(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
03 October 2019 (03.10.2019)

(10) International Publication Number

WO 2019/191123 Al

WIPO I PCT

(51) International Patent Classification:
GO6F 19/12 (2011.01) GO6F 19/20 (2011.01)
GO6F 19/18 (2011.01)

(21) International Application Number:
PCT/US2019/024108

(22) International Filing Date:
26 March 2019 (26.03.2019)

(25) Filing Language: English
(26) Publication Language: English
(30) Priority Data:

62/648.355 26 March 2018 (26.03.2018) UsS

(71) Applicants: THE TRUSTEES OF PRINCETON
UNIVERSITY [US/US]; 87 Prospect Avenue, Princeton,
NJ 08544 (US). THE SIMONS FOUNDATION, INC.
[US/US], 160 Fifth Avenue, 7th Floor, New York, NY
10010 (US).

(72) Inventors; and

(71) Applicants: ZHOU, Jian; 148 1St Street, Unit 508, Jersey
City, NJ 07302 (US). THEESFELD, Chandra, 86 Maple-
ton Road, Princeton, NJ 08540 (US). TROYANSKAYA,
Olga, G., 168 Fitzrandolph Road, Princeton, NJ 08540
(Us).

Agent: THOMAS, Charles, A.; Kppb LLP, 2190 S. Towne
Centre Place, Suite 300, Anaheim, CA 92806 (US).

(74)

(81) Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
CA, CH, CL, CN, CO, CR, CU, CZ,DE, DJ, DK, DM, DO,
DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, HN,
HR, HU, ID, IL, IN, IR, IS, JO, JP, KE, KG, KH, KN, KP,
KR,KW,KZ,LA,LC,LK,LR,LS,LU,LY, MA, MD, ME,
MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,
SC, SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

(54) Title: METHODS FOR PREDICTING GENOMIC VARIATION EFFECTS ON GENE TRANSCRIPTION

( Start )

Process 100

101
y

Obtain genetic data from a biological sample

103

Determine the spatial chromatin profile along the sequence of the genetic
data of the biological sample using a first computational model

J' 105

Based on the spatial chromatin profile along genes within the genetic data
of the biological sample, determine expression level of the genes using a
second computational model

( Complete )

y

Fig. 1

w0 2019/191123 A1 |0 0000 00000 O 0

(57) Abstract: Processes to determine the effect of genetic sequence on gene expression levels are described. Generally, models are
used to determine spatial chromatin profile from genetic sequence, which can be used in several downstream applications. The effect of
the spatial chromatin profile on gene expression is also determined in some instances. Various methods further develop research tools,
perform diagnostics, and treat individuals based on sequence effects on gene expression levels.

[Continued on next page]



WO 2019/191123 AT [I 000000 000000 T O

(84) Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ, TZ,
UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FL, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Published:

—  with international search report (Art. 21(3))

—  before the expiration of the time limit for amending the
claims and to be republished in the event of receipt of
amendments (Rule 48.2(h))

—  with sequence listing part of description (Rule 5.2(a))



WO 2019/191123 PCT/US2019/024108

METHODS FOR PREDICTING GENOMIC VARIATION EFFECTS ON GENE
TRANSCRIPTION

CROSS REFERENCE TO RELATED APPLICATIONS

[0001] This application claims priority to U.S. Provisional Application Ser. No.
62/648,355 entitled “Predicting the Effects of Genomic Variation on Human Gene
Transcription and Correlating with Disease Risk,” filed March 26, 2018, which is

incorporated herein by reference in its entirety.

STATEMENT REGARDING FEDERALLY SPONSORED RESEARCH OR
DEVELOPMENT

[0002] This invention was made with Government support under Grants No.
HHSN272201000054C, No. GM071966, No. HL117798, and No. HG005998 awarded by

the National Institutes of Health. The Government has certain rights in the invention.

REFERENCE TO A SEQUENCE LISTING SUBMITTED ELECTRONICALLY VIA EFS-
WEB

[0003] The instant application contains a Sequence Listing which has been filed
electronically in ASCII format and is hereby incorporated by reference in its entirety. Said
ASCII copy, created on March 25, 2019, is named 06010 Seq List_ST25 and is 9 kilobytes

in size.

FIELD OF THE INVENTION
[0004] The invention is generally directed to methods and processes for genetic data
evaluation, and more specifically to methods and systems utilizing genetic data to

determine gene expression levels and applications thereof.

BACKGROUND
[0005] Eukaryotic cells utilize complexes of DNA, RNA and protein, referred to as
chromatin, to regulate gene expression and thus control its cellular function. When a DNA

strand is in a packed, condensed chromatin state, genes on the DNA strand are repressed
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from expressing. On the contrary, when a DNA strand is in an unpacked, open chromatin
state, genes on the DNA are expressed to produce RNA and subsequent protein
products. A cell will modulate its chromatin status along DNA strands to control gene
expression.

[0006] Within the sequence of a cell’'s DNA are elements that recruit various factors to
modulate chromatin and gene expression. Various gene expression elements include
transcription factor binding sites, operators, enhancers, silencers, promoters,
transcriptional start sites, and insulators. Single nucleotide variations, nucleotide
insertions, and nucleotide deletions in genetic sequences that affect chromatin formation
can produce various effects on gene expression, resulting in heterogeneity in gene

expression between different DNA sequences.

SUMMARY OF THE INVENTION

[0007] Several embodiments are directed to methods and processes to evaluate
variants that affect expression levels of transcripts.

[0008] In an embodiment to evaluate gene expression, genetic data is obtained from
a biological sample. The genetic data includes at least one gene sequence. The
expression level of the at least gene is determined utilizing a computational framework.
The computational framework utilizes the genetic data to determine epigenetic regulatory
features spatially along a genetic sequence that includes the at least one gene sequence.
The computational framework determines the expression level of the at least one gene
based on the epigenetic regulatory features along the genetic sequence that includes the
at least one gene sequence. A biochemical assay to assess the biological sample is
performed based on the determination of the expression level of the at least one gene.
[0009] In another embodiment, the biological sample is one of: a biopsy of an
individual, an in vitro cell line, or a mouse research model.

[0010] In yet another embodiment, the genetic data has been obtained by extracting
DNA from the biological sample.

[0011] In afurther embodiment, the epigenetic regulatory features include at least one

of: sites of chromatin accessibility, chromatin marks, and transcription factor binding sites.
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[0012] In still yet another embodiment, the computational framework includes a deep
convolutional neural network to determine the epigenetic regulatory features spatially
along the genetic sequence.

[0013] In yet a further embodiment, the deep convolutional neural network is trained
on epigenetic regulatory data acquired by at least one epigenetic assay.

[0014] In an even further embodiment, the epigenetic is assay is one of. chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture
sequencing, bisulfite sequencing (BS-seq), or methyl array.

[0015] In yet an even further embodiment, the deep convolutional neural network
determines the epigenetic regulatory features spatially along the genetic sequence by
considering single nucleotide variants, insertions, and deletions within the genetic
sequence.

[0016] In still yet an even further embodiment, the computational framework is trained
for a particular cell-type or tissue.

[0017] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence for all
Poll Il transcribed genes of an organismal genome.

[0018] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence in
reference to a sequence structure of the at least one gene.

[0019] In still yet an even further embodiment, the sequence structure is a transcription
start site or promoter sequence.

[0020] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb,
15 kb, 20 kb, 25 kb, or 50 kb upstream of the gene sequence structure.

[0021] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb,
15 kb, 20 kb, 25 kb, or 50 kb downstream of the gene sequence structure.
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[0022] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence in
sequence bins, wherein the sequence bins are 50 bp, 100 bp, 150 bp, 200 bp, 250 bp,
300 bp, 400 bp, or 500bp in length.

[0023] In still yet an even further embodiment, the computational framework considers
the surrounding sequence context to determine the epigenetic regulatory features for
each sequence bin.

[0024] In still yet an even further embodiment, the computational framework spatially
transforms the epigenetic regulatory features that are determined.

[0025] In still yet an even further embodiment, the computational framework includes
a linear regression model to determine the expression level of the at least one gene based
on the epigenetic regulatory features along the genetic sequence.

[0026] In still yet an even further embodiment, the linear regression model is L2
regularized.

[0027] In still yet an even further embodiment, the biochemical assay is one of:
chromatin immunoprecipitation sequencing (ChIP-seq), DNAse | hypersensitivity
sequencing (DNase-seq), Assay for Transposase-Accessible Chromatin sequencing
(ATAC-seq), Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-
C capture sequencing, bisulfite sequencing (BS-seq), methyl array, transgene expression
analysis (e.g., luciferase and eGFP), gPCR, RNA hybridization (e.g., ISH), cross-linking
immunoprecipitation sequencing (CLIP-seq), RNA immunoprecipitation sequencing (RIP-
seq), RNA-seq, western blot, immunodetection, flow cytometry, enzyme-linked
immunosorbent assay (ELISA), or mass spectrometry.

[0028] In an embodiment to treat an individual for a medical disorder that arises due
to gene expression levels, genetic data is obtained from a biological sample of an
individual. The genetic data includes at least one gene sequence involved in a medical
disorder that arises due to an expression level of the at least one gene. The expression
level of the at least gene is determined utilizing a computational framework. The
computational framework utilizes the genetic data to determine epigenetic regulatory
features along a genetic sequence that includes the at least one gene sequence. The

computational framework determines the expression level of the at least one gene based



WO 2019/191123 PCT/US2019/024108

on the epigenetic regulatory features along the genetic sequence that includes the at least
one gene sequence. The individual is treated for the medical disorder based on the
determination of the expression level of the at least one gene. The expression level of the
at least one gene indicates the individual has the medical disorder.

[0029] In another embodiment, the biological sample is a biopsy of the individual.
[0030] In yet another embodiment, the genetic data has been obtained by extracting
DNA from the biological sample.

[0031] In afurther embodiment, the epigenetic regulatory features include at least one
of: sites of chromatin accessibility, chromatin marks, and transcription factor binding sites.
[0032] In still yet another embodiment, the computational framework includes a deep
convolutional neural network to determine the epigenetic regulatory features spatially
along the genetic sequence.

[0033] In yet a further embodiment, the deep convolutional neural network is trained
on epigenetic regulatory data acquired by at least one epigenetic assay.

[0034] In an even further embodiment, the epigenetic is assay is one of. chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture
sequencing, bisulfite sequencing (BS-seq), or methyl array.

[0035] In yet an even further embodiment, the deep convolutional neural network
determines the epigenetic regulatory features spatially along the genetic sequence by
considering single nucleotide variants, insertions, and deletions within the genetic
sequence.

[0036] In still yet an even further embodiment, the computational framework is trained
for a particular cell-type or tissue.

[0037] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence for all
Poll Il transcribed genes of an organismal genome.

[0038] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence in

reference to a sequence structure of the at least one gene.
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[0039] Instill yet an even further embodiment, the sequence structure is a transcription
start site or promoter sequence.

[0040] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb,
15 kb, 20 kb, 25 kb, or 50 kb upstream of the gene sequence structure.

[0041] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb,
15 kb, 20 kb, 25 kb, or 50 kb downstream of the gene sequence structure.

[0042] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence in
sequence bins, wherein the sequence bins are 50 bp, 100 bp, 150 bp, 200 bp, 250 bp,
300 bp, 400 bp, or 500bp in length.

[0043] In still yet an even further embodiment, the computational framework considers
the surrounding sequence context to determine the epigenetic regulatory features for
each sequence bin.

[0044] In still yet an even further embodiment, the computational framework spatially
transforms the epigenetic regulatory features that are determined.

[0045] In still yet an even further embodiment, the computational framework includes
a linear regression model to determine the expression level of the at least one gene based
on the epigenetic regulatory features along the genetic sequence.

[0046] In still yet an even further embodiment, the linear regression model is L2
regularized.

[0047] In still yet an even further embodiment, treating the individual includes
administering a therapeutic.

[0048] In an embodiment, genetic data is obtained from a biological sample of an
individual. The genetic data includes at least one gene sequence involved in metabolism
of a therapeutic that is used to treat a medical disorder being experienced by the
individual. The expression level of the at least gene is determined utilizing a
computational framework. The computational framework utilizes the genetic data to
determine epigenetic regulatory features along a genetic sequence that includes the at

least one gene sequence. The computational framework determines the expression level
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of the at least one gene based on the epigenetic regulatory features along the genetic
sequence that includes the at least one gene sequence. A therapeutic is administered to
the individual. The expression level of the at least one gene indicates an ability to
metabolize the therapeutic.

[0049] In another embodiment, the biological sample is a biopsy of an individual.
[0050] In yet another embodiment, the genetic data has been obtained by extracting
DNA from the biological sample.

[0051] In afurther embodiment, the epigenetic regulatory features include at least one
of: sites of chromatin accessibility, chromatin marks, and transcription factor binding sites.
[0052] In still yet another embodiment, the computational framework includes a deep
convolutional neural network to determine the epigenetic regulatory features spatially
along the genetic sequence.

[0053] In yet a further embodiment, the deep convolutional neural network is trained
on epigenetic regulatory data acquired by at least one epigenetic assay.

[0054] In an even further embodiment, the epigenetic is assay is one of. chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture
sequencing, bisulfite sequencing (BS-seq), or methyl array.

[0055] In yet an even further embodiment, the deep convolutional neural network
determines the epigenetic regulatory features spatially along the genetic sequence by
considering single nucleotide variants, insertions, and deletions within the genetic
sequence.

[0056] In still yet an even further embodiment, the computational framework is trained
for a particular cell-type or tissue.

[0057] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence for all
Poll Il transcribed genes of an organismal genome.

[0058] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence in

reference to a sequence structure of the at least one gene.
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[0059] In still yet an even further embodiment, the sequence structure is a transcription
start site or promoter sequence.

[0060] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb,
15 kb, 20 kb, 25 kb, or 50 kb upstream of the gene sequence structure.

[0061] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb,
15 kb, 20 kb, 25 kb, or 50 kb downstream of the gene sequence structure.

[0062] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence in
sequence bins, wherein the sequence bins are 50 bp, 100 bp, 150 bp, 200 bp, 250 bp,
300 bp, 400 bp, or 500bp in length.

[0063] In still yet an even further embodiment, the computational framework considers
the surrounding sequence context to determine the epigenetic regulatory features for
each sequence bin.

[0064] In still yet an even further embodiment, the computational framework spatially
transforms the epigenetic regulatory features that are determined.

[0065] In still yet an even further embodiment, the computational framework includes
a linear regression model to determine the expression level of the at least one gene based
on the epigenetic regulatory features along the genetic sequence.

[0066] In still yet an even further embodiment, the linear regression model is L2
regularized.

[0067] In still yet an even further embodiment, a lower dose of the therapeutic or an
alternative therapeutic is administered when the individual is determined to have a
reduced ability to metabolize the therapeutic.

[0068] In still yet an even further embodiment, a higher dose of the therapeutic or an
alternative therapeutic is administered when the individual is determined to have an
increased ability to metabolize the therapeutic.

[0069] In still yet an even further embodiment, the therapeutic is one of. abacavir,
acenocoumarol, allopurinol, amitriptyline, aripiprazole, atazanavir, atomoxetine,

azathioprine, capecitabine, carbamazepine, carvedilol, cisplatin, citalopram,
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clomipramine, clopidogrel, clozapine, codeine, daunorubicin, desflurane, desipramine,
doxepin, doxorubicin, duloxetine, enflurane, escitalopram, esomeprazole, flecainide,
fluorouracil, flupenthixol, fluvoxamine, glibenclamide, gliclazide, glimepiride, haloperidol,
halothane, imipramine, irinotecan, isoflurane, ivacaftor, lansoprazole, mercaptopurine,
methoxyflurane, metoprolol, mirtazapine, moclobemide, nortriptyline, olanzapine,
omeprazole, ondansetron, oxcarbazepine, oxycodone, pantoprazole, paroxetine,
peginterferon alpha-2a, peginterferon alpha-2b, phenprocoumon, phenytoin,
propafenone, rabeprazole, rasburicase, ribavirin, risperidone, sertraline, sevoflurane,
simvastatin, succinylcholine, tacrolimus, tamoxifen, tegafur, thioguanine, tolbutamide,
tramadol, trimipramine, tropisetron, venlafaxine, voriconazole, warfarin, or zuclopenthixol.
[0070] Inan embodiment to perform site-directed mutagenesis on a biological sample,
genetic data is obtained from a biological sample. The genetic data includes at least one
gene sequence. The expression level of the at least gene is determined utilizing a
computational framework. The computational framework utilizes the genetic data to
determine epigenetic regulatory features along a genetic sequence that includes the at
least one gene sequence. The computational framework determines the expression level
of the at least one gene based on the epigenetic regulatory features along the genetic
sequence that includes the at least one gene sequence. A set of one or more genetic
variants that alter the expression level of the at least one gene is determined utilizing the
computational framework. The set of variants that alter the expression level of the at least
one gene are not present in the genetic sequence of the biological sample. Site-directed
mutagenesis is performed on the DNA of the biological sample to introduce the set of
variants based on the determination of the set of variants that alter the expression level
of the at least one gene.

[0071] In another embodiment, the biological sample is one of: a biopsy of an
individual, ex vivo tissue of an individual, an in vitro cell line, embryonic tissue, or a mouse
research model.

[0072] In yet another embodiment, the genetic data has been obtained by extracting
DNA from the biological sample.

