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Machine learning to open “black box”

from genotype to phenotype

e Goal
— Advance biological knowledge on genomics in brain diseases
e Approach

— Machine learning, Bioinformatics, Computational Biology

Decoding Genomic Information to Better Understand
Molecular Mechanisms and Improve Disease Diagnhosis
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https://www.waisman.wisc.edu/2020/01/07/new-researcher-uses-machine-learning-to-decode-genomic-information/ SLIDE 1



Outline

« Background
— Functional genomics & multi-omics
— Gene regulation

SLIDE 2



Your genome is your genetic code book

__Book | Genome _BSLNNEN

Chapters Chromosomes ¢ 46 chromosomes
Sentences Genes  ~ 20,000 — 25,000 genes
Words Elements e ~ Millions elements
Letters Bases * 4 unique bases (A, T, C, G), ~3 billion in total

P TcaaTcab1CEATCTABCTAGCEGCI Gy TCEATCOATCGATCTAGCTAGE 6
coaTCeATCEATCEATATECTAGL TGN \CATCEATCOATCGATATGETAG
’ sCTAGCTAGCTAGAGATCOAGE GTAGCTAGCTAGCTAGCTAGAGAT Coff
CATCGATCGATCCEATCEATI GrTGATCEATCGATCRATCCEATC 6Af
CTAGCTAGCTAGCTAGCTAGCTTA

A TCEATCRATCRATCECGATCEAGCTAGEATCGATCGATCGATCECEATCGAG 1
A

A

I
'

5{3“[‘”“
G1GTTGATC

"(')EZHEC'AGC'AZEMGCI'AEC'l:

TATCEATCGATCGATCGATCGATGCTAGCIATCGATCEATCGATCGATCGATGC TA
W1 ATCOGATCGATCGATCEATOCTEATCGATEATCGATCEATCGATCOATOCTEAT C6

[CTCGATCGATCGATCGATCGATCGA | 6ATCGATCEATCGATCGA TC
[FTAGTCGATCGATCGAGCTAGCTAG ﬂ | SATCGATCGAGCTAGCTAG CT
BCGCTAGCTAGCTAGCTAGCTAGCTA E TAGCTAGCTAGCTAGCTA 6C
[ICTAGCTAGCTAGCTAGCTAGCTAG %4 TAGCTAGCTAGCTAGCTAG TAS
FICTAGCTASCTAGCTAGCTAGCTAG § TAGCTAGCTAGCTAGCTAG U#
AT CEATCRATCEATCRATCEATS l ‘ A\TCGATCGATCGATCEATG CI
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How to read your genetic code book?

OBAMA
Republicans and Chapters Chromosomes
Democrats

The

Sentences Genes
T e @ Words Elements %
Letters Bases

“On most days, I enter the Capitol

through the basement. A small

subway train carries me from the Hart

Building Where 9 FN_C“_:;”:E:IC-;GCTAECSG(“G“@;A[csA‘cs,ﬂclAi(lt.Gi 66

neeATCEATCGATCERTATECTAGT TGy ycGATCEATCRATCOATATGCTAG CT
:' we il [~ TP r ~
_I‘:“E,”:”MUSGCHEAJ" CGAGEGTAGCTAGCTAGCTAGCTAGAGAT (¢
1 - :

. T TGATCEATCEATCGATCCGATCEATYY .
Key words L CTAGCTAGCTAGCTAGCTAGCTTAGCTY © Codlng elements

T ATCEATCEATCEATCECEATCGAGCTAg (Exon, 2%)
TATCGATCGATCGATCGATCGA ;
ATCGATCGATCGA - Become proteins

WMATCGATCGATCOMCEATGCTEATCGA carr ingoutfunctions
ATee Y
* Non-coding

[PTAGTCGATCGATCOGAGCTAGCTAG

And in gentle steps, one hundred mahogany desks rise from S(6CTA : elements (98%)
6C ( (M AG IASLVIAULIAULIAVLIAY 10

CTABCIAGLTIACrTRGS lMCC])G(-AG:'5GfTr\3 CI!

the well of the Senate in four horseshoe-shaped rows. Some of Gene 2 (]
ceptacle for inkwells and quills. Open the drawer of any desk, t»G,\Tcgu;g,\-:;”CG”, EATE l ATCGATCGATCGATCEATG CT
- =9 CeATG 3 o x

* Non-key words

uvernead, the ceimng rorms a creamy whnite oval, with an Ameri-

Gene 1

can eagle etched in its center. Above the visitors’ gallery, the busts

of the nation’s first twenty vice presidents sit in solemn repose.

these desks date back to 1819, and atop cach desk is a tidy re- TCTAG

and you will find within the names of the senators who once
used it—Taft and Long, Stennis and Kennedy—scratched or

https://goo.gl/images/vMaz4T

penned in the senator’s own hand. Sometimes, standing there in
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Grammar for book is clear but not for genome

____Book | Genome __

Chapters Chromosomes

Sentences Genes
Words Elements
Letters Bases

Gene
E> Grammar E> Functions <j regulatlon <j

« Setup “rules” in translating
genetic codes to functions

« Key words » Broken rules ->
- Non-key words Abnormal functions

Unclear

e Coding elements
* Non-coding
elements
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Low sequencing cost enables reading our whole genome

