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MOLECULE DESIGR

CROSS REFERENCE TO RELATED APPLICATIONS
G001} This application claims priority to United States Provisional Patent Application
No. 62/961,112, entitled “Molecule Design,” filed January 14, 2020, the contents of which

are hereby incorporated by reference in its entirety for all purposes.

TECHNICAL FIELD
G002} The present disclosure relates generally to systems and methods for molecular
design. More particularly, the present disclosure relaies (o using machine learning to

discover compounds with biological properties.

BACKGROUND
6003} The study of cellalar mechanisms and the chemical compounds and intermediates
underlying such biological processes is important for understanding the etiology,
mamnifestation, and progression of disease. Existing drug discovery methods, whether
traditional high-throughput screens or methods employing i sifico approaches remain
mnefficient and unable to meet exasting medical needs.
(3004 ] There is a need n the art to overcome the existing challenges faced by drug
discovery using improved methods for generating and optimizing drug structures o

mampulate one or many target cell states {e.g

&, through the respective molecular signatures).
In particular, there is a need n the art for improved methods for drug discovery, for example,
to refine understanding of natural diverse cell states, to reveal key transition states where
cells choose alternative states, o uncover the molecular drivers underlying cell state changes,
and to design and optimize pharmacological approaches for selectively controlling these

molecular drivers.

SUMMARY
{HEY The present disclosure addresses the above-identified shortcomings. The present
disclosure addresses these shortconungs, at least in part, using systems and methods of
discovering a test compound that has a first biclogical properly {e.g.. an indication as 1o
whether a compound activates or inhibits a cell state}. A first training dataset is oblained,
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including chemical structures and biological properties. Projections of compounds are
obtained by projecting chemical siructure mformation into a latent representation space using
encoder weights {e.g.. a first plurality of weights associated with an untrained or partially
untrained neural network encoder). Compounds are classified by inputting projections into
the classifier using classifier weights {e.g., a second plurality of weights associaled with an
untrained or partially uotrained classifier). The encoder and classifier are trained by
comparing the classification of each compound to actual biological properties and updating
the respective weights. A second training dataset i1s obtained including chemical structures.
Projections of coropounds are obtained by projecting chenuical structure information into a
latent representation space using encoder weights {e. g, the first plurality of weights
associated with the trained neural network encoder). Chemical structures are obtained by
inputting projections into a decoder using decoder weights (e.g., a third plurality of weights
associated with an untrained or partially untrained decoder). The decoder 1s frained by
comparing cutputted and actual chemical structures and updating the respective weights.
Candidate compounds {e.g., a test compound that has the first biological property) not present
in the first and second datasets are identified using the {rained encoder, classifier, and
decoder.

[G006} {One aspect of the present disclosure provides methods for discovering a test
compound that has a first biological property. The method comprises, al a computer system
comprising at least one processor and a memory storing at least one program for execution by
the at least one processor, the at least one program comprising instructions for obtaining a
first training dataset, in electronic form. The first training dataset comprises, for each
respective compound in a {irst phurality of compounds (1} information regarding a chemical
structure of the respective compound and (it) one or more biological properties, in a plurality
of biological properties, of the respective compound. The plurality of biological properties
includes the first biological property.

{007} An untramed or parhially untrained neural network encoder and an untrained or
partially untrained classifier is trained by performing a first procedure. For each respective
compound in the first plurality of compounds, the information regarding the chemical
structure of the respective compound is projected into a latent representation space according
1o a first plurality of weighis associated with the untramed or partially untrained neural
network encoder to obtain a corresponding projected representation of the respective

compound. The corresponding projected representation of the respective compound is
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inputted inio the untrained or partially untrained classifier to obtain a classification of the
respective compound according to a second plurality of weighis associated with the untrained
or partially untrained classifier. The first plurality of weights and the second plurality of
weights is updated by comparing the classification of each respective compound in the first
plurality of compounds 1o the one or more biological properties of the respective compound
in the {irst training dataset, thus obtaining a trained neural network encoder and a fraimed
classifier.

3008} A second training dataset is obtained, in electronic form, where the second
tramning dataset comprises, for each respective compound in a second plurality of compounds,
wformoation regarding a cheruical structure of the respective compound.

(30091 An unirained or partially untrained decoder is trained by performing a second
procedure. For each respective compound in the second plarality of compounds, the
information regarding the chemical structure of the respective compound is projected info a
latent representation space according to the first plurality of weights associated with the
trained neural network encoder to obtain a corresponding projected representation of the
respective commpound. The corresponding projected representation of the respective
compound s inputted into the untrained or partially untrained decoder to obtain a chemical
structure of the respective compound according 1o a third plurality of weights associated with
the untrained or partially untrained decoder. The third plurality of weights is updated by
comparing the chemical structure of each respective compound outputted by the untrained or
partially untrained decoder to the actual chemical structure of the respective compound from
the second training dataset, thus obtaining a trained decoder.

3010} The trained neural network encoder, trained classifier, and trained decoder are
used to wdendify a test cornpound that has the first biological property, where the test
compound is not present in the first and second training set.

{3011} In some embodiments, the information regarding a chemuical structure of the
respective compound in the first plurality of compounds is a chemical structure of the
respective compound or a high dimensional vector representation based upon a chemical
structure of the respective compound.

{30121 In some embodiments, using the trained neural network encoder, trained classifier,
and trained decoder comprises mterpolating a projected representation of a first compound
and a projected representation of a second compound, produced by the trained neural network

encoder, where the first and second compound have the first molecular property thereby
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obtaining an interpolated projection. The interpolated projection is inputted into the {rained
decoder thereby obtaining a plurality of candidate compounds. For each respective candidate
compound in all or a portion of the plurality of candidate compounds, a corresponding
projected representation for the respective candidate compound is obtained by inputting a
chemical structure of the candidate compound into the trained neural network encoder, and a
classification of the respective candidate compound is obtained by inputiing the
corresponding projected representation of the respective candidate compound into the tramed
classifier. When the trained classifier indicates that the corresponding projected
representation of the respective candidate compound has the first biological property, the
respective candidate compound is deemed to have the first biological property.

{6013} In some such embodiments, the method further comprises verifying a first
compound in the plurality of candidate compounds has the {irst biological property by a third
procedure that coroprises subjecting the first compound to a wet lab assay that venifies that
the respective candidate compound has the first biological property. In some such
embodiments, the method further comprises synthesizing the first compound.

6014} In some embodiments, the method further comprises verifying the trained neural
network encoder, trained classifier, and trained decoder by a third procedure that comprises
obtaining a first compound, not present in the first or second training dataset, that has the first
biological property and has a known chemical structure; obtaining a projected representation
for the first compound by inputting a chemical structure of the first compound mto the trained
neural network encoder; inputiing the projected representation of the first compound mto the
trained classifier to verify that the trained classifier identifies the first compound as having
the first biological property; and inputting the projected representation of the first compound
into the trained decoder to venify that the trained decoder recounsitucts the chenucal structure
of the first compound.

G015} In some embodiments, the information regarding the chemical structure of the
respective compound 1 a molecular stracture of the respective compound; the method further
comprises forming a featurization of the chenucal structure and incorporating the
featurization of the chemical structure into a multi-dimensional vector space; and the
projeciing the information regarding the chemical siructure of the respective compound inlo
the latent representation space in accordance with the first plurality of weights associated

with the unirained or partially untrained neural network encoder comprises inputing the
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mudti-dimensional vector space of the chemical siructure into the untrained or partially
undrained neural network encoder.

3016} In some embodiments, the featurization of the chemical stracture is a fensor. In
some such embodiments, the tensor is a one-dimensional vector or a two-dimensional mainix.
{3817} In some embodiments, the featurization of the chemical structure is an extended
circular fingerprint, or a molecular graph of a plurality of one-hot-encoded vectors.

{3018} In some embodiments, the multi-dimensional vector space is an N-dimensional
space, where N is an integer between 20 and 80. In some embodiments, N is 50.

60191 In some embodiments, the incorporating the featwrization of the chemical
structure into the multi-dimensional vector space for the chemical structure comprises
inputting the featurization of the chemical structure info a spatial graph convolutional
network {GUN}. In some embodiments, the GCN is a graph attention network (GAT), a
graph isomorphism network (GIN), or a graph substructure index-based approximate graph
{SAGA).

{3020} In some embodiments, the incorporating the featurization of the molecular
structure into the multi-dimensional vector space for the chemical structure comprises an
application of a spectral graph convolution (8GC) to the featurization of the chemical
structure. In some embodiments, the application of the SGC to the featurization of the
chemical structure uses Chebyshev polynomial filtering.

3021} In some embodiments, the forming the featurization of the chemical struchure
comprises converting the chemical structure 1o a siraplified molecular-input Hine-entry sysiem
(SMILES}) string, and converting the SMILES string into a molecular graph representation
that comprises an adjacency matrix and a feature matrix.

30221 In some embodiments, the first biological property is selected from the group
consisting of. an mdication as to whether a compound activates a cell state, an indication as
to whether a compound inhibits a cell state, an affinity for a biological target, an EC50 of the
compound for inhibiting a biological state, an 1C50 of the compound for inhibiting a
biological state, an EDSO of the compound for inhubtting a hiological state, an L350 of the
compound for inhibiting a biological state, and a TD50 of the compound for inhibiting 2
biological state.

[6023] In some embodiments, the cell state is characterized by an up-regulation or down-

regulation of one or more respective genes i a plurality of genes associated with the cell
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state. In some embodiments, the cell state is a diseased state. In some embodiments, the cell
state is characterized by an upregulation or a down~regulation of one or more biological
pathways. In some embodiments, the cell state i1s characterized by an upregulation or a
down-regulation of one or more biclogical pathways in a plurality of biological pathways.
60241 In some embodiments, the cell state s characterized by an upregulation or a
down-regulation of oue or rore cellular-coraponents. In some such embodiments, the one or
more cellular-components comprises a plurality of genes, optionally measured at the RNA
evel. In some embodiments, the one or more cellular-components are guantified using
single-cell ribonucletc acid (RNA} sequencing (scRNA-seq), scTag-seq, single-cell assay for
transposase-accessible chromatin using sequencing (scATAC-seq), CyTOF/SCoP, B~
MS/Abseq, miRNA-seq, CITE-seq, or any combinations thereof, or summaries of the same,
including combinations, such as linear combinations, representing activated pathways in the
single-cell cellular-component expression datasets. fo some embodiments, the one or more
cellular-components comprises a plurality of proteins.

[6025] Angther aspect of the present disclosure provides a method of discovering a
candidate compound that has a first biological property. The method compriges, at a
computer system comprising at Jeast one processor and a memory storing at least one
program for execution by the at least one processor, the at least one program comprising
instractions for obtaining a {irst projected representation of a first compound that is assigned
the first biological property by inputiing a chemical structure of the first coropound into a
trained neural network encoder (2. g, where the first projected representation has N
dimensions and N is an mteger between 20 and 80).

3026} The first projection is used to oblain one or more candidate projections. Each
candidate projection in the one or more candidate projections is inputted nto a trained
decoder thus obtaining a plurality of candidate compounds. where the first compound is not
present in the plurality of candidate compounds. For each respective candidate compound in
the plurality of candidate compounds, a corresponding projecied representation (e.g., an N~
dimensional projected representation) for the respective candidate compound is obtained by
inputting a chemical structure of the candidate compound into the trained neural network
encoder, and a classification of the respective candidaie compound is obtained by inputting
the corresponding projected representation of the respective candidate compound into the

trained classifier. When the trained classifier indicates that the corresponding projected
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representation of the respective candidate compound has the first biclogical property, the
respective candidate compound is deemed to have the first biological property.

{027} In some embodiments, the method further comprises obtaining a second projected
representation of a second compound that has the biological property by inputting a chemical
structure of the second compound into the trained neural network encoder, and the using the
first projection to obtain one or more candidate projections comprises inderpolating the first
projection and the second projection thus obtaining the one or more candidate projections.
{6028} In some embodiments, the first biological property is a compound function.
3029} In some embodiments, the method further comprises subjecting the respective
candidate compound to a wet lab assay that verifies that the respective candidate corapound
has the first biological property. In some embodiments, the method further comprises
synthesizing the respective candidate compound.

{3030} Anocther aspect of the present disclosure provides a method of discovering a test
compound that has a first biological property. The method comprises at a computer systermn
comprising at least one processor and a memory storing at {east one program for execution by
the at least one processor, the at least one program comprising instructions for using a trained
neural network encoder, trained classifier, and trained decoder to identify a test compound
that has a first biclogical property, where the test compound is not present in a first and
second training set.

(6031} In this aspect, the trained neural network encoder, trained classifier, and trained
decoder were {rained by processes cornprising oblairing a first training dataset, in electronic
form, where the first training dataset comprises, for each respective compound in a first
plurality of compounds (e.g., comprising 100 or more compounds), information regarding a
chemical structure of the respective compound and one or more biological properties, in a
plurality of biological properties, of the respective compound. The plurality of biclogical
propertias includes the first biological property.

{3032} The processes further comprise training an untrained or partially untrained neural
network encoder and an unirained or partially untrained classifier by performing a first
procedure that comprises, for each respective compound in the first plurality of compounds,
projecting the information regarding the chemical structure of the respective compound into a
latent representation space according {o a first plurality of weights associated with the
urdrained or partially untrained neural network encoder {0 obtain a corresponding projected
represeniation of the respective compound, and inputting the corresponding projected
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representation of the respective compound into the untrained or partially untrained classifier
1o obtain a classification of the respective compound according 1o a second plurality of
weights associated with the undrained or partially unirained classifier. The first procedure
further comprises updating the first plurality of weights and the second plurality of weights
by comparing the classification of each respective compound in the first plurality of
compounds to the one or more biclogical properties of the respective compound in the fivst
tramning dataset thus obtaining a trained neural network encoder and a frained classifier.
{3833} The processes further comprise obtaining a second training dataset, in electronic
form, where the second training dataset comprises, for each respective compound in a second
plurality of compounds {e.g., comprising 100 or more corapounds), inforroation regarding a
chemical structure of the respective compound.

3034} The processes further comprise training an untrained or partially untrained
decoder by performing a second procedure that comprises for each respective compound in
the second plurality of compounds, projecting the information regarding the chemical
structure of the respective compound into a latent representation space according to the first
plurality of weights associated with the trained neural network encoder to obtamn a
corresponding projected representation of the respective compound, and inputting the
corresponding projected representation of the respective compound into the untrained or
partially unirained decoder {o obtain a chemical structure of the respective compound
according to a third plurality of weighis associated with the untramned or parhially untrained
decoder. The second procedure further comprises updating the third plurality of weights by
comparing the chemical structure of each respective compound outputted by the untrained or
partially ontrained decoder to the actual chemucal structure of the respective cormpound from
the second training dataset thus oblaining a trained decoder.

{035} Anaother aspect of the present disclosure provides a method of svnthesizing a test
compound that has a first biological property, where the test compound was designed by a
method. The method comprises, at a compuder system comprising at least one processor and
a memory storing at least one program for execution by the at least one processor, at least one
program comprising instructions for obtaining a first training dataset, in elecironic form. The
first training dataset comprises, for each respective compound in a first plurality of
compounds {e.g., comprising 100 or more compounds), nformation regarding a chenucal

structure of the respective compound and one or more bhiological properties, in a plurality of
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biclogical properties, of the respective compound, and the phurality of biclogical properties
includes the first biological property.

(3036} In this aspect, the method further comprises training an unirained or partially
untrained neural network encoder and an untrained or partially untrained classifier by
performing a first procedure. The first procedure comprises, for each respective compound in
the first plurality of corapounds, projecting the information regarding the chemical structure
of the respective compound into a latent representation space in accordance with a first
plurality of weights associated with the untrained or partially untrained newral network
encoder to obtain a corresponding projected representation of the respective compound, and
nputting the corresponding projected representation of the respective compound nto the
untrained or partially entrained classifier to obtain a classification of the respective
compound in accordance with a second plurality of weights associated with the untrained or
partially untrained classifier. The first procedure further comprises updating the first
plurality of weights and the second plurality of weights by comparing the classification of
each respective compound in the first plurality of compounds to the one or more biclogical
properties of the respective compound in the first training dataset thereby obtaining a trained
neural network encoder and a trained classifier.

{36371 The method further comprises oltaining a second training dataset, in electronic
form, where the second training dataset comprises, for each respective compound in a second
plurality of compounds {e.g.., comprising 100 or more cormpounds), informoation regarding a
chemical structure of the respective compound. The method further comprises training an
untrained or partially untrained decoder by performing a second procedure that comprises, for
each respective compound in the second plurality of corpounds, projecting the imformation
regarding the chemical structure of the respective compound into a latent representation space
in accordance with the first plurality of weights associated with the trained neural network
encoder to obtain a corresponding projected representation of the respective compound, and
nputting the corresponding projected representation of the respective compound nto the
untrained or partially untrained decoder to obtain a chemical structure of the respective
compound in accordance with a third plurality of weights associated with the wntrained or
partially ontrained decoder. The second procedure further comprises updating the third
plurahity of weights by comparing the chenucal structure of each respective compound

outputied by the untrained or partially untrained decoder to the actual chemical stracture of
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the respective compound from the second training dataset thereby obtaining a trained
decoder.

{3038} The method further comprises using the trained neural network encoder, trained
classifier, and trained decoder to identify a test compound that has the first biclogical
property, wherein the test compound is not present in the first and second training set.

(0039} In some ernbodirents, the method of synthesizing a test compound that has a first
biclogical property further comprises any of the methods for discovering a test compound
that has a first biological property described in the present disclosure.

{3040} Another aspect of the present discloswre provides a computer system, comprising
one or ruore processors and mervory, the roemory storing wnstructions for perfornung any of
the methods for discovering a test compound that has a first biological property described in
the present disclosure.

{6041}  Yet another aspect of the present disclosure provides a non-transitory computer-
readable roedium storing one or more compuler programs, executable by a computer, for
performing a method for discovering a test compound that has a first biological property, the
computer COMprising one or more processors and a memory, the one or more computer
programs collectively encoding computer executable jnstructions, which when executed by a
compuer system, cause the computer system to perform any of the methods for discovering a

test compound that has a first biglogical property described in the present disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS
(30421 The embodiments disclosed herein are dlustrated by way of example, and not by
way of limitation, in the figures of the accompanying drawings. Like reference numerals
refer 1o corresponding parts throughout the drawings.
(60431 Figure 1 illustrates a block diagram of an exemplary systern and computing device
for discovering a compound that has a biological property, in accordance with an
embodiment of the present disclosure;
{60441 Figures 2A and 2B provide a flow chart of processes for discovering a compound
that has a biological property, in accordance with various erobodiroents of the present
disclosure, in which elements in dashed boxes are optional;
[G045] Figure 3 illustrates molecular design, in accordance with an embodiment of the

present disclosure;
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[G046} Figure 4 illustrates molecular design and optimization, in accordance with an
embodiment of the present disclosure;

(3047} Figure § illustrates steps of compound generation, in accordance with an
embodiment of the present disclosure;

048] Figure 6 illusirates creating a label for a compound from score disiribution, in
accordance with an emnbodiment of the present disclosure,

[(3049] Figure 7 tllusirates loss curves during the fraiming of a neural network encoder and
a classifier, where the neural network encoder and the classifier are converged without
overfitting, in accordance with an embodiment of the present disclosure;

60501 Figure 8 tllustrates the precision at 10% recall scores during the traimng of a
neural network encaoder and a classifier for example pathways, in accordance with an
embodiment of the present disclosure;

{6051} Figure 9 tHustrates an example of encoded molecular representation space, in
accordance with an embodiment of the present disclosure; and

(G052} Figures 10A-D collectively illustrate molecules that promote arachidonic acid
metabolism. In Figure 10A, molecules that promote arachidonic acid metabolism are sorted
by their scores from a classifier of the present disclosure, in which generaled molecules that
are not found in the database used to train the classifier are shown in boxes, in accordance
with an embodiment of the present disclosure. In Figures 10B, 10C, and 10D, generated
molecules that are not found 1o the database used to train the classifier are shown in greater
detail.