[0073] In afurther embodiment, the epigenetic regulatory features include at least one

of: sites of chromatin accessibility, chromatin marks, and transcription factor binding sites.
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[0074] In still yet another embodiment, the computational framework includes a deep
convolutional neural network to determine the epigenetic regulatory features spatially
along the genetic sequence.

[0075] In yet a further embodiment, the deep convolutional neural network is trained
on epigenetic regulatory data acquired by at least one epigenetic assay.

[0076] In an even further embodiment, the epigenetic is assay is one of. chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture
sequencing, bisulfite sequencing (BS-seq), or methyl array.

[0077] In yet an even further embodiment, the deep convolutional neural network
determines the epigenetic regulatory features spatially along the genetic sequence by
considering single nucleotide variants, insertions, and deletions within the genetic
sequence.

[0078] In still yet an even further embodiment, the computational framework is trained
for a particular cell-type or tissue.

[0079] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence for all
Poll Il transcribed genes of an organismal genome.

[0080] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence in
reference to a sequence structure of the at least one gene.

[0081] In still yet an even further embodiment, the sequence structure is a transcription
start site or promoter sequence.

[0082] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb,
15 kb, 20 kb, 25 kb, or 50 kb upstream of the gene sequence structure.

[0083] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb,
15 kb, 20 kb, 25 kb, or 50 kb downstream of the gene sequence structure.

10
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[0084] In still yet an even further embodiment, the computational framework
determines the epigenetic regulatory features spatially along the genetic sequence in
sequence bins, wherein the sequence bins are 50 bp, 100 bp, 150 bp, 200 bp, 250 bp,
300 bp, 400 bp, or 500bp in length.

[0085] In still yet an even further embodiment, the computational framework considers
the surrounding sequence context to determine the epigenetic regulatory features for
each sequence bin.

[0086] In still yet an even further embodiment, the computational framework spatially
transforms the epigenetic regulatory features that are determined.

[0087] In still yet an even further embodiment, the computational framework includes
a linear regression model to determine the expression level of the at least one gene based
on the epigenetic regulatory features along the genetic sequence.

[0088] In still yet an even further embodiment, the linear regression model is L2
regularized.

[0089] In still yet an even further embodiment, the site-directed mutagenesis is
performed by one of: CRISPR mutagenesis, Zinc-finger mutagenesis, or TALEN
mutagenesis.

[0090] In still yet an even further embodiment, the biological sample is ex vivo tissue
of the individual, and wherein the tissue is transplanted back into the individual after site-
directed mutagenesis is performed.

[0091] In an embodiment is a kit to detect the presence of variants within genetic loci.
The kit includes a set of nucleic acid oligomers to detect the presence of variants within
a set of genomic loci. The set of genomic loci have been identified to have harbored a
variant that alters transcription of at least one gene. The ability to alter transcription of at
least one gene has been determined by a computational framework that utilizes genetic
data to determine epigenetic regulatory features along a genetic sequence that includes
the at least one gene sequence. The computational framework determines the ability to
alter gene transcription based on the epigenetic regulatory features along the genetic
sequence. Each locus the set of genomic loci is selected based upon harboring variants

that altering gene transcription.

11
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BRIEF DESCRIPTION OF THE DRAWINGS

[0092] The description and claims will be more fully understood with reference to the
following figures and data graphs, which are presented as exemplary embodiments of the
invention and should not be construed as a complete recitation of the scope of the
invention.

[0093] Fig. 1 provides a process to determine expression level of genes based genetic
sequence in accordance with an embodiment of the invention.

[0094] Fig. 2 provides a process to train a computational model to determine
epigenetic regulatory features in accordance with an embodiment of the invention.
[0095] Fig. 3 provides a process to train a computational model to determine
expression of at least one gene in accordance with an embodiment of the invention.
[0096] Fig. 4 provides a process to determine epigenetic regulatory features of a
biological sample in accordance with an embodiment of the invention.

[0097] Fig. 5 provides a process to determine expression of a set of genes of a
biological sample in accordance with an embodiment of the invention.

[0098] Fig. 6 provides an illustration of computer systems for various applications in
accordance with various embodiments of the invention.

[0099] Fig. 7 provides an illustration of the ExPecto process to determine gene
expression effects based on sequence and variants within the sequence in accordance
with various embodiments of the invention.

[0100] Fig. 8 provides a schematic representation of spatial transformation of the
spatial features based on their location in relation to a gene’s transcription start site in
accordance with various embodiments of the invention.

[0101] Fig. 9 provides results of the ExPecto predictions on holdout genes and their
correlation with RNA-seq observations, generated in accordance with various
embodiments of the invention.

[0102] Fig. 10 provides an expression heat map of results of cell-type expression
models, generated in accordance with various embodiments of the invention.

[0103] Fig. 11 provides mutation effects form in silico mutagenesis of promoter-
proximal regions of 23,779 genes, generated in accordance with various embodiments of

the invention.

12
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[0104] Fig. 12 provides data graph that shows ExPecto predicted variants do not show
high allele frequency bias, generated in accordance with various embodiments of the
invention.

[0105] Fig. 13 provides data graph that shows tissue-specific expression models
achieve higher accuracy in eQTL variant expression change directionality prediction,
generated in accordance with various embodiments of the invention.

[0106] Fig. 14 provides a data graph that shows eQTL direction prediction accuracy
increases with predicted magnitude of variant effect, generated in accordance with
various embodiments of the invention.

[0107] Fig. 15 provide a data graph that shows ExPecto predicts in vitro reporter assay
effects of validated casual eQTLs, generated in accordance with various embodiments of
the invention.

[0108] Fig. 16 provides a data graph that shows systematic expression effects
prediction across a wide-range of minor allele frequencies, generated in accordance with
various embodiments of the invention.

[0109] Figs. 17 and 18 provide data graphs that show GWAS loci stronger predicted
effect variants are more likely to be replicated by separate studies, generated in
accordance with various embodiments of the invention.

[0110] Figs. 19 to 21 provide data graphs that show expression effect of prediction-
prioritized linkage disequilibrium variants that were discovered in various GWASS,
generated in accordance with various embodiments of the invention.

[0111] Figs. 22 to 27 provide data graphs that show the ability of ExPecto to predict
casual variants in comparison with various GWASs, generated in accordance with various
embodiments of the invention.

[0112] Fig. 28 provides data graphs that show results of exemplary in silico
mutagenesis prediction effect profiles for various genes, generated in accordance with
various embodiments of the invention.

[0113] Fig. 29 provides a data graph that shows average spatial profile of potential

mutation effects, generated in accordance with various embodiments of the invention.

13
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[0114] Figs. 30 and 31 provide data graphs that show strong prediction expression
effect at mutation sites are under evolutionary constraint across wide span of evolutionary
history, generated in accordance with various embodiments of the invention.

[0115] Fig. 32 provides a schematic overview of association between variation
potential, gene expression, and evolutionary constraints, utilized in accordance with
various embodiments of the invention.

[0116] Fig. 33 provides a data graph depicting gene expression specificity and
activation status can be predicted form the magnitude and direction of gene variation
potential, generated in accordance with various embodiments of the invention.

[0117] Fig. 34 and 35 provide data graphs that show variation potential is predictive of
gene-wise expression properties, generated in accordance with various embodiments of
the invention.

[0118] Fig. 36 provides a data graph that shows strong positive variation potential
predicts high expression in non-modeled tissues, generated in accordance with various
embodiments of the invention.

[0119] Fig. 37 provides a data graph that show inference of genes with putative
directional evolutionary constraints from variation potentials, generated in accordance
with various embodiments of the invention.

[0120] Fig. 38 provides data graphs that show evolution and population signatures
have differential selective pressure for mutations in putative positive and negative
constraint genes across evolutionary time scales, generated in accordance with various
embodiments of the invention.

[0121] Fig. 39 provides a data graph that shows inference of genes with putative
directional evolutionary constraints from variation potentials, generated in accordance
with various embodiments of the invention.

[0122] Fig. 40 provides data graphs that show divergent selectin signature for putative
positive and negative constraint genes are not due to gene expression levels, generated
in accordance with various embodiments of the invention.

[0123] Fig. 41 provides a data graph that shows GWAS disease genes are enriched
in high variation potential magnitude genes, generated in accordance with various

embodiments of the invention.
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[0124] Figs. 42 and 43 provide data graphs that show ab initio prediction of allele-
specific disease risk integrating predicted expression effects and inferred evolutionary
constraints, generated in accordance with various embodiments of the invention.

[0125] Fig. 44 provides a data graph that compares ExPecto eQTL prediction
performance across models trained with different sequence window sizes, generated in
accordance with various embodiments of the invention.

[0126] Fig. 45 provides a data graph that compares ExPecto and a previously
generated model (DeepSEA) to prioritize GWAS variants, generated in accordance with
various embodiments of the invention.

[0127] Fig. 46 provides a data graph that shows evolutionary conservation of CAGE-
based representative transcription start sites and gene start sites, generated in

accordance with various embodiments of the invention.

DETAILED DESCRIPTION

[0128] Turning now to the drawings and data, a number of processes for genetic data
extrapolation that can be utilized in gene expression analysis, diagnostics, medicament
development, and/or treatments in accordance with various embodiments of the invention
are illustrated. Numerous embodiments are directed towards a general framework and
methods for determining expression of genes based on its sequence and surrounding
sequence context. In several embodiments, methods are utilized to determine a spatial
chromatin profile (i.e., local chromatin architecture) of a genetic sequence. In various
embodiments, methods further use a spatial chromatin profile to infer expression of
genes. In some embodiments, chromatin profiles and gene expression are based on
tissue and/or cell-type. In some embodiments, methods extract the genetic sequence
from a biological sample (e.g., biopsy of an individual) to determine gene expression in
that biological sample, which may be used to diagnose an individual. And in some
embodiments, an individual can be treated based on her diagnosis.

[0129] Sequence-dependent control of gene transcription is at the foundation of the
complexity of multicellular organisms. Expression-altering genomic variation can thus
have wide impact on human diseases and traits. Empirical observations of expression-

genotype association from population genetics studies and predictive models based on
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matched expression and genotype data have provided valuable information for the
expression effect of common genome variation and their relevance to disease, however,
such approaches are generally limited to mutations that are observed frequently and with
matched expression observations in ideally the relevant tissue/cell type. Moreover, core
to the understanding of the regulatory potential for both common and rare variants is
disentangling causality from association and extracting the dependency between
sequence and expression effect, which remains as a major challenge.

[0130] A quantitative model that accurately predicts expression level ab initio from only
sequence information will provide a causality link between genetic sequence variations
and their effects on gene expression. As utilized herein, ab initio sequence-based
prediction is capable of extracting causality because of the unidirectional flow of
information from sequence change to consequent gene expression change. Moreover, it
is envisioned that the potential of estimating effects for all possible variants, including
previously unobserved ones, will enable a new framework for the study of variant-directed
mutagenesis, variant effect on gene expression, sequence evolution and evolutionary
constraints on gene expression. This will allow direct prediction of fithess impact due to
genomic changes and the resulting expression alteration using only sequence. Resulting
changes in expression can affect diagnostics and treatments.

[0131] Human gene expression profiles reveal a wide diversity of expression patterns
across genes, cell types, cellular states, and response to medications. Yet the
understanding of sequences that activate or repress expression and the ability to quantify
the transcriptional modulation strength of a sequence element is incomplete. Progress in
quantitative expression modeling has focused on model organisms with relatively small
noncoding regions such as yeast and fly, and in the context of reporter expression
prediction in human cell lines. As a result, current sequence-based expression prediction
models are limited in accuracy or restricted to small subsets of genes, and utilize narrow
regulatory regions smaller than 2kb. As such, sequence-based prediction of expression
in humans is still a critical open challenge, and many, if not all, of the current in vivo
expression prediction models cannot predict the effect of sequence alterations on

expression levels.
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[0132] Herein, a modeling framework that predicts gene expression levels ab initio
from sequence is described. In some embodiments, the framework integrates a deep-
learning method with an optional spatial feature transformation to predict chromatin profile
of a biological sample. In some embodiments, the framework includes an L2-regularized
linear model to determine gene expression from a wide regulatory region surrounding the
gene transcription start site (TSS). In some embodiments, the framework does not use
any variant information for training, and instead utilizes sequence context to obtain a local
chromatin profile to determine an expression effect for any variant, even variants that are
rare or never previously observed.

[0133] In several embodiments, models described herein make highly accurate
predictions of expression from DNA sequence and prioritize putative causal variants
associated with human traits and diseases. Because the models identify causal variants,
they outperform traditional genome wide associations studies (GWAS), which merely
identify variants associated with a trait.

[0134] In addition, models described herein are highly scalable, allowing profiling of
over 140 million promoter proximal mutations, in accordance with various embodiments.
This enables systematic probing of the impact of gene human transcription dysregulation
‘in silico’ at a scale not readily achievable experimentally, defining the effects of variants
on gene expression. Various embodiments take advantage of the effects of potential
mutations on each gene, referred to herein as ‘variation potential’, which is indicative of
the phenotypic impact of expression-altering mutations. Accordingly, in several
embodiments, site-directed mutagenesis can be performed to modulate gene expression
of one or more genes to achieve a desired expression level.

[0135] In several embodiments, various applications can be performed based on a
determination of gene expression levels in a biological sample. In many embodiments,
biochemical analysis is performed to analyze and or to confirm the determined results of
gene expression levels. Accordingly, a biochemical experiment can be performed to
determine gene expression and/or chromatin architecture of a biological sample. In some
embodiments, genetic material is manipulated to incorporate variants that affect gene
expression levels to directly analyze their effects. In some embodiments, genetic

sequences having variants that affect expression levels are incorporated into transgene
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plasmids (e.g., luciferase) to determine their effect on expression level. In some
embodiments, CRISPR mutagenesis, Zinc-finger mutagenesis, and/or TALEN
mutagenesis is performed on a biological sample to analyze the effects of having a
particular sequence on endogenous gene expression. Accordingly, in some
embodiments, cell-lines and/or tissues are mutagenized to create biological models to
better understand various variants on gene expression. In some embodiments, in vivo
tissues are mutagenized to alter sequence variants in order to modulate expression in
that tissue.

[0136] In some embodiments, preliminary in silico analysis of genetic sequences and
various variants within the sequence that can alter gene expression levels are determined
utilizing a computational framework capable of determining gene expression levels ab
initio from sequence. Based on desired expression levels, designer sequences can be
prepared either by polymeric nucleotide synthesis and/or site-directed mutagenesis. In
some embodiments, CRISPR mutagenesis, Zinc-finger mutagenesis, and/or TALEN
mutagenesis is performed to specifically engineer a sequence that has desired effects on
gene expression. Accordingly, in some embodiments, cell-lines and/or tissues, including
in vivo and/or ex vivo cells and/or tissues and/or embryonic tissues, are mutagenized to
alter sequence variants in order to modulate gene expression levels. In some

embodiments, ex vivo or embryonic tissue is transplanted into an individual.

Overview of Gene Expression As Determined by Sequence

[0137] A conceptual illustration of a process to determine expression of genes based
on its spatial chromatin profile as determined from its sequence in accordance with an
embodiment of the invention is illustrated in Fig. 1. In some embodiments, a process is
utilized to identify sets of variants that alter gene expression, as determined by their effect
on local chromatin profile. Variants and their effects on gene expression can be used in
various applications downstream in accordance with a number of embodiments of the
invention, including (but not limited to) performing various biochemical assays and
diagnosing individuals.

[0138] Process 100, in accordance with a number of embodiments, begins with

obtaining (101) genetic data from a biological sample. In some embodiments, a biological
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sample is any collection of eukaryotic cells. In many embodiments, a biological sample is
a particular cell-type and/or tissue. In some embodiments, a biological sample has a
particular phenotype, such as (for example) a medical disorder (e.g., cancer).

[0139] In accordance with various embodiments, genetic data can be derived from a
number of sources. In some instances, these genetic data are obtained de novo by
extracting the DNA from a biological source and sequencing it. Alternatively, genetic
sequence data can be obtained from publicly or privately available databases. Many
databases exist that store datasets of sequences from which a user can extract the data
to perform experiments upon. In many embodiments, the genetic sequence data include
whole or partial genomes; accordingly, any genetic data set as appropriate to the
requirements of a given application could be used.

[0140] Once genetic data are obtained, process 100 can then determine (103) the
spatial chromatin profile along the sequence of the genetic data of the biological sample
using a first computational model. In many embodiments, a chromatin profile is a spatial
pattern of chromatin regulatory elements along the sequence of a gene, as determined
from its sequence ab initio. In some embodiments, the sequence of the biological sample
is entered into a trained computational model that is capable of determining a spatial
pattern of regulatory elements based on sequence, taking into account single nucleotide
variants, insertions, and deletions and the context of the proximal sequence. In some
embodiments, a trained computational model determines spatial chromatin profile near
the promoter and/or TSS of each gene analyzed.

[0141] In several embodiments, the first computational model is trained utilizing
chromatin regulatory element profiles, which can be derived experimentally utilizing
various epigenetic assays including (but not limited to) chromatin immunoprecipitation
sequencing (ChlIP-seq), DNAse | hypersensitivity sequencing (DNase-seq), Assay
for Transposase-Accessible Chromatin  sequencing (ATAC-seq), Formaldehyde-
Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture sequencing,
bisulfite sequencing (BS-seq), and methyl array. In some embodiments, chromatin
profiles are retrieved from database such as (for example) Encyclopedia of DNA
Elements (ENCODE) (https://www.encodeproject.org/), NIH Roadmap Epigenomics

Mapping Consortium (http://www.roadmapepigenomics.org/), and the International
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Human Epigenome Consortium (IHEC) (https://epigenomesportal.ca/inec/). These data
sets can yield genomic loci that are important in regulating transcription and/or
posttranscriptional processing.