Moore's Law

National Human Genome
Research Institute

genome.gov/sequencingcosts

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
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Differences across our genomes: DNA variants

Single Nucleotide Polymorphisms (SNPs) normally
happen ~1% on individual human genome.

o Single Nucleotide Polymorphism (SNPs)

.« . CGATA" « % SNP
awz ---COATA Most SNPs are harmless but some break “rules
CGATATTCCCATCGAATG' = ¥ 2 N
Chr2 ==+ "
copy? ++ . GCTATAAGGGTAGCTTAC. x lgeA CTAT g e
AacGT B A .
Individual 2
chr2 +«CGATATTCCCATCGAATG' |l
copyl ++ GCTATAAGGGTAGCTTAC.
Chr2 «+ « CGATATTCCCATCGAATG' aACTAM,
copy? .. .GCTATAAGGGTAGCTTAC. p aTTE Ta
G C T A c
Individual 3
Chr2 -+« CGATATTCCTATCGAATG
copyl + . . GCTATAAGGATAGCTTAC.
Chr2 - - .CGATATTCCTATCGAATC | EMaat iy % aTTH G
copy2 .. .GCTATAAGGATAGCTTAC 0" A C CaAc
Talking Glossary of Genetic Terms
RATIORLL HUAN ot , WAL~
NATIONAL INSTITUTES OF HEALTH | genome.gov Illstration by Dorryl Leja, NHGRI s/(’ o “
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Genome-Wide Association Study (GWAS) identifies disease

associated genetic variants

36,989 schizophrenia cases and 113,075 controls
in Psychiatric Genomics Consortium

¢ «— Schizophrenia risk SNPs

association (-log,, P)
k-4
|

NORIE
lwun“" kil

| I I I | | I I | I | | L L L 1
1 2 3 4 5 6 9 10 " 12 13 14 15 16 17 18 19 20 2122 X

Chromosome

Schizophrenia Working Group of the Psychiatric Genomics Consortium, Nature (2014)

However, genotype-phenotype association can’t tell mechanisms
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How to link non-coding disease SNPs to genes?

Non-coding 1S s
A Co&ﬂoﬂ’c’o
| )
A A * & @
Enhancer 5'UTR Exon  Intron |eee Exon-

@ .
' 3 * 3¢
y * 21
! i @ Disease
@
¥ = 2
J
¥y
(J
' * {y{ (G20 Health
¥ 2

A TF e RBP ® miRNA Germ-line variant Somatic variant

i McGillivray P, et al. 2018.

1 . .
d\ ¥ Annu. Rev. Biomed. Data Sci. 1:153-80 SLIDE 9



Complex mechanisms from genotype to phenotype

a Genetic association

Genome-wide

or o
- O statistical association e
Cases Matched v ;
controls o Chromosome
b Variant frequency validation ,/” ‘\
GWAS variants Structural variants (e.g., CNV) Whole-genome (WGS) variants Whole-exome (WES) variants
Reference 1000 Genomes, HapMap Project DGV, Decipher, dbVar UK10K, 1000 Genomes EXaC, Exome Variant Server
population Haplotype Reference Consortium Complete Genomics
Clinical NHGRI-EBI GWAS Catalog ClinVar, dbVar, OMIM, Decipher  ClinVar, dbVar, Decipher, dbSNP ClinVar
population dbSNP
C Functional annotation 5 /—\ 54
" Active Inactive TSS Y
enhancer enhancer Silencer Repressor Promoter
g —C o o~ ntron 1
Chromatin i — I—
accessibility
(ATAC-seq, DHS) - -
. Coding variants
Histone
. modification Synonymous Non-synonymous
Genomic (acetylation, - -
annotation methylation) Effect on amino acid sequence:
i DNA methylation 1 ) Missense Frameshift
Transcription - s = = = — * Splice regulation Nonsense
factor binding = = * Transcription factor |  Evolutionary constraint | Canonical splice
e binding (e.g., SIFT) site
Evolutionary Riesys pamumemes e wasscmesemus s | © MRNA binding * Biochemical effect
conservation . Rat i dii—uil i * Codon optimality MAPP
= » Secondary (e.g., ) Likely gene-
arL 5 B structure = StrUCt;rTl ;Lfect disrupting
Identify gpliceQTL 1 +++ or ;g’ +++ (e.g., PolyPhen)
target ‘ i o mE—— Inheritance pattern (maternal, paternal, de novo)
gene Chromosomal 0 ]
((::.gf_omét)lon [ Noncoding region | Significant SNP (QTL)
ChIA-PET [j-———————-—-—— . — — — — ' [2] coding region | Nonsignificant SNP

Gandal et al., Nature Neuroscience, 2016

Disease-
associated
genomic
variants

How do
variants
function?
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Hierarchical understanding from genotype to

phenotype

Functional

Elements

« variants

. genes

« regulatory
regions

Interactions

. gene
regulation

 chromatin
interaction

« TF binding

- pathways
e circuits
* processes

Prediction &

Prioritization

« disease
variants &
genes

 networks

« cell types
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Multi-omics data for various functional elements