{30531 Figures 11 A-L collectively illustrate the performance of a classification model for
predicting compounds for each of 12 functional pathways, where the performance is
measured as the precision at 10% recall score. 11A: Activating arachidonic acid metabolism;
118: Inhibiting alpha-linolenic acid metabolism: 11C: Activating msulin secretion; 11D
Activating proteasome; 1 1E: Activating svnaptic vesicle cycle; 11F: Inhibiting human T-cell
leukemia virus 1 infection; 11G: Activating cytosolic DNA sensing pathway; 11H: Inhibiting
calciuro signaling pathway; 111 Inlubtting Chagas disease (e g, Amencan {typanosoniasis);
11} Inhibiting cocyte meisosis; 11K Inhibiting nuclectide excision repair; 11L: Activating

pancreatic secretion.
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DETAILED DESCRIPTION
{3054} Tissues are complex ecosystems of individual cells, where dysregulation of cell
state 1s the basis of disease. Existing drug discovery efforis seek to charactenize the
molecudar mechanisms that cause cells to transition from healthy to disease states, and to
identify pharmacological approaches {0 reverse or inbhibit these transitions. Past effosts have
also sought to identify roolecular signatures charactenizing these transitions, and to identify
pharmacological approaches that reverse these signatures.
[GO55] Several difficulties, however, emerge in this pursuit. For example, there exist a
vast nurnber of “drug-like” molecules (e.g., on the order of 10°° molecules) that can serve as
potential drug candidates. Among these, wdentifying the few target chervical compounds that
effect biological change (e g., disrupting functional pathways, inhibiiing transitions from
healthy to disease states and/or resolving disease mechanisms) is difficult and laborious,
traditionally requining exiensive experumentation and/or prior knowledge of chenucal
compounds and their biological properties. In particular, current approaches for engineering
molecules for drug discovery are expensive, slow, and mefficient, for example where a drug
discovery assay focuses on a single biological target or disease due {0 the complexity and
rurober of targets for validation. Additionally, any rolecules that are identified as potential
drug candidates that interact with the desired biological target must be further optimized to
remove or reduce any unwanted interactions leading to harmful side effects.
{60561 Axn aliernative {o experimental lead identification is 10 use computational, data-
driven approaches. Among these, deep generative models are attractive approaches due to
the ability to “learn™ properties of molecular structure during training and subsequently
perform automated generation of new synthetic structures with similar properties and any
desired combinations thereof. However, conventional methods using generative models for
chemical design largely focus on physical properties without considering the holistic effects
of a generated molecule on the function and activity of one or more target biclogical
processes, target cell states, or target cell state transitions. Additionally, these approaches
frequently require prior knowledge of compound-target interactions, biological activity data
for the candidate compounds, and/or annotations {e.g., characterizing molecular signatures
and/or gene expression data specific to diseased cell state transitions). See, e.g., Lucio ef al,
2020, “De novo generation of hit-hike molecules from gene expression signatures using

artificial mtelligence.” Nature Conum. 11:10, doi:10.1038/541467-019-13807-w.
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G057} The instant application addresses the shortcomings in the art, at least in part, by
providing, infer alia, svstems and methods for discovering molecules (sometimes referred to
herein as a test compound} that have at least a first biclogical property {e.g. an indication as
to whether a compound activates or inhibits a cell state).

[GO58] Reference will now be made in detail to embodiments, examples of which are
ithustrated io the accompanying drawings. In the following detaled description, nurnerous
specific details are set forth in order to provide a thorough understanding of the present
disclosure. However, it will be apparent fo one of ordinary skill in the art that the present
disclosure may be practiced without these specific details. In other instances, weli-known
methods, procedures, components, cirenits, and networks bave not been described o detal so
as not to unnecessarily obscure aspects of the embodiments.

{3059} Plural instances may be provided for components, operations or structures
described herein as a single instance. Finally, boundaries between varous components,
operations, and data stores are somewhat arbitrary, and particular operations are illustrated in
the context of specific iHlustrative configurations. (ther forms of functionality are envisioned
and may fall within the scope of the implementation(s). In general, structures and
functionality preserted as separate compounents in the example configurations may be
implemented as a combined structure or component. Similarly, structures and functionality
presented as a single component may be implemented as separaie components. These and
other vanations, modifications, additions, and improvements fall within the scope of the
implementation(s).

[3060] It will also be undersiood that, although the terms “first,” “second,” efc. may be
used herein to describe various elements, these elements should not be limited by these terms.
These terms are only used to distinguish one element from another. For example, a first
dataset could be termed a second dataset, and. sinularly, a second dataset could be termed a
first dataset, without departing from the scope of the present invention. The first dataset and
the second dataset are both datasets, but they are not the same dataset,

(0061} The terminology used herein is for the purpose of describing particular
implementations only and is not intended to be imiting of the claims. As used in the
description of the implementations and the appended claims, the singular forms “a,” “an,”
and “the” are intended 1o include the plural forms as well, uniess the context clearly mndicates
otherwise. 1t will also be understood that the term “and/or” as used herein refers to and

encompasses any and all possible combinations of one or more of the associated listed items.
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It will be further understood that the terms “comprises” and/or “comprising,” when used in
this specification, specify the presence of stated features, integers, steps, operations,
elements, and/or components, but do not preclude the presence or addition of one or more
other features, integers, steps, operations, elements, components, and/or groups thereof.
6062} As used herein, the term “if” mav be construed to mean “when™ or “apon” or “in
respouse to deterrotniog” or “in accordance with a deternunation” or “in response o
detecting,” that a stated condition precedent is true, depending on the context. Similarly, the
phrase “if it is determined {(that a stated condition precedent is true}” or “if {a stated condition
precedent is true)” or “when (a stated condition precedent is true)” may be construed o mean
“upon determuning” or “in response to determimung” or “in accordance with a deternmunation”
or “upon detecting” or “in response to detecting” that the stated condition precedent is true,
depending on the context,

{3063} The foregoing description included example systems, methods, techmques,
instruction sequences, and compuiing machine program products that embody tHustrative
implementations. For purposes of explanation, numerous specific details are set forth in
order to provide an understanding of various implementations of the inventive subject matier.
It will be evident, however, 1o those skilled i the art that implementations of the inventive
subject matter may be practiced without these specific details. In general, well-known
insiruction instances, protocols, structures and techniques have not been shown in detail.
{6064} The foregoing description, for purpose of explanation, has been described with
reference to specific implementations. However, the illustrative discussions below are not
intended to be exhaustive or to limit the implementations to the precise forms disclosed.
Many modifications and variations are possible in view of the above teachings. The
umpleroentations are chosen and described n order to best explain the principles and thewr
practical applications, to thereby enable others skilled in the art to best utilize the
implementations and various implementations with various modifications as are suited to the
particular use contemplated.

{3065} In the interest of clarity, not all of the routine features of the implementations
described herein are shown and described. It will be appreciaied that, in the development of
any such actual implementation, mumerous implementation-specific decisions are made in
order to achieve the designer’s specific goals, such as corspliance with use case- and
business-related constraints, and that these specific goals will vary from one implementation

to another and from one designer to another. Moreover, it will be appreciated that such a
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g, but nevertheless be a routine

=2

design effort might be complex and time-consumin
underiaking of engineering for those of ordering skill in the art having the benefit of the
present disclosure.

[6066] Some portions of this description describe the embodiments of the invention in
terms of algorithms and symbolic representations of operations on imformation. These
algorithmic descriptions and representations are coramonty used by those skilled in the data
processing arts to convey the substance of their work effectively to others skilled in the art.
These operations, while described functionally, compuiationally, or logically, are understood
to be implemented by computer programs or equivalent electrical circuiis, microcode, or the
like.

{30671 The language used in the specification has been principally selected for readability
and instructional purposes, and it may not have been selected to delineate or circumscribe the
nventive subject matter. 1t 15 therefore intended that the scope of the jnvention be Hinuted not
by this detailed description, but rather by any claims that issue on an application based
hereon. Accordingly, the disclosure of the embodiments of the invention is intended to be
iflustrative, but not himiting, of the scope of the invention.

[BO6R} In general, terros used in the claims and the specification are iniended to be
construed as having the plain meaning understood by a person of ordinary skill in the art.
Certain terms are defined below to provide additional clarity. In case of conflict between the
plain meaning and the provided definitions, the provided definitions are to be used.

{3069} Any terros not directly defined herein shall be understood to have the meanjogs
commonly associated with them as understood within the art of the imvention. Certain terms
are discussed heren to provide additional guidance to the practitioner in describing the
compositions, devices, methods and the Iike of aspects of the invention, and how to make or
use them. It will be appreciated that the same thing may be said in more than one way.
Consequently, alternative language and synonvms may be used for any one or more of the
terms discussed herein. No significance is 16 be placed upon whether or not aterm is
elaborated or discussed herein. Some synonyis or substitutable methods, materials and the
like are provided. Recital of one or a few synonyims or equivalents does not exclude use of
other synonvms or equivalents, unless it is explicitly stated. Use of examples, including
examples of terms, is for llustrative purposes only and does not linut the scope and meanng

of the aspects of the invention herein
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G070} As used interchangeably herein, a cell state or biclogical state refers 1o a state or
phenotype of a cell or a population of cells. For exarmple, a cell state may be healthy or
diseased. A cell state may be characterized by a measure of one or more cellular-
components, including bt not limited to one or more genes, one or more proteins, and/or one
or more biological pathways.

(60711 As used herem, a cell state transition or cellular transition refers to a transition in a
cell’s state from a first cell state to an altered cell state {e.g., healthy to diseased). A cell state
transition can be marked by a change in cellular-component expression in the cell, and thus
by the identity and quantity cellular~-components {e.g., mRNA, transcription factors)
produced by the cell.

[3072] As used herein, a perturbation refers to a treatment (2. g., of a cell) with one or
more compounds. The one or more compounds can include, for example, a small molecule, a
biologic, a protein, a protemn combined with a small molecule, an ADC (antibody drug
conjugate}. a nucleic acid, such as an siRNA or interfering RNA| an aptamer, a cDNA over-
expressing wild-tvpe and/or mutant shRNA, a cDNA over-expressing wild-type and/or
mutant guade RNA {e.g., Cas? sysiem or other cellular-component editing system), or any
combination of any of the foregong.

{6073} As used interchangeably herein, a latent representation space. high-dimensional
representation space, multi-dimensional representation space, or latent vector space refers to
a mathematical space where high-dimensional representations of compounds are projected.
The high-dimensional representation may be a representation of a chemical structure, such as
a SMILES siring, which s projected info a vector representation by a neural network
encoder.

6074} I, Exemplary System Embodiments

G075} Now that an overview of some aspecis of the present disclosure and some
definitions used in the present disclosure have been provided, details of an exemplary system
are described in conjunction with Figure 1.

076} Figure 1 provides a block diagram illustrating a system 100 in accordance with
some embodiments of the present disclosure. The system 100 provides discovering a test
compound that has a first biological property. In Figure 1, the system 100 is iHustrated as a
computing device. In some embodimenis, other topologies of the computer system 100 are
possible. For instance, in some embodiments, the system 100 can in fact constitute several

computer systems that are hinked together in a network, or be a virtual machine or a contaimer
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in a cloud computing environment. As such, the exemplary topology shown in Figure 1
merely serves 1o describe the features of an embodiment of the present disclosure in a manner
that will be readily understood to one of skill in the art.

G077} Referring to Figure 1, in some embodiments a computer system 100 {e.g. a
computing device) includes a network interface 104, In some embodiments, the network
ioterface 104 interconuects the system 100 computing devices within the system with each
other, as well as optional external systems and devices, through one or more conununication
networks (e.g., through network communication module 118). In some embodiments, the
network interface 104 optionally provides communication through network communication
module 118 via the Internet, one or more local area networks (LANSs), one or more wide area
networks {(WANz), other types of networks, or a combination of such networks.

3078} Examples of networks include the World Wide Web (WWW), an intranet and/or a
wireless network, such as a cellular telephone network, a wireless local area network (LAN)
and/or a metropolitan area network (MAN}, and other devices by wireless communication.
The wireless communication optionally uses any of a plurality of communications standards,
protocols and technologies, including Global System for Mobile Commumications (GSM),
Eohanced Data GSM Environment (EDGE), high-speed downlink packet access (tHSDPA),
high-speed uplink packet access (HSUPA), Evolution, Data-Only (EV-D0O), HSPA HSPA+,
Duaal-Cell HSPA (DC-HSPDA), long term evolution (LTE), near field communication
{(NF(), wideband code division nuttiple access (W-CDMA), code division multiple access
{CDMA), fime division multiple access {TDMA), Bluetooth, Wireless Fidelity (Wi-Fi) (e.g.,
IEEE 202 11a, IEEE 802 11ac, IEEE 802 11ax, IEEE 802.11b, IEEE 802 11g and/or IEEE
802.11n), voice over Internet Protocol (VolIP), Wi-MAX, a protocol for e-mail {e.g., Internei
message access protocol {(IMAP) and/or post office protocol (POP)), instant messaging {e.g.,
extensible messaging and presence protocol (XMPP), Session frutiation Protocol for Instant
Messaging and Presence Leveraging Extensions (SIMPLE), Instant Messaging and Presence
Service (IMPS)), and/or Short Message Service (SMS), or any other suitable coramurnication
protocol, inchuding comumunication protocols not vet developed as of the filing date of this
document.

3079} The system 100 in some embodiments inchudes one or more processing units
(CPU(s)) 102 {e.g.. a processor, a processing core, efc. }, one or more network interfaces 104,
a user mterface 106 including {optionally) a displav 108 and an input svstem 110 {e.g, an

input/output interface, a keyboard, a mouse, e7c.) for use by the user, memory {e¢.g., non-
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persistent memory 111, persistent memory 112}, and one or more communication buses 114
for interconnecting the aforementioned components. The one or more communication buses
114 optionally include circuitry (sometimes called a chipset) that interconnects and controls
communications between system components. The non-persistent memory 111 typically
includes high-speed random aceess memory, such as BDRAM, SRAM, DDR RAM, ROM,
EEPROM, flash memory, whereas the persistent memory 112 typically includes CD-ROM,
digital versatile disks {&VD) or other optical storage, magnetic casseites, magnetic tape,
magnetic disk storage or other magnetic storage devices, magnetic disk storage devices,
optical disk storage devices, flash meroory devices, or other non-volatile solid state storage
devices. The persistent memory 112 optionally includes one or more storage devices
remotely located from the CPU({s) 102, The persistent memaory 112, and the non-volatile
memory device(s} within the non-persistent memory 112, include non-transitory computer
readable storage medium.  In some erobodirnents, the non-persistent memory 111 or
alternatively the non-transitory computer readable storage medium stores the following
programs, modules and data struciures, or a subset thereof, sometimes in conjunction with the
persistent memory 112
& an optional operating system 116 (e.g. ANDROID, i08, DARWIN, RTXC, LINUX,
UNIX, 08 X, WINDOWS, or an embedded operating system such as VxWorks),
which includes procedures for handling various basic system services and for
performing bardware dependent tasks;
e an optional network communication module (or instructions) 118 for connecting the
system 100 with other devices and/or a communication network 104;
# g dataset store 120 that stores a first training dataset 122-1 including a {irst plurality of
corpounds 124 {e.g, 124-1-1,...,124-1-K) cornprising, for each respective compound
in the first plurality of compounds in the first dataset, information regarding a
chemical structure of the respective compound 126 {e.g, 126-1-1-1) and one or more
biological properties 128 {e.g.. 128-1-1-1,...,128-1-1-J} v a plurality of biological
properties, and a second fraining dataset 122-2 mcluding a second plurality of
compounds 124 {e.g, 124-2-1,...,124-2-L} comprising, for each respective compound
in the second plurality of compounds in the second dataset, information regarding a
chenucal structure of the respeciive compound 126 {e.g., 126-2-1-1};
& atraining module 130 comprising a newral network encoder 132 including a first

plurality of weights associated with the neural network encoder 134 {e.g., 134~
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1,... 134-M)}, a classifier 136 including a second plurality of weights associated with
the classifier 138 {e.g., 138-1,... ,138-N)}, and a decoder 140 including a third plurality
of weights associated with the decoder 142 (e.g., 142-1....,142-P};

# alatent representation module 144 that, upon projecting the information regarding the
chemical structure of a respective compound i accordance with a first plurality of
weights assoctated with the neural network encoder, generates a corresponding
projected representation of the respective compound:

& achemical structure store 146 that stores the chemical structure of a respective
compound outputted by the decoder; and

e a comparison module 148 that compares the classification of each respective
compound in the first plurality of compounds to the one or more biclogical properiies
of the respective compound in the first raining dataset to update the first plurality of
weights 134 and the second plurality of weights 138, and compares the chemical
structure of each respective compound outputted by the decoder to the actual chemical
structure of the respective compound from the second training dataset to update the

third plurality of weights 142.

G080 As described above, the dataset store 120 includes a first training dataset 122-1
and a second training dataset 122-2. Each dataset is oblained {e. g collected. communicated,
efc.y i electronic form. The training moditle comprises the neural network encoder 132, the
classifier 136, and the decoder 140, each of which comprise a respective plurality of weights
that are used to obtain a result from an input. For exarople, the neural network encoder
projects the information regarding the chemucal structure of a respective compound 126 info a
latent represeniation space in accordance with the first plurality of weights associated with
the neural network encoder to obtain a corresponding projected representation of the
respective compound {e.g., via the latent representation module 144} Additionally, the
classifier uses the corresponding projected representation of the respective compound to
obtain a classification of the respective compound in accordance with the second plurality of
weights associated with the classifier. Furthermore, the decoder uses a corresponding
proiected representation of a respective compound to obtain a chemical structure of the
respective cormpound n accordance with the third plurality of weights associated with the
decoder. Chemical structures obtained using the decoder can be stored in the chenical

structure store 146, for example, for further comparison via the comparison module 148.
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[G081] The respective plurality of weights in the neural network encoder 132, the
classifier 136, and/or the decoder 140 are updated as a result of comparison results obtained
from the comparison module 148 {e.g.. via back-propagation). As a result, in some
embodiments, the neural network encoder, the classifier and the decoder is untrained,
partially untrained, or trained based on the values of the respective plurality of weights. A
tratned neural network encoder, frained classifier, and trained decoder are subseguently used
to identify a test compound that has the first biclogical property. where the identified test
compound is not previously present in the first and second training datasets.

3082} In various embodiments, one or more of the above identified elements are stored
i one or more of the previousty mentioned memory devices, and correspond o a set of
instructions for performing a function described above. The above identified modules, data,
or programs (e.g., seis of instructions) need not be implemented as separate software
programs, procedures, datasets, or roodules, and thus various subsets of these modules and
data may be combined or otherwise re-arranged in various implementations. In some
implementations, the non-persistent memory 111 optionally stores a subset of the modules
and data structures identified above. Furthermore, in some embodiments, the memory stores
additional modules and data structures not described above. In some embodimenis, one or
more of the above identified elements is stored in a computer system, other than that of the
systern 100, that is addressable by the system 100 so that the system 100 may retrieve all or a
portion of such data when needed.

[GOR3] Although Figure 1 depicts a “system 100.” the figure is intended more as a
functional description of the various features that may be present in computer systems than as
a siructural schematic of the implementations described herein. In practice, and as
recognized by those of ordinary skill in the art, items shown separately could be combined
and some items could be separated. Moreover, although Figure 1 depicts certain data and
moduales in non-persistent memory 111, some or all of these data and modules instead may be
stored 1 persistent memory 112 or in more than one memory. For example, 1n some
embodiments, at least dataset store 120 is stored in a remote storage device which can be a
part of a cloud-based infrastracture. In some embodiments, at least dataset store 120 is stored
on a cloud-based infrastructure. In some embodiments, dataset store 120 and chemical
structure store 146 can both be stored n the remote storage device(s) and/or the cloud-based
infrastructure.

{0084} i, Specific Embodiments of the Disclosure

fos
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[GO35} While a svstem in accordance with the present disclosure has been disclosed with
reference to Figure 1, a method of discovering a test compound that has a {irst biological
property 200 1 accordance with one aspect of the present disclosure is now detailed with
reference to Figure 2.

{6036} As dlustrated in Figures 3, 4, and 3, by computationally optimizing molecules for
their biological properties {2.g., their effects on cell states), molecules that have a high
probability of having a desired biclogical property (e g., producing a desired biological
effecty withowt having undesired effects at cellular level are generated. An important benefit
is the ability of this approach o concurrently generaie molecules optimized for several
targets, biological states and diseases. In sorve emboduments, the roachine leaming-driven
molecular optimization involves two phases, e g., training and inference, and four steps:
featurization, embedding {e.g., molecule structure encoding), constrained representation
learming, and generation {e.g., molecule generation).

