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Goals for lecture

Multi-omics data

Machine learning modeling

— Empirical risk minimization (ERM)
Multi-layer network clustering

Dimensionality reduction & Spectral
methods

Decision tree
Neural network



Goals for lecture

 Multi-omics data
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Metabolites and Metabolomics

Tissue/Cell Lines
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Metabolites are small
molecules or chemicals
involved in metabolism
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Key Metabolites
~1,500 molecules

Metabolomics
~10* molecules
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Proteomics
~10° - 10’ proteins
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Transcriptomics
~10° RNA transcripts
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Genomics
23,000 genes



Multi-scale mechanisms

* SNP

* CNV

* LOH

» Genomic
rearrangement

 Rare variant

* DNA methylation

* Histone modification

* Chromatin
accessibility

* TF binding

» Gene expression

* Alternative splicing

* Long non-coding
RNA

* Small RNA

* Protein
expresssion

* Post-translational
modification

» Cytokine array

* Metabolite
profiling in
serum, plasma,
urine, CSF, etc.

* miRNA
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Functional genomics to
understand mechanisms

a Genetic association

or

Genome-wide

Matched
controls

Cases

b Variant frequency validation

GWAS variants

Reference 1000 Genomes, HapMap Project
population Haplotype Reference Consortium

Clinical NHGRI-EBI GWAS Catalog
population dbSNP

statistical association

-

Structural variants (e.g.,' CNV)
DGV, Decipher, dbVar

ClinVar, dbVar, OMIM, Decipher
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Whole-genome (WGS) variants

UK10K, 1000 Genomes
Complete Genomics

ClinVar, dbVar, Decipher, dbSNP

Whole-exome (WES) variants

EXaC, Exome Variant Server

ClinVar
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[ Chromatin [ ] [
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Hist Coding variants
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_| DNA methylation , _ Missense Frameshift
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Gandal et al., Nature Neuroscience, 2016

Disease-
associated
genomic
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How do
variants
function?



Example

a FTO GWAS locus FTO IRX3  IRX5

Nomal haploype bbb =
Fisk aplotype  mAHHHRHeHH

b Epigenome

Chromatin capturing =

C Transcriptome

Computational prediction
of rs1421085 as the
causative SNP

4 e

rs1421085 TT-CC

-~ -

\—H = ==
CRISPR-Cas9 editing

N Engl J Med 2015; 373:895-907
DOI: 10.1056/NEJM0al502214

d Functional mechanism
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In vitro assays of IRX3 and IRX5
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Tissue specific inhibition of IRX3

Correlation and E
. enrichment E
*s, analysis :
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Lipid storage
Lipid catabolism
Mitochondrial function
Adipocyte differentiation




Hierarchical understanding
from genotype to phenotype

Interactions Prediction &
Prioritization
* variants * gene * pathways * disease

* genes regulation « circuits variants &
* regulatory * chromatin « functions genes
regions interaction « networks
. J . J . y, . J




Multi-omics for understanding functional
genomics and gene regulation
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Some multi-omics datasets

Human 20,000 genes | Other genomic elements: non-coding RNAs, gene regulatory
(2% genome) | regions, repeats, and so on... (98% genome)

Cell lines ENCODE (Encyclopedia of DNA Elements) Consortium  ~ Exss8
(> 300 cell types) W”"
Tissues Genotype-Tissue Expression (GTEX)
(> 40 tissues)
Cancers THE CANCER GENOME ATLAS T cancer Genome Atlas (TCGA)
National Cancer Institute
National Human Genome Research Institute (> 40 cancer types)
Development (13 developmental stages,
ATLAS OF THE DEVELOPING HUMAN BRAIN 16 brain regions)
Psychiatric <= " PsychENCODE Consortium
disorders @f (~2,000 tissues incl. health, Schizophrenia, Autism, Bipolar)

rative oherers meense @Nd Memory and Aging Disease Genomics
diseases Genetics Consortium - Project (ROSMARP) Consortium (IPDGC)

Neurodegene (’ADGC Religious Orders Study International Parkinson's

11



Goals for lecture

* Machine learning modeling
— Empirical risk minimization (ERM)
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Multi-omics data integration

a Concatenation-based integration b Transformation-based integration ¢ Model-based integration
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Nature Reviews | Genetics
http://www.nature.com/nrg/journal/v16/n2/full/nrg3868.html