RNA polymerase

)
",
\% 7

N 7N
U/?%
( @/
\ vm(n}\ MV
5C DNase-seq ChlIP-seq WGBS Computational RNA-seq  CLIP-seq
ChIA-PET FAIRE-seq RRBS predictions RIP-seq
Hi-C ATAC-seq methyl array
m 1 - 67//'/
Long-range regulatory elements Promoters
(enhancers, repressors/silencers, insulators) Transcrlpts
D!
1D, N Based on an image by Darryl Leja (NHGRI), lan Dunham (EBI), Michael Pazin (NHGRI)
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Gene expression and regulation

Identical DNA but
different gene expression

Protein

Central dogma transla%
RNA
transcriptioy
—>

Gene

——llll—— DNA

Gene expression levels (e.g., values to
quantify RNA abundances)

\ ‘/ SR
N\t i . >
nerve 7. bone sz  disease

A\

X
sciefiecphotoLisRARY

y S

\
|

Gene function

Gene regulation: mechanisms controlling
gene expression levels
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Gene regulatory networks linking functional elements from

multi-omics

1. Multi-omics data integration

2

Hi-C
Transcription Factor S N
Binding Sites (TFBSs) P o
KCC@ CA -’ Gene yaHH—+H |1
ClYVYATAVA \, "W wam
Enhancers | [| (Il |  HHININ 1l

Topologically Associating
Domain (TAD)

Potential Enhancer-Promoter =

\(E-P) interaction in TAD

2. Reference network

(A +. -—»TFBS on promoter\
|:> T ——>@» - —— TFBS on enhancer
\ —-—— Potential E-P interaction in TAD)

<

3. Predicting TF-target via Elastic net

é c, C*=argmin:(||Y — XC||? +)
2 allClI* + bIICll 1)
TF expression (X) to predict target
C'*3 gene expression (Y)
\_ using Elastic net regression )

<

4. Imputed gene regulatory network

TF

@ Enhancer
. Target gene

>. — |Imputed TF-target linkage by Elastic Net

\».—. — Imputed E-P interaction via TF-target linkages

Jin et al, Genome Medicine, 2021
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Gene regulatory networks linking GWAS

SNPs to disease genes

1. Predicting cell-type gene regulatory networks (GRNs) via multi-omics

Step 1:

Find chromatin interactions

/

Transcription Factor
Bindinl Sites (TFBSs)

ofel0aalh < &
S vy Vo \\‘

Hi-C

Enhancers | |||

Topologically Associating

Domain (TAD)

(E-P) interaction in TAD

1.5mb

I

e A X

l

N
@tlal Enhancer-Promoter \ /

g )

2mb

AU

/

— N

- &

Enhancer - TG

TF->TG

Step 2:

Infer TFBSs on interaction regions

—

———Jll  TFBS on promoter

TFBS on enhancer

-~ Potential E-P interaction in TAD

Step 3: Link TFs to TGs by gene
expression relationships

C

2

Cs

C*=argmin (||Y — XC||? +
allcli?+ blICIl1)

TF expression (X) to predict target
gene (TG) expression ()

using Elastic net regression

Output :

Gene regulatory network (GRN)

TF -> Enhancer

——ll TF -> TG linkage by Elastic Net

—sa@» [l E-Pinteraction via TF -> TG linkages

3. Microglia GRN, cell-type disease gene functions

2. Identifying cell-type disease genes
via GWAS and cell-type GRNs

GWAS SNPs for
AD/SCZ

Interrupted TFBS

Enhancers/Promoters

Target Genes

Cell-type GRN

+

Disease risk variants

y

Output: Cell-type disease genes, networks and functions

. . . I« PG . .
M |cr0g| ia A Alzheimer's Disease B Schizophrenia
Axonogenesis Signaling by Receptor Tyrosine Kinases| [y * . X
& Modation of Ghemical Synapse Transmission | G Positive Regulaton of GTPase Activiy ey I5—O—8— SNP -> TF -> enhancer -> cell-type disease gene -> function
4523 TGS, 176 TFS, 12927 enhancers é” MAPK1/MAPK3 signaling | ) Positive Regulation of Neurogenesis | [ *

§ Deregulated CDK5| [ GGMP-PKG Signaling Pathway | ) x & & SNP -> TF -> cell-type disease gene -> function

Amyloid-Beta Clearance| | Dopaminergic Synapse | [
- = B ] 3 ® 3
3
< Axoriogenesis | |G
8 GTPase Binding| ) MAPK family signaling cascades | [y
] Tubulin Binding | [ ion channel binding] [y
§ Alzheimer's Disease Metabolic Pathways | ) Dopaminergic synapse| [

au Proten Bind —og10(P-value; Jation of NMDA receptor activt og10(P-value
& fau Protein Binding | (== o regulation receptor activity| ——]
[¢) = g 3 s ® % . .
g Regulation of Synaptic Plasticity | |G Regulation of Membrane Potential | p— " )
T Regulation of Dendrite Development| Regulation of Synapse Structure or Activity | [— . . .
e —— | Biomedical Data Science
w Aldosterone Synthesis and Secretion | |—G::_gu Glutamate Receptor Signaling Pathway | [
o Glutamatergic Synapse | E——— MAPK Family Signaling Cascades| [y
N g MAPK Signalling Pathway | ey Neurotransmitter Based Signal Transmission] [
\ M 3 Alzheimer's Disease Metabolic Pathways | prss Regulation of NMDA Receptor Activity | ey
thmm - mm:lﬂ‘” = Aldosterone Synthesis and Secretion| P Dopaminergic synapse | [y
= Regulation of NMDA Receptor Activity| [y regulation of NMDA receptor activity | [y
Gene Count . Gene Count

