 6.5, 5.38 and 6.71 respectively (which
is ideal for QSAR modeling).

126



120 _ 80 1501

= l 60

S so 1001

3 40 _ -
N i m |
0L | | | 0 I 1 0! ! |

34 5 6 7 8 9 1011 345 6 7 8 9 10 11 3 456 7 8 9 1011
pKi plC50 p-All

Figure 55. Distribution of (A) pKi (B) plGo and (C) pAll (pKi + plCsg) activity values for the
full dataset of Imatinib Analogues

5.3.2. Chemical Network Analysis of Imatinib Derivatives

Network visualization is a powerful technique in clustering chemicals and showing
relationships among Imaiin derivatives (see methods). The resulting network visualizations of
pKi are provided irFigure 56 and those for plé and pAll are provided in Appendix Figure C2
and Appendix Figure C3 respectively. The network for pKi dataset did highlight vergefeled
clusters containing similar Imatinib analogues. Importantly, an overwhelming majority of clusters
share similar imlogical activities (similar shades of colored nodes in the clusters), further
indicating that the descriptors used are appropriate in establishing stactivity relationships.

In fact, imatinib analogues with lower pKied in Figure 56) were forming clusters together
wherein higher affinity analoguegréer) were distinctly clustered on their own. Thus, hybrid of
2D, 3D, and MD descriptors wereotight to be excellent features in establishing quantifiable links
with their inhibition potencies. From this visualization, we expect reasonably high level of
performance of QSAR modeling for the pKi dataset.

Mor eover, | et 6 s t a khederivatives, CHEWBLL7339044 ¢empi pKig | ma
= 6.14) and CHEMBL3689660 (exp. pKi = 9.52). They were identified to be a close pair of
analogues based on hybrid descriptors (2D+3D+4D/MD) but they yielded different experimental
pKi values @kaactivity cliffs in that particular descriptor space). However, these two compounds
are quite different structurally; in fact, they afforded a Tanimoto similarity of only 0.23 using
ECFP4 (connectivijpased fingerprint) and 0.56 by MACCS (166 bits fragnriesged

fingerprint). Overall, these two chemicals could share similar chemical profiles and interactions
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towards BCRABL kinase despite possessing different structural features. But their experimental

activities are still very different.

H,C

INH
TN N\
H,C I)j:>N
’ g N/ N
A\ —

(e} (¢}

CHEMBL1775044
Experimental pKi = 6.14

CH,

(o]
R
N
He
O

CHEMBL3689660
Experimental pKi = 9.52

Figure 56. Chemical Network Visualization of pKi dataset Using all 2D + 3D + MD descriptors,
Euclidean Distance and Ward Linkage. Nodes are colored based on pKi values from low (red) to
high (green). The sizes of the nodes also correspond to the pKi valuesntatgeepresent higher

pKi and smaller node represent lower pKi).

To further investigate their binding modes towards the B®R protein kinase, we
extracted the molecular modeling results from our docking studies (see Glide Docki@gin
Protein Preparation, Glide Docking and Molecidgnamicssection). For these two compounds,
we tried to assess whether they were predicted to share similartiotgsadth the binding pocket
residues Kigure 57). The results showed they indeed occupied a similar space in the binding
pocket with a fewshared proteiligand interactions with residues such as ASP381 and VAL299
from the binding pocket. But none of these two compounds did afford good docking scores based

on XP Glide docking algorithm since their docking scores were higherThiezal.mof! (lower
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is better; a docking score less th@kcal.mot is usually considered a good indicator for favorable
binding. This is, however, a relative, yet common cut off score for determining good binders).
Surprisingly, CHEMBL1775044 with lower experimahpKi (6.14) was estimated to bind better
since it afforded lower docking score-6£56 kcal.mof and emodel 0f56.66 kcal.mot. On the

other hand, CHEMBL3689660 with better experimental pKi (9.52) was in fact predicted to be a
less favorable binderdocking score 0f3.53 kcal.mol, emodel score o0f57.54 kcal.mot).
Nonetheless, this particular example shows that identifying active derivatives such as

CHEMBL3689660 is challenging using both chemical similarity and molecular docking.