[GO87T} Datasets

{3088} Referring to Block 202, the method comprises, at 3 computer system comprising
at least one processor and a mernory storing at least one program for execution by the at least
one processor, the at least one prograro comprising instructions for obtaiing a first training
dataset, in electronic form. The first training dataset comprises, for each respective
compound in a first plurality of compounds (e g., comprising 100 or more compounds),
information regarding a chemical structure of the respective compound and one or more
hiological properties, in a plurality of biological properties, of the respective compound. The
plurality of biclogical properties includes the first biological property.

G089} In some embodiments, the first traming dataset comprises virfual compounds, In
some embodiments, the first {raining dataset 1s a small molecules and/or higand dataset. In
some embodiments, the first training dataset is all or a portion of a Library of Integrated
Network-based Cellular Signatures (LINCS) L1000 dataset. In some embodiments, the first
plurality of compounds comprises at least 10, at least 20, at least 25, at least 30, at least 35, at
least 40, at least 45, at least 30, at least 55, at least 60, at least 65, at least 70, at lsast 75, at
least 80, at least 85, at least 90, at least 95, or at least 100 compounds. In some embodiments,
the first plurality of compounds comprises at least 50, at least 100, at least 200, at least 300,
at least 400, af least 500, at least 600, at Teast 700, at least 800, at least D00, or at least 1000
compounds. In some embodiments, the first plurality of compounds comprises at least 1000,

at least 2000, at least 3000, at least 4000, at least 5000, at least 10,000, at least 100,000, or at
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least 1 million compounds. In some embodiments, the first plhurality of compounds
comprises no more than 10, no more than 20, no more than 25, no more than 30, no more
than 35, no more than 40, no more than 45, no more than 50, no more than 53, no more than
64, no more than 65, no more than 70, no more than 75, no more than 80, no more than 85,
1o more than 90, no more than 95, or no more than 100 compounds. In some embodiments,
the first plurality of compounds comprises no more than 50, no more than 100, no more than
200, no more than 300, no more than 400, no more than 500, no more than 600, no more than
700, no more than 800, no more than 900, or no more than 10600 compounds. In some
embodiments, the first plurality of compounds comprises no more than 1000, no more than
2000, no more than 3000, no more than 4000, no more than 5000, no more than 10,000, no
more than 100,000, no more than 1 million, no more than 2 million, no more than 5 milhon,
or no more than 10 million compounds. Tn some embodiments, the first plurality of
compounds comprises befween 2 and 20, between 20 and 50, between SO and 100, between
100 and 200, between 200 and 300, between 500 and 1000, between 1000 and 5000, between
5000 and 10,000, between 10,000 and 100,000, between 100,000 and | nullion, or between |
and S nullion compounds. In some embodiments, the first training dataset comprises 100 or
more, 1,000 or more, 1,000 or more, 10,000 or more, 250,000 or more, 50,000 or more, 1
million or more, 2 million or more, or S million or more compounds. In some embodiments,
the first training dataset comprises information regarding one or more biclogical and/or
functional pathways for each respective compound in the first plurality of compounds.
{3090} Referring to Block 204, in some embodiments, the information regarding a
chemical structure of the respeciive compound in the first plurality of compounds is a
chemical structure of the respective compound or a high dimensional vector representation
based upon a chernical structure of the respective compound.

{3091 ] In some embodiments, the information regarding a chemical structure of the
respective compound in the first plurality of compounds s a simplified molecule-input hine-
enfry systern (SMILES), A SMILES string 15 a method of encoding and/or representing
molecular structures as a 1-dimensional vector or string. See, e.g., EPA 2012, “SMILES
Motation Tutorial,” Sustainable Futures / P2 Framework Manual EPA-748-B12-001,
Appendix F.

3092} In some embodiments, the first biological property is a compound function, that

is. a combination, such as a linear combination, of two or more functions.

o
o



WO 2021/146432 PCT/US2021/013451

G093} In some embodiments, the first biological properiy is selected from the group
conststing of7 an indication as to whether a compound activates a cell state, an indication as
to whether a compound inhibits a cell state, an affinity for a biological target, an ECS0 of the
compound for inhibiting a biological state, an IC50 of the compound for inhibiting a
biological state, an ED3S0 of the compound for inhibiting a biological state, an LD50 of the
compound for inhibiting a biological state, a TDS30 of the compound for inhibiting a
biclogical state, and/or a concentration of the compound at 30% activity for a biological state
{(e.g., inhibiting a particular biological pathway}.

3094} In some embodiments a biological property 1s a measure of toxicity. For example,
n somwe embodunents a biological property is intubition or activation of a nuclear receptor.
As another example, in some embodiments a bislogical property is an amount of inhibition or
an amount of activation of a nuclear receptor. In some embodiments a biological property is
an amount of inhibition or an arsount of activation of a stress response pathway. Exarople
nuclear receptors and example stress response pathwayvs, as well as inhubition or activation
data for these nuclear receptors and example stress response pathways that can be used in the
present disclosure, are described for approximately 10,000 compounds as described in Huang
efal. 2016, “Modelling the Tox21 10 K chemical profiles for in vivo toxicity prediction and
mechanism characterization,” Nat Commun. 7, p. 10425, which is hereby incorporated by
reference.

(0095} In some ernbodiments, a biological property 15 a measure of solubility {e.g.,
cLogP). In some embodiments, a biological property is a measure of pharmacological
activity or druglikeness {e.g., Lipinski’s rule of five). For example, in some embodiments, a
biclogical property is a measure of one or more of absorption, distribution, metabolism,
and/or excretion in a biological organism (2. g., a human body). In some embodiments,
hiological properties are measured by any assay known in the art, including, but not limited
to, colorimetric, fluorescence, luminescence (e.g., bioluminescence), and resonance energy
transfer (FRET). Tn some embodiments, biological properties are measured using high-
throughput screening (HT'S) and/or high-content screening (HCS) methods. Other methods
for measuring and/or biological properties are contemplated, for example as described in
Huang R, 2016, “A Quantitative High-Throughput Screening Data Analysis Pipeline for
Activity Profiling,” High-Throughput Screening Assays in Toxicology, Methods in
Molecular Biclogy; 1473(1}; Huang ef al., 2016, “Modelling the Tox21 1¢ K chemical

profiles for in vivo toxicity prediction and mechanism characterization,” Nat Commun. 7, p.
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10425; and Huang ef af., 201&, “Expanding biological space coverage enhances the
prediction of drug adverse effects in human using in vilro activily profiles,” Sci Rep.
8(1):3783, each of which is hereby incorporated herein by reference in iis entirety, and/or any
substitutions, additions, deletions, modifications, and/or combinations thereof as will be
apparent to one skilled in the art.

60961 In some embodiments, the plurahity of biological properties compnses 1, 2, 3, 4. 5,
6,7,8,9, 10, 11,12, 13, 14, 15, 16, 17, 18, 19, 20, or more than 20 biological properties. In
some embodiments, the plurality of biological properties comprises at least 1, at least 2, at
least 3, at least 4, at least 5, at least 6, at least 7, at least 8, at least 9, at least 10, at least 11, at
least 12, atleast 13, at least 14, at least 15, atleast 16, at least 17, at least 18, at least 19, at
least 20, at least 30, at least 40, at least 50, at least 60, at least 70, at least 80, at least 90, or at
least 100 biological properties. In some embodiments, the plurality of biological properties
comprises between | and 8, between S and 10, between 10 and 20, between 20 and 30,
hetween 30 and 40, between 40 and 50, or between 30 and 100 biological properties.

6097} In some embodiments, the cell state {e.g., a cell state activated and/or inhibited by
a respective compound) is characierized by an up-regulation or down-regulation of one or
moore respective genes n a pluraliy of genes associated with the cell state. In some
embodiments, the cell state 15 a diseased state.

{6098} In some embodiments, the cell state is characterized by an upregulation or 3
down-regulation of one or more biological pathways. In some embodiments, the cell state is
characterized by an upregulation or a down-regulation of one or more biclogical pathways in
a plurality of biological pathways. In some embodiments a biological pathway in the
plurality of biological pathways is represenied in the KEGG pathway database available on
the Internet at www genome jp/kegg/pathway himl,

(30991 In some embodiments, the cell state is characterized by an upregulation or a
down-regulation of one or more cellular-components.

[60100]  For example, in some embodiments, cell state transitions (.e., a transifion in a
cell’s state from a first cell state to an altered cell state) are marked by a change in expression
of cellular-components in the cell. For example, a transition can be marked by a change in
celivlar-component expression in the cell, and thus by the identity and quantity cellular-
componenis {e.g., mRNA, transcription factors) produced by the cell.

[30101]  As another example, in some embodiments, the one or more cellular-components
comprises a plurality of genes, optionally measured at the RINA level In some embodiments,

24



WO 2021/146432 PCT/US2021/013451

the plurality of genes comprises at least 2, at least 5, at least 10, at least 15, at least 20, at least
25, at least 30, at least 35, at least 40, at 1east 45, at least S0, at least 55, at least 60, at least
45, at least 70, at least 75, at least 80, at least 85, at least 90, at least 95, or at least 100 genes.
In some embodiments, the plurality of genes comprises at feast 50, at least 100, at least 200,
at feast 300, at least 400, at least 500, ai least 600, at least 700, at Teast 800, at least 900, or at
least 1000 genes. In some embodiments, the plurality of genes comprises at least 1000, at
least 2000, at least 3000, at least 4000, at least 5000, at least 10,000, at least 30,000, at least
50,000, or more than 50,000 genes. In some embodiments, the plurality of genes comprises
between 2 and 20, between 20 and 30, between 50 and 100, between 100 and 200, between
200 and 500, between 500 and 1000, between 1000 and 5000, between 5000 and 10,000
genes, or between 10,000 and 50,000 genes. In some embodiments, the one or more cellular-
components comprises a plurality of proteins. In some embodiments, the plurality of proteins
comprises at least 2, at least 5, at least 10, at least 135, at least 20, at least 25, at least 30, at
least 35, at least 40, at least 45, at least 50, at least 55, at least 60, at least 65, at least 70, at
least 75, at least 80, at least 85, at least 90, at least 93, or at least 100 proteins. In some
embodiments, the plurality of proteins comprises at least 30, at least 100, at Jeast 200, at least
300, at least 400, at least 500, at least 6040, at least 700, at least 800, at least 900, or at least
1000 proteins. In some embodiments, the plurality of proteins comprises at least 1000, at
least 2000, at least 3000, at least 4000, at least SO00, at least 10,000, at least 30,000, at least
50,000, or more than 50,000 protemns. In some embodiments, the plurality of proteins
comprises between 2 and 20, between 20 and 50, between 30 and 100, between 100 and 200,
between 200 and 500, between 500 and 1000, between 10600 and 5000, between 5000 and
10,000 proteins, ot between 10,000 and 50,000 proteins. In some embodiments, cellular-
components of interest include nucleic acids, including DNA, modified {e.2., methylated)
DNA, RNA, including coding {¢.g., mRNAs) or non-coding RNA {e.g , sncRNAg), protains,
including post-transeriptionally modified protein {e. g, phosphorylated, glycosylated,
myristilated, efc. proteins), hipids, carbohydrates, nucleotides {e.g., adenosine triphosphate
{ATP), adenosine diphosphate (ADP} and adenosine monophosphate (AMP)) including
cychie nucleotides such as cyclic adenosine monophosphate (cAMP) and eyclic guanosine
monophosphate (cGMP), other small molecule cellular-components such as oxidized and
reduced forms of nicotinamide adenime dinucleotide (NADP/NADPH), and any combinations

thereof.
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[60102] For example, in some embodiments, a cellular-component is selected from the
group consisting of AhR, AP-1, AR-BLA, ARE, AR-MDA, aromatase, CAR, caspases {e.g2.,
caspase-3/7), ATADS, ER-beta, ER-BLA, ER-BGI1, ERR, ER stress, FXR-BLA, TR-beta,
GR-BLA, HZAX, HDAC, HRE-BLA, HSE-BLA, NFkB, P33, PGC-ERR, PPAR-delta-BLA,
PPAR-gamma, PR-BLA, PXR, RAR, ROR, RXR-BLA, SBE-BLA (TGF-beta), Hedgehog,
TRHR, TSHR, VDR-BLA, and/or any agonists and/or antagonists thereof as will be apparent
to one skilled in the art.

[30103] In some embodiments, a celi siate is determined based upon a change in
cytotoxicity, cell viability, gene toxicity, developmental toxicity, and/or mitochondrial
toxicity ju respounse fo an agounisn and/ot antagouism of one or more cellular-componerts of
interest. Further examples of cellular-components, cell states, and/or methods for measuring
the same are described in Hoang R, 2016, “A Quantitative High-Throughpui Screening Data
Analysis Pipeline for Activity Profiling,” High-Throughput Screening Assavs in Toxicology,
Methods in Molecular Biclogy, 1473(1}; Huang ef af., 2016, “Maodelling the Tox21 10 K
chemical profiles for in vivo toxicity prediction and mechanism characterization,” MNat
Commun, 7, p. 10425, and Huang ef ol 2018, “Expanding biological space coverage
enthances the prediciion of drug adverse effects in human using in vitro activity profiles.” Sci
Rep. 8(1):3783, each of which is hereby incorporated herain by reference in ifs entirety.
[68184] In some embodiments, the one or more cellular-components are quantified using
single-cell ribonucleic acid (RNA) sequencing (scRNA-seq), scTag-seq, single-cell assay for
transposase-accessible chromatin using sequencing (scATAC-seq), CyvTOF/SCoP, E-
MS/Abseq, miRNA-seq, CITE-seq, or any combinations thereof, or summaries of the same,
including combinations, such as linear combinations, representing activated pathways in the
single-cell cellular-component expression datasets. fn some ernbodiments, the cellutar-
component measurements mclude gene expression measurements, such as RNA levels. The
celiular-component expression measurement can be selected based on the desived cellular-
corsponent to be measured.

[30105]  In some embodiments, statistical techniques are applied to quantifving cellular-
components in a cell of a population of cells under the theory that varying cellular-component
expression, associated with varyving presence, absence or amounts of one or more measured
celiular~components of interest, at different stages in cell state transition provides a high
dimensional dataset from which meaningful knowledge can be extracted. In practice, the

number of cellular-components may be on the order of thousands to tens of thousands,
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making the computations described herein impractical if not impossible to perform mentaily
or by hand.

[G8186]  In some embodiments, these statistical techniques can be characterized as methods
in which the high dimensional data is compressed down to a lower dimensional space while
preserving the shape of whatever latent information is encoded in the datasets. The fow
dimensional data is evaluated to identily differentially present cellular-components between
different stages of cell state transition. Any one of a number of methods and metrics may be
used to identify which of those cellular-components are sufficiently “differently” expressed
relative to other cellular-components 5o as to be tagged as “differentially expressed” in
accordance with this description. fu some erabodiments, the identification of cellular-
componenis that are differentially present (e g., differentially expressed) also provides insight
into whether and/or how such cellular-components impact or associate with cell state
transitions.

[60187] By matching differential cellular-component expression that characterizes a
particular cellular transition to differential cellolar-component expression caused by exposure
of a cell {0 a perturbation, perturbations that affect the particular cell state transition can be
predicted. A perturbation of a cell includes any treatment of the cell with one or more
compounds. The one or more compounds can include, for example, a small molecule, a
biologic, a protein, a protein combined with a small molecule, an ADC, a nucleic acid, such
as an siRNA or interfering RNA, a cDNA over-expressing wild-type and/or mutant shRNA, a
cDNA over-expressing wild-type and/or mutant guide RNA {e.g., Cas9 system or other
celivlar-component editing system), or any combination of any of the foregoing.
Differentially expressed cellular-components for a particudar celhular transition can be
compared with differentially expressed cellular-components caused by exposure of acelltoa
perturbation. Then, the perturbations that cause differential cellular-component expression
that matches the differential cellular-component expression of the particular cellular
transition can be predicted to affect the particular cellular fransition. For example, 1o some
preferred embodiments, the matching provides each perturbation {e.g., compound) with a
respective one or more biclogical properties, including, but not limited to, cell state
transitions. Such methods provide advantages over conventional technigues by associating
compounds with discrete biological states while reducing the complexity, dumensionality, and
potential noise of the respective characteristic profiles (e.g.. when directly assoctating

perturbations with gene expression, proleomics, and/or metabolomics profiles). Furthermore,
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the reduction of dimensionality further improves the performance of downstream applications
such as de novo molecule generation by decreasing the computational burden and
subsequently decreasing resource requirements.

[G0108]  In some embodiments, to predict perturbations that affect a particular cellular
transition by maiching differential cellular-component expression that characterizes the
particular cellular transition to differential cellular-component expression caused by exposure
of a cell 1o a perturbation, first, the most differentially expressed cellular-components that
characterize the particular celhular transition are identified. In some embodiments, these
differentially expressed cellular-components are identified using one of a difference of means
test, a Wilcoxon rank-sum test (Mann Whitney U test), a t-test, a logistic regression, and a
generalized linear model. In alternative embodiments, any statistical method may be used to
identify the most differentially expressed cellular-components for a particular celhdar
transition. The resulting ranked table (or list) of cellular-component names and significance
scores quantifies an assoctation between a change in cellular-component expression of the
celivlar-component and a change in cell type between the original cell type and the
transitioned cell type. In aggregate, these scores form an overall measuore of the differential
celiular-component expression associated with fransition between the original cell type (first
cell state} and the transitioned cell tvpe (altered cell state).

[30109] Similardy, in some embodiments, differential celhiar-component expression
caused by exposure of a cell to a perturbation 1s identified for one or more perturbations. Tn
some such embodiments. to identifv differential cellular-component expression caused by
exposure of a cell to a perturbation, the cellular-component expression in the cell exposed to
the perturbation is compared to the cellular-component expression in control cell(s) that have
not been exposed to the perturbation or an average over unrelated perturbed samples. In
some embodiments, this comparison is performed using a one of difference of means test, a
Wilcoxon rank-sum test (Mann Whitney U test), a i-test, a logistic regression, and a
generalized hinear model. In altermative embodiments, any statistical method may be used to
perform the comparison. In further alternative embodiments, a statistical or machine leaming
maodel for classifying perturbations may be fitted, and 1ts latent or output representation used
for matching cellular transitions. To further alternative embodiments, the differential cellular-
component expression caused by exposure of the cell to a perturbation may be known and

identified from literature.
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[6011¢] In certain embodiments, covariates of a perturbation may exist. For example, if
the perturbations are small molecules, covanates of a small molecule may include, a specific
dose of the small molecule, a time at whuch the cell exposed fo the small molecule 15
measured to quantify cellular-components, and/or the identity {e.g., cell line) of the cell
exposed to the small molecude. In some embodiments, a perturbation is predicied to affect a
particular cellular transition only when a threshold quantity of its covariates are also
predicted to affect the particular cellular transition. For example, a perturbation may be
predicted to affect a particular cellular transition only when at least two of its covariates are
also predicted to affect the particular cellular tfransition.

[60111] I some erobodirvents, alternate methods of matching are used. For exanple,
cellular-components mav be matched to a database using a welb interface (See, e.g., Duan,
2016, “L1000CDSY An ulra-fast LINCS L1000 Characteristic Direction Signature Search
Engine,” Systerns Biology and Applications 2, article 16015, which is herebv incorporated by
reference).

[60112] In some embodiments, a biological utility is identified for a perturbation. For
example, measurements of one or more cellular-components {or combination of different
celiular-compounents) can indicate differential levels or differential presence in cells having
different states or phenotypes, e.g., diseased and normal phenotypes. That is, the presence,
absence, or amount of cellular-component is assoctated with a cell state or phenotvpe. In
some embodiments, the biological utility of a perturbation 1s measured by exposing a
plurality of cells to a perturbation {e. g, a compound) and carrying out a first differential
cellular-component expression assay, where the assay includes accessing a first plurality of
single-cell expression datasetls obtained from a plorality of cells prior to and {ollowing
exposure of the cells {o the perturbation. For example, in some embodiments, the cellular-
component is a cell state or phenotype exhibited by a population of cells in a cell culture
{e.g., an invitro cell culture. In some embodiments, the cellular-component is a cell state or
phenotype exhibited by a population of cells from a biological tissue (e.g., an in vifro or in
vive tissue sample}. In some embodiments, the cellular-component is a cell state or
phenoty pe exhibited by one or more subsets of the population of celis {e.g., a healthy or an
unhealthy sub-population of cells).