Jin et al, Genome Medicine, 2021
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Machine learning for multi-omics analysis, prediction

and interpretation

Genome & epigenome

- WGS

- WES

- WGBS

« ChIP-seq

+ DNase-seq
» ATAC-seq

- Hi-C

Different biological aspects

e,

O
O
®

[}

£ [ o)
2 -RNAseq E £
‘= +smRNA=seq S 8
$ +IncRNA-seq © 5
c [T =
o = o
|_

Phenotype data/metadata

T
"M
L)

Y

o

Inputting data

Prior knowledge

« Functional annotation Re gul arization
+ Gene ontology

« Pathway QO ( )

« Network

+ Gene family

IPredictive model I MO
INew knowledge I
Machine learning l

algorithm
mfin 2(f) + Q(f) Interpretability

Xu. Genome Bio. 2019
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Outline

e Multi-view learning for multi-modal data
— Multi-view Empirical Risk Minimization (MV-ERM)
— Manifold alignment
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Empirical Risk Minimization (ERM)

loss function ¢
1

r;leigm(x;ﬁe(f(xo,yi) +20(F) I

Empirical Risk l
hypothesis space F 7

: regularize f by knowledge

SLIDE 18



Empirical Risk Minimization (ERM) for

single-omics (single-view learning)

¢loss function « e.g., Leukemia patient classification

—  y;: Acute lymphoblastic leukemia
(ALL) vs. Acute myeloid leukemia

- (AML)

ERM Estimator —  Xx; gene expression
~ £SVM

data
X(l),y

HOXA9 e®ALL AML

12
10+

hypothesis space r®

(f)—— D Uf(x), )

| S | (x yl)eS

NON O
yop—p —

f* S aI'gInln{R (f) + M(f)} MARCKSL1 Nobel, Nature Biotech, 2006
/

Nguyen, Wang, PLoS Computational Biology, 2020 SLIDE 19



Example: single-view unsupervised learning

1866 individuals 25 top components

1866 individuals

Unsupervised
decomposition
(NMF)

~

Non-negative matrix
factorization (NMF)

Bulk
expression

(B)

NMF comp
fractions

(H)

NMF
comp X

V)

All genes

All genes (~20K)
25 top components

0.6
0.4

0.2

-0.2

-0.4
-0.6I

1 Single cell signatures
* ~14,000 cells (Lake et al.,
Science, 2016&2018)

sjuauodwod doy 4NN
Pearson correlation
o

. H
» ~400 cells (Darmanis et al., ER R g eeE 22 ET 825528085873
PNAS, 2015)
° ~18’000 Ce”S (PsyChENCODE) ‘ Excitatory Neuron Inhibitory Neuron NonNeuron‘ \ NonNeuron Neur‘on
Adult Developmental

Wang, et al., Science, 2018 SLIDE 20



Multi-view learning for multi-omics integration

{

___________ View 1
> Omics 1
i )

Omics 2

X o

. :> »i - Omics 3
Biological mechanisms o

Py = [Qe (£ (X%), 10 (27))]

« For example, gene regulation
involves

1. Genomics; e.g., SNPs

2. Transcriptomics; e.g., genes

3. Proteomics; e.g.,
transcription factors (TFs)

Nguyen, Wang, PLoS Computational Biology, 2020

“Multi-view learning

pz(,kj) - [f(k) (Xk)]i,j

Single-view learning

Cross-omics interactions
Q.. (fD,f3): SNPs break TF binding sites
Q. (f@.f3): TFs control gene expression

Q. (/D). SNPs associate with gene
expression (e.g, eQTLs)
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Multiview Empirical Risk Minimization (MV-ERM)

loss function ¢

(optional)
] v
regularization regularization
across multiomics ~ from a single-omics
data fromy, min " £(F{(X),Y) + Ao D QoL ) +2 ) (Y
n views ’ . e iy l.

optional consensus complementary

n hypothesis spaces F?! F? Fn

Complementary regularization
« Unique information from each view

Consensus regularization
« Relationship information across views

Nguyen, Wang, PLoS Computational Biology, 2020 SLIDE 22



Factorization-based MV-ERM

. C
5 ﬁ‘
i H‘F binding

fchromatln

= mteractlon

* * * o~ 2 . ~ |12
(G<1) ,G@" G® F) € argmin {HX@ GO F TH +AHF<2> _F }
G0, PO F>0 52 \ F \ F

Complementary G® Consensus F
* e.g., solved by Multi-view NMF (Liu et al., SIAM ICDM, 2013)

Nguyen, Wang, PLoS Computational Biology, 2020 SLIDE 23



Alignment-based MV-ERM

Unseen relationships
across multi-omics

___________________________________________

FO (x0) <0 <0
Expr > .\0 %—Tr‘]
f (X )]w J : *(2)

XM ) >

@ (x® e
Chm. — )).60 o— o/ Common latent space "
) !