[0142] In several embodiments, the computational model is a deep neural network. In
some embodiments, the computational model is a convolutional neural network. In some
embodiments, a computational model is trained for a particular cell-type and/or tissue and
thus utilizes chromatin data derived from that particular cell-type and/or tissue. In some
embodiments, a determined chromatin profile is spatially transformed to reduce the
complexity of chromatin features along a gene’s sequence.

[0143] Process 100 determines (105) expression level of genes using a second
computational model based on the spatial chromatin profile along the genes within the
genetic data of the biological sample. In some embodiments, the expression level of each
gene within the genetic data is determined. In some embodiments, the second
computational model is trained using expression data sets with determined chromatin
profiles. In a number of embodiments, the second computational model is an L2 linearized
regression model.

[0144] In several embodiments, processes to determine expression levels of genes in
a biological sample is utilized in various downstream applications, including (but not
limited to) biochemical assays, diagnosis of an individual, and/or treatment of an

individual. These embodiments are described in greater detail in subsequent sections.

Processes to Yield Chromatin Profiles and Gene Expression Based on Genetic
Code

[0145] A conceptual illustration of a process to determine epigenetic regulatory
features on at least one gene utilizing computing systems is provided in Fig. 2. As shown,
in a number of embodiments, the process can begin with by obtaining (201) epigenetic
regulatory features profiles (i.e., chromatin profiles). An epigenetic regulatory features
profile is a collection of data indicating where various factors and elements that affect
transcription interact with DNA along a genomic sequence. In many embodiments,
epigenetic regulatory features are cell-type and/or tissue specific and include (but are not

limited to) sites of chromatin accessibility (e.g., DNase | hypersensitivity), chromatin
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marks (e.g., histone code), transcription factor binding sites, and other epigenetic factors.
An example of 2,002 epigenetic regulatory features is described in the Exemplary
Embodiments section.

[0146] Generally, epigenetic regulatory features profiles can be determined utilizing
various epigenetic assays including (but not limited to) chromatin immunoprecipitation
sequencing (ChlIP-seq), DNAse | hypersensitivity sequencing (DNase-seq), Assay
for Transposase-Accessible Chromatin  sequencing (ATAC-seq), Formaldehyde-
Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture sequencing,
bisulfite sequencing (BS-seq), and methyl array. Several databases store chromatin and
RBP/RNA-element profiles which can be used, including (but not limited to) Encyclopedia
of DNA Elements (ENCODE) (https://www.encodeproject.org/), NIH Roadmap
Epigenomics Mapping Consortium (http://www.roadmapepigenomics.org/), and the
International Human Epigenome Consortium (IHEC) (https://epigenomesportal.ca/ihec/).
[0147] Utilizing epigenetic regulatory features profiles as input training data, a
computational model is trained (203) to predict epigenetic regulatory features on a genetic
sequence. In several embodiments, the computational model is a deep neural network.
In some embodiments, the computational model is a convolutional neural network. In
some embodiments, a computational model is trained for a particular cell-type and/or
tissue and thus utilizes chromatin data derived from that particular cell-type and/or tissue.
[0148] Process 200 determines (205) the epigenetic regulatory features on at least
one gene using the computational model. In several embodiments, epigenetic regulatory
features are determined on large sets of genes, including all Pol Il transcribed genes of a
whole organismal genome. In some embodiments, for each gene that is analyzed,
epigenetic regulatory features are determined in relation to a sequence structure of the
gene, such as (for example) the TSS, known promoter region, or similar. In some
embodiments, epigenetic features are determined for some distance upstream and/or
downstream from a gene sequence structure, such as (for example) 20 kilobases (kb)
upstream and downstream of the genes TSS. It should be understood that the length of
sequence for which epigenetic features are determined in relation to a gene sequence
structure can vary and does not have to be equal upstream and downstream. In some
embodiments, epigenetic features are determined 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10
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kb, 15 kb, 20 kb, 25 kb, or 50 kb upstream of a gene sequence structure. Similarly, in
some embodiments, epigenetic features are determined 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5
kb, 10 kb, 15 kb, 20 kb, 25 kb, or 50 kb downstream of a gene sequence structure. It
should be further noted that epigenetic features can be determined on any sequence that
would affect gene expression and doesn’t have to be in relation to the TSS.

[0149] In some embodiments, determination of epigenetic features along a sequence
is binned to shorter sequence lengths. For example, if epigenetic features are to be
determined for 20kb upstream and downstream the TSS of a gene, the determination of
epigenetic features can be performed in increments such as (for example) 200 bp bins
and thus totaling 200 non-overlapping bins for the entire 40kb sequence considered. In
some embodiments, 50 bp, 100 bp, 150 bp, 200 bp, 250 bp, 300 bp, 400 bp, or 500bp
are utilized to determine epigenetic features along a sequence. In some embodiments,
bins are overlapped, which may help gain better resolution.

[0150] In some embodiments, determination of epigenetic features within a bin also
considers surrounding sequence context, which may better provide context of the local
epigenetic architecture of the binned sequence. For example, when determining
epigenetic features of a 200 bp bin, the surrounding 1800 bp (900 upstream and 900
downstream) can be considered, resulting in 2000bp considered for each 200 bp bin (i.e.,
10x more sequence considered per bin). In some embodiments, 1x, 2x, 3x, 5x, 7.5x, 10x,
15x, 20x, or 30x of surrounding sequence is considered to determine epigenetic factors
for each bin.

[0151] Process 200 optionally spatially transforms (207) the determined regulatory
features, which may reduce the dimensionality of the spatial chromatin regulatory features
due to sequential binning along the sequence. In some embodiments, a spatial
transformation module is utilized. In some embodiments, a spatial transformation model
is an exponential decay function. In some embodiments, spatial transformation put
weights on bins utilized to determine epigenetic features, and the weights can be
determined as appropriate. In some embodiments, bins closer to a selected gene
structure (e.g., TSS) are weighted greater than bins further away to the selected gene
structure. It should be understood that bins upstream from a selected gene structure may

be weighted differently than bins downstream, as appropriate to the task at hand. For

22



WO 2019/191123 PCT/US2019/024108

example, 2,000 epigenetic features can be determined for a 40kb sequence (e.g., 20 kb
upstream and 20 kb downstream a TSS) of a nearby gene in 200 bp bins (i.e., 200 total
bins), resulting in 400,000 epigenetic features for the nearby single gene. Reducing the
epigenetic features 20-fold to 20,000 features may be beneficial, as determined by
application.

[0152] In accordance with several embodiments, epigenetic regulatory features on the
at least one gene and the computational models are stored and/or reported (211). In some
embodiments, these profiles and regulatory effects may be used in many further
downstream applications, including (but not limited to) determining gene expression of
the genes analyzed.

[0153] While a specific example of a process for determining genetic regulatory
features on at least one gene is described above, one of ordinary skill in the art can
appreciate that various steps of the process can be performed in different orders and that
certain steps may be optional according to some embodiments of the invention. As such,
it should be clear that the various steps of the process could be used as appropriate to
the requirements of specific applications.

[0154] Depicted in Fig. 3 is a conceptual illustration of a process to determine
expression level of at least one gene using a computational model, which can performed
on various computing systems. The process utilizes the regulatory features along the
sequence of the gene to determine its expression. It should be understood that this
process can determine the expression of a number of genes when using computing
systems, including every Pol Il transcribed gene in an organismal genome.

[0155] Process 300 can begin with obtaining (301) an expression profile with spatial
epigenetic regulatory features along genetic sequence. In several embodiments, an
expression profile is a profile of expression levels of a set of genes. In many
embodiments, the set of genes utilized in an expression profile is a comprehensive set,
such as all Pol Il transcribed genes in an organismal genome (i.e., transcriptome). In
some embodiments, an expression profile has an associated biological attribute, such as
cell-type, tissue origin, and/or phenotype (e.g., pathway activation or a particular disorder

pathology).

23



WO 2019/191123 PCT/US2019/024108

[0156] The expression profile with spatial epigenetic features is used to train (303) a
computational model to be able to determine expression of a gene based on its spatial
epigenetic regulatory features along a sequence. In several embodiments, a
computational model is trained utilizing expression profiles that have an associated
biological attribute such that the model is capable of predicting expression of biological
samples sharing the biological attribute. For example, if liver tissue expression data sets
are used to train a computational model, then expression of a gene in liver tissue can be
determined from the gene’s epigenetic features utilizing the trained computational model.
[0157] In many embodiments, a linear regression model is used. In some instances,
a linear regression model is L2 regularized and trained using an appropriate package,
such as (for example) the xgboost package (https://github.com/dmlc/xgboost). In some
embodiments, predicted probabilities are z-transformed to have a particular mean and
standard deviation.

[0158] In a number of embodiments, epigenetic regulatory features are spaced along
a genetic sequence. Epigenetic regulatory features are various factors and elements that
affect transcription interact with DNA along a genomic sequence. In many embodiments,
epigenetic regulatory features are cell-type and/or tissue specific and include (but are not
limited to) sites of chromatin accessibility (e.g., DNase | hypersensitivity), chromatin
marks (e.g., histone code), transcription factor binding sites, and other epigenetic factors.
An example of 2,002 epigenetic regulatory features is described in the Exemplary
Embodiments section. In some instances, epigenetic regulatory variants and their spacing
along a gene are determined in accordance with Process 200 described herein.

[0159] In some embodiments, for each gene that is used for training and/or analyzed,
epigenetic regulatory features are spaced in relation to a sequence structure of the gene,
such as (for example) the TSS, known promoter region, or similar. In some embodiments,
epigenetic features are spaced some distance upstream and/or downstream from a gene
sequence structure, such as (for example) 20 kilobases (kb) upstream and downstream
of the genes TSS. It should be understood that the length of sequence for which
epigenetic features are spaced in relation to a gene sequence structure can vary and
does not have to be equal upstream and downstream. In some embodiments, epigenetic
features are spaced along 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb, 20 kb, 25 kb,
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or 50 kb upstream of a gene sequence structure. Similarly, in some embodiments,
epigenetic features are spaced along 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb,
20 kb, 25 kb, or 50 kb downstream of a gene sequence structure. It should be further
noted that epigenetic features are spaced along any sequence that would affect gene
expression and doesn’t have to be in relation to the TSS.

[0160] In some embodiments, epigenetic features along a sequence are binned within
shorter sequence lengths. For example, if epigenetic features are spaced along 20kb
upstream and downstream the TSS of a gene, the determination of epigenetic features
can be performed in increments such as (for example) 200 bp bins and thus totaling 200
non-overlapping bins for the entire 40kb sequence considered. In some embodiments, 50
bp, 100 bp, 150 bp, 200 bp, 250 bp, 300 bp, 400 bp, or 500bp are utilized to bin epigenetic
features along a sequence. In some embodiments, bins are overlapped, which may help
gain better resolution.

[0161] In some embodiments, epigenetic features within a bin were determined
considering surrounding sequence context, which may better provide context of the local
epigenetic architecture of the binned sequence. For example, when determining
epigenetic features of a 200 bp bin, the surrounding 1800 bp (900 upstream and 900
downstream) can be considered, resulting in 2000bp considered for each 200 bp bin (i.e.,
10x more sequence considered per bin). In some embodiments, 1x, 2x, 3x, 5x, 7.5x, 10x,
15x, 20x, or 30x of surrounding sequence were considered to determine epigenetic
factors for each bin.

[0162] In some embodiments, regulatory features are spatially transformed, which
may reduce the number of features to be used in the trained computational model. In
some embodiments, bins closer to a selected gene structure (e.g., TSS) are weighted
greater than bins further away to the selected gene structure. It should be understood
that bins upstream from a selected gene structure may be weighted differently than bins
downstream, as appropriate to the task at hand.

[0163]  Utilizing the trained computational model of Step 303, the expression of at least
one gene is determined (305) based upon the regulatory features along a sequence
examined. Any appropriate sequence in which epigenetic features have been determined

along the genetic sequence of a gene can be entered into the training model to determine
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the gene’s expression level. In some embodiments, a genetic sequence to be examined
is leave out data from the training set. In some embodiments, a genetic sequence to be
examined is derived from a biological sample unaffiliated with the training data. In some
embodiments, the genetic sequence to be examined shares a biological attribute with the
expression sets used to train the model. In some embodiments, a biological attribute is a
cell-type, tissue origin, and/or phenotype (e.g., pathway activation or a particular disorder
pathology).

[0164] The determined expression level of the at least one gene and the computational
model are stored and/or reported (307). In a number of embodiments, gene expression
levels and/or computational models are used in a number of downstream applications,
including (but not limited to) clinical classification of biological tissue (e.g., clinical
diagnostics), further molecular research into gene expression level including evolutionary,
and site-directed.

[0165] While a specific example of a process for determining expression levels of at
least one gene is described above, one of ordinary skill in the art can appreciate that
various steps of the process can be performed in different orders and that certain steps
may be optional according to some embodiments of the invention. As such, it should be
clear that the various steps of the process could be used as appropriate to the

requirements of specific applications.

Processes to Determine Gene Expression of a Biological Sample

[0166] Figure 4 provides a conceptual illustration of a process to determine the
epigenetic regulatory features of a set of genes of a biological sample a via computer
systems using the biological sample’s genetic sequence data and a trained computational
model. As shown in Fig. 4, Process 400 obtains (401) genetic sequence data of a
biological sample. The data, in accordance with many embodiments, is any DNA
sequence data of a biological that is inclusive of gene sequence regions to be analyzed.
In some embodiments, genetic data is a whole genome, a partial genome, or other data
that is directed towards the genes to be analyzed. In some embodiments, genetic data is
only sequencing data on a set of regions having effects on expression of genes to be

analyzed (e.g., capture sequencing). In some embodiments, genetic material is extracted
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from the biological sample and sequenced in accordance with various protocols known in
the art.

[0167] In many embodiments, biological samples are derived from a biopsy of an
individual. In particular embodiments, the DNA to be acquired can be derived from
biopsies of human patients associated with a phenotype or a disease state and derived
from unaffected individuals as well. In some embodiments, DNA can be derived from
common research sources, such as in vitro tissue culture cell lines or research mouse
models. In some embodiments, a biological sample is any collection of eukaryotic cells in
which epigenetic regulatory features of a set of genes is to be determined.

[0168] In accordance with various embodiments, a biological sample’s genetic
sequence data are processed (403) to identify genes to be analyzed. In many
embodiments, particular sequence structures such as a gene’s TSS and/or promoter are
identified for epigenetic regulatory feature analysis.

[0169] A trained computational model capable of determining the epigenetic
regulatory features on genes based on its sequence is also obtained (405). In some
embodiments, a trained classification model is trained as shown and described in Fig. 2,
however, in accordance with more embodiments, any classification model capable of
determining the epigenetic regulatory features on genes based on its sequence may be
used. In a number of embodiments, genetic sequence data of a biological sample are
entered into a computational model, wherein subsequently the epigenetic regulatory
features of the biological sample’s genes are determined (407). In addition, process 400
optionally spatially transforms the determined epigenetic regulatory features, which may
reduce the dimensionality of the spatial epigenetic regulatory features.

[0170] The epigenetic regulatory features of a set of genes of the biological sample
are reported and/or stored (409). In numerous embodiments, the epigenetic regulatory
features can be used in a number of downstream applications, which may include (but is
not limited to) determining expression levels of the set of genes.

[0171] While a specific example of a process for determining the epigenetic regulatory
features of a set of genes of a biological sample is described above, one of ordinary skill
in the art can appreciate that various steps of the process can be performed in different

orders and that certain steps may be optional according to some embodiments of the
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invention. As such, it should be clear that the various steps of the process could be used
as appropriate to the requirements of specific applications.

[0172] Figure 5 provides a conceptual illustration of a process to determine the
expression of a set of genes of a biological sample via computer systems using a trained
computational model. Various embodiments utilize this process to determine expression
levels of genes within a particular tissue within an individual. As shown in Fig. 5,
epigenetic regulatory features spaced along the sequence of a set of genes of a biological
sample are obtained (501). Epigenetic regulatory features are various factors and
elements that affect transcription interact with DNA along a genomic sequence. In many
embodiments, epigenetic regulatory features are cell-type and/or tissue specific and
include (but are not limited to) sites of chromatin accessibility (e.g., DNase |
hypersensitivity), chromatin marks (e.g., histone code), transcription factor binding sites,
and other epigenetic factors. An example of 2,002 epigenetic regulatory features is
described in the Exemplary Embodiments section. In some instances, epigenetic
regulatory variants and their spacing along a gene are determined in accordance with
Process 400 described herein. It should be noted however, that any appropriate
epigenetic regulatory features and any appropriate method to determine epigenetic
regulatory features may be used within various embodiments.