CHEMBL1775044
Experimental pKi = 6.14

Docking score = -5.56 kcal.mol-1
Glide Emodel = -56.66 kcal.mol-1

CHEMBL3689660
Experimental pKi = 9.52
Docking score = -3.53 kcal.mol-1
Glide Emodel = -57.54 kcal.mol-1

Figure 57. Binding modes predicted by XP Glide Docking algorithm on two imatinib derivatives:
CHEMBL1775044 and CHEMBL3689660, along with docking and glide emodel scores.

5.3.3. Molecular Docking of the datasets

In this section, we analyzed the binding mode of Imatinib within the ATP binding site of
BCR-ABL kinase protein, along with top three other analogues which were selected based on the
best docking scoredrigure 58 shows the binding mode of Imatinib (Gleevec, -STL)
(CHEMBL941, plGo = 6.77[10], pKi = 7.89[39]) towards ABL:1 human kinase protein (PDB:
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2HYY) in its docked conformation predictdry Glide XP. As expected, the Glide XP (self
Ydocking afforded an excellent score-5%.20 kcal.motl and emodel score e155.38 kcal.mot.
Several important interactions were observed between Imatinib and the ATP binding site:
especially multiple hydrgen bonds with residues MET318, THR315 (the gatekeeper residue; the
most dangerous mutation to overcome when mutated to isoleucine), ASP381, GLU286, ILE360,
salt bridge interaction with ASP381,-“ interactions with TYR253, PHE382, and-qat
interaction with HIE361. These same residues are found to be important and display multiple
interactions with most other Imatinib analogues within the binding site.
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Figure 58. (A) Representation of the binding site of Gleevec®© on chain D of-ABuman
kinase protein (PDB: 2HYY). Protein is represented in carton, binding site in stick with blue
carbon and ligand in stick with green carbon. (B) Preligend interactions betweemportant
binding site residues in ABIL kinase and Gleevec.
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Among all the analogues that we compiled, Imatinib (Gleevec) rankedthe&1(top 5.5
percentile) based on docking and glide emodel scores. Interestingly, when all the top 51 analogues
basedn Glide XP docking algorithm were superimposed in the binding site ofBBlRkinase
protein, we found very similar structural overlaps and conserved interadtiguosg 59). From
this visualization, we can easily observe that, as expected, most top compounds occupy the same
binding space/mode, have similar functional groups which make conserved interactions with the

same residues within the bindingesi

Figure 59. Best 51 Imatinib Analogues Based on XP Docking and Glide Emodel Scores in the
binding site of chain D of ABLL human kinase protein (PDB: 2HYY) along with protkgand

interactions

We illustrate the protettigand interactions of Imatinib along with those from the top 3
analogues based on their docking scoreBigure 510. The same residues interactinghathe
Imatinib analogues within the binding site are caloo ded f or reader sdé convi
compounds afforded excellent docking scoresl@kcal.mott) and glide emodel scores {¥20
kcal.mol?). Notably, several interactions are conservadtifiese four analogues with the same
residues (TYR253, PHE382, Glu286, ASP381, MET318). The formation of hydrogen bonds
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between Glu286 and amines, between ASP381 and functional groups including ketone, alcohol,
protonated amines, between MET318 and armvahines were the most commonly observed
interactions for the top 3 ligands and Imatinib. The hydrogen bonds between THR315 and amine
groups, and thé-“ interactions between TYR253 (blue), PHE382 (blue) and pyrimidines were
observed in Imatinib (CHEMB®241) and the top 2 ligands (CHEMBL538337, CHEMBL536983).

In agreement with the docking results, the top three compounds were found active with reported
experimentalplesO 7; however, better docking scores di
inhibition activities. As often, compounds affording better docking results did not necessarily have
relatively higher values of pIC50s. An important takeaway was that théhtep compounds

identified to be better binders than Imatinib (based on XP glide docking) were in fact

experimentally more potent than Imatinib as well.
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CHEMBL941
Docking score = -15.20 kcal.mol!

Glide Emodel =-155.38 kcal.mol!

Exp. pIC50  =6.77

CHEMBL536983
Docking score =-18.10 kcal.mol?