Y@ ey (f(Q) (X(Q)), f(?’)(X(?’)))‘\\

> > @
@ (X(3))
Expr. ).ﬁ.—O .<.¥/ . ) pgj,z)
X® 3 3
(f(l), 2 f(3)) € arg min {ZQ (f(i) (X(i))) + Z Oy (f(i) (X(i)) F9 (X(j)))}

i=1 \ i>j=1 l

Complementary  Consensus

7

Nguyen, Wang, PLoS Computational Biology, 2020 SLIDE 24



Alignment-based multi-view learning methods

Multiple kernel learning

learn a combination of predefined kernels

not data dependent

expensive

Only support complementary principle
* non-linear Z gD

Subspace learning

obtains a common latent subspace

data dependent 2> more general

non-expensive

CCA (Canonical Correlation Analysis)
*  Only support consensus principle

linear max corr(f(X), g(Y))

0 leee]

Viewl | 5 o space x, °
K‘e | 1 Xu, Chang, Dacheng Tao, and Chao Xu. "A survey on multi-view °.
: .o " learning." arXiv preprint arXiv:1304.5634 (2013) *
0 1 \ g prep 304.5034 3 subspace X
+,d5tk % N - 0 leeel ‘ﬂ \
+ | Kernel P °
L1t == - S ‘Eﬂ> Unlfléd.Kgrnel i + Cmp ¢ *° ) .

0 ee e

0 leee]

input data N 5 o
Kerngl:M

ViewM | 0 e e e

o

°
input data N P e d
oo, €
space Xy

Can we support both principles?
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ManiNetCluster: manifold alignment to reveal the

functional links between gene networks

Multi-view datasets (e.g., Functional linkages across views
diseases, species, conditions)
(A) __time ot - (D) condition 1 specific functional linkage
condtion 1 | + — -
(B)
+ condition 2 specific conserved
% @ = Gt
A £ A )
“N//} .. '._/// . N{x/// .
- — V2% — v ¥a —
! ! ! ' 1 )
th t2 ts tn Alignment step

ManiNetCluster is a subspace learning, non-linear and non-expensive
(by employing manifold learning) & support both principles

Nguyen, Blaby, Wang, BMC Genomics, 2019 (Best Poster Award, ACM BCB 2018) SLIDE 26



ManiNetCluster: manifold alignment to reveal the

functional links between gene networks

Application: genomic functional linkages between light and dark periods of green alga

functional linkage (Module 34)
cell motility

signalling G-protei
cell organisation
RNA protein postranslation
regulation |modification
transport ABC of

transporters ranscriptio protein targeting

protein degradation

secondgry amino acid
metabolism metabolism

B @1.0 1 ligh

S 8 1. ight genes pattern

=

g g 0.8 —

5 506

= &3

o © 0.4 —

302

o C

% £ 0.0 ~ : T T

TT LT TTT
7 9 11 12 REIREIRE 17‘19 21 23

time (hours)
.0

average normalized
mRNA abundance
© 0000 =
oN N O ®
Y [ [ O |

I|I|'|III'|I'|IIII|I'|||||‘||||'||||||||||||||||||||||-‘||||

. ‘ ‘ time (hours) |
0.00 0.25 0.50 0.75 0 1000 2000 3000 E §1-° - dark genes pattern ||| f
gene proportion module size Ego
S 37° 7]
) - P
W shared [ dark  light 2=,
% uE:O‘O T

TTT T T 1171 A | Vel
7 9 11 12 REIREEREER VAR RS W]

time (hours)

Nguyen, Blaby, Wang, BMC Genomics, 2019 (Best Poster Award, ACM BCB 2018) SLIDE 27



Manifold Learning

Parametric Non-parametric

) ta

R 7
) .‘.i CuX) B A‘;@
(Manifold Learning) “""‘v‘;;‘”%: o

Low-dimensional
High-dimensional data embedding

A d dimensional manifold M is embedded in a m dimensional space,
and there is an explicit mapping f: R™ — R? where d < m. Given
samples x; € R™ with noise

T; = f(x:)
— find f(.) or 7; from given x;

/ N\

Parametric & generalizable (e.g., Nonparametric & nongeneralizable
linear manifold learning) (e.g., nonlinear manifold learning)
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Manifold Alignment

two X = [xq,..,%Xy], x; €RP

datasets Y = [y, ..., y,],y; € R x; oy fori€[1,1]

!