[0173] A trained computational model capable of determining expression of genes
based on spatial epigenetic regulatory features along a gene sequence is also obtained
(503). In some embodiments, a trained computational model is trained as shown and
described in Fig. 3, however, in accordance with more embodiments, any computational
model capable of determining gene expression levels based on a biological sample’s
spatial epigenetic regulatory features may be used. In some embodiments, the obtained
computational model has been trained using expression sets having a particular biological
attribute that is shared with the biological sample. In some embodiments, the biological
attribute is a cell-type, tissue origin, and/or phenotype. In a number of embodiments,
epigenetic regulatory features are entered into a computational model, wherein
subsequently the expression of the set of genes of the biological sample are determined
(505). In some embodiments, gene expression levels are determined for every Pol Il

transcribed gene within the genome of the biological sample.
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[0174] Expression level of the set of gene of the biological sample are stored and/or
reported (507). In a number of embodiments, gene expression are used in a number of
downstream applications, including (but not limited to) biochemical assays, diagnoses
and treatments of patients.

[0175] While a specific example of a process for determining expression levels of a
set of genes is described above, one of ordinary skill in the art can appreciate that various
steps of the process can be performed in different orders and that certain steps may be
optional according to some embodiments of the invention. As such, it should be clear that
the various steps of the process could be used as appropriate to the requirements of

specific applications.

Systems of Genetic Sequence Analysis

[0176] Turning now to Fig. 6, computer systems (601) may be implemented on
computing devices in accordance with some embodiments of the invention. The computer
systems (601) may include personal computers, a laptop computers, other computing
devices, or any combination of devices and computers with sufficient processing power
for the processes described herein. The computer systems (601) include a processor
(603), which may refer to one or more devices within the computing devices that can be
configured to perform computations via machine readable instructions stored within a
memory (607) of the computer systems (601). The processor may include one or more
microprocessors (CPUs), one or more graphics processing units (GPUs), and/or one or
more digital signal processors (DSPs). According to other embodiments of the invention,
the computer system may be implemented on multiple computers.

[0177] In a number of embodiments of the invention, the memory (607) may contain
an epigenetic regulatory model application (609) and a gene expression model
application (611) that performs all or a portion of various methods according to different
embodiments of the invention described throughout the present application. As an
example, processor (603) may perform ab initio gene expression determination methods
similar to any of the processes described above with reference to Figs. 2 through 5, which
involve the use of various applications such as an epigenetic regulatory model application

(609) and a gene expression model application (611), during which memory (607) may
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be used to store various intermediate processing data such as gene sequence data
(609a), epigenetic regulatory features computational model (609b), spatially defined
epigenetic regulatory features (609c), expression data sets (611a), and gene expression
model (611b).

[0178] In some embodiments of the invention, computer systems (601) may include
an input/output interface (605) that can be utilized to communicate with a variety of
devices, including but not limited to other computing systems, a projector, and/or other
display devices. As can be readily appreciated, a variety of software architectures can be
utilized to implement a computer system as appropriate to the requirements of specific
applications in accordance with various embodiments of the invention.

[0179] Although computer systems and processes for variant analyses and performing
actions based thereon are described above with respect to Fig. 6, any of a variety of
devices and processes for data associated with variant analyses as appropriate to the
requirements of a specific application can be utilized in accordance with many

embodiments of the invention.

Biochemical Analysis and Site-directed Mutagenesis
[0180] A number of embodiments are directed towards biochemical assays to be
performed based on the results of variants identified to affect gene expression levels.
Accordingly, in several embodiments, computational methods are performed to determine
epigenetic regulatory features based on sequence and the effect on gene expression,
and based on those determinations a biochemical assay is performed to assess gene
expression. In some embodiments, determination of epigenetic regulatory features based
on sequence and the effect on gene expression by performing methods described in Figs.
2 to 5. It should be noted, however, that any method capable of determining epigenetic
regulatory features based on sequence and the effect on gene expression can be utilized
within various embodiments.
[0181] In many embodiments, biochemical methods are performed as follows:

a) obtain a sequence data of a biological sample

b) determine epigenetic regulatory features based on sequence and the effect

on gene expression
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c) based epigenetic regulatory features and the effect on gene expression,
perform a biochemical assay to assess gene expression or cell function.

In some embodiments, determination of epigenetic regulatory features based on
sequence and the effect on gene expression can be performed in accordance as
described herein, such as the methods described in Figs 2 to 5.
[0182] A number of biochemical assays can be performed on the basis of the
determination of epigenetic regulatory features and the effect on gene expression.
Generally, biochemical assays will provide a more in depth assessment of variant and
how it affects various biological functions, which include effects on chromatin formation,
chromatin binding, nearby gene transcription, RNA stability, RNA processing, translation,
cellular function, and disorder pathology. A number of biochemical assays are known in
the art to assess local gene sequence (especially variants and indels within sequence)
effect, including (but not limited to) chromatin immunoprecipitation sequencing (ChlP-
seq), DNAse | hypersensitivity sequencing (DNase-seq), Assay for Transposase-
Accessible Chromatin sequencing (ATAC-seq), Formaldehyde-Assisted Isolation of
Regulatory Elements (FAIRE-seq), Hi-C capture sequencing, bisulfite sequencing (BS-
seq), methyl array, transgene expression analysis (e.g., luciferase and eGFP), qPCR,
RNA hybridization (e.g., ISH), cross-linking immunoprecipitation sequencing (CLIP-seq),
RNA immunoprecipitation  sequencing (RIP-seq), RNA-seq, western Dblot,
immunodetection, flow cytometry, enzyme-linked immunosorbent assay (ELISA), and
mass spectrometry.
[0183] Several embodiments are also directed towards manipulating genetic material
in order to analyze variants, especially site-directed mutagenesis. In some embodiments,
variants, including single nucleotide variants, insertions, and/or deletions, are
incorporated into a DNA sequence construct for analysis (e.g., luciferase plasmid
construct). In some embodiments, variants are introduced into at least one allele of the
DNA of a biological cell. Several methods are well known to introduce variant mutations
within an allele, including (but not limited to) CRISPR mutagenesis, Zinc-finger
mutagenesis, and TALEN mutagenesis. In some embodiments, a common variant is
changed into rare variant. In some embodiments, a rare variant is changed into a common

variant, especially when determining the effect of “correcting” a potential gene expression
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altering variant.
[0184] Various embodiments are directed towards development of cell lines having a
particular DNA sequences that have variants affecting gene expression levels. In some
embodiments, a cell line can be manipulated by genetic engineering to harbor a set of
variants. In some embodiments, a cell line can be derived from an individual (e.g., from a
biopsy) which would harbor the variants identified in that individual. In some
embodiments, a cell line from an individual can be genetically manipulated to “correct” a
set of expression altering variants. In some embodiments, a cell line having a set
expression altering variants and a cell line having a set of control or “corrected” variants
may be assessed to determine the cumulative effect of the set of variants, especially
when modeling a medical disorder that is associated with the set of expression altering
variants.
[0185] A number of embodiments are directed to a preliminary in silico analysis of
variants that can affect gene expression in order to perform site-directed mutagenesis
that modulates gene expression levels. Accordingly, utilizing computational models that
can predict gene expression levels ab initio from sequence, a number of hypothetical
variants can be designed that increase and/or decrease gene expression as desired. Cis-
manipulation of gene expression by local mutagenesis can be a useful tool to understand
a number of phenotypes that are based on stoichiometric levels of gene expression. In
addition, a number of medical disorders are known to arise from improper gene
expression stoichiometry (e.g., see A. M. Rice and A McLysaght BMC Biol. 15, 78 (2017),
the disclosure of which is incorporated herein by reference).
[0186] In several embodiments, gene expression stoichiometry methods are
performed as follows:

(a) perform in silico analysis utilizing computational models to determine variant
effects on gene expression

(b) based on in silico analysis, perform site-directed mutagenesis on at least
one gene such that its altered sequence is predicted to alter gene expression levels

(c) perform biochemical analysis to determine effect of variant on gene
expression.

In some embodiments, in silico analysis to determine effect of variants on gene
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expression can be performed in accordance as described herein, such as the methods
described in Figs 2 to 5. In some embodiments, site-directed mutagenesis is performed
utilizing CRISPR mutagenesis, Zinc-finger mutagenesis, and/or TALEN mutagenesis. In
some embodiments, biochemical analysis to be performed is at least one of. ) chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture
sequencing, bisulfite sequencing (BS-seq), methyl array, transgene expression analysis
(e.g., luciferase and eGFP), gPCR, RNA hybridization (e.g., ISH), cross-linking
immunoprecipitation sequencing (CLIP-seq), RNA immunoprecipitation sequencing (RIP-
seq), RNA-seq, western blot, immunodetection, flow cytometry, enzyme-linked
immunosorbent assay (ELISA), and mass spectrometry.

[0187] In some embodiments, isolated cells and/or tissues, including in vivo and/or ex
vivo cells and/or tissues, are mutagenized to alter sequence variants in order to modulate
gene expression levels. Accordingly, cells and/or tissues are designed to have altered
gene expression levels that may be useful for either understanding the consequence of
expression levels and/or correcting expression levels. In some embodiments, a biopsy is
extracted from an individual and alterations to the genetic sequence are introduced to
modulate gene expression. In some embodiments, an extracted biopsy with modulated
gene expression is transplanted back into an individual such that the modified ex vivo

tissue can provide a therapeutic benefit to the individual by the altered gene expression.

Diagnostics and Treatments of Diseases Based on Gene Expression

[0188] Various embodiments are directed to development of treatments related to
diagnoses of individuals based on their gene expression data. As described herein, an
individual may be diagnosed as having a particular gene expression status in relation to
a disease. In some embodiments, an individual is diagnosed as having a disorder or
having a high propensity for a disorder. Based on the gene expression data, an individual

can be treated with various medications and therapeutic regimens.
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Diagnostic Methods
[0189] A number of embodiments are directed towards diagnosing individuals by
determining the effect of variants on gene expression. In a number of embodiments,
diagnostics can be performed as follows:

a) obtain genetic data of the individual to be diagnosed

b) determine effect of variants on gene expression related to a medical

disorder

c) diagnose the individual based on the gene expression levels.
Diagnoses, in accordance with various embodiments, can be performed as portrayed and
described in any one of Figs. 4 or 5.
[0190] Many embodiments of diagnostics improve on traditional diagnostic methods.
Because the genetic contribution to gene expression is difficult to determine from genetic
sequence, traditional genetic tests of examining a single gene, variant, and/or locus have
been unavailable. As described herein, however, in some embodiments, a diagnosis is
performed ab initio utilizing genetic sequence to determine gene expression levels, such
as described in Figs 2 to 5. In some embodiments, diagnoses are performed for disorders
in which GWAS does not identify causal variants. In some embodiments, diagnoses are
performed for disorders that arise at least in part by variants that affect gene expression

levels.

Diagnostic Kits

[0191] Embodiments are directed towards expression analysis (e.g., RT-PCR,
microarray) genomic loci sequencing and/or single nucleotide polymorphism (SNP) array
kits to be utilized within various methods as described herein. As described, various
methods can diagnose an individual for a medical disorder by examining variants that
affect gene expression or the expression levels directly. Accordingly, a number of
embodiments are directed towards genomic loci sequencing and SNP array kits that
cover a set of genomic loci to diagnose a particular trait. In some instances, the set of
genomic loci are identified by a computational model, such as one described in Fig. 2 and
Fig. 3. In addition, various embodiments are directed towards expression analysis Kits

that cover a set of genes to diagnose a particular trait.
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[0192] A number of targeted gene sequencing protocols can be utilized, including (but
not limited to) partial genome sequencing, primer-directed sequencing, and capture
sequencing. Generally, targeted sequencing involves selection step either by
hybridization and/or amplification of the target sequences prior to sequencing. Therefore,
embodiments are directed to sequencing kits that target genomic loci that are known to
harbor variants that affect expression levels to diagnose a particular medical disorder.
[0193] Likewise, a number of SNP array protocols can be utilized. In general, chip
arrays are set with oligo sequences having a particular SNP. Sample DNA derived from
an individual can be processed and then applied to SNP array to determine sites of
hybridization, indicating existence of a particular SNP. Thus, embodiments are directed
to SNP array kits that target particular SNPs that known to be expression altering in order
to diagnose a particular medical disorder.

[0194] The number of genomic loci and/or SNPs to include in a sequencing kit can
vary, depending on the genomic loci and/or SNPs to examine for a particular trait and the
computational model to be used. In some embodiments, the genomic loci and/or SNPs
to be examined are identified by a computational model, such as the computational model
described in Fig. 2 and Fig. 3. In various embodiments, the number of genomic loci in a
sequencing kit are approximately, 100, 1000, 5000, 10000, 20000, 30000, 40000, 50000,
60000, 70000, 80000, 90000, 100000, 150000, or 200000 loci. In various embodiments,
the number of SNPs in an array kit are approximately, 1000, 10000, 50000, 100000,
200000, 300000, 400000, 500000, 600000, 700000, 800000, 900000, 1000000,
1500000, or 2000000 SNPs. In some embodiments, all identified loci are included in a kit.
In some embodiments, only a subset of the loci are included. It should be understood that
precise number and positions of loci can vary as the gene expression model can be
updated with new data or recreated with a different data set (especially for biological
attributes).

[0195] The number of probes or primer pairs to include in an expression analysis kit
can vary, depending on the genes to examine for a particular trait and the computational
model to be used. In some embodiments, the genes to be examined are identified by a
computational model, such as the computational model described in Fig. 2 and Fig. 3. In

various embodiments, the number of genes to analyze in an expression kit are
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approximately, 10, 20, 30, 40, 50, 100, 200, 300, 400, 500, 1000, 5000, or 10000 genes.
Generally the probes and/or primer pairs to be included in a kit are directed to cDNA and
thus span exon-exon junctions. In some embodiments, all identified genes are included
in a kit. In some embodiments, only a subset of the genes are included. It should be
understood that precise number genes can vary as the gene expression model can be
updated with new data or recreated with a different data set (especially for biological

attributes).

Medications and Supplements

[0196] Several embodiments are directed to the use of medications and/or dietary
supplements to treat an individual based on their medical disorder diagnosis. In some
embodiments, medications and/or dietary supplements are administered in a
therapeutically effective amount as part of a course of treatment. As used in this context,
to "treat" means to ameliorate at least one symptom of the disorder to be treated or to
provide a beneficial physiological effect.

[0197] A therapedutically effective amount can be an amount sufficient to prevent
reduce, ameliorate or eliminate symptoms of disorders or pathological conditions
susceptible to such treatment. In some embodiments, a therapeutically effective amount
is an amount sufficient to reduce the symptoms of a medical disorder.

[0198] Dosage, toxicity and therapeutic efficacy of the compounds can be determined,
e.g., by standard pharmaceutical procedures in cell cultures or experimental animals,
e.g., for determining the LDso (the dose lethal to 50% of the population) and the EDso (the
dose therapeutically effective in 50% of the population). The dose ratio between toxic and
therapeutic effects is the therapeutic index and it can be expressed as the ratio LDso/EDso.
Compounds that exhibit high therapeutic indices are preferred. While compounds that
exhibit toxic side effects may be used, care should be taken to design a delivery system
that targets such compounds to the site of affected tissue in order to minimize potential
damage to other tissue and organs and, thereby, reduce side effects.

[0199] Data obtained from cell culture assays or animal studies can be used in
formulating a range of dosage for use in humans. If the pharmaceutical is provided

systemically, the dosage of such compounds lies preferably within a range of circulating
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concentrations that include the EDso with little or no toxicity. The dosage may vary within
this range depending upon the dosage form employed and the route of administration
utilized. For any compound used in the method of the invention, the therapeutically
effective dose can be estimated initially from cell culture assays. A dose may be
formulated in animal models to achieve a circulating plasma concentration or within the
local environment to be treated in a range that includes the I1Cso (i.e., the concentration of
the test compound that achieves a half-maximal inhibition) as determined in cell culture.
Such information can be used to more accurately determine useful doses in humans.
Levels in plasma may be measured, for example, by liquid chromatography coupled to
mass spectrometry.

[0200] An "effective amount" is an amount sufficient to effect beneficial or desired
results. For example, a therapeutic amount is one that achieves the desired therapeutic
effect. This amount can be the same or different from a prophylactically effective amount,
which is an amount necessary to prevent onset of disease or disease symptoms. An
effective amount can be administered in one or more administrations, applications or
dosages. A therapeutically effective amount of a composition depends on the composition
selected. The compositions can be administered one from one or more times per day to
one or more times per week; including once every other day. The skilled artisan will
appreciate that certain factors may influence the dosage and timing required to effectively
treat a subject, including but not limited to the severity of the disease or disorder, previous
treatments, the general health and/or age of the subject, and other diseases present.
Moreover, treatment of a subject with a therapeutically effective amount of the
compositions described herein can include a single treatment or a series of treatments.
For example, several divided doses may be administered daily, one dose, or cyclic

administration of the compounds to achieve the desired therapeutic result.