Multi-omics data modeling

Phenotype

Abstract Specified
Relationship Topology Logic Dynamics
c Gene 1 ° °
-% \}‘J “\%. ) (o) gb} Xi=AX,+ BU,
g Gene 2 Process
P ° Circuit

Causal network

nghef_— """"" \ """""""""" sample . Assomatlon network
order { . Co-expression
groupings \ ] ] .
pa<teh wgay’s L \  Biological Int:eractu:ns between
circuits) ® Interpretation elements (e.g., co-
P \ ------------ - expressidgl regulation)
SIes ?Modules < 1 Integrative & Predictive
Reg Tt oty  ——y model (e.g., deep neural
_____ — /Ge“e rk)
] ® ) Genomic elements (e.g., GWAS,
Genotype differentially expressed genes)
Raw data Clean data Features Model Results
ACGTEG®C CC el &
Q\ E:gcessmg g ; g g 2 Z:{arggteion ACA. :AcCCCCECOC Training . .. ": Evaluation
& rracs Tl o Th A AL
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* Spectrum inspired from Ideker & Lauffenburger, Trends in Biotechnology, 2003
* Christof Angermueller et al. Mol Syst Biol 2016;12:878
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Multiview learning for understanding
functional multi-omics

pig” = (D (F9 (2%), 1O (21))]

* For example, gene regulation

can relate to
1. Genomics; e.g., SNPs

2. Transcriptomics; e.g.,
genes

3. Proteomics; e.q.,

.- ~

(1
Biological mechanisms

View 1
l:> ® Omics 1
5)

Omics 2
X

X @ .
i Omics 3
®3)
J

“Multi-view learning

=

transcription factors (TFs)

Nguyen, Wang, PLoS Computational Biology, 2020

. . . pz(,kj) - [f(k) (Xk)]i,j
Single-view learning

Cross-omics interactions
Q. (f1,f3): SNPs break TF binding sites

Q. (f2.f3): TFs control gene expression

Q. (f1,f2): SNPs associate with
gene expression (e.g, eQTLs)
15



Empirical risk minimization (ERM)
for machine learning modeling

¢loss function « e.g., Leukemia patient classification
data —  y;- Acute lymphoblastic
30,y * leukemia (ALL) vs. Acute
W myeloid leukemia (AML)
ERM Estimator —  Xx;; gene expression
~ £SVM
HOXA9 e@ALL AML
hypothesis space 7© : >
1 —(2): o.‘ 2 0
R(N=c 2 A (x).2) :
| |(xl-,yl-)eS / Ee% ullarlze fl 6___5“1“_3‘_—5‘-1‘-__/0" /{a’BZYX
x . lologica 12
f eargmin{R (f)+AQ(f)} er: owle d% e 0 MARCKSL1 Nobel, Nature Biotech, 2006
f
16

Nguyen, Wang, PLoS Computational Biology, 2020



Empirical risk minimization for
multi-view learning (MV-ERM)

¢ loss function

- (optional)
Y
(X(l) *
data —/"
(2) : —> ()’
from y T MV-ERM Estimator| /¢
v Views ' | |
. —)f(”)*
v

Regularize f'by biological

' (1) (2) (v)
v hypothesis space 7 r i knowledge Q from single

FOT @ L g argmi‘n{ omics Regularize f'by
FOeF® biological knowledge
D (X)) A QD) + A Z O, (f Q.. across multi-
< —— o — _ omics
optional Complement ary consensus .

Nguyen, Wang, PLoS Computational Biology, 2020



Consensus and complementary
principles

¢ loss function

- (optional)
Y
(X(l) *
data —/"
(2) : —> ()’
from y {7 IMV-ERM Estimator| /%
U VIEWS ' : |
. —)f(v)*
\Y

Complementary principle

- (1) () (v) . . .
v hypothesis space 7 7 7 « Unique information from each

FOT @ e argmin{ VIEW  Consensus principle
FeF®  Relationship
Z OO (XDY V) + A Z Q(FD) + Ao Z O (FO, f9)) } information across
- — o — — ) views
optional Complementary consensus

18
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Factorization-based MV-ERM
framework

\ \;,.
i H‘F binding

fChromatm

" mteractlon
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\ \"
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* e.g., solved by Multi-view NMF (L etal. siamicom, 2013) 19
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Alignment-based MV-ERM
Exp:l £ (Xu))) .\. X(l; 1 (X(l)”fl)\ C‘cir’r‘l‘rnon Ia’fent sp~e\1~<~:i
LA "