Glide Emodel =-155.91 kcal.mol?
Exp. pIC50  =6.85

Figure 510. Proteinligand interactions between BE&BL ATP binding siteand Imatinib

CHEMBL538337
Docking score =-19.20 kcal.mol*

Glide Emodel =

Exp. pIC50 =

361

-161.27 kcal.mol™?
7.49

CHEMBL2316870
Docking score = -17.98 kcal.mol?

Glide Emodel =-123.08 kcal.mol*?

Exp. pIC50

=8.88

(Gleevec; CHEMBL941) and top three analogues based on XP docking results.
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Additionally, we analyzed the docking results in regard to the experimental pKi asd pIC
values by generating scatter plots with glide model scores and docking witbreggative log
affinity values colored from red (low) to green (high), showfigure 511A, andFigure 511B
respectively. Emodel scores ranged freBm3 to-173.18 kcal/mol and docking scores ranged
from -1.45 to-19.2 kcal/mole (in both cases, the lower the better). We included transparent gree
rectangul ar boxes to highlight regions indica
50 kcal/ mol a n do0 kitakrook).iltraipwes asote @asilyOobserve whether the
docking results for many compounds agreed with the negativeofoggperimental biological

endpoints.

In Figure 511A, 376 out of 555 compounds (68%) from the pKi dataset afforded good
docking results (within the gen rectangular boxes) also possessed high values of pKi (greener);
indicating the agreement between the 3D docking method and experimental results for analogues
with high activity towards BCRABL protein kinase. In fact, using pKi of 6.5 as a threshotd fo
potent inhibitors, 95% of the compounds predicted to be tight binders by the 3D docking protocol
(within the green rectangular box) were in fact highly active with experimental pKi above 6.5. If
the docking method was ideal for estimating the experirhgataes, we would observe higher
negative log values (points with brighter shades of green) along the lower negative emodel and
docking scores (transparent yellow arrow directioffrigure 511A, B). Though it was not the
case, the docking approach was particularly good for distinguishing compounds with low and high
experimental endpoints because many compounds with high negative log affinities were estimated

to have good docking and emodel ssas well (within transparent green regions).

For the plGodatasetRigure 511B), 186 out of 306 compounds (61%) shown to have good
emodel and dockinscores (within the transparent green region) had a mixed rangeofgles.
It did not yield docking results as good as those in pKi dataset. However, we still observed some
plCso compounds with good docking results also possessing goad yd(ies(green was a
slightly more dominant color within the green transparent box). In fact, by using pIC50 of 6.5 as
a threshold for determining highly potent inhibitors, 75% of the compounds predicted to be good
inhibitors by the docking protocol (within theegm rectangular box) in fact yielded experimental
pIC50 above 6.5. It indicated that the docking method yielded moredsive than false
positive analogues for pkcdataset. This is an interesting outcome that goes hand in hand with an
acknowledged loservation that 3D docking procedure tends to have highpalsiéve hit rates
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[40]. To summarize our results with the molecular docking, the docking algorithm did reasonably
well in estimating the extent of binding strém@f Imatinib analogues to the ABL target for pKi

datasets though it did not do as well for pl@ataset.

Emodel Score
Emodel Score

Docking Score - " Docking Score

Figure 511. Correlation plot between the docking score and the emodel score computed from the
most stable pose fomeh compound generated using a Glide docking. Each pose is colored using

the-log affinity for A) pKi and B) plGeo.

5.3.4. QSAR Modeling

In this study, we applied DNN and RF with different sets of chemical descriptors to predict
the experimental activitgf Imatinib analogues for separate datasets with reported pKi and pIC50
values. In order to evaluate the performance of our regression models, the prediction values by
DNN regression models are compared to the experimental values, and the results e irepor
R? (coefficient of determination), and MAE (mean absolute error). The following sections entail
comparison of training and test sets, evaluation results frefold Nested Cros¥alidation, 10

fold Native Crossvalidation, training set and exterrtakt set and the final models.