— = =— = To find mapping function
condition 1
. oy f()g()

And learn common
manifolds between two

datasets (views)

(C) = :-;;:V:fr:‘-;'_f.‘., =

% /Fﬁ'\ 1 /FE’\ 1
A \\\ {D:(‘!/ \\ ZD—/./ \\\
N N

| : | ' | — )
: Alignment step

SLIDE 29



Manifold Alignment framed by MV-ERM

Learn common X = p
manifolds between two [x4 ml, i

x;oy; fori€|l,l]
datasets (views) Y = [y, ---,yn],yj € R4 ! L

To find mapping function f ( ) g ( ) to minimize the cost function

Inter-view correspondence Intra-view correspondence
N i N
D G =g + 3 G = eI W + ) llao) = g )l W
Lj : LJj LJj
global consistency local smoothness
consensus complementary

Extract and optimally align local geometry to minimize overall differences
Generalization of CCA ), /|| (x;) — g(;) I
Interpreted as a manifold regularization
2 ..
D lFe) = g W +er(E7 L) + tr(g" Lyg)
Lj
Eigen-decomposition to solve nonlinear manifold alignment
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Outline

« App 1: single-cell multi-modal data integration
— Predicting neuronal electrophysiology from gene expression
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Single-cell multi-modal data by Patch-seq

(beyond omics)

A. Patch-seq data B. Manifold alignment D. Multimodal features of developmental cellular states
Neuron -
g exg:s\:ion \'-_‘ Single Cells
x“.... st . d le,' 2 L
\\_\ Y g ),"' | A
~ b’ ; ST Morphology Developmental
-wﬂ RINPEoey trajectory
Chromalin
accessibility
‘NN N . -, Cellular
TESSY j C. Reference mapping NG2 ’, Y -state

Grey: BICCN reference

»1’{ Color: Patch-seq cells

/ Elects cphyuokx‘uml
lr' 1Iurc

\Jii)

Nature Computational Science
News & Views, Jan 2022

] Gene regulatory network
= WAISMAN
e CENTER
' Epigenetic information
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Manifold alignment of single neurons by

electrophysiology and gene expression

A B. -
Single cell Same cells Manifold Cross-modal cell clusters g
multi-modal data alignment from alignment E . - - T
0 ;
d, electrophy- « @ @ ° e
siological features f ® (] L Y ® ® O Qo ® % -
» e %o » o |90 g
g* (] @ @) @ § H
d; genes = T i
HE LR
1 cells @ Cells by electrophysiology g ) T = é __ * R % i+
@ Cells by gene expression % T T T T T T T T T T T
C Q. LMA CCA Mw NMA PCA RRR tSNE MMD-MA  UnionCom  SCOT Magan
. RRR CCA NMA LMA = Linear Manifold Alignment
’ i CCA = Canonical Correlation Analysis
MW = Manifold Warping
NMA = Nonlinear Manifold Alignment
PCA = Principal Component Analysis
RRR = Reduced Rank Regression
tSNE = Stochastic Neighbor Embedding
MMD-MA = Manifold Alignment with maximum mean discrepancy
UnionCom = Unsupervised Topological Alignment of
Single-cell Multi-omics Integration
SCOT = Single-Cell alignment using Optimal Transport
MAGAN = Manifold Aligning GAN
Patch-seq data of ~3k neuronal
Jiawei Huang (M.S., cells in the mouse visual cortex
Statistics, 2021 ey pe
’ ) from BRAIN Initiative

Huang, Sheng, Wang, Communications Biology, 2021 SLIDE 33



Nonlinear Manifold Alignment (NMA) uncovers

trajectory with multi-modal changes

_RRR CCA

UnionCom PCA

Huang, Sheng, Wang, Communications Biology, 2021
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NMA aligned cells form cross-modal clusters, suggesting

related genes and electrophysiological features

Transcriptomic space Electrophysiological space Transcriptomic space

Electrophysiological space

Input resistance

Component 2

. {7
fast trough t ramp th tramp

peak t ramp

Component 2

treshold i ramp

Cluster 1

Cluster 2

Cluster 3

Cluster 4

Cluster 5

i .4 upstroke downstroke ratio ramp
threshold i long sqaure .l%b upstroke downstroke ratio long square

Component 3

Component 3

reshold i ramp

Component 1 Mouse ViSuaI Component 1 N °

Compor'\enH Mouse mOtor Cor:p;;e:\.t;
cortex (3654 cells) cortex (1227 cells)

Huang, Sheng, Wang, Communications Biology, 2021 SLIDE 35



Predicting electrophysiological features by

differentially expressed genes in cross-modal clusters

Sorcs3
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Multivariate visual
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Can we align multi-modal features to
improve phenotype prediction?