[G8113]  In some embodiments, the plurality of cells comprises at least 10, at least 30, at
least 100, at least 200, at least 304, at least 400, at least 500, at least 600, at least 700, at least

800, at least S00, or at least 1000 cells. In some embodiments, the plurality of cells

29



WO 2021/146432 PCT/US2021/013451

comprises at least 100, at feast 1000, at least 5000, at least 1 x 10%, at least 2 x 10*, at least 3 x

104, at least 4 < 107, at least 5x 104, at teast 6 x 10, at least 7 x 104, at least 8 x 10%, at least 9

x 10% atleast 1 x 10°, at least 2 x 10°, atleast 3 x 10°, at least 4 x 10°, at least 5 x 10°, at least
6x 10°, at least 7 x 10°, at least 8 x 10°, at least 9 x 10°, at least 1 x 106, at least 2 x 107, at
least 3 x 10° atleast 4 x 10%, at least S x 10°, at least 6 x 10°, at least 7 x 10°, at least & x 10°,
at least 9 x 10°, atleast 1 x 107, at least 2 x 107, at least 3 x 107, or at least 5 x 107 cells. In
some embodiments, the plurality of cells comprises no more than 10, no more than 50, no
more than 100, no more than 200, no more than 300, no more than 400, no more than 500, no
more than 600, no more than 700, no more than 8090, no more than 900, or no more than 1000
cells. In some embodiments, the plurality of celis comprises no more than 100, no more than
1000, no more than 5000, no more than 1 x 10*, no more than 2 x 10*, no more than 3 x 104,
no more than 4 x 10*, no more than 5 x 10*, no more than 6 x 10*, no more than 7 x 106%, no
more than § x 10%, no more than 9 < 104, no more than 1 x 10°, no more than 2 x 10°, vo more
than 3 x 10°, no more than 4 x 10°, no more than 5 x 19°, no more than 6 x 19°, no more than
7 % 10°, no more than 8 x 10°, no more than 9 x 10°, no more than 1 x 10°, no more than 2 x
10°, no more than 3 x 108, no more than 4 x 10°, no more than 5 x 10° no more than 6 x 10°,
no more than 7 x 10°, no more than 8 x 10°, no more than 9 x 10°, no more than 1 x 107, no
more than 2 x 107, no more than 3 x 107, or no more than 5 x 107 cells. In some
embodiments, the plurality of cells comprises between 1 and 6, between 10 and 100,
between 100 and 1000, between 1000 and 1 x 10%, between 1 x 107 and 1 x 10°, between 1 x
10° and 1 x 107, or more than 1 x 107 cells.

[08134]  As another example, in some embodiments, a population of cells includes two
sub-populations of cells, including one healthy sub~-population and one unhealthy (e.g.,
diseased) sub-population. During cell culturing, a plurality of different perturbations roay be
introduced into the unhealthy sub-population. Through subsequent single-cell expression
measurement in conjunction with the methods described herein, il can be determined what
effect the perturbations had in the differential cellular-component expression of the cellular-
components in the unhealthy sub-population. particularly in related to the healthy sub-
population. For example, a subset of the cells from the un-healthy sub-population exposed to
one or more perturbations may exhibit cellular-component expression consistent with the
healthy sub-population of cells, indicating that the perturbation had a desirable effect on the

un-healthy sub-population of cells.
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[60115] Additionally, different subsets of the population of cells mayv be perturbed in
different ways bevond simply nuixing many perturbations and post-hoce evaluating which cells
were affected by which perturbations. For example, if the population of cells is physically
divided into different wells of a multi-well plate, then different perturbations mav be applied
to each well. Other ways of accomplishing different perturbations for different cells are also
possible.

[001316]  In some embodiments, the diseased cell phenotvpe is identified by a discrepancy
between the diseased cell and a normal cell. For instance, in some embodimenis, the diseased
cell phenotype can be identified by loss of a function of the cell, gain of a function of the cell,
progression of the cell {e.g., transition of the cell wnto a differentiated state), stasis of the cell
{e.g., inability of the cell {o transition into a differentiated state), intrusion of the cell {e.g.,
emergence of the cell in an abnormal location), disappearance of the cell {e.g., absence of the
cell in a location where the cell is normally present), disorder of the cell {e.g., a structural,
morphological, and/or spatial change within and/or around the cell), loss of network of the
cell (e.g., a change in the cell that eliminates normal effects in progeny cells or cells
downstream of the cell), a gain of network of the cell (e.g., a change in the cell that triggers
new downstream effects in progeny cells of cells downstream of the cell), a surplus of the cell
{e.g., an overabundance of the cell}, a deficit of the cell {e.g., a density of the cell being
below a critical threshold, a difference in cellular-component ratio and/or quantity in the cel,
a difference n the rate of transitions wn the cell, or any combination thereof.

[G0117]  In some embodiments, the diseased cells include cell lines, biopsy sample cells,
and cultured primary cells. In some embodiments, the normal cells inelude cultured primary
celis and biopsy sample cells. In some embodiments, the cells are human cells.

[G0118]  In some ernbodirnents, the methods are used to select a periurbation {e.g.,
compound) useful for freating a disease, based on an indicated utility identified using the
above-described methods. In some embodiments, the methods include treating a subject
having a disease by administering to the subject an effective amount of a selecied
perturbation or a drug substance developed from a perturbation lead compound. In some
embodiments, the perturbation (e.g., compound} is known to have an acceptable human
safety profile determined by resulis obtained in a regulated clinical trial.

[60119]  Further details relating to dimensionality reduction to wentify differentially
expressed cellular components and/or matching perturbations fo cell states and/or cell state

transitions are discussed in International Patent Application No. PCT/US2019/041976,
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entitled “Methods of Analvzing Cells,” filed July 16, 2019, which is hereby incorporated
herein by reference in its entivety.

[60128] Featurization

[60121]  Referring to Block 206, the disclosed method further comprises training an
unirained or partially unirained newral network encoder and an untrained or partially
untrained classifier by performing a first procedure. The first procedure comyprises, for each
respective compound in the first plurality of compounds, projecting the information regarding
the chemical structure of the respective compound into a latent representation space in
accordance with a first plurality of weights associated with the untrained or partially
unirained neural network encoder to obtam a corresponding projected representation of the
respective compound. The corresponding projected representation of the respective
compound ts mputied inte the untrained or partially untrained classifier to obtain a
classification of the respective comapound in accordance with a second plurality of weights
associated with the untrained or partially untrained classifier. The first plurality of weights
and the second plurality of weights are updated bv comparing the classification of each
respective compound in the first plurality of compounds to the one or more biclogical
properties of the respective cornpound mn the first training dataset, thus obtaining atrained
neural network encoder and a trained classifier.

[60122] In some embodiments, the first training datfaset is obtained by removing {e.g,,
holding out} a subset of compounds from a first plurality of compounds, and the removed
subset of compounds from the first plurality of compounds is used to verify that the trained
neural network encoder and the trained classifier correctly classifies a respective compound
from the removed subset of compounds.

[60123]  In some embodiments, the corresponding projected representation has N-
dimensions. In some such embodiments, N is an integer between 20 and 80, In somsa
embodiments, N is 50. In some embodiments, N is an integer between 2 and 10, between 10
and 20, between 20 and 30, between 30 and 40, between 40 and 50, between 50 and 60,
between 60 and 70, between 70 and 80, between 80 and 90, or between 20 and 100, In some
embodiments, N is at least 20, at least 30, at 1east 40, at least 50, at least 60, at least 70, at
least R0, at least 90, at least 100, at least 120, at least 140, at least 160, at least 130, at least
200, at least 300, at least 400, or at least 300, In some embodiments, N is an inleger between

2 and 2000, between 5 and 1500, between 10 and 1000, or between 20 and 500.

5]
[



WO 2021/146432 PCT/US2021/013451

[60124] In some embodiments, the information regarding the chemical structure of the
respective compound s a molecular structure of the respective compound, and the method
further comprises forming a featurization of the chemical structure and ncorporating the
featurization of the chemical structure into a mudti-dimensional vector space. Projecting the
information regarding the chemical structure of the respective compound inio the latent
representiation space in accordance with the {irst plurality of weights associated with the
untrained or partially untrained neural network encoder comprises inputting the multi-
dimensional vector space of the chemical structure info the untrained or partially untrained
neural network encoder,

[B0125] Specifically, in some embodiments, the first step of the training phase 1s the
featurization of the molecule structure.

[38126] In some embodiments, the goal of featurization is to convert molecules into
tensors such that they can be processed (e g.. by parametric algebraic operations). Thus, in
some embodiments, the featurization of the chemical structure is a tensor. In some such
embodiments, the tensor is a one-dimensional vector or a two-dimensional matrix.

[38127]  There are several ways {o featurize a molecule. In some embodiments, the
featurization of the chermical structure is an extended circular fingerprint (e.g., ECF or
Morgan}, or a molecular graph of a plurality of one-hot-encoded vectors. This is calculated
by first defining a list of atoms that can be found in an organic molecule, then representing
each atom in a molecule by an array where all eniries are zero except the one that
corresponds to the index of the atom of interest. This list of one-hot encoded vectors is
accompanied by an adjacency matrix which informs about the connectivity between atom
pairs in the molecule stracture. Methods for one-hot encoding are known in the art, as
described, for example, in Brownlee, 2017, “Why One-Hot Encode Data in Machine
Leaming?” Machine Leaming Mastery, available online at

machinelearningmastery . comy/why -one-hot-encode-data-in-machine-learning; and Brownlge,
2020, “Ordinal and One-Hot Encodings for Categorical Data,” Machine Learning Mastery,
available online at machinelearningmastery convone-hot-encoding-for-categorical-data, both
of which is hereby incorporated herein by reference in Hs entirety.

[60128] In some embodiments, the forming the featurization of the chemical structure
comprises converting the chemical structure to a stmplified wolecular-input ing-entry systers
(SMILES) string, and converting the SMILES string into a molecular graph representation

that comprises an adjacency mairix and a feature matrix. Methods for conversion of
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chemical structures to SMILES strings are described in, for example, Weininger, 1988,
“SMILES, a chemical language and information systern. 1. Introduction to methodology and
encoding rules.” s Chem infand Comp Sci, 28(1): 31-6; do1:10.1021/¢i00057a003, which is
hereby incorporated herein by reference in its entirety.

[60129] Molecnlar Structure Encoder

[G01308]  Afler the featurization step, the molecules {e. 2., thewr chemical stracture and/or the
featurization of their chemical structure) are encoded into a high-dimensional (e g., multi-
dimensional) vector space, where the dimension can be large enough to represent the rich
information about the molecules” relevant physio-chemical properties. Such encoding is
performed by a series of algebraic operations whose parameters are to be leamed 1 an
optimization process {e.g., the embedding step of the {raining phase).

[60131] In some embodiments, the incorporating the featurization of the chemical
structure into the multi-dimensional vector space for the chemical structure comprises
inputting the featurization of the chemical structure into a spatial graph convolutional
network {GUN}. In some embodiments, the GCN i3 a graph attention network (GAT), a
graph isomorphism network (GIN), or a graph substructure index-based approximate graph
{SAGA).

[30132] For example, for each variant in the plurality of variants of the spatial graph
convolution network (GCN), a plurality of layers can be used such that each respective atom
in a plurality of individual atomic feature representations are updated with new properties
that come froro neighboring atoros at each layer. Therefore, for example, stacking up 5 GCN
layers informs each respective atom from 5% degree connections. In some suc
embodiments, an aggregation operation {e.g., a mean or sumy) is applied 1o all of the updated
vectors that correspond to neighbors of each atoro,

[G0133] In some embodiments, the incorporating the featurization of the molecular
structure into the multi-dimensional vector space for the chemical structure comprises an
application of a spectral graph convolution {(SGC) to the featurization of the chemucal
structure. In some erbodiments, the application of the SGC to the featurization of the
chemical structure uses Chebyshev polynonual filtering (see. for example, Defferrard er /.,
2816, “Convolutional Neural Networks on Graphs with Fast Localized Spectral Filtering,”
NIPS Advances in Neural Information Processing Systems 29; arXiv: 1606.09375, which is

hereby incorporated hereinn by reference in its entirety ).
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[60134] For example, the spectral graph convolution method differs from the spatial
convolution method in that the adjacency matrix representing the atomic graph is {irst
converted into its Laplacian, where the Laplacian of a graph can be considered as a
normalized adjacency matrix. The Eigen decomposition of the Laplacian provides its
spectrum and constructs an orthogonal basis of the operator. The convohution theorem states
that a convolution in the spatial doroain corresponds to the multiplication in the
corresponding adjoint spectral domain. One laver of spectral graph convelution is defined
such that the result of mairix nuadtiplication of transposed eigen vectors and the feature
vectors 18 elementwise moultiphied with the result of roattix multiphication of travsposed eigen
vectors and speciral filters, followed by the matrix multiplication by eigen vectors, resulting
in the updated feature vectors:

X(Hi) - V(v']'x([} & V‘,"VV(U) (Eq j)
where ¥ is the feature vector of laver /, ¥ is the eigen vector matrix, and # is the spectral
filter matrix. In the naive implementation, the spectral filiers () are as large as the graph
size and cannot efficiently represent the recurring small patierns in the graph. For example,
two benzene rings that are attached to the same backbone will be represented separately. To
alleviate this 1ssue, the speciral filters may, 1n some embodiments, be represented as the
weighted combination of smooth functions, where the weights are the parameters to be
learned during the training phase and have much smaller dimension than the original size of
the graph, thus regularizing potentially highly trregular weight matrices and enforcing

patterns that will display properties of spatial translation:
P x . (Eq. 2
WH Z Ay fi (Fa-2)
fe=1

[B0135] In Equation 2, K is a number that should intuitively correspond fo nuraber of
functional groups in a molecule which is less than N {e.g., the number of atoms in a graph}).
In some embodiments, Chebyshev polynomials are used as a smooth function to construct the
spectral filter. In some embodiments, X 15 3. In some alternative embodiments, X is greater
than 3.

[60136] In some embodiments, similar performance is aitained using etther spatial
convolution methods and/or spectral convolution methods. In some embodiments, the
encoding 1s performed using any one of possible options and variants for encoding that will

be apparent to one skilled in the art.
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[60137] In some embodiments, the multi-dimensional vector space is an N-dimensional
space, wherein N i3 an integer between 20 and 80, In some embodiments, N is 50, In some
embodiments, N is an integer between 2 and 10, between 10 and 20, between 20 and 30,
between 30 and 40, between 40 and 50, between 50 and 60, between 60 and 70, between 70
and 80, between 80 and 90, or between 90 and 100. In some embodiments, N is at least 20, at
least 30, at least 40, at least 30, at least 60, at least 70, at least 80, at lsast 20, at least 100, at
least 120, at least 140, at least 160, at least 180, at least 200, at least 300, at least 400, or at
least 500. In some embodiments, N is between 2 and 2000

[00138] Constrained Represeniation Learning

66139  In some embodiments, after embedding the roolecule structure into a high
dimensional vector space, one or more consirainis for high-level design criteria are provided
and the corresponding projected representation of the respective compound is optimized such
that the representation satisfies these constraints {e.g., the constrained representation step of
the training phase}. In some embodiments, such constraints vary across multiple scales
and/or biological states {e.g., agonizing or antagonizing a particular kinase or other protein
class, upregulating or inhibiting a particular pathway, and/or promoting or blocking a
particular cellular fransition).

[G0140] In some embodiments, the one or more constrainis comprises 1,2, 3.4,5, 6,7, &,
9,10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, or more than 20 constraints. In some
embodiments, the phurality of constraints comprises at least 1, at least 2, at least 3, at least 4,
at least 5, at least 6, at least 7, at least 8. at least 9, at least 10, at least 11, at least 12, at least
13, atleast 14, at least 15, at least 16, at least 17, at least 18, at least 19, at least 20, at least
30, at least 40, at least 50, at least 60, at least 70, at least 80, at least 90, or at least 100
constraints. In some embodiments, the plurality of biological properties comprises between 1
and 5, between 3 and 10, between 10 and 20, between 20 and 30, between 30 and 40,
between 40 and 30, or betwesn 50 and 100 constraints.

[08141] In some embodiments, the consirained representation learning is performed using
a classifier such as, for example, a logistic regression classifier, a k-nearest neighbor
classifier, a deep neural network classifier, a support vector machine classifier, a decision tree
classifier, or a naive Bayes classifier, efc.

[60142] Logistic regression classifiers are disclosed in Agresti, An Infroduction fo
Categorical Data Analysis, 1996, Chapter 5, pp. 103-144, John Wiley & Son, New York,

which is hereby incorporated by reference. In some embodiments, the logistic regression
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classifier includes at least 10, at least 20, at least 50, at least 100 weights, or at least 1000
weights and requires a computer to calcudate because it cannot be mentally solved.

[00143] A k-vearest neighbor classifier is a non-parametric machine learmng method in
which the input consists of the k closest training examples in feature space. The outputisa
class membership. An object is classified by a plurality vote of i neighbors, with the object
being assigned to the class most common among its k nearest neighbors (k 1s a positive
integer, typically small). Ifk =1, then the object is simply assigned to the class of that single
nearest neighbor. See, Duda ef ol , 2001, Patiern Classification, Second Edition, John Wiley
& Sons, which is hereby incorporated by reference. In some embodiments, the number of
distance calculations needed to solve the k-nearest neighbor classifier is such that a computer
is used to solve the classifier for a given input because it cannot be mentally performed.
[60144] A deep neural network classifier comprises an input layer, a plorality of
ndividually weighted convolutional layers, and an output scorer. The weights of each of the
convolutional favers as well as the input layer contribute to the plurality of weights associated
with the deep neural network classifier. In some embodiments, at least 100 weights, at least
1000 weights, at least 2000 weights or at least 53000 weights are associated with the deep
neural network classifier. As such, deep neural network classifiers require a computer to be
used because they cannot be mentally solved. In other words, given an mnput to the classifier,
the classifier output needs fo be determined using a computer rather than mentally in such
embodiments. See, for example, Krizhevsky ef al, 2012, “Tmagenet classification with deep
convolutional neural networks,” in Advances in Neural information Processing Systems 2,
Pereira, Burges, Bottou, Weinberger, eds., pp. 1097-1105, Curran Associates, Inc.; Zeiler,
2012 "ADADELTA! an adaptive leamning rate method,” CoRR, vol. abs/1212.5701; and
Rurnelhart ef ¢/, 1988, “Neuwrocomputing: Foundations of research,” ch. Learning
Representations by Back-propagating Frrors, pp. 696-699, Cambridge, MA, USA: MIT
Press, each of which is hereby incorporated by reference.

[60145] SVM classifiers are described in Cristianint and Shawe-Taylor, 2000, “An
Introduction to Support Vector Machines,” Cambridge University Press, Cambridge; Boser ef
@l 1992, “A training algorithm for optimal margin classifiers,” in Proceedings of the S
Annual ACM Workshop on Computational Learning Theory, ACM Press, Pitisburgh, Pa,, pp.
142-152; Vapruk, 1998, Staristical Learning Theory, Wiley, New York; Mount, 2001,
Bicinformatics: sequence and genome analysis, Cold Spring Harbor Laboratory Press, Cold

Spring Harbor, N.Y ., Duda, Parrern Classification, Second Edition, 2001, John Wiley &
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Sons, Inc., pp. 259, 262-265; and Hastie, 2001, The Elements of Statistical Learning,
Springer, New York; and Furey et al | 2000, Bioinformatics 16, 906-914, each of which is
hereby incorporated by reference in ifs entirety. When used for classification, SV Ms separate
a given set of binarv labeled data training set with 3 hyper-plane that is maximally distant
from the labeled data. For cases in which no linear separation is possible, SYMs can work in
combination with the techuique of “kemels,” which autornatically realizes a non-livear
mapping to a feature space. The hyper-plane found by the SVM in feature space corresponds
to a non-linear decision boundary in the input space.  In some embodiments, the plurality of
weights associated with the SVM define the hyper-plane. In some embodiments, the hyper-
plane is defined by at least 10, at least 20, at least 50, or at least 100 weights and the SVM
classifier requures a computer io calculate because it cannot be mentally solved.