Alterations in Dosing Based on Metabolism

[0201] A number of embodiments are directed towards altering treatments of
individuals based on their variants that affect expression of genes involved with drug
metabolism. In some embodiments, a model is trained to identify loci harboring variants

that affect expression of drug metabolizing genes. In some embodiments, genomic loci
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known to harbor variants that alter gene expression are associated with a drug
metabolism. In some embodiments, the effect of variants within a sequence on gene
expression is determined using a computational model. Based on results, in some
embodiments, dosing can be altered (i.e., high metabolizers are dosed higher and low
metabolizers are dosed lower).
[0202] Several medications are known to be metabolized differently by individuals
based on the expression of a few key genes. Table 1 is a list of medication and genes
that are involved with metabolism of that medication. Medications and genes involved in
their metabolism can also be found using the PharmGKB database (www.pharmgkb.org)
Accordingly, based on methods described herein that determine alterations biochemical
regulation, especially in transcriptional and/or posttranscriptional regulation, an individual
can be treated accordingly. For example, the gene CYP2D6 is involved in the metabolism
of oxycodone. If an individual is found to have variants that decrease the expression of
CYP2D6, then lower doses of oxycodone (or an alternative medication) can be
administered. If an individual is found to have regulatory variants that increase the
expression of CYP2D6, then higher doses of oxycodone (or an alternative medication)
can be administered. In some embodiments, the effects of variants on gene expression
is determined by performing methods described in Figs. 2 to 5. It should be noted,
however, that any method capable of determining the effect of variants on gene
expression levels can be utilized within various embodiments.
[0203] In many embodiments, dosing alteration methods are performed as follows:

a) obtain a set of variants of an individual

b) determine the effect of variants on gene expression levels

c) based on the effect of variants on gene expression levels, determine the

ability of an individual to metabolize a medication
d) based on metabolism results, administer an appropriate dose of the
medication or administer an alternative medication.

In some embodiments, determination of the effect of variants on gene expression levels

can be performed in accordance with the description accompanying Figs. 2 to 5.
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EXEMPLARY EMBODIMENTS

[0204] Bioinformatic and biological data support the methods and systems of
determining the contribution of variants on transcriptional expression levels and
applications thereof. In the ensuing sections, exemplary computational methods and
exemplary applications related to gene expression determinations are provided,
especially in the context of immune-related diseases. Exemplary methods and
applications can also be found in the publication “Deep learning sequence-based ab initio
prediction of variant effects on expression and disease risk” of J. Zhou, et al., Nat. Genet.
50(8), 1171-1179 (2018), the disclosure of which, including all supplemental text, tables

and data, is incorporated herein by reference.

Deep learning sequence-based ab initio prediction of variant effects on expression
and disease risk

[0205] A computational framework for quantitatively assessing the impact of sequence
variants on gene expression in the context of human disease is described in the following
sections. In particular, a tissue-specific modeling framework ExPecto is described, which
predicts gene expression levels ab initio from sequence for over 200 tissues and cell
types. The ExPecto framework integrates a deep-learning method with spatial feature
transformation and L2-regularized linear models to predict tissue-specific expression from
a wide regulatory region of 40kb promoter-proximal sequences. A prominent feature of
this framework is that it does not use any variant information for training, enabling
prediction of expression effect for any variant, even variants that are rare or never
previously observed. This approach is general and can be applied to comprehend
contributions of mutations to many medical disorders and phenotypes, which in turn can
contribute to development of diagnostic tests, performing diagnoses, and treating
individuals.

[0206] The resulting ExPecto models make highly accurate cell-type-specific
predictions of expression from DNA sequence, as evaluated with known expression
quantitative trait loci (eQTLs) and validated causal variants from a massively parallel
reporter assay. With this capability, putative causal variants associated with human traits

and diseases was prioritized from hundreds of publicly available genome-wide
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association studies (GWAS). Newly predicted putative causal variants for Crohn’s
disease, ulcerative colitis, Behcet's disease, and HBV infection was experimentally
validated, demonstrating that these ExPecto-predicted functional single nucleotide
polymorphisms (SNPs) show allele-specific regulatory potential while the GWAS lead
SNPs do not.

[0207] The scalability of ExPecto allows systematic characterization of the predicted
expression effect space of potential mutations for each gene, by profiling over 140 million
promoter proximal mutations. This enables systematic probing of the tissue-specific
impact of gene human transcription dysregulation ‘in silico’ at a scale not yet possible
experimentally, defining the evolutionary constraints on human gene expression. It was
shown that the effects of potential mutations on each gene, which is referred to herein as
the gene’s ‘variation potential’, is indicative of the phenotypic impact of expression-
altering mutations.

[0208] Integrating expression effect predictions and inferred evolutionary constraints,
an end-to-end computational framework for full in silico prediction of disease-associated
regulatory variation is proposed, from sequence to expression effects and subsequent
fitness impacts. This framework is complementary to quantitative genetics and
experimental approaches at a substantially larger scale and lower cost, including for
inferring disease-causal mutations. The far-reaching potential of this approach was
demonstrate by interpreting clinically-relevant mutations (even ones not captured by

quantitative genetics) through successful prediction of disease risk.

Sequence-based cell-type specific expression prediction

[0209] To predict the tissue-specific expression from human promoter-proximal
sequences, a modular framework was built (Fig. 7). First, deep learning was used to
generate a repertoire of potential regulatory sequence representations capable of
predicting epigenomic effects of any genomic variant from sequence only. This was
accomplished with a deep convolutional neural network trained to predict 2,002 different
features including histone marks, transcription factors and DNA accessibility profiles for
over 200 tissues and cell types. Second, through a spatial feature transformation

approach, the framework integrated predicted sequence-based epigenomic information
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across 40kb region (Fig. 8). Third, tissue-specific regularized linear models used the
transformed epigenomic information, which is centered on the transcription start site
(TSS), to predict expression of Pol Il transcribed genes in each of the 218 tissues and
cell types (one model per tissue for all genes). The resulting ExPecto framework is
capable of predicting cell-type specific gene expression and the effects of genomic
variants ab initio, having never trained on any variant information (neither matched
expression or epigenetic data nor any genomic variant data).

[0210] ExPecto makes accurate predictions of gene expression levels from sequence,
with 0.819 median Spearman correlation with observed expression log RPKM across 218
tissues and cell types (Fig. 9). This was evaluated on proximal sequences held out during
all training of both the regulatory representations and the expression models. It was found
that the expression models preferentially exploited sequence representations of
transcription factors and histone marks (See Supplementary Table 1 of J. Zhou, et al.,
Nat. Genet. 50(8), 1171-1179 (2018)). DNase | sequence features, in contrast, had
consistently lower weights (p = 6.9x102° two-sided Wilcoxon rank sum test) likely due to
the lack of causal dependency information, probably because DNase | hypersensitive
sites can be caused by binding proteins of various functions.

[0211] Furthermore, in addition to accurately capturing global expression, ExPecto
predictions recapitulated the tissue specificity of expression, with expression predictions
being significantly more similar to the experimental measurements from the correct cell
type than other cell types on holdout sequences (Fig. 10). As cell type specificity of gene
expression in the human body is determined by differential utilization of regulatory DNA
sequences, it was examined whether the framework learned such cell type regulatory
specificity. Indeed, the expression models could automatically learn to preferentially
utilize sequence features from the most relevant cell type, even though no explicit tissue
labels for these features were used. For example, the top weighted sequence features
specific for the liver model corresponded to binding of seven transcription factors (TFs) in
HepG2 cells of liver origin. For the breast-mammary gland model — all top five positive
features are TFs (ERa and GR) in the breast cancer cell lines T-47D and ECC-1, and for
the whole blood model — all top five features are from the blood-derived cell lines and

erythroblast cells (See Supplementary Table 1 of J. Zhou, et al., Nat. Genet. 50(8), 1171-
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1179 (2018)).

[0212] The ability of ExPecto to predict tissue-specific gene expression from sequence
provides the basis for estimating transcriptional effects of genomic variation (Fig. 7 & 11).
These computational predictions of variant effect do not use any variant-specific
information for training and thus can scale to all human population variants and even
billions of potential small alterations in the human genome. Thus, in contrast to
quantitative genetics approaches, which detect mostly high frequency variants, the
ExPecto approach is not biased by allele frequencies and works for both common and
rare variants (Fig. 12). Therefore, an exhaustive in silico mutagenesis was applied to
over 140 million variants, including all variants around 23,779 TSSs, all GWAS loci, and

eQTL variants, in order to probe the effects of these variants (Fig. 11).

Effect of genomic variants on tissue-specific expression

[0213] To evaluate ExPecto’s predictions of tissue-specific effects of genomic variants
on gene expression, the predictions were compared with eQTL data from multiple studies.
ExPecto’s ab initio sequence-based prediction is especially useful for prioritizing causal
eQTL variants because the prediction is not confounded by linkage disequilibrium. Thus,
even though a majority of eQTL variants are expected to cause no expression effect (of
Genotype-Tissue Expression (GTEXx) lead variants, only 3.5%- 11.7% are estimated to
be causal variants, which is <1% of all GTEx eQTL variants), ExPecto was designed to
predict causal variants (for more on GTEX eQTL variants, see F. Aguet, et al., Nature
550, 204-213 (2017), the disclosure of which is incorporated herein by reference). Among
the GTEx-identified eQTLs, ExPecto correctly predicted the direction of expression
change for 92% of the top 500 strongest effect variants (Fig. 13) and provides accurate
predictions for tens of thousands of variants (Fig. 13). This suggests that a high proportion
of eQTLs with strong predicted effects are causal in contrast to the background, as the
eQTL effect direction of non-causal SNPs should be independent from the predicted
directions. Moreover, ExPecto models for the correct tissue provided more accurate
predictions than any other tissue (Fig. 13). The accuracy of ExPecto was also
demonstrated on three other large-scale eQTL studies on brain, primary immune cells

and blood respectively (Fig. 14) (for more on the large-scale eQTL studies, see H. J.
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Westra, et al., Nat. Genet. 45, 1238-1243 (2013); A. Ramasamy, et al., Nat. Neurosci. 17,
1418-1428 (2014); and B. P. Fairfax, et al. Nat. Genet. 44, 502-510 (2012); the
disclosures of which are each incorporated herein by reference).

[0214] In addition, ExPecto can accurately predict causal eQTLs when evaluated with
data from in vitro massively parallel reporter assays (MPRA) in lymphoblastoid cells (for
more on lymphoblastoid study, see R. Tewhey, et al., Cell 165, 1519-1529 (2016), the
disclosure of which is incorporated herein by reference). The strongest predicted effect
variants from the lymphoblastoid expression model differentially activated transcription,
and the model was able to predict expression change directionality with nearly perfect
accuracy for top prioritized variants (Fig. 15). Notably, the lymphoblastoid model
outperformed all other tissue models (AUROC=0.815), again demonstrating the
importance of tissue-specific expression modeling in causal-effect predictions.

[0215] As expression models can accurately predict causal gene expression effects
of SNVs and small INDELs among eQTLs, the expression effect of human population
variants across the full range of allele frequencies was examined (16.5 million variants
from the 1000 Genomes project) (See Supplementary Data 1 of J. Zhou, et al., Nat.
Genet. 50(8), 1171-1179 (2018)). In contrast to quantitative genetics approaches, which
detect mostly high frequency variants (Fig. 12), the ExPecto approach is not biased by
allele frequencies and can detect both common and rare variants. Indeed, the ExPecto
high expression effect variants have similar MAF distribution to all 1000 Genomes
variants (Fig. 12). It was revealed that variants with stronger predicted expression effect
are enriched for GTEx eQTLs at all allele frequencies (Fig. 16). Thus, sequence-based

expression models can be powerful tools in the interpretation of rare functional variants.

Prioritizing and experimental study of causal GWAS variants

[0216] ExPecto’s variant expression effect predictions were utilized to prioritize causal
variants from disease/trait loci of 3,000 GWAS studies (See Supplementary Table 2 of J.
Zhou, et al., Nat. Genet. 50(8), 1171-1179 (2018)) (for more on GWAS studies, see J.
Macarthur, et al., Nucleic Acids Res. 45, D896-D901 (2017), the disclosure of which is
incorporated herein by reference). While GWASs reveal the genetic basis of human

diseases and traits by identifying a multitude of associated loci, this approach generally
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lacks the resolution to pinpoint causal genomic variants due mainly to linkage
disequilibrium. Assessing overall performance of ExPecto prioritized variants, it was
found that loci with the stronger predicted effect variants were significantly more likely to
be replicated in a different GWAS study (p = 6.3x10'8, two-sided Wald test with logistic
regression, Fig. 17, see also Fig. 18 for analysis using only p<5x10-® variants). Moreover,
the stronger predicted effect GWAS linkage disequilibrium (LD) variants were more likely
to be the exact replicated variant (p = 5.6x10"* two-sided Wald test with logistic
regression). For instance, an earlier Venous Thromboembolism GWAS' identified
rs3756008 as the lead causal variant, however, ExPecto-prioritized LD variant rs4253399
near the F11 locus was discovered with a later study using a larger cohort (Fig. 19) (for
more on cohort, see W. Tang, ef al., Genet. Epidemiol. 37, 512-521 (2013), the disclosure
of which is incorporated herein by reference). Similar examples include variants in
autoimmune diseases-associated loci (rs7528684, rs2618476) (Figs. 20 & 21) (for more
on these studies, see V. Planol, et al., PLoS Genet. 7, e1002216 (2011); X. Chu, et al,,
Nat. Genet. 43, 897-901 (2011); S. Sawcer, et al. Nature 476, 214-219 (2012); R. R.
Graham, ef al., Nat. Genet. 40, 1059-61 (2008); J. Bentham, et al., Nat. Genet. 47, 1457—
1464 (2015); and Y. C. Lee, et al., Nat. Genet. 44, 522-5 (2012); the disclosures of which
are each incorporated herein by reference). These results support the potential of using
predicted expression effect information to improve identification of causal associated loci
from GWAS studies.

[0217] The expression alteration effects of the top three ExPecto-prioritized SNPs was
experimentally measured on immunity-related diseases and their allele-specific
regulatory potential was compared against the lead SNPs from the corresponding
GWASs (Figs. 22, 24 & 26). It was found that these expression effect-prioritized LD
SNPs, while having no prior evidence of functionality, showed transcriptional regulatory
activity whereas lead GWAS SNPs did not (as measured by reporter expression assays).
(Figs. 23, 25 & 27). The top ExPecto-prioritized SNP, rs1174815, is predicted to decrease
the expression of IRGM, an innate immune response gene significantly associated with
Crohn’s disease, ulcerative colitis and general inflammatory bowel disease, and indeed
a significant decrease in reporter expression was observed (Figs. 22 & 23, p = 3x10).
The second top SNP rs147398495, associated with Behcet’s disease and near CCR1, a
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chemokine receptor gene, also significantly changed transcriptional regulatory activity
(Figs. 24 & 25, p = 7x107"9). For a Chronic HBV infection-associated GWAS locus, the
third top SNP, rs381218, was predicted by ExPecto to affect the expression of HLA-DOA,
a MHC 1l gene functional in B-cell lysosomes, and indeed, results in 4-fold change in
reporter activity (Figs. 26 & 27, p = 1x10°). In all seven examined cases, none of the lead
SNPs in the GWASs showed significant differences in transcriptional regulatory activity.
Importantly, the directionalities of the expression changes for all three top LD variants
were also correctly predicted by ExPecto (See Supplementary Table 2 of J. Zhou, et al.,
Nat. Genet. 50(8), 1171-1179 (2018)). These results demonstrate the potential of
expression-prediction based causal variant prioritization for identifying disease and trait-

associated alleles of true functional impact.

Variation potentials and evolutionary constraints of genes

[0218] A substantial gap still exists between predicting expression effect and
estimating subsequent phenotypic consequences. The complexity of human as an
organism poses significant difficulties in predicting phenotypic or disease consequences
of expression alteration where perturbations of different genes elicit distinct
consequences. As the Expecto model enables exploration of tissue-specific expression
effects of genomic sequence variation at an unprecedented scale, essentially providing
an ‘in silico’ assay of every possible transcriptional effect of a variant, it enables one to
analyze the trace of selection on the regulatory sequences from the space of all potential
mutations. It is proposed that the collective effects of potential mutations on each gene,
which is referred to as a gene’s ‘variation potential’ (VP) (Fig 28.), are indicative of the
phenotypic impact of expression-altering mutations. Furthermore, it was found that
variation potential is indicative of innate expression properties of genes (e.g. tissue
specificity of expression and activation/repression status).

[0219] A catalog of predicted effects was computed for more than 140 million
mutations that include all possible single nucleotide mutations 1kb upstream and
downstream of the TSS for each Pol ll-transcribed gene. This identifies over 1.1 million
mutations with a strong predicted expression effect (at high confidence). It was found that

mutations predicted to decrease expression were generally positioned at the immediate
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upstream of the TSS near -50bp (Fig. 29), which is the typical position of core promoter
elements. The bases with stronger predicted mutation effects showed significantly higher
evolutionary constraints both in the modern human population (Fig. 30) and in ancestral
evolutionary history (Fig. 31).

[0220] It was observed that tissue-specific variation potential of a gene is highly
predictive of expression properties for that gene. Specifically, ExPecto can predict both
whether a gene is ubiquitous versus tissue- or condition-specific and whether a gene is
active or repressed (Figs. 32 to 35, See Supplementary Data 2 of J. Zhou, et al., Nat.
Genet. 50(8), 1171-1179 (2018)). Genes with low VP magnitude are characteristically
ubiquitously expressed genes and often involved in essential cellular processes (e.g.,
splicing, translation, protein folding, and energy metabolism) (Fig. 33). In contrast, genes
with high VP magnitude are tissue-specific (e.g., synaptic transmission genes) or
condition-specific (e.g., innate immune response genes) (Figs. 34 & 35). Among non-
ubiquitous genes, VP’s directionality (positive/negative cumulative mutation effect) in a
given tissue predicts a gene’s activity status: negative VP predicts actively expressed
genes and positive VP indicates repressed expression in the modeled tissue (Figs. 34 &
35). For example, in brain tissue, synaptic transmission genes have negative VP and are
thus predicted to be actively expressed. On the contrary, in non-neural tissues, synaptic
transmission genes have positive VP and are thus predicted to be repressed (as in Fig.
32) (See Supplementary Data 2 of J. Zhou, et al., Nat. Genet. 50(8), 1171-1179 (2018)).
In a given tissue, genes with strong positive predicted VP indeed appear to be repressed,
as they are expressed significantly higher in other tissues compared to genes with similar
expression level but low VP magnitude (analysis based on GTEx, Fig. 36). Thus,
variation potentials are not simply reflecting the magnitude of gene expression, but
inferring expression properties from sequence.