Huang, Sheng, Wang, Communications Biology, 2021
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Highly predictive e-phys features
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Outline

« App 2: deep manifold-regularized classification
— Predicting cortical layers of neurons from multi-modalities
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deepManReg: a deep manifold-regularized learning

model for phenotype prediction from multi-modal data
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Nguyen, Huang, Wang, Nature Computational Science, 2022 SLIDE 38



Phase 1: deep manifold alignment of multi-modal features

e Goal: reveal nonlinear relationships FW) F= [{,((..:lg))}
across multi-modal features S . e e e W T |
modal ) MM ) 1@/ 19\ i AN :
« Trade-off: a7, O @ i g IR ApT
S| TAD/ 1% elele o A
— Features - Parametric ?D \A m s '@ ',. V,. -g. Lo o A :
. . o= ~=7 i : | O
— Nonlinear - Nonparametric 5 .ﬁ—_:_—‘_—;—z; @ © |
° 1 N Emoa /6\\ E. AN i IO N :
deepManReg solution: § dllfﬁQD) AR A/ .§<->: A
— Parameterize f(-,W) & g(-, Z) by deep _TAA — ‘.g.'f,f’, o | m =
neural networks & Yy 1O |
— Nonlinear manifold alignment (NMA) 952
« Eigen-decomposition to solve NMA: Nonlinear
. . . manifold
— Computationally intensive @ alignment
— Use gradient descent on a non- , -
Euclidean space! n}s}gn tr(I LF)
st. FIDF =1

Nguyen, Huang, Wang, Nature Computational Science, 2022 SLIDE 39



Optimization for deepManReg alignment

F=[fX;W)T,g(Y;2)T]" can be solved by
r?in tr(FTLF) s.t. FTDF =1,
g
where L and D are joint Laplacian and diagonal matrices of prior correspondence across modalities

- an optimization problem on Stiefel manifold 0%*"

. X )
{ y X)] » Forward pass — project the output Lj; EY%]OMO Stiefel
A
g(Y; manifold
F=no[£82]=UIVT
TrpOY" | FOO1 o
, where gl = UZV" is the SVD of output
» Backward pass
OQIxr o Compute Euclidean gradient
> otr(FTLF)
Vit =————=LF +L'F
dxr o Project Euclidean gradient onto the tangent space of
IR Stiefel manifold

Vit = n(Vpf) = Fskew(FTVp) + (I — FFT)Vg#
o Backpropagate the Riemannian gradient V£ to
update W, Z

Nguyen, Huang, Wang, Nature Computational Science, 2022 SLIDE 40



Phase 2: classification regularized by cross-modal

feature network (aligned features)

——————
| A | Feature network
| I .
| &% | *  Cross-modality
I
' | » Nodes: features
, samples feature | | .
7 o alignmen;:‘ S : : . Edges: hlghly
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N - ! £ |
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Y0 O ... % ® classifcation model parameterized by [/
e A o %00® o
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Cee s ©
°

« Sample classification regularized by
cross-modal feature network

Nguyen, Huang, Wang, Nature Computational Science, 2022 SLIDE 41



deepManReg alignment & classification of

handwritten digits

Multi-modal feature alignment

CCA Linear Manifold Alignment (LMA)
3 emSs
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2
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~ 11 @ ~
s s
@ 0 e o2 s B 0.0001 1
@ ? 5}
£ £ 0.0000 cm—e: e o0
S S
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MATCHER s deepManReg
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08 P )
~ ~ 007
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g 04 ' E o ®
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02 , 0.05 iog @
&
001 @& 0.04
L ]
1 0 1 2 3 4 5

-0.15 -0.10 -0.05 0.00 0.05 0.10 0.15
dimension 1 dimension 1

* 2000 images of handwritten digits 0-9
(mfeat data)

+ Two types of features:
216 profile correlations, 76 Fourier coefficients

Nguyen, Huang, Wang, Nature Computational Science, 2022
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Digit classification
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Sl I IS

Digit
Method
- Unregularized
- DeepManReg
- Linear Manifold Alignment

‘ Canonical-correlation analysis

‘ Matcher
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deepManReg alignment & classification of

neuronal cells

Single-cell multi-modal data by Patch-seq

« 3654 GABAergic cortical neurons in mouse
visual cortex

« Modality 1: Electrophysiological features

— By hyperpolarizing and depolarizing
current injection stimuli and responses
of short (3 ms) current pulses, long (1 s)
current steps, and slow (25 pA/s)
current ramps.
e Modality 2: Genes

— Expression levels

- Phenotype: 5 cortical layers, L1, L2/3, L4,
L5, and L6

e Running time (alignment only)

— CCA (725.96 seconds) L6 / \
— Manifold Alignment (663.43 seconds) Gouwens et al, Cell 183.4 (2020): 935-953.

MATCHER (150.94 seconds)

— deepManReg (57.90 seconds by GPUs GTX
1060Ti and 90.10 seconds by CPU i5-8250U)

Nguyen, Huang, Wang, Nature Computational Science, 2022 SLIDE 43



Cross-modal feature network linking aligned

genes and electrophysiological features

O Electrophysiological feature
O Gene
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Nguyen, Huang, Wang, Nature Computational Science, 2022

e-Features Index

rheobase_sweep_num 1
thumbnail_sweep_num 2
vrest 3
sag 4
tau 5
f_i_curve_slope 6
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latency 8
upstroke_downstroke_ratio_long_square 9
peak_v_long_square 10
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Feature-network-regularized classification of cortical

layers of neuronal cells
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Nguyen, Huang, Wang, Nature Computational Science, 2022
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Outline

« App 3: biologically interpretable neural network modeling
— Disease prediction and functional prioritization
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Machine learning opens “black box” for disease

prediction and functional interpretation

Risk variants,
genes, elements

Functions,
mechanisms

[> Disease diagnosis

i Population
multi-omics
i (e.g., SNPs,

. genes)