[60146] Decision tree classifiers are described generally by Duda, 2001, Pattern
Classification, John Wiley & Sons, Inc., New York, pp. 395-396, which is hereby
incorporated by reference. Tree-based methods partition the feature space into a set of
rectangles, and then it a model (fike a constant) in each one. In some embodiments, the
decision tree is random forest regression. One specific algorithm that can be used s a
classification and regression tree (CART)Y. Other specific decision tree algorithms include,
but are not limited to, ID3, C4.5, MART, and Random Forests. CART, ID3, and C4.5 are
described in Duda, 2001, Patrern Classification, John Wiley & Sons, Inc., New York, pp.
396-408 and pp. 411-412, which s hereby incorporated by reference. CART, MART, and
(4.5 are described in Hastie ¢ a/., 2001, The Llements of Statistical Learning, Springer-
Verlag, New York, Chapter 9, which is hereby incorporated by reference in its entirety.
Random Forests are described in Breuman, 1999, “Random Forests--Random Features,”
Technical Report 567, Statistics Department, U.C. Berkeley, September 1999, which 1s
hereby incorporated by reference in its entirety. In some embodiments, the decision iree
classifier includes at least 10, at least 20, at least 50, or at least 100 weights (decisions) and
requires a computer to calculate because it cannot be mentally solved.

[00147]  Naive Baves classifiers. A Naive Bayes classifier is any classifier in a family of
“probabilistic classifiers™ based on applying Bayes' theorem with strong {(naive}
independence assumptions between the features. In some embodiments, they are coupled
with Kernel density estimation. See, for example, Hastie ef o/, 2001, The elements of
statistical learning : data mining, inference, and prediciion, eds. Tibshirani and Friedman,

Springer, New York, which is hereby incorporated by reference.
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[60148] In some simplified embodiments, a projected representation is optimized using a
softmax classifier, such that representations corresponding 1o cell states and/or biological
states can be classified. In some embodiments, the constrainis are implemented by requiring
proximity {e.g., as measured by a common vector space metric such as Euclidean distancs)
between molecules that belong to the same constraint class {e.g., induction of a specific
pathway and/or cell state) in a projecied subspace (e.g., subspaces preceding a sofimax
classifier).

[(30149] For example, molecules that prolong cell cycle can have a wide vaniety of
molecular structures, which can appear scattered in the original feature space. However,
when their oniginal feature vectors are processed using one of the graph-based encoders, the
vectors corresponding to the molecules that share the same high-level property (e.g.,
constraint ¢lass) are located in close proximity to each other in some standard metric of the
latent vector space. If multiple constramnts are provided at the sarme time (2. g, using multi-
task learning). the embedded representations are projected into subspaces such that the
proximuty objective holds in each subspace separately. Thus, in some embodiments, a
molecular embedding space can comprise many different projections that satisfy many
different constraimts {e.g., liver toxicity, cell state change) for which the molecular targets can
be elucidated. In some embodiments, each projection satisfies a single constraint (e g., liver
toxicity, cell state change, efc.}. In some embodiments, each projection satisfies 2, 3, 4, S, 6,
7,89, 10, 11,12, 13, 14, 15, 16, 17, 18, 19, 20, or more than 20 different constraints.
[G0150]  In some embodiments, a constramt corresponds to a biological property of a
respective molecule {e.g., compound). In some embodiments, a constraint is a biological
property measured via a compound activity assay. For example, in some ernbodiments, a
congtraint is the compound activity of a respective molecule, determuned based upon an
estrogen receptor alpha (ER-alpha) compound screening assay and/or an auto-fluorescence
counter screen, where the auto-flucrescence counter screen is performed as a proxy for
toxicity~-dependent cell death. In some ernboduments, a constraint 1s the compound activity of
a respective molecule, determuned based upon an arvl hydrocarbon receptor {AhR) antagonist
muode assay and/or a cell viability counter screen. In some embodiments, a constraint is the
compound activity of a respective molecule, determinead based upon an estrogen receptor
alpha (ER-alpha) compound screening assay, an arvl hvdrocarbon receptor { AhR) antagonist
mode assay, an aromatase antagonist mode assay, an androgen receptor {AR) assay,

peroxisome proliferator-activaied receptor gamma (PPAR-gamma) agonist mode assay, a
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nuclear factor {erythroid-derived 2)-like 2/antioxidant responsive element (Nrf2/ARE) mode
assay, a heat shock factor response element (HSE) mode assay, an ATADS mode assay, a
mitochondrial membrane potential (IMMP), a p33 mode assay, a cell viability counter screen,
and/or an auto-fluorescence counter screen. Further assays for selecting and/or determining
consiraints used for generating representations are contemplated, as are described in Huoang ef
al 2016, “Modelling the Tox21 10 K chemical profiles for in vivo toxicity prediction and
mechanism characterization.” Nat Commun. 7, p. 10425, which s hereby incorporated by
reference.

[38151] In some embodiments, a constraint is a biological property shared between two or
more molecules in a plurality of molecules. In some embodiments, a constraint is a
bislogical property shared between 2, 3,4, 5, 6,7, 8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19,
20, or more than 20 molecules. In some embodiments, a constraint i3 a biological property
shared between at least 20, at least 30, at least 40, at least 30, at least 60, at least 70, at least
&0, at least 90, at least 100, at least 200, at least 300, at least 400, at least 500, at least 600, at
least 700, at least 800, at least 900, or at least 1000 molecules. In some embodiments, a
constraint i3 a biological property shared between at least 1000, at least 2000, at least 3000, at
least 4000, at least 5000, at least 6000, at least 7000, at least 8000, at least 9000, or at least

10000 molecules.

[68152] In some embodiments, the biological property is measured in one or more cell
lines, including human cell lines, animal {e. 2., hamster, chicken, rat, and/or mouse) cell lines,
and/or one or more tissue types {e.g . liver, kidney, ovarian, cervical cancer, breast cancer,
and/or colon cancer). In some embodiments, the biological property is measured in a healthy
cell line and/or an unhealthy cell line (e.g., a cancerous cell hne). In some embodiments, a
cell hine is selected fromo the group consisting of HepG2, ME-180, HEK293, MDA-MB-453,
MCF-7, CHO, DT40, BGI, Hela, GH3, HCT-116, C3H10T1/2, and NIH/3T3. Insome
embodiments, the biological property 1s measured in at least 1, at least 2, at least 3, at least 4,
at least 3, at least 6, at least 7, at least 8, at least 9, or at least 10 ¢ell lines. In some
embodiments, the biological property is measured using any of the methods or embodiments
described in Huang R, 2016, “A Quantitative High-Throughput Screening Data Analysis
Pipeline for Activity Profiling,” High-Throughput Screening Assavs in Toxicology, Methods
in Molecular Biologv: 1473(1); Huang ef /., 2016, “Modelling the Tox21 10 K chenucal
profiles for in vivo toxicity prediction and mechanism characterization,” Nat Comnwmn. 7, p.

10425; and Huang ef o/, 2018, “Expanding biological space coverage enhances the
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prediction of drug adverse effects in human using in vitro activity profiles,” Sci Rep.
8(133783, each of which is hereby incorporated herein by reference in s entirety, and/or any
substitutions, additions, deletions, modifications, and/or combinations thereof as will be
apparent to one skilled in the art.

[60153] In some embodiments, the training of the neural network encoder (e.g., projecting
the information regarding the chewical structure of the respective conpound ioto the latent
representation space) and the training of the classifier {e.g., inputting the projected
represeniation of the respective compound) is performed using a plurality of compounds in
the first training dataset comprising information regarding a single biological and/or
functional pathway.

[30154]  In some alternative embodiments, the training of the neural network encoder and
the training of the classifier is performed using multi-task learning, where a plurality of
comspounds in the first training dataset coroprising imformation regarding a plurality of
biological and/or functional pathways is inpuited into the newral network encoder and the
classifier. Dhue to the co-activation of multiple biclogical pathways and/or the increased
coverage of the one or more compounds that induce multiple biological states, in some such
embodiments, multi-task leaming mcreases the accuracy and robustness of classification by
providing information on biological pathway interconnectivity.

[B0155] In some embodiments, the trained neural network encoder and the trained
classifier comprise an updated first plurality of weights associated with the trained neural
network encoder and an updated second plurality of weighis associated with the trained
classifier. In some embodiments, the first plurality of weights comprises 10, 20, 50, 100,
500, 1000, 5000, or 10,000 or more weights. In some embodiments, the second plurality of
weights coraprises 10, 20, 50, 100, S00, 1000, 3000, or 10,000 or more weighis. In some
embodiments, the updating of the first and second plurality of weights is performed using
back-propagation. For example, in some embodiments of machine learning {e.g., deep
learming), back-propagation is a method of training a network with hidden layers comprising
a plurality of weights. The output of the untrained or partially untrained neural network
encoder and the untrained or partially untrained classifier using the initial weights (e.g., the
classification of the respective compound in accordance with the first and second plurality of
weights) is compared with the actual classification {e.g., the first biological property of the
respective compound) and the error is computed (e.g . using a loss function). The weight

values are then updated such that the error is minimized {(e.g., according to the loss function}.
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In some embodiments, any one of a variety of back-propagation algorithms and/or methods
are used to update the first and second plurality of weights, as will be apparent to one skilled
in the art. In an exemplary embodiment, the neural network is trained against the errors in
class assignment made by the network, in view of the training data, by stochastic gradient
descent with the AdaDelta adapiive leaming method (Zeiler, 2012 “TADADELTA: an
adaptive learning rate roethod.” CoRR, vol. abs/1212.5701, which is hereby incorporated by
reference), and the back-propagation algorithm provided in Rumelhart et af | 1988,
“Neuwrocomputing: Foundations of research,” ¢h. Leaming Representations by Back-
propagating Errors, pp. 696-699, Cambridge, MA, USA: MIT Press, which 15 bereby
incorporated by reference.

[60156] In some embodiments, the updated first and second plurality of weights encodes
each respective compound in the first plorality of corapounds such that each the projected
represerdation of each respective compound in the first plurality of corapounds forms a
cluster corresponding to one or more functionally enriched groups (e 2., a biological and/or
functional pathway, a cell state or biological state, and/or a cell state or biological state
transition). In some embodiments, latent representations of cell state activations can be
visualized using multi-dimensional scaling algorithms (e.g., NuMap) and/or 2-dimensional
prediction algorithms {e.g., t-distributed stochastic neighbor embedding, disclosed for
example in van der Maaten, 2008, “Visualizing Data Using t-SNE,” Jourmnal of Machine
Learning Research % 2579-2605, which is hereby incorporated by reference).

[60157] Molecule Generation

[00158] Referring to Block 208, the method further comprises obtaining a second training
dataset, in electromic form. The second training dataset comprises, for each respective
cormapound in a second plurality of coropounds {e.g.. comprising 100 or ruore compounds),
information regarding a chemical siructure of the respective compound.

[30159] Referring to Block 210, the method further comprises training an untrained or
partially untrained decoder by performing a second procedure. The second procedure
comprises, for each respective compound in the second plurality of compounds, projecting
the information regarding the chemical structure of the respective compound into a latent
representation space in accordance with the first plurality of weights associaled with the
trained neural network encoder to obtain a corresponding projected representation of the
respective compound, and inputting the corresponding projected representation of the

respective compound into the untrained or partially unirained decoder to obtain a chemical
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siructure of the respective compound in accordance with a third plurality of weights
associated with the untrained or partially untrained decoder. The third plurality of weighits is
updated by comparing the chemical structure of each respective compound outputted by the
untrained or partially untrained decoder to the actual chemical structure of the respective
compound from the second fraining dataset thereby obtaining a tratned decoder.

[60166]  In some embodiments, the updating of the thard plorality of weights is performed
using back-propagation as described above. In some such embodiments, the output of the
unirained or partially untrained decoder using the mitial weights {e.g , the chemical structure
of the respective compound outputted in accordance with the third plurality of weights} is
compared with the actual chemical structure and the error is computed {e.g., using a loss
function) such that the error can be minimized.

[68161]  In some embodiments, the second training dataset is the same as the first iraining
dataset. In soroe embodiments, the second training dataset is obtained by removing (e g,
holding out} a subset of compounds from a second plurality of compounds, and the removed
subset of compounds from the second plurality of compounds is used to verify thai the
trained decoder reconstructs the chemical structure of a respective compound from the
removed subset of compounds.

[60162] In some embodiments, the second training dataset comprises virtual compounds.
In some embodiments, the second iraining dataset is a small molecules and/or ligand dataset.
In some embodiments, the second iraining dataset is all or a portion of a ZINC dataset. See,
for example, Irwin and Shoichet, “ZINC —~ A Free Database of Commercially Available
Compounds for Virtual Screening,” J Chem Inf Model. 2005, 45(1): 177182, which is
hereby incorporated herein by reference in its entirety.

[60163] In some embodiments, the second training dataset coraprises 100 or more, 1,000
or more, 10,000 or more, 100,000 or more, 250,000 or more, 300,000 or more, I million or
more, 2 mitlion or more, or 5 million or more compounds. In some embodiments, the second
training dataset does not include functional data (e.g., one or more biological properties). In
some embodiments, the second plurality of compounds comprises at least 10, at least 20, at

least 25, at least 30, at least 35, at least 40, at least 43, at least 30, at least 55, at least 60, at

least 63, at least 70, at least 75, at least 80, at least &3, at least 90, at least 95, or at feast 100
compounds. In some embodiments, the second plurality of compounds coraprises at least 50,
at least 100, at least 200, at least 300, at least 400, at least 500, at least 600, at least 700, at

east 800, at least 900, or at least 1000 compounds. In some embodiments, the second
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plurality of compounds comprises at least 1000, at least 2000, at least 3000, at least 4000, at
least 5000, at teast 10,000, at feast 100,000, or at least 1 million compounds. Tn some
embodiments, the second plurality of compounds comprises no more than 10, no more than
20, no more than 25, no more than 30, no more than 33, no more than 40, no more than 48,
no more than S0, no more than 53, no more than 60, no more than 68, no more than 70, no
maore than 75, no more than 80, no more than 83, no more than 90, no more than 95, or no
maore than 100 compounds. In some embodiments, the second plurality of compounds
comprises no more than 50, no more than 100, no more than 200, no more than 300, no more
than 400, no more than 500, no more than 600, no more than 700, no more than 800, no more
than 900, or no more than 1000 compounds. In some embodiments, the second phurality of
compounds comprises no more than 1000, no more than 2000, no more than 3000, no more
than 4000, no more than 5000, no more than 10,000, no more than 106,000, no more than §
mitlion, no more than 2 nullion, no more than 3 nullion, or no more than 10 nullion
compounds. In some embodiments, the second plurality of compounds comprises between 2
and 20, between 20 and 50, between 50 and 100, between 100 and 200, between 200 and 500,
between 500 and 1000, between 1000 and 5000, between 5000 and 10,000, between 10,000
and 100,000, between 100,000 and 1 million, or between 1 million and 5 million compounds.
[60164] In some embodiments, the projected representation is obtained using any of the
methods disclosed herein. In some embodiments, the corresponding projecied representation
has N-dumensions. o some such ersbodiroents, N 1s au integer between 20 and 80. In some
embodimends, N is 30, In some embodiments, N is an integer between 2 and 10, between 10
and 20, between 20 and 30, between 30 and 40, between 40 and 50, between 50 and 60,
between 60 and 70, batween 70 and 80, between 80 and 90, or between 90 and 100. In some
embodiments, N 1g at least 20, at teast 30, at least 40, at least 50, at least 60, at least 70, at
least 80, at least 90, at least 100, at feast 120, at least 140, at feast 160, at least 130, at least
200, at least 300, at least 400, or at least 500, In some embodiments, N is an integer between
Z and 2000, between 5 and 1500, between 10 and 1000, or between 20 and 500

[60165] DMethods of Use

[30166] Referring to Biock 212, the method further comprises using the trained neural
network encoder, trained classifier, and trained decoder to tdentify a test compound that has
the first biological property, where the test compound 15 not present in the first and second

training set.
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[60167] In some embodiments, the trained neural network encoder, trained classifier, and
trained decoder are verified by a third procedure. A first compound is obtained, not present
in the first or second training dataset, that has the first biological property and has a known
chemical structure. A projected representation for the first compound is obtained by
inputting a chemical structure of the first compound into the trained neural network encoder.
The projected representation of the {irst compound is mputied nio the trained classifier to
verify that the trained classifier identifies the first compound as having the first biological
property. The projected representation of the first compound 13 inputted into the trained
decoder to verily that the tramned decoder reconstructs the chenmucal structure of the first
compound.

[60168] In some such embodiments, the verification {e.g., validation} is performed using a
“hold-one-out” method, where one or more compounds from the first or second training
dataset 1s rernoved from the respective plurality of compounds in the first or second training
set. The obtaining of the projected representation and subsequent verification of the tramned
classifier and the trained decoder is performed using the one or more compounds held out
from the original first or second training dataseis. Tn some embodiments, a 5%, 10%, 15%,
20%, or more than 20% of a training dataset is held out. In some exemplary embodiments,
600 compounds are held out of a training dataset comprising 10,600 compounds. In some
embodiments, the verification is performed in sifico.

[B0163]  One aspect of the present disclosure provides a method of discovering a test
compound that has a first biological property, the method comprising using a trained neural
network encoder, trained classifier, and trained decoder to identify a test compound that has a
first biological property, where the {rained neural network encoder, trained classifier, and
trained decoder were traimed by processes comprising any of the methods and embodiments
disclosed above, and where the test compound is not present in the first and second traiming
set.

[60178] For example, one aspect of the present disclosure provides a method of
discovering a candidate compound that has a first biclogical property, the method comprising
obtaining a first projected representation of a first compound that 1s assigned the first
biological property by inputting a chemeal structure of the first compound into a trained
neural network encoder (e.g., where the first projected representation has N dimensions, and
where N is an integer between 20 and 80). The first projection is used to obtain one or more

candidate projections. Each candidate projection in the one or more candidate projections is
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inputted into a trained decoder thereby obiaining a plurality of candidate compounds, wherg
the first compound is not present i the plurality of candidate compounds. For each
respective candidate cormpound in the plurality of candidate compounds a corresponding
projected representation (e.g., an N-dimensional projected representation) for the respective
candidate compound s obtained by inputiing a chemical structure of the candidate compound
into the traimed neural network encoder. A classification of the respective candidate
compound is obtained by inputting the corresponding projected representation of the
respective candidate compound into the trained classifier. When the trained classifier
jndicates that the corresponding projected representation of the respective candidate
compound has the first biological property, the respective candidate compound is deemed to
have the first biological property.

[60171] In some embodiments, the obtaiming the one or more candidate projections is
performed by sampling vectors (e. g, high-dimensional vectors) from the projected
representation, such as a high-dimensional {e.g , mulii-dimensional) representation space. In
some such embodiments, the molecular features {e. g., information regarding a chemical
structure} are inferred {rom the vectors that are sampled from the high-dimsensional
constrained representation space {(e.g., by inputting the vectors into the trained decoder).
[30172] For example, in some embodiments, the sampling operation i3 done by adding
Gaussian noise to an existing molecule representation, which is known to satisfy the
constraints {e.g., the desired biological property or properties for classification). The one or
maore obtained vectors are fed through a variant of a recurrent neural network (RNN) as the
initial latent state. The RN variant can be a long-short term memory (LSTM) or gated
recurrent unit (GRUY network, which are trained on SMILES string with an autoregression
strategy {e.g.. given the nitial vector and the past characters, predict the next character).
Once trained, at the inference fime the model generates hundreds of SMILES string per
second. In some embodiments, the generated SMILES strings are fusther filtered by
checking their validity {e.g., using RDKIT). {o some embodiments, the decoder {e.g.,
generator) is implemented using a variety of architectures that will be apparent to one skilled
in the art.

[38173] In some embodiments, the first projection is used to obtain one or more candidate
projections, and a classification of each respective candidate projection in the one or more

candidate projections is obtained first, prior to inputting each candidate projection that has the
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first biological property into the trained decoder, thus obtaining one or more novel
compounds that have the first biological property.

[G8174] In some embodiments, a projected representation {e.g., a first projected
representation, second proiected representation, and/or anv one or more candidate
projections} has N-dimensions. In some such embodiments, N s an integer between 20 and
80. In soroe embodiments, N 1s 30. In some embodiments, N is an integer between 2 and 10,
between 10 and 20, between 20 and 30, between 30 and 40, between 40 and 50, between 50
and 60, between 60 and 70, between 70 and 80, between 80 and 90, or between 90 and 100,
In some embodiments, N is at least 20, at least 30, at teast 40, at least 50, af least 60, at least
70, at least 80, at feast 90, at least 100, at least 120, at least 140, at least 160, at least 180, at
least 200, at least 300, at least 400, or at least S00. In some embodiments, N is an integer
between 2 and 2000, between 5 and 1500, between 10 and 1000, or beiween 20 and 500.
[G8175]  In some alternative embodiments, the method further coraprises obtatning a
second projected representation of a second compound that has the biological property by
inputting a chemical structure of the second compound inio the trained neural network
encoder. The using the first projection to obtain one or more candidate projections comprises
interpolating the fivst projection and the second projection thereby obtaining the ove or roore
candidate projections.