W x @)y £2)x(2) .
X(l) >Qco (f (X >7f (X ))),’/

Chr e
AccesD. »w @ .< I
Qo (O (XD) FO(XON)
} (S, 1O )))
’ﬁ—‘/ 'do/. ) p2) [Q (£ (XY 5 (—X@)))], |
X® 3 3
(FV, F@, F®) ¢ argmin{zg (F (XD)) + Z Q, (FO (XY, F0 (XU)))}
i=1 i>j=1

« Forinstance, Canonical correlation analysis (CCA)
— Consensus only
Q.0 () = —tr(Ff X, X]F,) for two views X; and X, with linear
projections F; and F,

20
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ManiNetCluster: manifold alignment to reveal
the functional links between gene networks

Multi-view datasets (e.g., Functional linkages across dimensions
dlsea(sA)es, species, conditions) (

D) condition 1 specific functional linkage

condition 1 +
(B) %
(C)
j.i." \ | i ; \‘
. ‘% /]/‘ = —
vgz a N N —— =
1 i 1 l
t s s t, tme

argming, s, A Y (£ 06D = L DI Se@D +A ) 60D = OIS, 67) + A= ) £ = £ W)
i,j i,j i,j 21
Nguyen, Blaby, Wang, BMC Genomics, 2019



etCluster modules

ManiN

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
60 | .
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Nguyen, Blaby, Wang, BMC Genomics, 2019



Goals for lecture

» Multi-layer network clustering

23



Co-expressed genes have similar
functions in single species

Time

YeaSt 18 time points
cell A gene co-expression network (relationship) can
cycle reveal functional groupings

n
()
c
()
(@]
o
o
o
(o]

Hierarchal clustering, K-means, Gaussian mixture model
(GMM), Principal component analysis (PCA), ...
5o S oo node: gene

edge: expression
& correlation

o N w

Protein synthesis

mxm ‘.E‘T;tqﬁﬁmﬂ" 5

Eisen et al., PNAS, 1998. Carlson et al., BMC Bioinfor2m4;?tics, 2006.



Limited knowledge in single species

~ half human genes, 1% human genome plus other 98% genomic
elements (non-coding regions) with unknown functions

Cell adhesion (577, 1.9%) Chaperone (159, 0.5%)
Miscellaneous (1318, 4.3%) | | Cytoskeletal structural protein (876, 2.8%)
Viral protein (100, 0.3%) \ | [' Extracellular matrix (437, 1.4%)
] 4
Transfer/carrier protein (203, 0.7%) \ l Imrc;gl%galr?r?élg:ﬂ()??%z;%)
Transcription factor (1850, 6.0%) Tl Motor (376, 1.2%)
Nucleic acid enzyme (2308, 7.5%)

Structural protein of muscle (296, 1.0%)
Proto-oncogene (902, 2.9%)

Select calcium-binding protein (34, 0.1%)
@ — Intracellular transporter (350, 1.1%)

Signaling molecule (376, 1.2%) Transporter (533, 1.7%)

Receptor (1543, 5.0%)

Kinase (868, 2.8%)

Select regulatory molecule (988, 3.2%)
Transferase (610, 2.0%)
Synthase and synthetase (313, 1.0%)
Oxidoreductase (656, 2.1%)

Lyase (117, 0.4%)
Ligase (56, 0.2%) /|
Isomerase (163, 0.5%)'
Hydrolase (1227, 4.0%)

Molecular function unknown (12809, 41.7%)

How do we know human gene
functions during embryonic or brain

development?
25
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Integration of co-expressed and
orthologous genes across species to

transfer function informat(ig)n
gene

Cross-species gene co-expression network
co-expressed

worm genes with
developmental
functions

orthologs

Worm

S

A human gene with
developmental functions

26



OrthoClust: an orthology-based method
for clustering cross-species networks
(e.g., co-expression networks)

[ Set initial temperature T(0) ]

|

| Orthologous pairs ! b ,
! | between species ' randomly assign
| i labels (1,2,..,q) to nodes

Co-association |1 b simulated
. network of species A || Cost system evolves (labels flip) ] annealing

i p= | function according to H to optimize H

T(k+1)
flipping rate =aT(k)
is low? T

Extendable to
more species J

E ( : H
H Co-association ;
\ network of species B |:
. )i

at most g modules
Input : labeled by 1 to q

v

High-confidence modules
based on multiple runs

A set of cross-species modules, with different numbers of
Output | shared orthologs

OO OO
\_/ \\_/ \ N / \ / \ P

! conserved B-specific A-specific |
module module module |

27
Yan*, Wang*, et al., Genome Biology, 2014



Maximize “modularity” for
a single network
TS (c) B

h|>g h @ Brede, Europhysics Letters, 2010.