Raw data Clean data Features Model Results
< ACGTC i "
%
Q\ Pre- GCGTA | e s ® .. *e
&' | processing G T CCG |extraction |emmclehs ofhllice Training x Evaluation
\3 TTAGT 2 —_— L Y&, % |——>
\‘v ?.:TAI »'.L‘AT'.".‘ “c‘—c OCTTT X
e e, acral °°
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Machine Learning
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Varmole: Interpretable deep neural network model

prioritizes disease variants and genes via DropConnect

Disease (or health)

_

@ o o((0X) <901

eQTL
T Gene | 2D .00 Q|
XEW 0 A1) = f(X) 3 R N\ () =Y (W2 Ay)
o WA .
QQ...QI D o - |
Variant (SNP) Gene GRN
X Y

@ Hidden nodes ©O Output @ Variant @ Gene
@@ eQTL @——@ Gene regulation

Nguyen, Jin, Wang, Bioinformatics, 2021

Input form 2 omics, X,Y
(SNPs & genes)

First layer embed 4, and
A, — eQTL and gene
regulatory network (GRN)

- From variants (& gene regulations) to gene expression

Other fully connected
hidden layers: h;

- From gene expression to phenotypes

Softmax classification layer:
0=58(hoo(f(X)+g(M));
The Cross-Entropy:

L(0,0) = — -

nyi, vilog(@)

Varmole:
min L(o,0) + ||W]||;
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« Drop-out and drop-connect are 2 simple but effective
regularization techniques




Interpretation: prioritization via Integrated Gradients

) , Interpret with Integrated gradient
« Given a model F, an input

x, and the output F(x) of Q Disease (or health)

the model for input in
question, an attribution

methods returns the

‘relevance’ of each input Q0 - Q
feature i to the output SN \Link importance
« How importance a gene snp | @@+ @ [QO - -\6 Gene

(SNP, eQTL link, TF-gene

link) to the disease Feature importance

outcome . .
@ Hidden nodes ©O Output @ Variant @ Gene
@@ eQTL @——@ Gene regulation
Y R S A v to(z—x)) Oy e to(z—
Cond!(z)|::= (z; — =) /a:O 5y 5o do 1G;(2)|::= (w; — x8) / z 82;6 2) o
Importance score Importance score B =0 .
oflink _X'L- N y Of feature l Of input x Sundararajan, M., Taly, A., & Yan, Q. (2017). arXiv preprint arXiv:1703.01365.

ag (@) is the gradient of F along the i*"* dimension at =

Nguyen, Jin, Wang, Bioinformatics, 2021 SLIDE 50



Application for schizophrenia

e Dataset:

— RNA-seq gene expression & genotype data (dosage) for 487
schizophrenia (scz) vs. 891 non-scz human brain samples (front cortex)

— Embedding GTEx eQTLs & PsychENCODE GRN for human brain front
cortex

— =2 127304 SNPs, 2598 genes

0.8
0.7
@)
<
< 0.6
0.5
SN S OO MR
<® S Y PR Sl - AN,
A’é Q 6?& > 4&' Q\’\& é
v 006\3‘ O)AQ <&

Nguyen, Jin, Wang, Bioinformatics, 2021 SLIDE 51



Prioritized gene functions & regulatory links for

schizophrenia

« Alist of enriched functions (FDR<0.05) from prioritized genes:

neuron development

axon guidance

cell adhesion

calcium signaling

response to external stimulus
NMDA receptor

insulin secretion

« Prioritized SNP-gene pairs

SNP-gene pairs on the interacting enhancers and promoters (Hi-C)
have significantly higher importance scores (p<5e-5)

Potential regulatory roles of prioritized SNPs to genes via enhancers

Nguyen, Jin, Wang, Bioinformatics, 2021 SLIDE 52
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Current lab members

Recent graduates

Fundzng acknowledgment

Thank you!

» Saniya Khullar (CIBM fellow & Ph.D. candidate,
Biomedical Data Science)

Dr. Shuang Liu (Data Scientist IIl) « Ting Jin (Ph.D. student, Biomedical Data Science)

Dr. Pramod Chandrashekar (Postdoc) « Sayali Alatkar (Ph.D. student, Computer Sciences)

Dr. Chirag Gupta (Postdoc) « Noah Cohen Kalafut (Ph.D. student, Computer Sciences)
Dr. Chenfeng He (Postdoc) - Jie Sheng (Biostatistician, Waisman Center)

Dr. Kalpana H. Arachchilage (Postdoc) « Jonathan Bryan (Undergraduate, Neurobiology)

Nam Nguyen (Ph.D. 2021, Computer Science, Lane Fellow in Carnegie Mellon University)
Jiawei Huang (M.S. 2021, Statistics, Ph.D. student in University of Cincinnati) \
Yudi Mu (M.S. 2021, Statistics, Ph.D. student in University of California Riverside)
Mufang Yin (M.S. 2020, Statistics, Ph.D. student in Rutgers University)

Peter Rehani (B.S. 2020, Neurobiology, Morgridge Institute for Research)

NSF Career 2144475 . .
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