[60176] Specifically, referring to Block 214, using the trained neural network encoder,
trained classifier, and trained decoder comprises interpolating a projected representation of a
first compound and a projected representation of a second compound. produced by the irained
neural network encoder, where the first and second compound have the first molecular
property (e.g., biological property), thereby obtainming an interpolated projection. The
uterpolated projection 15 inputted nto the trained decoder, thus obtaining a plurality of
candidate compounds. For each respective candidate compound in all or a portion of the
plurality of candidate compounds, a corresponding projected representation for the respective
candidate compound s obtained by inputting a chemical structure of the candidate compound
into the trained neural network encoder. A classification of the respective candidate
compound is obtained by mputting the corresponding projected representation of the
respective candidate compound into the irained classifier, where, when the trained classifier
indicates that the corresponding projected representation of the respective candidate
compound has the first biological property, the respective candidate compound 1s deemed to

have the first biological property.
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[60177] In some embodiments, the interpolation of a projected representation of a first
compound and a projected representation of a second compound is performed using linear
interpolation. For example, where the respective projected representations of a first and
second compound are represented as data points in a multi-dimensional space, a linear
interpolation is 3 method of curve-fitling using hinear polynomials to construct new daia
points between the data points corresponding to the first and second compound, in each
respective dimension in the multi-dimensional space. A discrete number of new data poinis
can be constructed for each interpolation; for example, in some embodiments, the discrate
rurnber of new data points {e.g., new candidate representations) between the projecied
representations of the first and second compounds is 2 or more, 10 or more, 50 or more, 100
or more, S00 or more, 1000 or more, 2000 or more, 5000 or more, or more than 10,000, In
some embodiments, each new candidate representation is mputted into the trained decoder to
obtain the plurality of candidate compounds, where the first and second corapounds are not
present in the plurality of candidate compounds.

[36178] In some embodiments, the interpolation of the first and second projections is used
o obtain one or more candidate projeciions, and a classification of each respective candidate
projection in the one or more candidate projections is obtained first, prior to inputting each
candidate projection that has the first biological property into the trained decoder, thus
obtaining one or more novel compounds that have the first biological property.

[68179]  In some embodiments, using the trained neural network encoder, trained classifier,
and trained decoder comprises mterpolating the projected representations of three of more
compounds. In some such embodiments, the method comprises creating a smooth function
over a distribution (e.g., a Gaussian mixture model} o obtain a probability distribution over a
plurahity of sets of compounds, such that the sampling of vectors from the high-dimensional
space is performed using the probahility distribution.

[G0180] In some embodiments, using the trained newral network encoder, trained classifier,
and trained decoder comprises ideniifving the center of a cluster of projected representations
encoded according to the updated first plurality of weights associated with the neural network
encoder (e.g., visualized using -SNE). In some such embodiments, the center of each cluster
comprises the one or more candidate projections that is inputted into the decoder, thereby
identifying one or more candidate compounds. In some embodunents, the using the tramed
neural network encoder, trained classifier, and frained decoder comprises using a first one or

more candidate projections, obtained by identifying the center of a cluster of projected
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representations, to obiain a second one or more candidate projections using a sampling
method for the first one or more candidate projections {(e.g., an interpolation, Gaussian
distribution, and/or probahility distribution).

[60181] In some embodiments, using the trained newral network encoder, trained classifier,
and trained decoder comprises obtaining a first one or more projecied representations by
ioputting a vector of randoro noise.

[G0182] In some embodiments, each respective candidate compound in the plurality of
candidate compounds is different from any other candidate compound in the phurality of
candidate compounds. In some embodiments, one or more respective candidate compounds
1o the plurality of candidate compounds is the same.

[G0183] In some embodiments, one or more identified candidate compounds comprise a
novel structure with an unknown function {(e.g., with respect to clinical effect}. In some
embodiments, one or more identified candidate compounds comprise a known (e.g.,
commercially available) structure with an unknown function {e.g., with respect to clinical
effect}.

[60184] In some embodiments, a novel compound that satisfies the consiraint receives a
classification score from the classifier that is equal to or greater than the classification score
for one or more compounds in the first plurality of compounds in the first training dataset.
[60185] In some embodiments, the classification of the respective candidate compound is
obtained according to the updated first and second plurality of weights associated with the
trained neural network encoder and the classifier, respectively.

[B0186] In some embodiments, the method further comprises using a second classifier. In
some such embodiments, the method comprises training and using a second classifier to
obtain a classtfication for a second biological property other than the first biological property.
In some such embodiments, the second biclogical property includes, but 1s not linmited to,
toxicity, off-target effects, solubility, molecular weight, and/or any combination thereof In
some such embodiments, the second classifier is applied before or after the decoding of the
candudate projections.

[60187]  In some embodiments, the second classifier is any of the classifiers disclosed in
greater detail herein (see, “Constrained Representation Learning,” above). For example, in
some embodiments, the second classifier is, for example, a logistic regression classifier, a k-
nearest neighbor classifier, a deep neural network classifier, a support vecior machine
classifier, a decision tree classifier, or a naive Bayes classifier, erc.

49



WO 2021/146432 PCT/US2021/013451

[60188] Referring to Block 216, in some embodiments, the using the trained neural
network encoder, trained classifier, and trained decoder further comprises verifying a first
compound in the plurality of candidate compounds has the first biological property by a third
procedure that comprises subjecting the first compound to a wet lab assay that verifies that
the respective candidate compound has the first biologieal property. For example, in some
embodiments, the wet lab assay is a compound activity assay. For example, in some
embodiments, the wet lab assav is an estrogen receptor alpha (ER-alpha) compound
screening assav and/or an auto-fluorescence counter screen, where the auto-fluorescence
counter screen 1s performed as a proxy for foxicity-dependent cell death. Tn some
embodimerds, the wet lab assay is an arvl hyvdrocarbon receptor {AhR) antagonist mode assay
and/or a cell viability counter screen. In some embodiments, the wet lab assay is selected
from the group consisting of an estrogen receptor alpha (ER-alpha) compound screening
assay, an arvl hydrocarbon receptor (AhR) antagonist roode assay, an aromatase antagonist
mode assay, an androgen receptor (AR) assay, peroxisome proliferator-activated receptor
gamma {(PPAR-gamma} agonist mode assay, a nuclear factor (ervthroid-derived 2)-like
Z/antioxidant responsive element (Ntf2/ ARE) mode assay, a heat shock factor response
element (HSE) mode assay, an ATADS mode assay, a mitochondrial membrane potential
(MMP), a p353 mode assay, a cell viability counter screen, and/or an auto-fluorescence
counter screen. Further assayvs are conternplated, as are described in Huang ef o, 2016,
“Modelling the Tox21 10 K chemical profiles for in vivo toxicity prediction and roechanism
characterization,” Nat Commun. 7, p. 10425, which is hereby incorporated by reference.
[00189] In some embodiments, the wei lab assay is performed using one or more cell lines,
including homan cell lines, animal {e.g., hamster, chicken, rat, and/or mouse) cell lines,
and/or one or more tissue types {e.g, liver, kidney, ovarian, cervical cancer, breast cancer,
and/or colon cancer). In some embodiments, the biological property is measured in a healthy
cell line and/or an unhealthy cell ine (e.g., a cancerous cell hne). In some embodiments, a
cell hine is selected fromo the group consisting of HepG2, ME-180, HEK293, MDA-MB-453,
MCF-7, CHO, DT40, BGI, Hela, GH3, HCT-116, C3H10T1/2, and NIH/3T3. In some
embodiments, the wet lab assay is performed using at least 1, at least 2, at least 3, at least 4,
at feast 5, at least 6, at least 7, at least 8, at teast 9, or at least 10 cell lines. In some
embodiments, the wet lab assav comprises any assay known in the art, including, but not

limited to, colorimetric, fluorescence, bicluminescence, and resonance energy transfer

L
-~
jo



WO 2021/146432 PCT/US2021/013451

(FRET). In some embodiments, the wet lab assay comprises high-throughput screening
(HTS) and/or high-content sereening {HCS) methods.

[G8198] In some embodiments, the wet lab assay comprises deiermining a change in
cyiotoxicity, celi viability, gene toxicity, developmental toxicily, and/or mitochondrial
toxicity in response to an agonism and/or antagonism of one or more cellular-components of
interest {e.g., AhR, AP-1, AR-BLA, ARE, AR-MDA, aromatase, CAR, caspases (e.g.,
caspase-3/7), ATADS, ER-beta, ER-BLA, ER-BG1. ERR, ER stress, FXR-BLA, TR-beta,
GR-BLA, H2ZAX, HDAC, HRE-BLA, HSE-BLA, NFkB, P53, PGC-ERR, PPAR-delta-BLA,
PPAR-gamma, PR-BLA, PXR, RAR, ROR, RXR-BLA, SBE-BLA (TGF-beta), Hedgehog,
TRHR, TSHR, and/or VDR-BLA). Other methods for measuring and/or vertdving biological
properties are contemplated, for example as described in Huang R, 2016, “A Quantitative
High-Throughput Screening Data Analysis Pipeline for Activity Profiling,” High-Throughput
Screening Assays in Toxicology, Methods in Molecular Biology; 1473(1); Huang ef o,
2016, “Modelling the Tox21 10 K chemical profiles for in vivo toxicity prediction and
mechanism characterization,” Nat Commun. 7, p. 10425; and Huang e/ o/, 2018, “Expanding
biological space coverage enhances the prediction of drug adverse effects in hurnan using in
vitro activity profiles,” Sci Rep. 8(1):3783, each of which is hereby incorporated herein by
reference in its entirety, and/or any substitutions, additions, deletions, modifications, and/or
combinations thereof as will be apparent 1o one skilled in the art.

[60131] Referring to Block 218, the verifying further comprises synthesizing the first
compound.

[38192] In some embodiments, the method further comprises subjecting the respective
candidate compound to a wet Iab assay that verifies that the respective candidate compound
has the first biological property. Io some embodiments, the venifying further compnses
synthesizing the respective candidate compound.

[38193]  In some embodiments, the method comprises verifying that a first compound in
the phurality of candidate compounds has one or more biologieal properties. In some
embodiments, the method comprises veritfving af least 1, at least 2, at least 3, at least 4, at
least 5, at least 6, at least 7, at least 8, at least 9, at least 10, at least 11, at least 12, at least 13,
at teast 14, ai least 15, at least 16, at least 17, at least 18, at least 19, at least 20, at least 30, at
least 40, at least 50, at least 60, at least 70, af least 80, at least 90, or at least 100 biological
properties for a first compound in the plurality of candidate compounds. In some

embodiments, the method comprises verifving at least a first biological property for each
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compound in a plurality of candidate compounds, where the plurality of candidate
compounds comprises at least 1, at least 2, at least 3, at least 4, at least 5, at least 6, at teast 7,
atleast & atleast 9, atleast 10, at least 11, at least 12, at least 13, at least 14, at least 15, at
least 16, at least 17, at least 18, at least 19, at least 20, at least 30, at least 40, at least 50, at
least 60, at least 70, at least 80, at least 90, or at least 100 candidate compounds. In some
embodiments, the method comprises veritfving at least a {irst biclogical property for each
compound in a plurality of candidate compounds, where the plurality of candidate
compounds comprises at least 100, at least 200, at 1zast 300, at feast 400, at least 500, at least
600, at least 700, at least 800, at least 900, at least 1000, at least 2000, at least 3000, at least
4000, at least 5000, at least 6000, at least 7000, at least 8000, at least 9000, or at least 10,000
candidate compounds.

[60194]  Aunother aspect of the present disclosure provides a method of synthesizing a test
compound that has a first biological property, where the test compound was designed by a
method. The method comprises, at a computer system comprising at least one processor and
a memory storing at least one program for execution by the at least one processor, at least one
program comprising instructions for obtaining a first training dataset, in electronic form. The
first training dataset comprises, for each respective compound in a first plurality of
compounds (e g., comprising 100 or more compounds), information regarding a chemical
structure of the respective compound and one or more biological properties, in a plurality of
biological properties, of the respective compound, and the plurality of biological propertie
includes the first biological property.

[601958] In tus aspect, the method further comprises training an untrained or partially
undrained neural network encoder and an untrained or partially untrained classifier by
performing a first procedure. The first procedure comprises, for each respective compound in
the first plurality of compounds, projecting the information regarding the chemical structure
of the respective compound into a Iatent representation space in accordance with a first
plurality of weights associated with the untrained or partially untrained neural network
encoder to obtain a corresponding projected representation of the respective compound, and
inputting the corresponding projected representation of the respective compound into the
undrained or partially ontrained classifier to obtam a classification of the respective
compound in accordance with a second plurality of weights associated with the untrained or
partially untrained classtfier. The first procedure further comprises updating the first

plurality of weights and the second plurality of weights by comparing the classification of
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each respective compound in the first plurality of compounds to the one or more biological
properties of the respective compound in the first training dataset thereby obtaining a trained
neural network encoder and a tramed classifier.

[60196] The method further comprises obtaining a second training dataset, in electronic
form, where the second training dataset comprises, for each respective compound in a second
plurahity of compounds (e.g., comprising 100 or more compounds), information regarding a
chemical structure of the respective compound. The method further comprises training an
unirained or partially untrained decoder by performing a second procedure that comprises, for
each respective compound in the second plurality of compounds, projecting the nformation
regarding the chenucal structure of the respective compound into a latent representation space
in accordance with the first plurality of weights associated with the trained neural network
encoder to obtain a corresponding projecied representation of the respective compound, and
inputiing the corresponding projected representation of the respective compound mdo the
unirained or partially untrained decoder o obtain a chemical structure of the respective
compound in accordance with a third plurality of weights associated with the untrained or
partially untrained decoder. The second procedure further comprises updating the third
plurality of weights by comparing the chemical structure of each respective compound
outputted by the untrained or partially untrained decoder to the actual chemical structure of
the respective compound from the second training dataset thereby obtaining a trained
decoder.

[G0197] The method further comprises using the trained neural network encoder, trained
classifier, and trained decoder 1o identify a test compound that has the first biclogical
property, wherein the test compound is not present in the {irst and second training set.
[G0198]  In some ernbodirments, the method of synthesizing a test compound that has a first
biclogical property further comprises designing a test compound that has a first biclogical
property using a trained neural network encoder, trained classifier, and trained decoder to
identify a test compound that has a first biological property, where the trained neural network
encoder, trained classifier, and trained decoder were trained by any of the methods and
embodiments described herein and/or any combinations or alternatives thereof as will be
apparent to one skilled in the art.

{61991 In some embodiments, the method of synthesizing a test compound that has a first

biological property further comprises any of the methods or embodiments for discovering a
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test compound that has a first biological property described herein and/or any combinations
or alternatives thereof as will be apparent to one skilled in the ast.

[00200]  Another aspect of the present disclosure provides a computer system for
performing a method for discovering a test compound that has a first biological property. In
this aspect, the computer systemn comprises one or more processors and memory, the memory
storing mstructions for performing a roethod for discovering a test compound that bas a first
biological property. In some embodiments, the memory stores instructions for performing
any of the methods and embodiments described herein and/or any combinations or
alternatives thereof as will be apparent to one skilled in the art.

[60201]  Another aspect of the present disclosure provides a non-transitory computer-
readable medium storing one or more computer programs, executable by a computer, for
performing a method for discovering a test compound that has a first biological property. In
this aspect, the computer CoOMmprises one or more processors and a remory, the one or more
computer programs collectively encoding computer executable instructions that performa
method. In some embodiments, the computer executable instructions perform any of the
methods and embodiments described heretn and/or any combinations or alteratives thereof
as will be apparent to one skilled 1n the art.

[60202] Additional Embodiments

[00203] Compounds.

[60204]  Anocther aspect of the present disclosure provides a compound selected from the
compound structures provided jo Figures 10A-D, and/or any derivatives or pharmaceutically
acceptable salis thereof In some embodiments, the compound is selacied from the
compounds depicted in Figures 10B, 10C, and/or 10D, In some embodiments, the compound
has a compound structure represented by a SMILES string selected from the group consisting
of C1=C{C=C{C=CI1C=CEMHNFIERO-DHOUHEN, CIEECCEC(C=CHNFIO-
PEOYCENOCC=C(CH0; and/or CH{=CCECC=CIOIC=C{CYCOYCTCHN. In some
embodiments, the compound has a first biclogical property. In some embodiments, the first
biological property 15 activation of arachidorue acid roetabolisro. o some embodiments, the
compound is obtained using any of the methods and/or embodiments disclosed herein, and/or
by any substitutions, additions, deletions, modifications, and/or combinations thereof as will
be apparent to one skilled in the art. To some embodiments, the compound 1s used o
modulate arachidonic acid metabolism in a cell.

[002058]  Pharmaceutical Compositions.
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[60206]  Anocther aspect of the present disclosure provides a pharmaceutical composttion
comprising a compound selected from the compound structures provided in Figures 10A-D,
and/or any derivatives or pharmaceutically acceptable salts thereof. In some embodiments,
the compound has a first biological property. In some embodiments, the first biological
property is activation of arachidonic acid metabolism. In some embodiments, the
pharmaceutical composition comprises 1,2, 3, 4,3, 6,7, 8,9, 10, 11, 12,13, 14, 18, 16, 17,
18,19, 20, 21, 22, 23 or more than 23 compounds selected from the compound structures
provided in Figures 10A-B}, or any derivatives or pharmaceutically acceptable salts thereof.
[306207]  In some embodiments, the pharmaceutical composition comprises a compound
according to any one of the comapounds described herein (see above; “Compounds™), ora
pharmaceuntically accepiable salt thereof] and a pharmaceutically acceptable carrier or diluent.
In some embodiments, the pharmaceutical composition is a therapeutic composition for the
treatment of a disorder. Tn some embodiments, the pharmaceutical compositionis a
therapeutic composition for the treatment of an inflammatory disorder.

[G0208] In some embodiments, the pharmaceutical compostiion is formulated in
accordance with standard pharmaceutical practice for use in a therapeutic combination for
therapeutic treatment (including prophylactic treatment) of disorders {e.g., inflaramatory
disorders} in mammals inchwding humans.

[60209] In some embodiments, the pharmaceutical composition encompasses a bulk
composition and/or individual dosage units comprised of one or more pharmaceutically
active agents {e.g.. compounds as provided in Figures 10A-D}, along with any
pharmaceutically inactive excipients, diluents, carriers, or glidants. In some embodiments,
the bulk composition and each individual dosage unit contain fised amounts of the respective
one or more pharmaceutically active agents. As used herewn, a bulk coraposition refers to
material that has not yet been formed into individual dosage units. For example, an
iflustrative dosage unit is an oral dosage unif such as tablets, pills, capsules, and the like,
Simnilarly, in some embodiments, a method of treating a patient by administering a
pharmaceutical composition includes the adnunistration of the bulk composition and/or
individual dosage units.