Modularity (): measurement on strength of network division

Q — 1 W. — kikj §€—— sumover nodes within a
2m i 2m 00 group (module)

normalization /’ l’/ \ kk.
m: total number of edges edge weight between LR pl.j=expected edge weight that
nodes i and 2m would go between iand |

Clustering goal: assign each node a module
to maximize “modularity” as an objective function

(module is a group of highly connected nodes) Newm, ENAS, 2006



OrthoClust: an orthology-based method for
clustering cross-species networks

Every node i is assigned with a module number o;.

|
| a species A : I conserved modules !

[
speC|f|c I ¥

0<~ | 9‘ T

SpeciesA | (2)

Species B |

co-expressed

orthologs

I
I
L.
|
|
|
|
I
|
l
|
|
I
I
|
|
L
|
I
|
l
|
I
I
1
|
|
I
| =
i~
|
|
I
I
|
l
|
|
I
I
|
|
I

A

Objective

function H = QA + QB K E 6 .0 1 | reward an

0,0
(i ")EOI’Z‘}ZO T J orthologous pair
./ 1 in the same module

"Modularity"” in species A + "Modularity" in species B + consistency between A & B 29

Yan*, Wang*, et al., Genome Biology, 2014



Conserved gene co-expression
modules discovered human genes
having developmental functions

O

human-worm-
fly conserved
c
.0
et
Jao
worm-fly S
7
conserved ©
(@)
(@]
(O}
c
()
>
()
C
-f- q)
worm-specific 3
ENCODE 0
a ‘ model organism ENCyclopedia Of
A\
- s
9 v Gy
3 Vs
i e . .-
§ o~ = i n
= =i fa= Human
¢ e .
. %
' A
Late K562 (104)
20,377 gene co-expression 13,623 gene co-expression 19,901 gene co-
network across 33 etwork 3 ression network
developmental stages developmental stages oss 19 cell line

Gerstein®,..., Wang*, et al., Nature, 2014

Human

Worm

] # of Genes 1000 500 0
u (I AN N NN Y (N (NN SN NN NN NN (N SN N

Signal transduction, cytoskeletal @ —

- Morphogenesis, epidermal GF 3

Histone mRNA proc., nuc. export g c

Topoisomerase, RNA POL Il 2 g

Cell cyc. ctrl, signal transduction 8 =]

Ribosome 3 g

Translocase, folding, G1$ cell cye. 8 £

La autoantigen £ I

Signal transduction, Integrins 8 <
Spliceosome

13,623

genes (~55,000)

19,901 20,377
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OrthoClust reveals better
genomic functional groups

OrthoClust’'s modular genes OrthoClust clusters more orthologs
have similar functions than other clustering methods

0
* P=3x10"%° o i
O v

1.0

4]
——

=

0.8

)
)
06
)

;
0.4
M *

i

o

| === e _ ' B

Gene ontology (GO) similarity of gene pairs
Enrichment of orthologous genes

Pairs between Pairs in
OrthoClust modules OrthoClust modules

K-means
Hierarchical
clustering

PAM
OrthoClust
(k=0)
OrthoClust
(k=3)

w
-



Developmental hourglass behavior
across conserved modules in a species

Inter-organism = FPeser lass
Temporal differences [, [ 1
among ortholog
expression levels are
minimized at phylotypic
stage across different
species.

Kalinka et al. Nature, 2010

Expression

L=
~N -y o FEN

[4
- €0

Intra-organism
Temporal differences
among ortholog
expression levels are
minimized at phylotypic
stage across
conserved modules in
a species (fly).