[0221] It is hypothesized that a connection between variation potentials and
expression properties of genes is imposed by evolutionary constraint. Specifically, it is
proposed that genes strongly enriched with mutations of predicted negative effects are
under positive evolutionary constraint (i.e., decreasing expression of that gene is
deleterious) and vice versa (Figs. 32 third panel, 37 to 39). Supporting this differential

evolutionary constraints hypothesis, both variant allele frequencies in human populations
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and evolutionary conservation evidence supports divergent selection signatures for
genes with putative positive and negative constraints (p < 1.6x10* in all cases by two-
sided Wald test with logistic regression on coefficient of interaction term). Specifically, for
putative positive constraint genes, variant sites predicted to decrease expression have
lower allele frequency and higher evolutionary conservation, as compared to negative
constraint genes, and vice versa (Fig. 38). These divergent selection signatures are not
simply driven by gene expression levels, because randomly selecting genes with
matching expression levels do not show differential selection (Fig. 40). Moreover, genes
with stronger inferred evolutionary constraints are significantly more enriched in GWAS
disease genes (p=6.1x10"°2 two-sided Wald test with logistic regression), indicating that
changes in expression of these genes are more likely to lead to adverse consequences
(Fig. 41).

[0222] With the inference of putative evolutionary constraints, key components for a
regulatory disease mutation analysis framework that addresses both the impact of a
variant on gene expression and the fithess impact of expression alterations are portrayed
(Fig. 32). Recognizing regulatory disease mutations is very challenging because both of
these problems are difficult to address experimentally. ExPecto’'s computational
sequence-based approach addresses these problems genome-wide, even for mutations
that have not been previously observed experimentally.

[0223] The ability of ExPecto to predict disease risk ab initio from sequence was
assessed. At the individual variant level, whether a specific sequence alteration is likely
to be deleterious or protective via integrating the expression effect and variation-potential-
based constraint directionality through the constraint violation score was predicted. For
example, if a variant causes a positively constrained highly expressed gene to
substantially decrease expression, it is likely to be deleterious (Fig. 32 fourth panel). The
predictions were then evaluated on the curated pathogenic regulatory mutations in human
gene mutation database (HGMD) and the prioritized putative causal LD SNPs derived
from GWAS catalog.

[0224] Most of the strong ExPecto predicted effect mutations from HGMD are
predicted to decrease expression (Fig. 42), and correspondingly, all of them are near

genes with putative positive evolutionary constraints as would be expected based on the
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findings described herein. Positive constraints are also consistent with the current
understandings of these diseases as caused by deficiency of certain proteins, such as
coagulation factor genes F7 and F9 for factor VIl deficiency and Hemophilia B
respectively; PROC and PROST genes for blood clotting disorders caused by protein C
deficiency and protein S deficiency, APOA1 and LDLR for hypolipoproteinemia and
hypercholesterolemia caused by apolipoprotein deficiency and decreased receptor-
mediated endocytosis of LDL cholesterol deficiency respectively. UNC13D, essential for
intracellular trafficking and exocytosis of lytic granules is associated with hemophagocytic
lymphohistiocytosis type 3. Decreased expression of the BTK gene, an essential gene for
B cell development and maturation, causes agammaglobulinemia. HNF1A mutation is
well known as a major cause for maturity onset of diabetes (MODY) and considered
important in beta-cell differentiation.

[0225] Only one HGMD disease mutation was predicted to strongly increase
transcriptional activity and it is near a gene with putative negative constraints in all tissues,
TERT (Fig. 42). TERT encodes telomerase reverse transcriptase, and overexpression of
TERT thus supports unconstrained proliferation. Indeed, mutations in the TERT promoter
were found to be highly recurrent in 71% of melanoma samples, as well as in many other
cancer types including bladder and central nervous system cancers, and many of these
mutations generate new ETS binding sites and increase transcriptional activity in reporter
assays, consistent with our predictions. Note that even though HGMD disease mutations
are known to be deleterious, these results demonstrate that ExPecto can correctly predict
the disease allele versus the non-disease allele without any prior knowledge of disease
association.

[0226] To assess the potential for ExPecto to predict disease risk for relatively
common variants in the population, whether constraint violation scores were predictive
for GWAS risk loci was evaluated. Positive violation scores suggest the alternative allele
is likely more deleterious while a negative violation score suggests the reference allele is
likely more deleterious. This GWAS evaluation standard directly includes both deleterious
and protective variants (risk alleles are reference alleles for 37 loci, alternative alleles for
63 loci). ExPecto is significantly predictive (p=0.002, Wilcoxon rank sum test, AUC =
0.67, Fig. 43, See Supplementary Data 3 of J. Zhou, et al., Nat. Genet. 50(8), 1171-1179
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(2018)) of the known risk alleles detected from GWAS studies. This evaluation thus
demonstrates that predicted effects that violate inferred constraints are predictive of risk
alleles in GWAS, indicating that ExPecto can predict which allele is deleterious or
protective without any prior variant-disease association information. Together these
results suggest this approach as a large-scale prediction of disease risks, which will be
especially useful for interpreting the enormous amount of potential disease mutations for

which there is with little or no prior knowledge.

Detailed Methods

[0227] ExPecto framework architecture: The ExPecto sequence-based expression

prediction framework includes three components that act sequentially (Fig. 7). First, a
deep neural network epigenomic effects model scans the long input sequence with a
moving window and outputs predicted probabilities for histone marks transcription factors,
and DNase hypersensitivity profiles at each spatial position. Then a series of spatial
transformation functions summarize each predicted spatial pattern of chromatin profiles
to generate a reduced set of spatially transformed features (Fig. 8). Last, the spatially-
transformed features are used to make tissue-specific predictions of expression for every
gene by regularized linear models.

[0228] The first component of ExPecto uses a deep convolutional neural network to
transform genomic sequences to epigenomic features. The approach generates a cell-
type specific model for 2,002 genome-wide histone marks, transcription factor binding
and chromatin accessibility profiles (based on training data from ENCODE and Roadmap
Epigenomics projects, See Supplementary Data 4 of J. Zhou, et al., Nat. Genet. 50(8),
1171-1179 (2018)) (for more on ENCODE and Roadmap, see N. de Souza, Nat. Methods
9, 1046-1046 (2012) & B. E. Bernstein Nat. Biotechnol. 28, 1045-8 (2010), the
disclosures of which are each incorporated herein by reference). Specifically, the model
architecture has an extended number of convolution layers for increased model depth,
broader genomic context via increased window size (2000bp), and the model was trained
to predict 2002 regulatory features for over 200 cell types (see model architecture below).
Critically, this deep learning model does not use any nucleotide variant data for training.

The deep convolutional neural network model predicts epigenomic features of a 200bp

49



WO 2019/191123 PCT/US2019/024108

region, while also using the 1800bp surrounding context sequence. For each Pol II-
transcribed gene, surrounding its representative transcriptional start site (TSS, see the
‘Identification of representative transcription start sites’ section below), the deep
convolutional neural network model scans the genomic sequence between +20kb
upstream and -20kb downstream to predict spatial chromatin organization patterns using
a moving window with 200bp step size, yielding 200 spatial bins with a total number of
400400 features.

[0229] The model architecture is specified as the following:

Input (Size: 4bases x 2000bp) =>

(Layer 1): Convolution(4 -> 320, kernel size=8)
(Layer 2): ReLU

(Layer 3): Convolution(320 -> 320, kernel size=8)
(Layer 4): ReLU

(Layer 5): Dropout(Probability=0.2)

(Layer 6): Max pooling(pooling size=4)

(Layer 7): Convolution(320 -> 480, kernel size=8)
(Layer 8): ReLU

(Layer 9): Convolution(480 -> 480, kernel size=8)
(Layer 10): ReLU

(Layer 11): Dropout(Probability=0.2)

(Layer 12): Max pooling(pooling size=4)

(Layer 13): Convolution(480 -> 640, kernel size=8)
(Layer 14): ReLU

(Layer 15): Convolution(640-> 640, kernel size=8)
(Layer 16): ReLU

(Layer 17): Dropout(Probability=0.5)

(Layer 18): Linear(67840 -> 2003)
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(Layer 19): ReLU
(Layer 20): Linear(2003 -> 2002)
(Layer 21): Sigmoid

=> Qutput (Size: 2002 epigenomic features)
RelLU indicates the rectified linear unit activation function. Sigmoid indicates the Sigmoid
activation function. Notations such as ‘4 -> 320" indicate the input and output channel
size for each layer. When not indicated, the output channel size is equal to the input
channel size.
[0230] The second component of ExPecto is the spatial transformation module that
reduces the dimensionality of the learning problem by generating spatially-transformed
features (Fig. 8). The spatial transformation module reduces the input dimensionality with
ten exponential functions weighting upstream and downstream regions separately, with
weights based on relative distance to TSS (transformed features with higher decay rate
are more concentrated near TSSs). This effectively reduces the number of features 20
fold to 20020. The exponential functions were prespecified (based on empirical selection)
and not learned during training. This spatial feature transformation followed by learning
linear model retains the flexibility of learning spatial patterns, which is equivalent to
learning a smooth nonlinear spatial pattern function f constrained to the space of linear
combinations of basic functions corresponding to the feature transformations.
[0231] Finally, to make tissue-specific expression predictions, spatially-transformed
features are used to predict gene expression levels for each tissue (quantified by log
RPKM) with L2-regularized linear regression models fitted by gradient boosting algorithm.
Specifically, the full models including both spatial transformation and linear models are
specified as below.
= uw zl)totl) down 9% zl)tgtl
expression = (ZDZPM Z 1(t; <0) p e P Zl(td >0)p P
where p;4 Is the predicted probabilities for chromatin feature i at region d relative to the
TSS, and D represents the set of 200 x 200bp spatial bins within 20kb of the TSS. 1
represents the indicator function which equals one when the specified condition is

satisfied and zero otherwise. t; represents the mean distance of region d to the TSS. For

51



WO 2019/191123 PCT/US2019/024108

example, the -200bp to Obp bin has a distance of -100 bp and the -400bp to -200bp bin

has a distance of -300bp. g, and ,BdOW”ik are the learned expression model coefficients

of chromatin feature i and exponential function index k for upstream and downstream
regions respectively. The decay constant for exponential function k is indicated by a,

where a = {0.01, 0.02, 0.05, 0.1, 0.2}. Note that model coefficients g, and g4 are

shared across spatial bins indexed by d due to spatial transformation, thus significantly
decreasing the number of fitted parameters (by 20 fold) and reducing overfitting. All
hyperparameters of ExPecto are chosen by empirical evaluations, including the number
and values of exponential terms, model design, and window sizes, while all the neural
network model weights and linear model coefficients are learned from data. The +/- 20kbp
(40Kbp) window size around the TSS maximizes ExPecto accuracy. While smaller
windows decrease prediction performance, increasing the window size to 50kb, 100kb or
even 200kb gives negligible performance gain (Fig. 44).

[0232] Application of ExPecto for sequence-based gene expression level prediction

across tissues: ExPecto models can be trained on any expression profile. Here, 218

tissue expression profiles from GTEx, Roadmap epigenomics and ENCODE projects
were used. A pseudocount was added before log transformation (0.01, except for 0.0001
for GTEX tissues (which were averaged across individuals) due to high coverage from
pooling multiple samples). The linear expression models were trained with L2
regularization parameter lambda=100, shrinkage parameter eta=0.01 and basescore=2
for 100 rounds. The training and prediction time of ExPecto is detailed in Table 2.

[0233] The gene-wise expression prediction performance was evaluated on whole
chromosome holdout of chr8 (990 genes), which was withheld at all stages of the ExPecto
training (sequences were not used for training either the linear expression models or the
neural network regulatory effects model). A whole chromosome holdout was tested to
provide a more conservative evaluation and minimize overlap of regulatory regions. To
further minimize the possibility of overfitting through homology, all chr8 genes with
paralogs on other chromosomes were removed, which did not negatively affect
performance (Spearman correlation 0.819 for all 990 chr8 genes, 0.821 for after removal

of 184 paralogous genes).
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[0234] For interpretation of tissue-specific signals captured by the models, the most
informative cell type-specific sequence features from expression models were extracted

as follows:

1 2 ?k 1 22 %
:61 :61
n n,n
k A k'tcells = T

Bii represent in the coefficient for chromatin feature i, exponential function k in cell type /
tissue c. ny represents the number of exponential functions (ny = 10 in this case,
considering both upstream and downstream coefficients), and ngs represents the
number of all cell type/tissue models. ¢ is index for cell type / tissues. To enable
comparison across features from different datasets, models retrained with a uniform
pseudocount of 0.0001 were used for all tissue or cell types. The top features with higher
than tissue-average coefficients were then selected.

[0235] Variant expression effect prediction: Gene expression effect is naturally

estimated by the difference of predicted expression levels for reference and alternative
allele, which is measured by the predicted log fold change. As the expression effect
models are linear combinations of regulatory feature predictions, expression effect
prediction computation can be simplified to a function of the variant chromatin effects p

and distance to TSS ¢

1t+68] 1t+6]
cffect(p,) = ) ) (o'~ piF') Zl(t<0) L R TR A
k

Sea i
where pE" and pa" are the predicted probabilities for chromatin feature i with reference
allele or alternative allele at position & relative to the variant position, f'°,, and ,BdOW”

are the expression model coefficients of chromatin feature i and exponential function
index k for upstream and downstream variants, respectively. The decay constant for
exponential function k is indicated by a, and the distance to TSS is indicated by t.
Notably the predicted variant regulatory effect includes both effects at the variant site and
at adjacent positions (as long as the variant is within range of 2000bp context sequence
window for that region), thus the variant expression effect considers regulatory effects in
9 positions specified by:

A = {Obp, —200bp, —400bp, —600bp, —800bp, +200bp, +400bp, +600bp, +800bp }.
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[0236] For small INDELs, the alternative allele sequence were compensated or
truncated equally on both sides to total 2000bp.

[0237] Evaluation of ExPecto tissue-specific expression effect predictions: The GTEXx

v6 eQTLs, the 1000 Genomes phase 3 variants, and GWAS Catalog data were
downloaded from the websites (see, https://www.gtexportal.org/home/datasets,
ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/release/20130502/, and
https://lwww.ebi.ac.uk/gwas/). HGMD regulatory mutations were from HGMD professional
version 20144 and filtered to category DM, which represents “disease-
causing/pathological’” mutations reported to be disease causing in the original literature.

[0238] The in vitro reporter assay eQTL effects were predicted with modifications for
adapting to the difference between in vitro reporter assay and in vivo expression, as only
a short element is cloned to a fixed position upstream of a reporter gene in reporter assay.
Specifically, regulatory effect models trained on 230bp input window were used instead
of 2000bp, and only the in-place chromatin effect but not effect on adjacent regions were
computed, as these sequences were not cloned to the reporter vector. The position
relative to TSS is fixed at -100bp.

[0239] ExPecto prioritization of GWAS loci was evaluated by examining their
replication of prioritized loci across studies. In Fig. 45 ExPecto was compared to
DeepSEA (which predicts just the epigenomic component of the variant effect) in this
task. ExPecto predicts variant effects on gene expression while DeepSEA can identify
variant effects that do not lead to significant expression change (for more on DeepSEA,
see J. Zhou & O. G. Troyanskaya, Nat. Methods 12, 931—-4 (2015), the disclosure of which
is incorporated herein by reference).

[0240] Computation of GWAS linkage disequilibrium SNPs: To systematically screen
for SNPs in linkage disequilibrium with the reported GWAS lead SNPs from GWAS

catalog, linkage disequilibrium was computed for all 88 million variants in 1000 Genomes

phase 3 genotype data, which includes >99% of SNP variants with a frequency of >1%
for a variety of ancestries. Linkage disequilibrium between SNPs in five populations EAS,
SAS, AMN, AFR and EUR were computed with PLINK v1.90b. In total, 390,085 variants
in LD r? >0.75 were found with 15571 distinct GWAS catalog reported variants. ExPecto

was then used to systematically predict expression effects for all LD variants to their

54



WO 2019/191123 PCT/US2019/024108

nearest TSS.
[0241] Experimental validation of prioritized candidate GWAS causal SNPs: The top

three ExPecto-prioritized variants that had no prior evidence for functionality were
experimentally validated, each of which were associated with four immune-related
diseases in seven GWAS studies. Specifically, a luciferase assay was used to compare
the ability of risk versus non-risk alleles to drive expression for the above ExPecto
prioritized variants and the seven lead SNPs reported by the corresponding GWAS
studies.