Six complete result tables for all affinity types across descriptor sets for DNN and RF
regression models through different validation tests have been providedpRNNable 51),
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DNN-pICso (Appendix Table C3), DNMN-AIl (Appendix Table C4), RFpKi (Table 52), RF
plCso (Appendix Table C5), and Rp-All (Appendix Table C6).

5.3.4.1. Comparison of Training and Test Set Compounds

The distribution of training and test sets for pKi, gl@nd pAll Imatinib analogues were
shown in the box plot dFigure 512. The biological endpoints train and test set for all types of
affinities cover aimilar range for pKi, plé and pAll. The statistics regarding the train and test

set for pKi, plGo and pAll were provided in Appendix Table C2.

11 A

I train
[ test

10

p-activity

Ki IC50 Al
Affinity Types

Figure 512. Distribution of pactivity Values Within Train and Test S&sross Affinity Types

Principal component analysis (PCA) was computed on Lig2D descriptors for pKs, pIC
and pAll datasets. 3Bscatter plots using three major PCA components with most explainable
variables were plotted to show the chemical space covefagain and test sets. The PCA scatter
plots with three major components based on Lig2D descriptors of pKi reported Imatinib analogues
are shown irFigure 513; plCso and pAll reported analogues in Appendix Figure C4 and S5.5
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respectively. This analysis shows the majority of explanatory variables extracted from the applied
descriptors of training and test set and illustrates the fact that they occupy a similar chemical space

across different affinity types and descriptor set¢s,the chemical domain of external test sets is

covered by the QSAR models developed in this study.
® Train Set
A Test Set

PCA-3 (6.85 %)

Figure 513. 3D Scatterplot with Three Major Components (46.22% Variability Explained) from
Principal Component Analysis A) for all pKi Reported Imatinib Analogues using 2D

descriptor set.

To investigate the chemical similarity of the training set and test set across the endpoints
and to estimate the performance of QSAR models for these datasets, we calculated ECFP4
fingemprints for each compound using the CDK toolkit in Knifded]. Tanimoto similarity
coefficients were computed via the CDK toolkit in Knime for the fingerprints of test set against
those of training set which were used as reference compounds. R@oegmound in the test set,
only the maximum Tanimoto score achieved with any of the training set compounds was reported,

i.e., maximum aggregation method. The resulting boxplot distribution regarding the maximum
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Tanimoto scores of test set against trajrset across pKi, pggand pAll was provided inFigure
5.14.

The pKi test set is similar to the pKi training set; the median and mean similaritesg of
set to training set are both 0.80. Many test set compounds show high similarity toward training set;
78% of the test compounds afforded Tanimoto score of at least 0.75 towards the training set. Thus,
we did expect reasonably good performance of codets for this pKi dataset. The test sets of
pICso (Meananimoto= 0.75, plGo mediartanimoto= 0.81) and pAll datasets (meamnimoto= 0.78,
mediarranimoto= 0.80) were also found similar to their respective training sets. Many compounds
in the test se(78% in plGo, 74% in pAIl) afforded a Tanimoto similarity of 0.75 and above
towards the respective training set compounds. Tanimoto scores fordal@set were more
widely distributed than those forAll test set, and they both had several outliersr riee lower
end. It indicates the presence of several dissimilar test compounds from training set. We would

thus expect more moderate performance of our models for tbegr@ pAll datasets.
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Figure 514. Calculation of Tamoto similarity scores between test set and training set as
reference molecules using ECFP4 Fingerprint and maximum aggregation method. Box plot

analysis of test set compounds with associated Tanimoto score distributions across affinity types.
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Moreover, n order to visualize the training and test set compounds based on chemical
similarity / diversity, we conducted an unsupervised hierarchical clustering to group structurally
similar analogues using 2D, 3D and 4D/MD descriptor sets combined, Euclideacalistéard
linkage. Each dendrogram node represents a compound colored either as green (member of the
training set) or red (member of the test set). The resulting circular dendrograms are provided in
the supplementary material of this pap@Ki (AppendixFigure C6), plGo (Appendix Figure C7)
and pAll (Appendix Figure C8). This analysis shows the level of diversity/similarity for each
compound of interest from the other compounds, more specifically the location of train and test
sets in different clusters. It is importaot note that test and train compounds were not sampled
using this cluster analysis. Using cluster information as a strict sampling method would certainly
inflate the performance of the models on the test sets and thus make the resulting models overly
optimistic. In fact, we generated these dendrograms after the splitting of train and test sets to assess
if there were test compounds in separate clusters on their own. If that were the case, the test
compounds would be somewhat out of the QSAR applicabitityain since our models would
not be trained with any compounds within those clusters. That could potentially lead to poor
predictions on test compounds. Herein, we were quite confident that the applicability domain

developed with our models covered the &t compounds in this study.