Time

€2 L2 BL L SL €L W B L § £ 3

32
Gerstein®,..., Wang*, et al., Nature, 2014



Human and Rhesus brain
developmental hourglass

18 2 27 Newborn PY 05
PCW 5 9 12 19 ~ p )
& > 2 @ @ @ @ @
Conception Embfyonic Fetal development Birth Infancy Childhood Adolescence Adulthood
! : II R ; Ill H 1.0 R I.I |.| H
Period 1 i i L9 10 é 11 i 15
(after Kang et al) - : - : - I
Female O
Male O
Age (PCWIPY) 56 12 1316171819202122 35 37 0 02503 05 08 1 2 25 28 4 8 83107 13 1518 19 21 23 30 36 37 40 64
Window (W) Wi w2 W3 W4 W5 - W6 . w7 ' we W9 |
Li, ..., Wang, ..., Sestan, Science, 2018
Human B Macaque
!
t
8 ol
s 025 0.25
©
© 0.2 0.2
c
o
o
9 028
g 0.15 lou 0.15

Ying, ..., Sestan, Science, 2018

0/0
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5
o
’700

Ag,
$cgo
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Goals for lecture

* Dimensionality reduction & Spectral
methods

34



Reading list for spectral methods

O Alter et al. (2000). "Singular value decomposition for

genome-wide expression data processing and modeling."
PNAS 97: 10101

Langfelder P, Horvath S (2007) Eigengene networks for
studying the relationships between co-expression
modules. BMC Systems Biology 2007, 1:54

Z Zhang et al. (2007) "Statistical analysis of the genomic
distribution and correlation of regulatory elements in the
ENCODE regions." Genome Res 17: 787

TA Gianoulis et al. (2009) "Quantifying environmental
adaptation of metabolic pathways in metagenomics.”
PNAS 106: 1374.

35



What is Principal component
analysis (PCA) ?

* A technique used to reduce the dimensionality of a data set
by finding directions of maximum variability

* Projection (typically a rotation) into new axes

 But still retains the dataset’s variation
L7

Adapted from http://www.astro.princeton.edu/~gk/A542/PCA.ppt



observations.

PCA Matrix

1. Start with dataset of k variables X = x,, x, ... x, and n

© N

Construct covariance or correlation matrix for variables.
The Eigenvalue Problem or Eigenanalysis: matrix

diagonalization and solve for eigenvalues and eigenvectors

E.g. Start with a bunch of coordinates

x)(
X

Observations X1 | X2
1 2 5
2 5 6
3 4 2
4 3 7
5 9 -5

-837




Interpretation:
Eigenvalues & Eigenvectors

5 }\/2

38
Adapted from http://myweb.dal.ca/~hwhitehe/BIOL4062/pca.ppt



Quick

royr 2 a ary + by + ¢z
o yz2 z | * | b| = | ary+ by + ez
Refresheron = v 2]« (8] = |0

Matrices

.\lat rix B is 4:_4

Matrix A is 3::‘_1 - .. élatrix C s 3::1
X 3 0 11, 23
1 . . . _
3 o
- - l - -
4
because ¢11 = E i =8 54+3.-14+0-341-1=53
k=1
d
b|= b +
C
http://eli.thegreenplace.net/2015/visualizing-matrix-multiplication-as-a-linear-combination/ 39

http://www.catonmat.net/blog/mit-linear-algebra-part-three/



gf

SVD for gene expression data

(Alter et al, PNAS 2000)
X=USI*

Eigenassay
A
L u;}f
)
——
Xy |
2i
m
mxn AN

Singular Eigengene
Value Vad v

F_n 1
/ S

& S Vi

VT

o

nx<n AN

40

http://www.gersteinlab.org/courses/452/



« m=1000 genes
Notation — row-vectors
— 10 eigengene (v;) of dimension 10
conditions
* n=10 conditions (assays)
— column vectors

— 10 eigenconditions (u;) of
dimension 1000 genes

N=LSA
Eigenassay Singular Eigengene
’ /alue o al
4, 1 u, 7 vV on » 7
— “‘,u‘ S;(.
X U S "7!;:'
T
r I
1 g
gi
" 41
mxn mxn nxn nxn
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SVD as sum of rank-1

matrlCeS an outer product
e 4 = USVT (uvT) giving a

matrix rather than

° — T + T + + T  the scalar of the
4 SU Y SHULY ) e SnllnVn inner product
¢ 5,28, 2...25,20

» What is the rank-r matrix 4 that best

approximates 4 ?
LSQ approx. If r=1,

— Minimize iz( R )2 ;c.his amounts to a
P ine fit.
N
= r I r
* A=suv; +suw, o tsauy,

* Very useful for matrix approximation 42

http://www.gersteinlab.org/courses/452/



Potential problems of
SVD/PCA
If the dataset...