[60210]  Swtable carriers, diluents and excipients are well known to those skilled in the art
and include materials such as carbohvdrates, waxes, water soluble and/or swellable polymers,
hydrophilic or hydrophobic materials, gelatin, oils, solvents, water and the like. The

particular carrier, diluent or excipient used will depend upon the means and purpose for
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which the compound of the present invention is being applied. Solvents are generally
selected based on solvents recognized by persons skilled in the art as safe {generally
recognized as safe; GRAS) to be administered to a mammal (e.g, a human). In general, safe
solvents are non-toxic aqueous solvents such as water and other non-toxic solvents that are
soluble or miscible in water. Suitable aqueous solvents include water, ethanol, propylene
glycol, polyethylene glyeols {e.g., PEG 400, PEG 300). efc. and nuxtures thereof. The
formulations may also include one or more buffers, stabilizing agents, surfactants, wetting
agents, lubricating agents, emulsifiers, suspending agents, preservatives, antioxidants,
opaquing agents, ghdants, processing aids, colorants, sweeteners, perfuming agents, flavoring
agents and other known additives to provide an elegant presentation of a pharmaceutically
active agent {e.g., any one or more of a compound as described herein, any one or more of the
compounds provided in Figures 10A-D, and/or any combination of the same) or aid in the
manufacturing of a pharmaceutical product {e.g., medicarvent).
[30211]  In some embodiments, the pharmaceutical composition includes formulations
comprising a carrier suitable for the desired delivery method. Suitable carriers include any
material that when combined with the pharmaceutical coraposition retains the anti-tumor
function of the pharmaceutical composition and is generally non-reactive with the patient's
immumne system. Examples include, but are not limited to, any of a number of standard
pharmaceutical carriers such as sterile phosphate buffered saline solutions, bacteriostatic
water, and the like (see, generally, Remingion'’s Pharmaceutical Sciences 16th Edition, A
Osal., Ed., 1980). In some embodiments, the pharmaceutical composition includes
formulations sutable for a specific administration rouie (2.2, any one or more of the methods
of administration provided heretn). Techniques and formudations are known in the ast {see,
Remingion’s Pharmaceutical Sciences 18th Edition, Mack Publishing Co., Easton, Pa., 1905),
[302312] For example, a formulation for a pharmaceutical composition suitable for oral
administration can be prepared as discrete untis such as pills, hard or soft, e. g, gelatin
capsules, cachets, troches, lozenges, aqueous or oil suspensions, dispersible powders or
granules, emulsions, syrups or elixirs, each containing a predetermined amowunt of a
compound and/or a conjugate disclosed herein. In some embodiments, such formulations are
prepared according to any method known (o the art for the manufacture of pharmaceutical
compositions, where such corppostiions countain one or more agents including sweetening
agents, flavoring agents, coloring agents and preserving agents, in order to provide a

palatable preparation. In some embodiments, compressed tablets are prepared by

56



WO 2021/146432 PCT/US2021/013451

compressing in a suitable machine a pharmaceutically active agent {e.g , any one or more of a
compound as described herein, any one or more of the compounds provided in Figures 10A-
D, and/or any combination of the same) in a free-flowing form such as a powder or granules,
optionally mixed with a binder, lubricant, inert diluent, preservative, surface active or
dispersing agent. In some embodiments, molded tablets are made by molding in a suiiable
machine a mixture of the powdered drug and/or pharmaceutically active agent moistened
with an inert liguid diluent. The tablets can optionally be coated or scored and optionally are
formulated so as to provide slow or controlied release of the drmug and/or pharmaceutically
active agent therefrom.

[00213]  In some ernbodirents, a formulation for a pharmaceutical composition suitable
for treatment of the eve or other external tissues {e.g., mouth and skin} can be applied as a
topical ointment or cream containing the pharmaceutically active agent {e.g., any one or more
of a compound as described herein, any one or more of the compounds provided in Figures
10A-D, and/or any combination of the same). In some embodiments, the formulation 1s an
ointment, where the pharmaceutically active agent is emploved with either a paraffinic or a
water-miscible ointment base. Alternatively, in some embodiments, the pharmaceutically
active agent is formulated in a cream with an otl-in-water ¢ream base.

[36214] In some embodiments, a formulation for a pharmaceutical composition is an
aqueous suspension comprising the pharmaceutically active agent {e.g., anv one or more of 3
compound as described herein, anv one or more of the compounds provided in Figures 10A-
D, and/or anv combination of the same) and excipients suitable for the manufacture of
aqueous suspensions. Such excipients include a suspending agent, such as sodium
carboxymethyicelhidose, croscarmellose, povidone, methyvicellulose, hydroxypropyt
methvlcellutose, sodium alginate, polyvinyvipyrrolidone, gum tragacanth and gum acacia, and
dispersing or weiting agents such as a naturally occurring phosphatide {e. g, lecithin), a
condensation product of an alkylene oxide with a fatty acid {e.g., polyoxyethylene stearate), a
condensation product of ethylene oxide with a long chain aliphatic alcohol {e.g.,
heptadecaethvieneoxycetanol), a condensation product of ethvlene oxide with a partial ester
derived from a fatty acid and a hexitol anhydnide (e.g., polyoxyethylene sorbitan
monooleate). In some embodiments, the aqueous suspension further comprises one or more
preservatives such as ethyl or v-propvl p-hvdroxybenzoate, oune or more coloring agents, oue

or more flavoring agents, and/or one or more sweetening agents, such as sucrose or saccharin.
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[60215] In some embodiments, the pharmaceutical composition is in the form of a sterile
injectable preparation, such as a sterile injectable agqueous or oleaginous suspension. In some
embodiments, the suspension is formulated according to the known art using suitable
dispersing or wetting agents and suspending agents as described above. In some
embodiments, the sterile injectable preparation is a solution or a suspension in a non-toxic
parenterally acceptable diluent or solvent, such as a solution in 1.3-butanediol or prepared
from a lvophilized powder. Suitable vehicles and solvents include water, Ringer's solution
and isotonic sodium chloride sohution. In addition, the sterile injectable preparation can
comprise sterile fixed oils as a solvent or suspending medivm, anvy bland fixed ol including
svithetic mono- or diglveerides, and/or fatty acids such as oletc acid.

[60216] Additional embodiments of pharmaceutical compositions are possible, including
any additions, deletions, substitutions, and/or modifications of the foregoing examples, as
will be apparent to one skilled in the art, and/or any combinations thereof.

[80217)  Modulation of Arachidonic Acid Metabolism.

[30218] Another aspect of the present disclosure provides a method of modulating
arachidonic acid metabolism in a cell, comprising contacting the cell with a compound
according to any one of the coropounds disclosed herein and/or provided in Figures 10A-D
(see the above section; “Compounds™), or a pharmaceutically acceptable salt thereof.
[00219]  In some embodiments, the cell is a mammalian cell.

[60228]  In some embodiments, the cell is a human cell.

[30221]  In some ernbodiments, the modulatng arachidonic acid metabolism comprises
activation of the arachudonic acid metabolism pathway. In some embodiments, the
modulating arachidonic acid metabolism comprises an activation or a repression of one or
more intermediates in the arachidonic acid metabolism pathway. In some embodiments, the
modulating arachidonic acid metabolism comprises a change in expression level of one or
more intermediates in the arachidonic acid metabolism pathway. Intermediates of the
arachidonic acid metabolism pathway include, for example, any precursors, downsiream
products, and/or catalyzing enzymes mcluding but vot lirnited to arachidomnic acid (AA),
linoleic acid, garnma-linoleic acid, dihomo-gamma-linoleic acid, phospholipase AZ (PLA2),
phospholipase C (PLL), phospholipase D (PLD), diacviglyvcerol (BAG), phosphatidylicholine,
phosphatic acid, eicosanoids, isoprostanes, and/or phosphatidate phosphohydrolase. In some
embodiments, the modulating arachidonic acid metabolic comprises a modulation of one or

more enzymes and/or downstream products of arachidonic acid metabolism {e.g., via the
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cvclooxygenase, lipoxygenase, cytochrome pd50 (CYP 450) and/or anandamide pathways).
For example, in some embodiments, the one or more enzymes and/or downstream products
involved in the cyvclooxygenase pathway include COX-1, COX-2 {prostaglandin H synthase).
prostaglanding {e.g., PGH2, PGEZ, PGD2, PGF2alpha, and/or prostacyclins {e.g., PGI2),
and/or thromboxanes (e.g, TXAZ2, TXBZ). In some embodiments, the one or more enzymes
and/or downstream products iovolved 1o the Hpoxygenase pathway include LOX-5, LOX-§,
LOX-12, LOX-15 enzymes and/or their products, leukoirienes {e.g., LTA4, LTB4, LT(4,
LTD4 and/or LTE4), lipoxins {e.g, LXA4 and/or LXB4) and/or &-12-15-
hydroperoxyetcosatetraenotc acid (HPETE). In soroe embodiments, the one or more
enzymes and/or downstream products involved in the CYP 450 pathway include CYP450
epoxygenase, CYP450 o -hydroxylase, epoxyeicosatriencic acid (EETSs) and/or 20-
hydroxyveicosatetraenoic acid (20-HETE). In some embodiments, the one or more enzymes
and/or downstream products involved in the anandamide pathway comprises FAAH (fatty
acid amide hydrolase), endocannabinoid, and/or anandamude. See, for exarople, Hanna and
Hafez, 2018, “Synopsis of arachidonic acid metabolism: A review,” J Adv Res 11:23-32; doti:
10,1016/ jare 2018.03.005, which is hereby incorporated herein by reference in tis entirety.
[60222]  Therapeidic Applications.

002231  Another aspect of the present disclosure further provides a method of stimulating
an inmune response in a subject in need thereof comprising administering to the subject an
effective amount of a compound according to any one of the compounds disclosed herein
and/or provided in Figures 10A-D (see the above section; “Compounds™), or a
pharmaceutically acceptable salt thereof  Arachidomic acd, for exarople, has been reported to
plav a major role in the maintenance of the immune systern, including aliergies and
mflammation, as well as in the resolution of mflammatory processes. See, for example,
Hanna and Hafer, 2018, “Synopsis of arachidonic acid roetabolista: A review,” J Adv Res
11:23-32; dot: 10.1016/].jare. 2018.03.005, which 1s hereby incorporated herein by reference
in its entirety.

[00224] In some embodiments, the present disclosure further provides a method of
stimudating an tmmune response in a subject in veed thereof cornprising admirustering fo the
subject a pharmaceutical composition comprising an effective amount of a compound
according to any one of the compounds disclosed herein and/or provided in Figures 10A-D

{(see the above section; “Compounds™), or a pharmaceutically acceptable salt thereof
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[60225] In some embodiments, the administering modulates the arachidonic acid
metabolism pathway in a cell. In some embodiments, the stimulating the inmmune response
comprises modulating the arachidonic acid metabolism pathway in a cell. In some
embodiments, the stimulating the immune response comprises contacting a cell with a
compound and/or pharmaceutical composition as disclosed herein,

[60226]  In some embodiments, the subject is a mammal. To some embodiments, the
subject is a human {e.g.. a human with an arachidonic acid metabolism disorder}.

{60227 Anocther aspect of the present disclosure further provides a method of treating a
disorder (e.g., an arachidonic acid deficiency, an arachidonic acid metabolism disorder,
and/or an inflamematory disorder) 1 a subject in need thereof comprising adnunistering {o the
subject an effective amount of a compound according to any one of the compounds disclosed
herewn and/or provided in Figures 10A-T3 (see the above section; “Compounds™, or a
pharmaceutically acceptable salt thereof

[00228] In some embodiments, the present disclosure further provides a method of treating
a disorder {e.g , an arachidonic acid deficiency, an arachidonic acid metabolism disorder,
and/or an inflammatory disorder) in a subject in need thereof comprising admirustering to the
subject a pharmaceutical compaosition comprising an effective amount of a compound
according to any one of the corapounds disclosed herein and/or provided in Figures 10A-D
(see the above section; “Compounds™), or a pharmaceutically acceptable salt thereof.

[38229]  In some embodiments, the administering modulates the arachidonic acid
metabolism patbway 10 a cell. n some embodiments, the treating the disorder cowprises
modulating the arachidonic acid metabolism pathway in a cell. In some embodiments, the
treating the disorder comprises contacting a cell with a compound and/or pharmaceutical
composition as disclosed herein,

[00238]  In some embodiments, the subject is a human. In some embodiments, the subject
is a human that has been diagnosed with a disorder {e.g , an arachidonic acid deficiency, an
arachidonic acid metabolism disorder, and/or an inflammaiory disorder).

[60231]  In some embodiments, an effective amount of a compound and/or a
pharmaceutical composition comprising the same, 1s administered to the subject by any
suitable means to modulate the respective pathway, stimmidate the inumune response and/or
treat the respective disorder. For example, in certain embodiments, the compound and/or
pharmaceutical composition can be admunistered by intravenous, intraocular, subcutaneous,

and/or intramuscular means. The compound and/or pharmaceutical composition can be
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administered by parenieral {including iniravenous, intradermal, intraperitoneal, intramuscular
and subcutaneous) routes or by other delivery routes, including oral, nasal, buceal,
sublingual, intra-tracheal, transdermal, transmucosal, and pulmonary. In certain
embodiments, the compound and/or pharmaceutical composition can be admunistered either
svstemically or locally {e.g., directly). Systemic adounistration includes: oral, transdermal,
subdermal, intraperitioneal, subcutaneous, transnasal, sublingual, or rectal. Altematively, the
compound and/or pharmaceutical composition can be delivered via a sustained delivery
device implanted, for example, subcutaneounsly or intramuscularly. The compound and/or
pharmaceutical composttion can be adnunisiered by continuous release or delivery, using, for
example, an infusion pump, continuous infusion, controlled release formulations utilizing
polymer, oil or water insoluble matrices.

606232  In certain embodivoents, the term “effective amount” refers to an amount of a
compound and/or pharmaceutical composition that results in a desired biological or
physiological effect {e. g.. modulation of the arachidonic acid metabolism pathway and/or
stimmdation of an immune response} and/or improvement or remediation of diseass or
condition in the subject (.., an arachidonic acid deficiency}. An effective amount to be
administered to the subject can be determined by a physician with consideration of individual
differences in age, weight, the disease or condifion being treated, disease severity and
response to the therapy. In certain embodiments, the compound and/or pharmaceutical
composition can be admirustered to a subject alone or in combination with other
compositions. In some embodiments, the compound and/or pharmaceutical composition is
admunistered at periodic intervals, over multiple time points, and/or for a duration of
treatment. For example, in some such embodiments, the compound and/or pharmaceutical
compostiion is adrmanistered at least every 1, 2,3, 4, 6, 8, 12, or 24 hours, at least every 1, 2,
3,4, 5, 6, 0r 7 days, at least every 1, 2, 3 or 4 weeks, or at least at a monthly, bi~-monthly,
annually or bi-annually frequency. In some embodiments, the compound and/or
pharmaceutical composition is adrotrustered at a single time point. In some embodiments, the
time needed to complete a course of the treatment is determined by a physician. In some
embodiments, the course of treatment ranges from as short as one day to more than a month.
In certain embodiments, a course of treatrment can be from 1 fo 6 months, or more than 6

months.
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[60233] In some embodiments, the compound and/or pharmaceutical composition
comprises a formulation that is selected for the mode of delivery, e g., intravenous,
intraocular, subcutaneous, and/or intramuscular means.

[60234] According to some embodiments of the present mvention, the compound and/or
pharmaceutical composition can be admunistered in combination with one or more active
therapeutic agents for treating co-infections or associated complications. Additional muethods
of administration of compounds and/or pharmaceutical compositions are possible. as will be
apparent to one skilled in the art.

[602358] Hii. Examples

[00236] Example 1. Predicting Molecules that Effect Cell State Transitions

[60237] The following describes a sequence of proof of concepts that illustrate the
abovementioned systems and methods and provide first demonstrations of predicted in sifico-
generated molecules with desired effecis on pathways and cell states.

[60238]  From predicting known drugs fo generating new molecules.

[00239] International Patent Application No. PCT/US2019/041976. entitled “Methods of
Analyzing Cells,” filed July 16, 2019, which is hereby incorporated herein by reference in its
entirely, discloses the prediction of known drugs that effect desived cell state changes by
learning mappings from molecular datasets that capture disease-relevant cell states (e g..
cellular phenotypes) to molecular datasets that capture perturbation experiments of known
molecutes. Using such methods, molecules that would be most hikely to induce or reverta
desired disease-relevant molecular state can be mferred by predicting the respective identities
in the form of labels for the respective molecules out of a perturbation dataset comprising
tens of thousands of molecules.

[382408] The procedure is generalized by encoding drug labels into representations of their
chemical structure, which allows the interpolation of drugs between desired states and other
constraints by varying their chemical structure.

[00241]  Labelling chemical siructures with cellular state activations or inhibitions.
[60242] Ome approach of doing s0 is to “collapse™ all information in the molecular feature
space {(e.g., the transcriptional profile as measured in scRNA-seq or the L1000 assay), to a
single “score™ that represents the activation of a cell state. Specifically, classifiers are frained
on data with disease relevance on the task of discriminating relevant cell states.

Alternatively, differential expression tesis are performed to derive gene sets marking the
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activation of a cell siate. Applying such classifiers to a dataset capturing perturbation
experiments of molecules amounts o labelling drugs with a score that indicates whether the
drug activated or indubited the cell state, depending on covariates. Alternatively, if using
differential-expression derived gene sets, the score can be computed using, e.g., Scanpy.
[60243] Through this procedure, all high~dimensional variation in the moleculas
configuration is ehmivnated, resulting 1n a table that stores roolecules {e.g., drugs) ju the first
column and activations and inhibitions of cell states and/or additional covariates in
subsequent columns. The colemn containing the drug (molecule} iabel can be readily
replaced with its chemical structure, for instance, in the form of its SMILES siring. In some
preferred emboduments, the representation of chenucal structures as SMILES strings
facilitates the application of the methods for learning mappings of chemical structure to cell
state labels (see, International Paient Application No. PCT/US2019/041976, entitled
“Methods of Analyzing Cells,” filed July 16, 2019, which is hereby incorporated herein by
reference in ifs entirety).

[60244]  Inferpolation of compounds (known drugs).

[38245] New molecule generation needs new latent space veciors, Provided with these
mappings, existing data between cell states is interpolated to generate new roolecules. While
many approaches for such interpolations exist, they are all followed by a guality assessment
of the produced molecule using the classifier described previously. Even in the presence of a
suboptimal interpolation schema {“generator™), the classifier can ensure that one in fact only
keeps molecules that induce the desired cell state change.

[60246] The interpolation can be performed by variety of ways, such as sampling a pair of
known molecules that have the desired activity and taking sieps on the line that connects their
latent space vector representations. Alternatively, in some emnbodiments, a Geverative
Adversarial Network (GAN) is used to learn a mapping from high-dimensional Gaussian
noise o the latent vector space, such that, when added to the representation of known active
molecules, the newly obtained latent vector still generates an active molecule. In another
embodiment, the interpolation is performed for a plurality of P molecules {e.g., where P is
greater than 2). In some such embodiments, where P is greater than 2, the interpolation is
performed by determining the center of mass for the plurality of P molecules, selecting a
roolecule froro the plurality of P molecules {e.g., via randoro saropling), and applying a livear
interpolation described above to the pair represented by the randomly selected molecule and

the center of mass for the plurality of P molecules. In some embodiments, the random
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sampling followed by linear interpolation method is repeaied M times to generate a plurality
of molecules {e.g., M generated molecudes). In some embodiments, P is an integer with a
value of at least 2, at least 3, at least 4, atleast 5, at least 6, at least 7, at least §, at least 9, at
least 10, atleast 11, atleast 12, at least 13, at least 14, at least 15, at least 16, at least 17, at
least 18, ai least 19, at leasi 20, at least 30, at least 40, at least 50, at least 60, at least 70, at
least 80, at least 90, or at least 100, In some embodiments, P is an integer with a value of at
least 100, at least 200, at least 300, at least 400, at least 500, at least 600, at least 700, at least
800, at least 900, at least 1000, at least 2000, at least 3000, at least 4000, at least 5000, at
least 6000, at least 7000, at least 8000, at least 9000, or at Teast 10,000, In some
embodiments, M is an integer less than or equal to P. In some embodiments, M is an integer
greater than or equal o P.

[60247)  Predicting drugs that activate states characterized by the activation of given
pathways.

[60248] Quantifying the activation of a pathway in a cellular state is often an important
characterizaiion of a state with high disease relevance. The following considered this specific
case of representing cellular states, based on known pathways that are characterized by
known gene sets. The procedure can be equally well executed with geve sets derived de nove
from molecular data with disease relevance.

[60249] The gene sets that were used to define 236 pathways were obtained from the
KEGG database. The perturbation experiment data were obtained from LINCS L1000 assay
(Level 5) for A549 cells. The selected data were further filtered to include onlv those where
the perturbation was applied for 24 houwss, resulting in 16377 perturbations from 10600 small
molecules. The replicates for the same small molecude were averaged. A random 600 out of
F0600 small molecules were held out from traning, creating a test dataset. The rernaining
data was referred to as the training dataset.

[30250] Each perturbation experiment was scored for each pathway by providing the
associated gene sets 1o a Python package, Scanpy. Afier scoring each perturbation for each
pathway, binary labels was created such that if the score for a particular pathway was
negative and less than the inhibition threshold, the small molecule was considered to inhibit
that pathway. Likewise, if the score was higher than the activation threshold, it was
constdered to promote the pathway of tnierest. The inhibition and activation thresholds were
defined from the multimodality of the score distribution across the perturbations for a given

pathway. For example, Figure 6 illustrates the score distribution for inhibition and activation
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thresholds for perturbations applied to the mTOR pathway. Scoring was performed using K-
means clustering algorithm with 3 clusters on the scores of each pathway, resulting in low,
medium, and high score clusters which define the inhibition and activation thresholds.
Therefore, each perturbation experiment is labeled with 236 activation and 236 inhibition
binary labels.