5.3.4.2. Evaluation on NeCV

The optimized parameters of the regression models were solely chosen based on the
internal crossvalidation of NeCV. It is important to note that when making predictions on the
outer test folds dNeCV, these predictions are made by the best performing models fitted with the
associated outer train folds (see diagram of NeCV algorithRigare 54). In other words, the
external fold predictions were realized by the models with the lowest MAE in the inner loop and
therefore their hypeparameters were chosen based on the performance on the corresponding
internal crossralidation. Theoretically, thparameters of the stable DNN regression model would
be the same across internal crgaBdations. However, begterforming models with different
hyperparameter values may be chosen several more times for the external folds, depending on the
variability and distribution within the data involved in training, and the Hoeidprediction folds.
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At the end, the average performance of the-pedbrming models on the external test folds is

used for assessment.

The results from DNPbased QSAR regression moslef NeCV for pKi (section [Table
5.1) showed that the descriptor sets afforded comparable performance’withoR0.68 + 0.02,
MAEmean0f 0.62 £ 002; with no model significantly outperforming the others. Similarly, foegIC
the QSAR models achievediRanof 0.54 + 0.03, and MAReanof 0.71 + MAERw= 0.03. Again,
in the case of {A\ll reported analogues, models did perform similarly whateveddseriptor sets
(R%meanof 0.65 = 0.02, and MAg=anof 0.68 *+ 0.02). However, the performances were too close

to acknowledge the superiority of one descriptor set over another.

Highly similar but better results were observed for NeCV with RF regressidelsnas
well (pKi in Table 52, plCso in Appendix Table C5 and-pll in Appendix Table C6). RFs with
NeCV for pKi dataset afforded?Reanof 0.76 + 0.01 MAEmeanof 0.52 * 0.01. plé with RFs
afforded Rmeanof 0.55 + 0.03, MAReanof 0.70 + 0.03, and-All with RFs afforded Rneanof 0.72
+ 0.01, MAEneanof 0.60 + 0.01. Overall, RFs achieved better predictions for pKi aktigatasets
whereas both DNN and RF yielded similar performance osojgl&aset across 3 descriptor sets.

Among three affinity types, both DNN and RF performances were less fawdoalpll Go
dataset; perhaps due to the small amount of training samples which account for ~275 compounds
fitted to the model at a time with outer CV folds of NeCV. An increase in the general performance
of DNN was observed for pKi andAll where 500 (pK) and 775 (pAll) compounds were used
to fit with outer CVs at a time to make predictions on the external CV folds.

141



Table 51. Evaluation of DNN Regression Models on pKi dataset (I) 10 External Folds of Nested
CrossValidation, (I1) 16fold Native Crossvalidation, (Ill) Training Set by the Optimized Model
Fitted with the Same Training Set, (IV) Test Set by the Optimized Model Fitted with the Training
Set, and (V) Full Set by the Optimized Model Fitted withF#é Set.

| - Nested 1€fold CV (n=555): external CV results

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD MD all frames
R? 0.7 0.66 0.69 n/a
MAE 0.6 0.64 0.62 n/a

II- Native 10fold CV (Predictions on all the external fold made bydp@mized model)

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD MD all frames
R? 0.7 0.73 0.75 0.44
MAE 0.58 0.56 0.54 0.83

Il -Fitting (training set, n=472)

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD MD all frames
R? 0.97 0.99 0.97 0.85
MAE 0.13 0.09 0.15 0.54

IV - External validation (n=83)

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD MD all frames
R? 0.75 0.72 0.75 0.68
MAE 1.28 0.97 0.85 0.77