[0242] All genomic sequences were retrieved from hg19 human genome assembly.
For each risk allele (reference or alternative), Genewiz synthesized a 260 nucleotide
fragment: 230 was human genomic sequence and 15 nucleotides matched each flank of
the plasmid cloning sites (Table 3). Each fragment was cut with Kpnl and Bglll and cloned
into pGL4.23 (minP firefly luciferase vector) (Promega) cut with the same enzymes. For
luciferase assay, 2x10* BE(2)-C cells were plated in 96-well plates, and 24 hours later
transfected with Lipofectamine 3000 (L3000-015, Thermofisher Scientific) and 75ng of
variant-containing pGL4.23 plasmid (Table 3), and 4ng of pNL3.1 NanoLuc plasmid, for
normalization of transfection conditions. 42 hours after transfection, luminescence was
detected with the Promega NanoGlo Dual Luciferase assay system (N1630) and BioTek
Synergy plate reader. Four to six replicates per variant were tested in each experiment.
The experiment was performed 2-5 times for the variants. For each sequence tested, the
ratio of firefly (variant) luminescence to NanoLuc (transfection control) luminescence was
calculated and then normalized to empty vector. Statistics were calculated by combining
fold over EV values from each biological replicate.

[0243] Systematic profiling of variation potential and evolutionary constraints by in

silico mutagenesis: Over 140 million possible single nucleotide substitution variations

were systematically predicted across all human promoters within 1kb of the
representative TSS on both sides. Gene-wise variation potentials were summarized by
two measures: directionality, which is computed as the sum of predicted log fold-changes
for all mutations per gene, and magnitude, which is computed as the sum of all absolute
predicted log fold-changes. It was found that genes with negative variation potential

directionality (i.e., mutations tend to cause a decrease in tissue-specific expression) are

55



WO 2019/191123 PCT/US2019/024108

actively expressed in the modeled tissue (see Figs. 33 to 35). It was inferred that these
genes are under positive evolutionary constraint, and thus are vulnerable to inactivating
mutations. On the other hand, it was found that expression of genes with positive variation
potential (i.e., mutations cause an increase in tissue-specific expression) is repressed in
the modeled tissue (see Figs. 33 to 35). It was inferred that these genes are under
negative evolutionary constraint, and thus are vulnerable to activating mutations. Note
that evolutionary constraints cannot simply be inferred from gene expression levels (Fig.
40).

[0244] The directionality score was used to measure the tendency of the potential
mutation effect to be biased toward positive or negative, which indicates negative and
positive evolutionary constraints, respectively (Fig. 39). The distribution of mean predicted
mutation effects across genes was modeled as a mixture of a Gaussian null distribution,
a positive constraint component and a negative constraint component. While the true null
distribution is unknown, a conservative estimate of empirical null distribution can be
obtained by assuming the other components are only observed at the two tails and
estimating a Gaussian distribution using central quantiles of the data, similar to the idea
used for measuring local FDR. The empirical null distribution was fit with the truncated
Gaussian MLE method implemented in the locfdr R package (see B. Efron, Ann. Stat. 35,
1351-1377 (2007), the disclosure of which is incorporated herein by reference). With
empirical null distribution estimation and density estimation of overall distribution of gene-
wise average predicted effects, one can then compute probabilities of genes belonging
to the positive or negative constraint components. Probability > 0.5 for each component
is used for assigning genes to putative positive or negative evolutionarily constrained
genes.

[0245] Analysis of conservation and allele frequency for variants: For estimating recent

divergence in the modern human population, allele frequencies among the 1000
Genomes project phase 3 individuals were used. For estimating divergence from human-
chimpanzee common ancestor, the proportion of divergent sites was computed from the
high confidence divergence sites from. For estimating divergence among 10 primate
species (including humans), proportion of accelerated evolution sites based on primates

phylop scores was computed (see http://hgdownload.cse.ucsc.edu/goldenpath
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/hg19/phyloP46way/primates/). Accelerated evolution sites were decided with the
threshold of phyloP < -2.3 which corresponds to p-value<0.005 for accelerated evolution.
[0246] Ab initio inference of disease risk alleles: The ExPecto-prioritized GWAS LD

variants were used (as described above) for risk allele prediction. GWAS LD variants with

r2> 0.75 were included in a matched 1000 Genomes population, and variants for which
the risk allele is ambiguous (different GWAS studies pointing to conflicting risk alleles)
were excluded. Only GWAS studies for disease or disease related traits were included.
The constraint violation score was computed as the product of the predicted variant effect
of the prioritized LD variant and the variation potential directionality score of the nearest
TSS. The median constraint violation score across all non-cancer tissue or cell types for
each variant was used.

[0247] Identification of representative transcription start sites: Most expression

profiling datasets were quantified to gene level, as it is often challenging to achieve
accurate quantification of TSS expression level from short read sequencing. Even though
training expression model should ideally utilize TSS-specific expression quantification,
gene level expression measured by RNA-seq or microarray are usually a good
approximation of transcription level from the representative TSS of each gene, and are
usually measured with higher sequencing depth. A representative TSS was determined
for each Pol Il transcribed gene based on quantification of aggregated cap analysis of
gene expression(CAGE) reads in the FANTOMS project (see A. R. R. Forrest, et al.,
Nature 507, 462—-470 (2014), the disclosure of which is incorporated herein by reference).
Specifically, a CAGE peak is associated to a GENCODE gene if it is within 1000bp from
a GENCODE v24 annotated transcription start site (lifted to GRCh37 coordinates). Peaks
within 1000bp to rRNA, snRNA, snoRNA or tRNA genes were removed to avoid
confusion. Next, we selected the most abundant CAGE peak for each gene, and took the
TSS position reported for the CAGE peak as the selected representative TSS for the
gene. For genes with no CAGE peaks assigned, the annotated gene was kept start
position as the representative TSS. The selected TSSs showed significantly higher
conservation level compared to the annotated gene start positions (p = 5.7x108, Fig. 46).

[0248] Statistical analysis: Details of the statistical tests are specified in the associated

text. Association between two variables is tested via linear regression (or logistic
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regression if one the variable is categorical) with the null hypothesis that the slope
coefficient is zero. For comparing evolution and population genetics signatures between
putative positive and putative negative constraint genes, the null hypotheses that the
coefficient of the interaction term is zero was tested in a logistic regression model
specified by the formula y~e+t+e-tf,. where y is a binary variable representing
evolutionary or population genetic information about a site, e represents the ExPecto
predicted expression effect, f represents the inferred putative constraint type, and e - ¢

represents the interaction term.

DOCTRINE OF EQUIVALENTS

[0249] While the above description contains many specific embodiments of the
invention, these should not be construed as limitations on the scope of the invention, but
rather as an example of one embodiment thereof. Accordingly, the scope of the invention
should be determined not by the embodiments illustrated, but by the appended claims

and their equivalents.
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Table 1. Genes that Affect Drug Metabolism

Medication
abacavir
acenocoumarol
allopurinol
amitriptyline
aripiprazole
atazanavir
atomoxetine
azathioprine
capecitabine
carbamazepine
carvedilol
cisplatin
citalopram
clomipramine
clopidogrel
clozapine
codeine
daunorubicin
desflurane
desipramine
doxepin
doxorubicin
duloxetine
enflurane
escitalopram
esomeprazole
flecainide
fluorouracil
flupenthixol
fluvoxamine
glibenclamide
gliclazide
glimepiride
haloperidol
halothane
imipramine
irinotecan
isoflurane
ivacaftor
lansoprazole
mercaptopurine
methoxyflurane
metoprolol
mirtazapine
moclobemide

Gene(s)
HLA-B
VKORC1, CYP2C9
HLA-B
CYP2C19, CYP2D6
CYP2D6
UGT1Al
CYP2D6
TPMT
DPYD
HLA-A, HLA-B
CYP2D6
TPMT
CYP2C19
CYP2C19, CYP2D6
CYP2C19
CYP2D6
CYP2D6
RARG, SLC28A3, UGT1A6
CACNALS, RYR1
CYP2D6
CYP2C19, CYP2D6
RARG, SLC28A3, UGT1A6
CYP2D6
CACNALS, RYR1
CYP2C19
CYP2C19
CYP2D6
DPYD
CYP2D6
CYP2D6
CYP2C9
CYP2C9
CYP2C9
CYP2D6
CACNALS, RYR1
CYP2C19, CYP2D6
UGT1Al
CACNALS, RYR1
CFTR

CYP2C19
TPMT
CACNALS, RYR1
CYP2D6
CYP2D6
CYP2C19
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nortriptyline
olanzapine
omeprazole
ondansetron
oxcarbazepine
oxycodone
pantoprazole
paroxetine
peginterferon alpha-2a
peginterferon alpha-2b
phenprocoumon
phenytoin
propafenone
rabeprazole
rasburicase
ribavirin
risperidone
sertraline
sevoflurane
simvastin
succinylcholine
tacrolimus
tamoxifen
tegafur
thioguanine
tolbutamide
tramadol
trimipramine
tropisetron
venlafaxine
voriconazole
warfarin
zuclopenthixol

CYP2D6
CYP2D6
CYP2C19
CYP2D6
HLA-B
CYP2D6
CYP2C19
CYP2D6
IFNL3
IFNL3
VKORC1, CYP2C9
CYP2(C9, HLA-B
CYP2D6
CYP2C19
G6PD
IFNL3, HLA-B
CYP2D6
CYP2C19
CACNAIS, RYR1
SLCO1B1
CACNAIS, RYR1
CYP3A5
CYP2D6
DPYD
TPMT
CYP2C9
CYP2D6
CYP2C19, CYP2D6
CYP2D6
CYP2D6
CYP2C19

CYP2(C9, CYP4F2, VKORC1

CYP2D6
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Table 2. ExPecto training and prediction time requirements.
Task Time Hardware
ExPecto training: 8min / Intel Xeon E7- 4870

Regularized linear model

(deep convolutional network and spatial transformation are precomputed
and don’t require retraining)

ExPecto prediction:
Deep convolutional neural network

ExPecto prediction:
Spatial transformation and regularized linear models
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ExPecto model

0.06s /
variant

0.01s/
variant x 218 ExPecto
models

2.40GHz

NVIDIA Tesla P100

Intel Xeon E7- 4870
2.40GHz
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WHAT IS CLAIMED IS:

1. A method to evaluate gene expression, comprising:
obtaining or having obtained genetic data from a biological sample,
wherein the genetic data includes at least one gene sequence;
determining or having determined the expression level of the at least gene
utilizing a computational framework,
wherein the computational framework utilizes the genetic data to
determine epigenetic regulatory features spatially along a genetic sequence that
includes the at least one gene sequence, and
wherein the computational framework determines the expression level of
the at least one gene based on the epigenetic regulatory features along the genetic
sequence that includes the at least one gene sequence;
based on the determination of the expression level of the at least one gene,

performing a biochemical assay to assess the biological sample.

2. The method of claim 1, wherein the biological sample is one of. a biopsy of an

individual, an in vitro cell line, or a mouse research model.

3. The method of claim 1, wherein the genetic data has been obtained by extracting

DNA from the biological sample.

4. The method of claim 1, wherein the epigenetic regulatory features include at
least one of: sites of chromatin accessibility, chromatin marks, and transcription factor

binding sites.
. The method of claim 1, wherein the computational framework includes a deep

convolutional neural network to determine the epigenetic regulatory features spatially

along the genetic sequence.
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6. The method of claim 5, wherein the deep convolutional neural network is trained

on epigenetic regulatory data acquired by at least one epigenetic assay.

7. The method of claim 6, wherein the epigenetic is assay is one of. chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture

sequencing, bisulfite sequencing (BS-seq), or methyl array.

8. The method of claim 5, wherein the deep convolutional neural network
determines the epigenetic regulatory features spatially along the genetic sequence by
considering single nucleotide variants, insertions, and deletions within the genetic

sequence.

9. The method of claim 1, wherein the computational framework is trained for a

particular cell-type or tissue.

10.  The method of claim 1, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence for all Poll Il

transcribed genes of an organismal genome.

11.  The method of claim 1, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence in reference to a

sequence structure of the at least one gene.

12.  The method of claim 11, wherein the sequence structure is a transcription start

site or promoter sequence.
13.  The method of claim 11, wherein the computational framework determines the

epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb, 20 kb,

25 kb, or 50 kb upstream of the gene sequence structure.
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14.  The method of claim 11, wherein the computational framework determines the
epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb, 20 kb,

25 kb, or 50 kb downstream of the gene sequence structure.

15.  The method of claim 1, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence in sequence bins,
wherein the sequence bins are 50 bp, 100 bp, 150 bp, 200 bp, 250 bp, 300 bp, 400 bp,
or 500bp in length.

16. The method of claim 15, wherein the computational framework considers the
surrounding sequence context to determine the epigenetic regulatory features for each

sequence bin.

17.  The method of claim 1, wherein the computational framework spatially transforms

the epigenetic regulatory features that are determined.

18.  The method of claim 1, wherein the computational framework includes a linear
regression model to determine the expression level of the at least one gene based on

the epigenetic regulatory features along the genetic sequence.

19.  The method of claim 18, wherein the linear regression model is L2 regularized.

20.  The method of claim 1, wherein the biochemical assay is one of. chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture
sequencing, bisulfite sequencing (BS-seq), methyl array, transgene expression analysis
(e.g., luciferase and eGFP), gPCR, RNA hybridization (e.g., ISH), cross-linking
immunoprecipitation sequencing (CLIP-seq), RNA immunoprecipitation sequencing
(RIP-seq), RNA-seq, western blot, immunodetection, flow cytometry, enzyme-linked

immunosorbent assay (ELISA), or mass spectrometry.
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21. A method to treat an individual for a medical disorder that arises due to gene
expression levels, comprising:
obtaining or having obtained genetic data from a biological sample of an
individual,
wherein the genetic data includes at least one gene sequence involved in
a medical disorder that arises due to an expression level of the at least one gene;
determining or having determined the expression level of the at least gene
utilizing a computational framework,
wherein the computational framework utilizes the genetic data to
determine epigenetic regulatory features along a genetic sequence that includes the at
least one gene sequence, and
wherein the computational framework determines the expression level of
the at least one gene based on the epigenetic regulatory features along the genetic
sequence that includes the at least one gene sequence;
based on the determination of the expression level of the at least one gene,
treating the individual for the medical disorder,
wherein the expression level of the at least one gene indicates the

individual has the medical disorder.

22.  The method of claim 21, wherein the biological sample is a biopsy of the

individual.

23. The method of claim 21, wherein the genetic data has been obtained by

extracting DNA from the biological sample.
24.  The method of claim 21, wherein the epigenetic regulatory features include at

least one of: sites of chromatin accessibility, chromatin marks, and transcription factor

binding sites.
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25.  The method of claim 1, wherein the computational framework includes a deep
convolutional neural network to determine the epigenetic regulatory features spatially

along the genetic sequence.

26. The method of claim 25, wherein the deep convolutional neural network is trained

on epigenetic regulatory data acquired by at least one epigenetic assay.

27.  The method of claim 26, wherein the epigenetic is assay is one of. chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture

sequencing, bisulfite sequencing (BS-seq), or methyl array.

28.  The method of claim 25, wherein the deep convolutional neural network
determines the epigenetic regulatory features spatially along the genetic sequence by
considering single nucleotide variants, insertions, and deletions within the genetic

sequence.

29. The method of claim 21, wherein the computational framework is trained for a

particular cell-type or tissue.

30.  The method of claim 21, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence for all Poll Il

transcribed genes of an organismal genome.
31.  The method of claim 1, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence in reference to a

sequence structure of the at least one gene.

32. The method of claim 31, wherein the sequence structure is a transcription start

site or promoter sequence.
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33.  The method of claim 31, wherein the computational framework determines the
epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb, 20 kb,

25 kb, or 50 kb upstream of the gene sequence structure.

34. The method of claim 31, wherein the computational framework determines the
epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb, 20 kb,

25 kb, or 50 kb downstream of the gene sequence structure.

35. The method of claim 21, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence in sequence bins,
wherein the sequence bins are 50 bp, 100 bp, 150 bp, 200 bp, 250 bp, 300 bp, 400 bp,
or 500bp in length.

36. The method of claim 35, wherein the computational framework considers the
surrounding sequence context to determine the epigenetic regulatory features for each

sequence bin.

37. The method of claim 21, wherein the computational framework spatially

transforms the epigenetic regulatory features that are determined.

38. The method of claim 21, wherein the computational framework includes a linear
regression model to determine the expression level of the at least one gene based on
the epigenetic regulatory features along the genetic sequence.

39.  The method of claim 38, wherein the linear regression model is L2 regularized.

40. The method of claim 21, wherein treating the individual comprises administering

a therapeutic.

71



WO 2019/191123 PCT/US2019/024108

41. A method to alter medication treatment for an individual, comprising:
obtaining or having obtained genetic data from a biological sample of an
individual,
wherein the genetic data includes at least one gene sequence involved in
metabolism of a therapeutic that is used to treat a medical disorder being experienced
by the individual,
determining or having determined the expression level of the at least gene
utilizing a computational framework,
wherein the computational framework utilizes the genetic data to
determine epigenetic regulatory features along a genetic sequence that includes the at
least one gene sequence, and
wherein the computational framework determines the expression level of
the at least one gene based on the epigenetic regulatory features along the genetic
sequence that includes the at least one gene sequence;
based on the determination of the expression level of the at least one gene,
administering to the individual a therapeutic,
wherein the expression level of the at least one gene indicates an ability to

metabolize the therapeutic.

42.  The method of claim 41, wherein the biological sample is a biopsy of an

individual.

43.  The method of claim 41, wherein the genetic data has been obtained by

extracting DNA from the biological sample.
44,  The method of claim 1, wherein the epigenetic regulatory features include at

least one of: sites of chromatin accessibility, chromatin marks, and transcription factor

binding sites.