[60251]  Swall molecules were inthally represented as SMILES strings. These SMILES
strings were converted into molecular graph representation using a coramen Python library,
RDKIT (see, for example, RDkit: Open-source cheminformatics; available on the Internet at
www. rdkit.org). A molecudar graph s a data structure which contains an adjacency matrix
and a feature matrix. The adjacency matrix 15 a synuneiric binary matrix where rows {and
columns} correspond to the atoms in the molecule and entries of the mairix indicate if there is
4 bond between the pair of atoms corresponding row and column. In contrast, the feature
mainx comprises the same number of rows, where each row represents the features of the
corresponding atoms and the columns represent individual features across the atoms.

[60252] Molecules were encoded in 50-dimensional space via processing through the
Graph Neural Network encoder model. A classifier was applied to predict the 472 binary
labels of 236 pathways. The encoder and the classifier models were jointly tramned to
minimize the average binary cross entropy loss. For example, Figure 7 illustrates foss curves
over multiple iterations during training. In some embodiments, overfitting of a model to a
tramning dataset {e. g., the traiming saroples) is observed by an increase in test data loss and/or
a decrease in test data accuracy. Such overfitting indicates a loss in the ability of the model
to generalize in order to generate predictions from the test dataset. Thus, in some
embodiments, training a model comprises monitoring loss or accuwracy curves over one or
more periods of training time {e.g., epochs) to assess whether overfitting of the model has
occurred. In Example 7, the model converges without losing generalization ability to unseen
{(testing} data (e.g., overfitting).

[60253]  After training the model, the performance was measured via the precision at 10%
recall score, where precision indicates the relevance of the returned resulis {e.g . specificity)
and recall indicates the number of relevant resulis returned {e.g., sensttivity). Out of 472
cases, the model achieved reliably high precision (>80%) for 12 pathways. Figure 8
iustrates the performance of the model using four example pathways, showing relatively

high precision (80% or higher) at 10% recall.
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[60254] More specifically, Figures 11A-L illustrate performance of the classification
model using each of the 12 pathways. Figure 11A: activation of arachidonic acid
metabolism; 11B: inhibition of alpha-linclenic acid metabolismy; 11C: activation of msulin
secretion; 11D activation of proteasome; 11E: activation of synaptic vesicle cycle; 11F:
inhibttion of human T-cell leukemia virus 1 infection; HG: activation of cvtosolic DNA
sensing pathway: 11H: inhibition of calcium signaling pathway; 111 inhibition of Chagas
disease {e.g.. American trypanosonuasisy, 11J; inhibition of oocyte meisosis; 11K inhibition
of nucleotide excision repair; 11L: activation of pancreatic secretion. For each of the 12
pathways, the model exhibited high precision {e.g., 60% or higher) at 109% recall, where
precision improved over higher numbers of training ierations,

[60255] Molecule generation was performed using a decoder that accepts the encoded
molecule and corresponding function tree representation as input and retums the
cotresponding SMILES string as output. The decoder {e.g., the generator} was trained on a
ZINC dataset, which contains ~250K drug like virtual molecules. See, for example, Irwin
and Shoichet, “ZINC - A Free Database of Commercially Available Compounds for Virtual
Screening,” J Chemn Inf Model. 2005; 45(1): 177-182, which is hereby incorporated herein by
reference in its entirety. To align the latent representation space of encoder and decoder,
training the decoder was based on the pre-trained, parameter-frozen encoder with an
objective to maximize the likelihood of molecudar subgraph generation.

[B0256]  Afler training the decoder, the molecules that are known to promote particular
pathways (e g., promoting Arachidonic acid metabolism) were selected {e. g , the inference
set) and encoded into the latent representation space. A pair of molecule representation
vectors from this space was selecied and new vectors were generated in this space along the
line conmecting the two molecules by interpolating with a desired aroount. In some
embodiments, interpolation between a pair of molecules and/or representation of molecules
comprises selecting a number of desired intermediates {e.g., “steps™}, along the line that
connects the patr, and, at each respective “step,” predicting (e. g.. generating) a new rolecule
and/or representation of a molecule. In some embodiments, the number of desired
intermediates is at least 1, at least 2, at least 3, at least 4, at least 5, ai least 6, at least 7, at
least 8, at feast 9, at least 10, at least 20, at least 30, at least 40, at least 50, at teast 60, at least
70, at least 80, at least 90, at least 100, at least 200, at least 300, at least 400, af least 500, at
least 600, at least 700, at least 800, at least 900, at least 1000, at least 2000, at least 3000, at
least 4600, at leasi 5000, at least 6000, at least 7000, at least 8000, at least 9000, at least
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10,000, or more than 10,000 intermediates. In an example embodiment, new vectors were
generated in the space between the pair of molecule representation vectors by generating a
molecule for each of 1000 intermediate points along the connecting line {e.g . “steps™). For
example, Figure 9 iHustrates an example of molecules generated using interpolation of two
molecule representation vectors corresponding to two known compounds with activity in
promoting Arachidonic acid metabolism. These nterpolated vectors were passed to the
decoder to generate new SMILES sirings, which were filtered to remove those that
corresponded to known molecules. The remaining molecules were passed through the
encoder and subsequently to the previously trained classifier in order to score their potential
activation for the respective particular pathway {e.g., promoting Arachidonic acid
metabolism}. The molecules were thus further filtered by applying a retainment score
threshold defined by precision at 10% recall (hits@ 10). Figure 10A illustrates a set of
molecules that prorote Arachidonic acid metabolisro, sorted by thetr scores froro the
classifier. In addition to known molecules, three novel molecules that were not present in
either the training set or the inference set were generaied by the model {shown in boxes and
in Figures 10B, 10C, and 10D). Classifier scores were calculated as described above and as
itlustrated in Figure 6.

[60257] Thus, as illustrated in Figures 8 and 11 A-L, in some embodiments, the present
disclosure provides a classifier model for predicting (e.g., generating) one or more
compounds with desired hiological properties. In some embodirernts, the model s trained
using a phurality of molecules comprising at least the respective biological property {e. g,
using cellular perturbation data obtained from a compound screening dataset}, In some
embodiments, the desired biological property is an ability to induce a perturbation in a
cellular and/or biological pathway. For example, in some embodiments, the cellular and/or
biclogical pathway i3 a pathway involved in arachidonic acid metabolism, alpha-linolenic
acid metabolism, insulin secretion, proteasome, synaptic vesicle evcle, human T-cell
leukernia virus 1 infection, cytosolic DNA sensing pathway, calcium signaling pathway,
Chagas disease {e.g, American trypanosomiasis), oocyie meisosis, nucleotide excision repair,
and/or pancreatic secretion. In some embodiments, the cellular and/or biological pathway is
a pathway selected from the KEGG pathway database, available on the Internet at

www.eenone pkege/pathwav. hind. In some embodiments, the perturbation in the

respective cellular and/or biological pathway is an activation and/or an inhibition in the

respective pathway. Thus, in some embodiments, the present disclosure provides a classifier
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maodel for predicting (e.g., generating} compounds capable of activating and/or inhibiting a
respective cellular and/or biological pathway, such as a pathway selected from the KEGG
pathway database.

[60258] In some embodiments, the classifier model predicts (e.g., generates) at least 1, at
least 2, at feast 5, at least 10, at least 15, at least 20, at least 25, at least 30, at teast 35, at least
40, atleast 45, at least 50, af least 53, at least 60, at least 65, at least 70, at least 75, at least
80, at least 85, at least 90, at least 95, or at least 100 compounds. In some embodiments, the
classifier model predicts (e.g., generates) at least 50, at least 100, at least 200, ai least 300, at
least 400, at least 500, at least 600, at least 700, at least 800, at least 900, or at least 1000
compounds. In some ernbodirents, the classifier model predicts {e. g, generates) at least
1000, at least 2000, at least 3000, at feast 4000, at least 5000, at least 10,000, or more than
10,000 compounds.

[B0258]  In some erbodioents, the one or roore compounds predicted by the classifier
model comprises at least 1, at least 2, at least 5, at least 10, at least 15, at least 20, at least 25,
at feast 30, at least 35, at least 40, at least 45, at least 50, at least S5, at least 60, at least 63, at
least 70, at least 75, at least 80, at least 85, at least 90, at least 95, at least 100, at least 200, at
Tsast 300, at teast 400, at least 300, at least 600, at least 700, at least 800, at least 900, or at
least 1000 previously known compounds. In some embodiments, the one or more
compounds predicted by the classifier model comprises no more than 1, no more than 2, no
more than 5, no more than 10, no more than 15, no more than 20, no more than 25, no more
than 30, no more than 35, no more than 40, no more than 45, no more than 50, no more than
58, no more than 60, no more than 635, no more than 70, no more than 75, no more than 80,
no more than 83, no more than 90, no more than 95, no more than 100, no more than 200, no
more than 300, no more than 400, no more than 500, no more than 600, no more than 700, no
more than 800, no more than 900, or no more than 1000 previously known compounds.
[60260] In some embodiments, the present disclosure provides a classifier model for
predicting {e.g., generating) one or more compounds active in {e.g., induces a perturbation in)
the arachidonic acid metabolism pathway. In some embodiments, the present disclosure
provides a classifier model for predicting (e. g, generating} compounds that activate and/or
inhibit the arachidonic acid metabolism pathway. In some embodiments, the present
disclosure provides a method for (i) predicting {e. g, generating) one or more compounds that
induce a perturbation in the arachidonic acid metabolism pathway and (i1} applying the one or

more compounds 1o a subject {e. g, an animal or a human subject} to induce a perturbation in
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the respective pathway. In some embodiments, the method further comprises synthesizing
the one or more compounds prior 1o the applving the one or more compounds {0 the subject.
[00261]  In some embodiments, the present disclosure provides a classifier model for
predicting {e.g., generating) one or more compounds active in {e.g., induces a perturbation in}
the alpha-linolenic acid metabolism pathway. In some embodiments, the present disclosure
provides a classifier model for predicting (e g, generating) compounds that activate and/or
inhibit the alpha-hinolenic acid metabolism pathway. In some embodiments, the present
disclosure provides a method for (i) predicting {e.g., generating} one or more compounds that
induce a perturbation in the alpha-linolenic acid metabolism pathway and (i1} applving the
one or more cornpounds to a subject {e.g., an aniroal or a human subject) to induce a
perturbation in the respective pathway. In some embodiments, the method further comprises
synthesizing the one or more compounds prior to the applving the one or more compounds to
the subject.

[60262] In some embodiments, the present disclosure provides a classifier model for
predicting {e.g., generating) one or more compounds active in {e.g., induces a perturbation in}
the insulin secretion pathway. In some embodiments, the present disclosure provides a
classifier model for predicting (e.g., generating) compounds that activate and/or intubit the
insulin secretion pathway. In some embodiments, the present disclosure provides a method
for (1) predicting {e.g., generating) one or more compounds that induce a perturbation in the
insulin secretion pathway and (i1} applving the one or more coropounds to asubject {e.g., an
animal or a human subject} to induce a perturbation in the respective pathway. In some
embodiments, the method further comprises synthesizing the one or more compounds priot o
the applving the one or more compounds to the subject.

[60263]  In some erobodioents, the present disclosure provides a classifier roodel for
predicting {e.g, generating) one or more compounds active in {e.g., induces a perturbation in}
the proteasome pathway. In some embodiments, the present disclosure provides a classifier
model for predicting (e.g., generating} compounds that activate and/or inhibit the proteasome
pathway. In some embodiments, the present disclosure provides a method for (1} predicting
(e.g., generating} one or more compounds that induce a perturbation in the proteasome
pathway and (11} applying the one or more compounds to asubject (e.g, ananimal or a
human subject) to induce a perturbation in the respective pathway. In some embodiments,
the method further comprises synthesizing the one or more compounds prior to the applying

the one or more compounds 1o the subject.
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[60264] In some embodiments, the present disclosure provides a classifier model for
predicting {e.g., generating) one or more compounds active in {e.g., induces a perturbation in}
the synaptic vesicle cycle pathway. In some embodiments, the present disclosure provides a
classifier model for predicting {e.g., generating) compounds that activate and/or inhibit the
svnaptic vesicle eycle pathway. In some embodiments, the present disclosure provides a
method for (1) predicting {e.g., generating) one or more compounds that induce a perturbation
in the synapiic vesicle cvcle pathway and (i1} applying the one or more compounds 10 a
subject {e.g, an animal or a human subject} to induce a perturbation in the respective
pathway. In soroe emboduments, the roethod further comprises synthesizing the one or more
compounds prior to the applving the one or more compounds to the subject.

[602658] In some embodiments, the present disclosure provides a classifier model for
predicting {e.g., generaling) one or more compounds active in {e.g., induces a perfurbation in}
the buman T-cell leukenua virus 1 infection pathway. In some ernbodiments, the present
disclosure provides a classifier model for predicting {e.g., generating) compounds that
activate and/or inhibit the human T-cell leukemia virus 1 infection pathway. In some
embodiments, the present disclosure provides a method for () predicting {e.g., generating)
one or more compounds that induce a perturbation in the human T-cell leukenmua virus 1
infection pathway and (i1} applving the one or more compounds to a subject {e.g2., an animal
or a human subject} to induce a perturbation in the respective pathway. In some
embodiments, the method further comprises synthesizing the one or more compounds priot {o
the applying the one or more compounds fo the subject.

[60266] In some embodiments, the present disclosure provides a classifier model for
predicting {e.g., generaling) one or more compounds active in {e.g., induces a perfurbation in}
the cviosolic DNA sensing pathway. In some ernbodiments, the present disclosure provides a
classifier model for predicting (e.g., generating) compounds that activate and/or inhubit the
cylosolic DNA sensing pathway. In some embodiments, the present disclosure provides a
method for (1) predicting {e.g., generating) one or more compounds that induce a perturbation
in the cytosolic DNA sensing pathway and (11) applying the one or more compounds to a
subject {e.g . an animal or a human subject} to induce a perturbation in the respective
pathway. In some embodiments, the method further comprises synthesizing the one or more
compounds prior to the applying the one or more compounds to the subject.

[60267] In some embodiments, the present disclosure provides a classifier model for

predicting {e.g., generating} one or more compounds active in {e.g., induces a perturbation in}
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the calctum signaling pathway. In some embodiments, the present disclosure provides a
classifier model for predicting {(e.g., generating} compounds that activate and/or inhubit the
calcium signaling pathway. In some embodiments, the present disclosure provides a method
for (i) predicting {e.g., generating) one or more compounds that induce a perturbation in the
caleium signaling pathway and (it} applyving the one or more compounds to a subject {e.g., an
animal or a human subject) fo induce a perturbation in the respective pathway. In some
embodiments, the method further comprises synthesizing the one or more compounds prior to
the applying the one or more compounds to the subject.

[30268] In some embodiments, the present disclosure provides a classifier model for
predicting {e. g, generating) one or more corpounds active in {e.g., induces a perturbation )
the Chagas disease (e.g., American trypanosomiasis) pathway. In some embodiments, the
present disclosure provides a classifier model for predicting {e.g., generating) compounds that
activate and/or indubit the Chagas disease {e. 2., American frypanosonuasis) pathway, In
some embodiments, the present disclosure provides a method for (i) predicting {e.g.,
generating) one or more compounds that induce a perturbation in the Chagas disease (e.g.,
American trypanosomiasis) pathway and {it) applying the one or more compounds {0 a
subject {e.g , an animal or a human subject} to induce a perturbation in the respective
pathway. In some embodimenis, the method further comprises synthesizing the one or more
compounds prior to the applying the one or more compounds (o the subject.

[B0263]  In some ernboditoents, the present disclosure provides a classifier oodel for
predicting {e. g, generating) one or more compounds active in {e.g., induces a perturbation in)
the cocyte meisosis pathway. In some embodiments, the present disclosure provides a
classifier model for predicting {e.g., generating) compounds that activate and/or inhubit the
oacyte meisosis pathway. In some embodiments, the present disclosure provides a method
for (1) predicting {e.g., generating) one or more compounds that induce a perturbation in the
oocyte meisosis pathway and (i1} applying the one or more compounds to a subject (.2, an
animal or a human subject) fo induce a perturbation in the respective pathway. fn some
embodiments, the method further comprises synthesizing the one or more compounds prior {0
the applving the one or more compounds to the subject.

[38278] In some embodiments, the present disclosure provides a classifier model for
predicting {e.g., generating) one or more compounds active in {e.g., induces a perturbation i)
the nucleotide excision repair pathway. In some embodiments, the present disclosure

provides a classifier model for predicting (e. g, generating) compounds that activate and/or
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inhibit the nucleotide excision repair pathway. In some embodiments, the present disclosure
provides a method for (i) predicting {e.g., generating) one or more compounds that induce a
perturbation in the nucleotide excision repair pathway and (i1} applying the one or more
compounds 1o a subject {e.g., an animal or a human subject} to induce a perturbation in the
respective pathway. In some embodiments, the wethod further comprises synthesizing the
one or more cornpounds prior o the applying the one or more compounds to the subject.
[60271]  In some embodiments, the present disclosure provides a classifier model for
predicting (e.g., generating)} one or more compounds active in {e.g., induces a perturbation in})
the pancreatic secretion pathway. In some embodiments, the present disclosure provides a
classifier model for predicting (e 2., generating) compounds that activate and/or mhibit the
pancreatic secretion pathway. In some embodiments, the present disclosure provides a
method for (i) predicting (e.g., generating} one or more compounds that induce a perturbation
in the pancreatic secretion pathway and (i1} applving the one or more compounds 1o a subject
{e.g., an animal or a human suhject) fo induce a perturbation in the respective pathway. In
some embodiments, the method further comprises synthesizing the one or more compounds
prior {0 the applying the one or more compounds (o the subject.

[602721  In some embodiments, the classifier is any of the classifiers disclosed in greater
detail herein {see, “Constrained Representation Learning,” above). For example, in some
embodiments, the classifier is, for example, a logistic regression classifier, a k-nearest
neighbor classifier, a deep neural network classifier, a support vector machine classifier, a
deciston tree classifier, or a naive Baves classifier, efc

[30273] In some embodiments, the present disclosure further provides a method of traming
a classifier model for predicting {e.g., generating) one or more compounds with desired
biological properties. In some embodiments, the desired biological property is an ability to
induce a perturbation in a cellular and/or biclogical pathway. For example, in some
embodiments, the celhular and/or biological pathway is a pathway invelved i arachidonic
acid metabolism, alpha-linolenic acid metabolism, insulin secretion, proteasome, synaptic
vesicle cyele, human T-cell leukemia virus 1 mnfection, cviosolic DNA sensing pathway,
calcium signaling pathway, Chagas disease {e.g., American trypanosomiasis}, oocyte
meisosis, micleotide excision repair, and/or pancreaiic secretion. In some embodiments, the
cellular and/or biological pathway is a pathway selected from the KEGG pathway database,
avatlable on the Intemet at www genome jp/kege/pathway htmi. In some embodiments, the

perturbation in the respective celhular and/or biological pathway is an activation and/or an
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inhibition in the respective pathway. Thus, in some embodiments, the present disclosure
provides a method of training a classifier model for predicting {e.g., generating) compounds
capable of activating and/or inhibiting a respective cellular and/or biological pathway, such
as a pathway selected from the KEGG pathway database. In some embodiments, the
classifier is any of the classifiers disclosed in greater detail above, and/or any subsiitutions,
deletions, additions, modifications, and/or combinations thereof, as will be apparent to one

skilled in the art.

REFERENCES CITED AND ALTERNATIVE EMBODIMENTS
[60274]  All references cited herein are incorporated herein by reference in their enfirety
and for all purposes to the same extent as if each individual publication or patent or patent
application was specifically and individually indicated to be incorporated by reference in iis
entirety for all purposes.
[B0275]  The present invention can be implemented as a computer program product that
includes a computer program mechanism embedded in a non-transitory computer readable
storage medium. For mnstance, the computer program product could contain the program
roodules shown in any corabination of Figures 1 or 2. These program modules can be stored
on a CD-ROM, DV D, magnetic disk storage product, or any other non-iransitory computer
readable data or program storage product.
[60276] Many modifications and variations of this invention can be made withoui
departing from s spirit and scope, as will be apparent to those skilled in the art. The specific
embodiments described herein are offered by way of example only. The embodiments were
chosen and described in order to best explain the principles of the invention and its practical
applications, to thereby enable others skilled 1 the art to best utilize the invention and
various embodiments with various modifications as are sutted to the particular use
contemplated. The invention is to be limited only by the terms of the appended claims, along

with the full scope of equivalents to which such claims are entitled.