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD MD all frames
R? 0.96 0.97 0.97 0.84
MAE 0.18 0.17 0.16 0.56
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Table 52. Evaluation of RF Regression Models on pKi dataset (I) 10 External Folds of Nested
CrossValidation, (I1) 16fold Native Crossvalidation, (Ill) Training Seby the Optimized Model
Fitted with the Same Training Set, (IV) Test Set by the Optimized Model Fitted with the Training
Set, and (V) Full Set by the Optimized Model Fitted with the Full Set.

| - Nested 1€fold CV (n=555): external CV results

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD
R? 0.77 0.76 0.76
MAE 0.51 0.53 0.53

Il - Native 1G6fold CV (Predictions on all the external fold made by the optimized model)

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD
R? 0.76 0.75 0.75
MAE 0.52 0.54 0.53

Il - Fitting (training set, n=472)

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD
R? 0.96 0.96 0.96
MAE 0.21 0.21 0.2

IV - External validation (n=83)

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD
R? 0.8 0.79 0.74
MAE 0.51 0.51 0.58

V - Fittedwith all data- final model (n=555)

Descriptor set 2D 2D + 3D 2D + 3D + 4D/MD
R? 0.96 0.96 0.96
MAE 0.2 0.21 0.2
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5.3.4.3. Evaluation on 1&old Native CrossValidation

The optimized models were fitted afresh with internal fiolds and evaluated on the external
remaining ondold. Native CV evaluates the robustness and performance of the chosen parameters
of the QSAR models across randomized, different distributiodataf Native 1dold CV results

show DNN models improve slightly with more incorporated descriptors across 3 descriptor sets in
the case of pKi (section ITable 51); 2D + 3D + 4D/MD descriptors achieved Bf 0.75 and

MAE of 0.54. However, 2D descriptors slightly outperformed other descriptors fes \pith R?

of 0.58 and MAE of 0.67 (section II, Appendix Table C3). Thddl@ CV performance of QSAR
models with MD matrices were relatively poor in comparison to the 3 descriptor $et® @4,

MAE = 0.83).

For plGso dataset on Xfold CV performance of DNN models (section Il, Appendix Table
C3), the highest fof 0.58 and the lowest MAE of 0.67 wassebved for 2D descriptors. The
performance of DNN QSAR models across 3 descriptor sets were rather similar; however, the
performance deteriorated significantly té & 0.1 and MAE of 1.02 in the case of MD matrices
as input features. The correlation betwepredicted and experimental pd@ith MD matrices
was almost nomxistent and the model yielded to large absolute errors, even though we observed

some predictive performance with MD matrices in pKi dataset, to say the least.

For pAll, there was naignificant difference in the performance of 3 descriptor sets with
R2meanof 0.71 + 0.01 and MAR=anof 0.60 * 0.02 (section Il, Appendix Table C4). Thus, whether
one descriptor set outperforms the rests is inconclusive based on pitiaptpAll Native CV
results. The predicted vs. experimental pKi values fofold native CV has been provided in
Figure 515. Regarding RF, the overall performance3alescriptor sets was quite similar across
pKi (section Il,Table 52), plCso (section Il, Appendix Table C5) andAdl (section Il, Appendix
Table C6).
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Figure 515. Native 10fold crossvalidation predictions of pKi reported Imatinib analogues by
DNN-based regression models using descriptors of (A) 2D, (B) 2D + 3D, (C) 2D + 3D +
4D/MD, (D) MD all frame. Red dotted line reggents an ideal fit between experimental pKi and
predicted pKi.

5.3.4.3. Evaluation on the training and the test sets

Best practices in QSAR modeling underscore that external validation is necessary to
determine the efficacy and predictive power of a QSA&del in addition to applying cross
validation[42]. To conduct an independent case study, we did build a fresh DNN regression
models with the training set. To evaluate the robustness aecd d&erfitting of that regression
model, it was then used to make predictions on the same training set as well as on thefasyer
seen external test set. The results from the training set are often overly optimistic, since the models
are fitted withthe same training set. The purpose is to compare the results on the training set with

those on the external test set, which allows us to detect how overfitted the DNN regression models
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