72



WO 2019/191123 PCT/US2019/024108

45.  The method of claim 41, wherein the computational framework includes a deep
convolutional neural network to determine the epigenetic regulatory features spatially

along the genetic sequence.

46. The method of claim 45, wherein the deep convolutional neural network is trained

on epigenetic regulatory data acquired by at least one epigenetic assay.

47.  The method of claim 46, wherein the epigenetic is assay is one of. chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture

sequencing, bisulfite sequencing (BS-seq), or methyl array.

48.  The method of claim 45, wherein the deep convolutional neural network
determines the epigenetic regulatory features spatially along the genetic sequence by
considering single nucleotide variants, insertions, and deletions within the genetic

sequence.

49.  The method of claim 41, wherein the computational framework is trained for a

particular cell-type or tissue.

50.  The method of claim 41, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence for all Poll Il

transcribed genes of an organismal genome.
51.  The method of claim 41, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence in reference to a

sequence structure of the at least one gene.

52.  The method of claim 41, wherein the sequence structure is a transcription start

site or promoter sequence.

73



WO 2019/191123 PCT/US2019/024108

53.  The method of claim 41, wherein the computational framework determines the
epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb, 20 kb,

25 kb, or 50 kb upstream of the gene sequence structure.

54.  The method of claim 41, wherein the computational framework determines the
epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb, 20 kb,

25 kb, or 50 kb downstream of the gene sequence structure.

55. The method of claim 41, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence in sequence bins,
wherein the sequence bins are 50 bp, 100 bp, 150 bp, 200 bp, 250 bp, 300 bp, 400 bp,
or 500bp in length.

56. The method of claim 45, wherein the computational framework considers the
surrounding sequence context to determine the epigenetic regulatory features for each

sequence bin.

57.  The method of claim 41, wherein the computational framework spatially

transforms the epigenetic regulatory features that are determined.

58.  The method of claim 41, wherein the computational framework includes a linear
regression model to determine the expression level of the at least one gene based on
the epigenetic regulatory features along the genetic sequence.

59.  The method of claim 58, wherein the linear regression model is L2 regularized.
60. The method of claim 41, wherein when the individual is determined to have a

reduced ability to metabolize the therapeutic, one of. a lower dose of the therapeutic or

an alternative therapeutic is administered.
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61. The method of claim 41, wherein when the individual is determined to have an
increased ability to metabolize the therapeutic, one of: a higher dose of the therapeutic

or an alternative therapeutic is administered.

62. The method of claim 41, wherein the therapeutic is one of. abacauvir,
acenocoumarol, allopurinol, amitriptyline, aripiprazole, atazanavir, atomoxetine,
azathioprine, capecitabine, carbamazepine, carvedilol, cisplatin, citalopram,
clomipramine, clopidogrel, clozapine, codeine, daunorubicin, desflurane, desipramine,
doxepin, doxorubicin, duloxetine, enflurane, escitalopram, esomeprazole, flecainide,
fluorouracil, flupenthixol, fluvoxamine, glibenclamide, gliclazide, glimepiride, haloperidol,
halothane, imipramine, irinotecan, isoflurane, ivacaftor, lansoprazole, mercaptopurine,
methoxyflurane, metoprolol, mirtazapine, moclobemide, nortriptyline, olanzapine,
omeprazole, ondansetron, oxcarbazepine, oxycodone, pantoprazole, paroxetine,
peginterferon alpha-2a, peginterferon alpha-2b, phenprocoumon, phenytoin,
propafenone, rabeprazole, rasburicase, ribavirin, risperidone, sertraline, sevoflurane,
simvastatin, succinylcholine, tacrolimus, tamoxifen, tegafur, thioguanine, tolbutamide,
tramadol, trimipramine, tropisetron, venlafaxine, voriconazole, warfarin, or

zuclopenthixol.

63. A method to perform site-directed mutagenesis on a biological sample, the
method comprising:
obtaining or having obtained genetic data from a biological sample,
wherein the genetic data includes at least one gene sequence;
determining or having determined the expression level of the at least gene
utilizing a computational framework,
wherein the computational framework utilizes the genetic data to
determine epigenetic regulatory features along a genetic sequence that includes the at
least one gene sequence, and
wherein the computational framework determines the expression level of
the at least one gene based on the epigenetic regulatory features along the genetic

sequence that includes the at least one gene sequence;

75



WO 2019/191123 PCT/US2019/024108

determining or having determined a set of one or more genetic variants that alter
the expression level of the at least one gene utilizing the computational framework,
wherein the set of variants that alter the expression level of the at least
one gene are not present in the genetic sequence of the biological sample;
based on the determination of the set of variants that alter the expression level of
the at least one gene, performing site-directed mutagenesis on the DNA of the

biological sample to introduce the set of variants.

64. The method of claim 63, wherein the biological sample is one of: a biopsy of an
individual, ex vivo tissue of an individual, an in vitro cell line, embryonic tissue, or a

mouse research model.

65. The method of claim 63, wherein the genetic data has been obtained by

extracting DNA from the biological sample.

66. The method of claim 63, wherein the epigenetic regulatory features include at
least one of: sites of chromatin accessibility, chromatin marks, and transcription factor

binding sites.

67. The method of claim 63, wherein the computational framework includes a deep
convolutional neural network to determine the epigenetic regulatory features spatially

along the genetic sequence.

68. The method of claim 67, wherein the deep convolutional neural network is trained

on epigenetic regulatory data acquired by at least one epigenetic assay.

69. The method of claim 68, wherein the epigenetic is assay is one of. chromatin
immunoprecipitation sequencing (ChlP-seq), DNAse | hypersensitivity sequencing
(DNase-seq), Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq),
Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), Hi-C capture

sequencing, bisulfite sequencing (BS-seq), or methyl array.
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70.  The method of claim 67, wherein the deep convolutional neural network
determines the epigenetic regulatory features spatially along the genetic sequence by
considering single nucleotide variants, insertions, and deletions within the genetic

sequence.

71.  The method of claim 63, wherein the computational framework is trained for a

particular cell-type or tissue.

72.  The method of claim 63, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence for all Poll Il

transcribed genes of an organismal genome.

73.  The method of claim 63, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence in reference to a

sequence structure of the at least one gene.

74.  The method of claim 73, wherein the sequence structure is a transcription start

site or promoter sequence.

75.  The method of claim 73, wherein the computational framework determines the
epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb, 20 kb,

25 kb, or 50 kb upstream of the gene sequence structure.

76.  The method of claim 73, wherein the computational framework determines the
epigenetic regulatory features 1 kb, 2 kb, 3 kb, 4, kb, 5 kb, 7.5 kb, 10 kb, 15 kb, 20 kb,

25 kb, or 50 kb downstream of the gene sequence structure.

77.  The method of claim 63, wherein the computational framework determines the
epigenetic regulatory features spatially along the genetic sequence in sequence bins,
wherein the sequence bins are 50 bp, 100 bp, 150 bp, 200 bp, 250 bp, 300 bp, 400 bp,
or 500bp in length.
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78.  The method of claim 77, wherein the computational framework considers the
surrounding sequence context to determine the epigenetic regulatory features for each

sequence bin.

79.  The method of claim 63, wherein the computational framework spatially

transforms the epigenetic regulatory features that are determined.

80. The method of claim 63, wherein the computational framework includes a linear
regression model to determine the expression level of the at least one gene based on

the epigenetic regulatory features along the genetic sequence.

81.  The method of claim 80, wherein the linear regression model is L2 regularized.

82. The method of claim 63, wherein the site-directed mutagenesis is performed by

one of: CRISPR mutagenesis, Zinc-finger mutagenesis, or TALEN mutagenesis.

83 The method of claim 63, wherein the biological sample is ex vivo tissue of the
individual, and wherein the tissue is transplanted back into the individual after site-

directed mutagenesis is performed.

84.  AKkit to detect the presence of variants within genetic loci, comprising:
a set of nucleic acid oligomers to detect the presence of variants within a set of
genomic loci,
wherein the set of genomic loci have been identified to have harbored a
variant that alters transcription of at least one gene,
wherein the ability to alter transcription of at least one gene has been
determined by a computational framework that utilizes genetic data to determine
epigenetic regulatory features along a genetic sequence that includes the at least
one gene sequence,

wherein the computational framework determines the ability to alter gene
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transcription based on the epigenetic regulatory features along the genetic
sequence, and
wherein each locus the set of genomic loci is selected based upon harboring

variants that altering gene transcription.
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Pradicted mutation effect
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INTERNATIONAL SEARCH REPORT

International application No.
PCT/US 19/24108

CPC

A. CLASSIFICATION OF SUBJECT MATTER
IPC(8) - GO6F 19/12, GO6F 19/18, GO6F 19/20 (2019.01)
- GO6F 17/18, G16B 5/00, G16B 20/00

According to International Patent Classification (IPC) or to both national classification and IPC

B.  FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

See Search History Document

See Search History Document

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

See Search History Document

Electronic data base consulted during the intermational search (name of data base and, where practicable, search terms used)

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category*

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

HALBRITTER "Genome-scale transcriptomic and epigenomic analysis of stem cells.” Doctoral
Thesis, The University of Edinburgh, 2012, [online]. [Retrieved on 16 July 2019). Retrieved from
the internet: <URL:

http://scholar.google.com/scholar_url?url=https%3A%2F %2Fwww.era.lib.ed.ac.uk%2Fbitstream
%2Fhandle%2F 1842%2F9900%2F Halbritter2012.pdf%3Fsequence %3D1%26isAllowed%3Dy&
hl=en&sa=T&oi=gga&ct=gga&cd=78d=17551279124271177556&ei=_cgsXZzAC86_yATkzJno
Dgé&scisig=AAGBfm2c49gkNwOhLfq0BAI6a-Udnh6Uyg&nossi=18&ws=1159x659&at=Genome-
scale%20transcriptomic%20and%20epigenomic%20analysis%200f%20stem%20cells&bn=1>
entire document, especially p. 29; p. 35-47; p. 50; p. 99; p. 103; p. 107; p. 138; p. 174; p. 178, p.
188-189.

OKSER et al. "Regularized Machine Learning in the Genetic Prediction of Complex Traits" PLoS

1-18, 20, 25-28, 31-34,
44

19

19

genetics, 13 November 2014, Vol. 10, no. 11, pp. e1004754, abstract; p. 6, col 2, para 2.

I:l Further documents are listed in the continuation of Box C.

D See patent family annex.

* Special categories of cited documents:

“A” document defining the general state of the art which is not considered
to be of particular relevance

“E” earlier application or patent but published on or after the international
filing date

“L” document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

“Q” document referring to an oral disclosure, use, exhibition or other
means

“P” document published prior to the international filing date but later than

the priority date claimed

“T” later document published after the international filing date or priority
date and not in conflict with the apﬁlicalion but cited to understand
the principle or theory underlying the invention

“X” document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

“Y” document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

“&” document member of the same patent family

Date of the actual completion of the international search

17 July 2019

Date of mailing of the international search report

12AUG 2019

Name and mailing address of the ISA/US

Mail Stop PCT, Attn: ISA/US, Commissioner for Patents
P.0O. Box 1450, Alexandria, Virginia 22313-1450

Facsimile No.  571-273-8300

Authorized officer:
Lee W. Young

PCT Helpdesk: 571-272.4300
PCT OSP: 571-272-7774

Form PCT/ISA/210 (second sheet) (January 2015)




INTERNATIONAL SEARCH REPORT International application No.
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Box No. 11 Observations where certain claims were found unsearchable (Continuation of item 2 of first sheet)

This international search report has not been established in respect of certain claims under Article 17(2)(a) for the following reasons:

1. [:I Claims Nos.:

because they relate to subject matter not required to be searched by this Authority, namely:

2. D Claims Nos.:

because they relate to parts of the international application that do not comply with the prescribed requirements to such an
extent that no meaningful international search can be carried out, specifically:

3. l:] Claims Nos.:

because they are dependent claims and are not drafted in accordance with the second and third sentences of Rule 6.4(a).

Box No. IlI  Observations where unity of invention is lacking (Continuation of item 3 of first sheet)

This International Searching Authority found multiple inventions in this international application, as follows:
This application contains the following inventions or groups of inventions which are not so linked as to form a single general inventive

concept under PCT Rule 13.1. In order for all inventions to be searched, the appropriate additional search fees must be paid.
Group |, claims 1-20, 25-28, 31-34 and 44, directed to a method to evaluate a gene comprising performing a biochemical assay.

Group I, claims 21-24, 29, 30, 35-43 and 45-62, directed to a method to treat an individual for a medical disorder that arises due to gene
expression levels.

Group lll, claims 63-83, directed to a method to perform site-directed mutagenesis on a biological sample, or a method to alter
medication treatment for an individual.

--continued on first extra sheet--

1. D As all required additional search fees were timely paid by the applicant, this international search report covers all searchable
claims.

2. D As all searchable claims could be searched without effort justifying additional fees, this Authority did not invite payment of
additional fees.

3. El As only some of the required additional search fees were timely paid by the applicant, this international search report covers
only those claims for which fees were paid, specifically claims Nos.:

4. IZ No required additional search fees were timely paid by the applicant. Consequently, this international search report is

restricted to the invention first mentioned in the claims; it is covered by claims Nos.:
1-20, 25-28, 31-34 and 44

Remark on Protest D The additional search fees were accompanied by the applicant’s protest and, where applicable, the
payment of a protest fee.

D The additional search fees were accompanied by the applicant’s protest but the applicable protest
fee was not paid within the time limit specified in the invitation.

D No protest accompanied the payment of additional search fees.

Form PCT/ISA/210 (continuation of first sheet (2)) (January 2015)
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--continuation of Box No Il: Observations where unity of invention is lacking--
Group IV, claim 84, directed to a kit.

The inventions listed as Groups I-IV do not relate to a single special technical feature under PCT Rule 13.1 because, under PCT Rule
13.2, they lack the same or corresponding special technical features for the following reasons:

Special technical features:

Group | has the special technical feature of based on the determination of the expression level of the at least one gene, performing a
biochemical assay to assess the biological sample, that is not required by Group II-IV.

Group Il has the special technical feature of based on the determination of the expression level of the at least one gene, treating the
individual for the medical disorder, that is not required by Group |, Ill, or IV.

Group |l has the special technical feature of based on the determination of the set of variants that alter the expression level of the at
least one gene, performing site-directed mutagenesis on the DNA of the biological sample to introduce the set of variants, that is not
required by Group |, II, or IV.

Group IV has the special technical feature of a kit comprising a set of nucleic acid oligomers, that is not required by Group I-1il.
Common technical features:

Groups I-1V share the common technical feature of a method comprising: obtaining or having obtained genetic data from a biological
sample of an individual, determining or having determined the expression level of at least gene utilizing a computational framework,
wherein the computational framework utilizes the genetic data to determine epigenetic regulatory features along a genetic sequence that
includes the at least one gene sequence, and wherein the computational framework determines the expression level of the at least one
gene based on the epigenetic regulatory features along the genetic sequence that includes the at least one gene sequence; and based
on the determination of the expression leve! of the at least one gene, performing additional steps. However, this shared technical
feature does not represent a contribution over prior art, because this shared technical feature is taught by WO 2017/033154 A1 to
Koninklijke Philips NV (hereinafter Koninklijke).

Koninklijke teaches a method (p. 9, para 2 "providing a system and method for identifying and reporting potential somatic aberrations
driving dysregulated genes, such method comprising the steps of") comprising: obtaining or having obtained genetic data from a
biological sample of an individual, determining or having determined the expression level of at least a gene utilizing a computational
framework (p. 10, para 4 "determining patient-specific information relating to observed expression levels for the desired target genes,
and inputting the patient-specific information as a third dataset, the patient - specific information including new cancer sample data such
as RNA expression data, CNV data, methylation data and somatic mutation data"), wherein the computational framework utilizes the
genetic data to determine epigenetic regulatory features along a genetic sequence that includes the at least one gene sequence, and
wherein the computational framework determines the expression level of the at least one gene based on the epigenetic regulatory
features along the genetic sequence that includes the at least one gene sequence (p. 9, para 3 to p. 10, para 5 "determining, by
applying, a regulatory tree for each specific target gene that captures the relationship between the gene's expression level with its own
genomic and epigenetic status as well as its upstream transcriptional regulators; the gene of interest resides in the root node and the
leaves of the tree represent all of the genes that potentially regulate its transcription either directly or indirectly through intermediate
signaling partners...inputting the measurement-based omics data onto a processor configured to receive such data, applying
computational techniques, by computer, to learn a non-linear function for each gene of interest based on the gene's epigenetic
information and regulatory network status, in order to relate that particular gene expression level to the measurements associated with
the regulatory tree leaves...applying analytical techniques, by computer, to predict expression levels for each gene of interest...using the
patient-specific information and the predicted expression level information, calculating relative patient-specific inconsistency scores
between the predicted and observed expression levels for the desired target genes in a given sample"), and

based on the determination of the expression leve! of the at least one gene, performing additional steps (p. 10, para 6 "evaluating the
activation and inconsistency scores obtained for all test samples to discover statistically significant associations between inconsistencies
in the target gene expression level with the somatic mutations in the upstream regulatory network of that particular gene").

As the technical features were known in the art at the time of the invention, they cannot be considered special technical features that
would otherwise unify the groups.

Therefore, Group I-IV inventions lack unity under PCT Rule 13 because they do not share the same or corresponding special technical
feature.

Form PCT/ISA/210 (extra sheet) (January 2015)
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