* Lacks Independence
— NO PROBLEM
* Lacks Normality
— Normality desirable but not essential

Lacks Precision
— Precision desirable but not essential

Lacks Linearity
- Problem: Use other non-linear (kernel) methods

Many Zeroes in Data Matrix (Sparse)
— Problem: Use Correspondence Analysis
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Conclusion

SVD is the “absolute high point of linear algebra”

SVD is difficult to compute; but once we have it, we have
many things

SVD finds the best approximating subspace, using linear
transformation

Simple SVD cannot handle translation, non-linear
transformation, separation of labeled data, etc.

Good for exploratory analysis; but once we know what
we |look for, use appropriate tools and model the
structure of data expilicitly!

http://genomicsclass.github.io/book/pages/pca_svd.html
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Goals for lecture

Multi-omics data

Machine learning modeling

— Empirical risk minimization (ERM)
Multi-layer network clustering

Dimensionality reduction & Spectral
methods

Decision tree
Neural network

45



Reading list

« What are decision trees?
— Nat Biotechnol. 2008 Sep; 26(9): 1011-1013.

« Data mining in the Life Sciences with

Random Forest: a walk in the park or lost in
the jungle?

— https://academic.oup.com/bib/article/14/3/315/255
469
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https://www.ncbi.nlm.nih.gov/entrez/eutils/elink.fcgi?dbfrom=pubmed&retmode=ref&cmd=prlinks&id=18779814
https://academic.oup.com/bib/article/14/3/315/255469

Decision Trees

A decisiontree i ™ o

» Classify data by asking
questions that divide
data in subgroups

« Keep asking questions
until subgroups become

Is bottom
part blue?

Is bottom
part green?

homogenous
* Use tree of questions to _ J
make predictions b o o,
Example: Is a picture taken inside or outside? 4

Criminisi, Shotton, and Konukoglu Microsoft Technical Report 2011



a Gene Expression Shared Shared Genomic

Pair Interact? correlation localization? function? distance
A-B Yes O.77 Yes No 1 kb
A-C Yes 0.91 Yes Yes 10 kb
C-D No 0.1 No No 1 Mb
b Expression
correlation > 0.9?
e N
No Yes
<~ N
Shared cellular Shared
localization? functlon'?
7
No \Yes o Yes
¥ N N
Genomic
distance < 5 kb A-C
#f %
No Yes

4

A hypothetical example of how a decision tree might predict protein-protein interactions
Nat Biotechnol. 2008 Sep; 26(9): 1011-1013.

48


https://www.ncbi.nlm.nih.gov/entrez/eutils/elink.fcgi?dbfrom=pubmed&retmode=ref&cmd=prlinks&id=18779814

Terminology related to Decision Trees

[ ROOT Node ]
Branch/ 'Sub-Tree
SP"ttlng/ ff"‘:"i--—:.-;_::::::::::::::1::::::::::\
I ] zzzzzzzzAz[ oecisionNode]zzzzzzzzzzz

.......................................
.........................................

.......................................

[ Terminal Node ] [ Decision Node ] [ Terminal Node ] [ Terminal Node ]

[ Terminal Node ] [Terminal Node J

Note:- A is parent node of B and C.
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What makes a good rule?

* Want resulting groups to be as
homogenous as possible

o0 0000 (o) @ 00
All groups still 50/50
- Unhelpful rule

2/3 Groups homogenous
—Good rule

50
Nando de Freitas 2012 University of British Columbia CPSC 340



Quantifying the value of rules

* Decrease in inhomogeneity
— Most popular metric: Information theoretic entropy

— Use frequency of classifier characteristic within
group as probability

— Minimize entropy to achieve homogenous group

m

S=—) . Pilogp
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Algorithm

 For each characteristic:

— Split into subgroups based on each possible value
of characteristic
* Choose rule from characteristic that
maximizes decrease in inhomogeneity

* For each subgroup:
— If (inhomogeneity < threshold):
« Stop

— else:
« Restart rule search (recursion)
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Retrospective Decision Trees

143613
Analysis of the Suitability of 500 .
M.thermo. proteins phobe

28

to find optimal sequences purification ¢

53

[Bertone et al. NAR (‘01)]



Retrospective Decision Trees
Nomenclature

356
tqﬁal

Not ;< Expressible

Expressible™ " g 14361& -------

Has a hydrophob.ic stretch? (Y/N) 54
[Bertone et al. NAR (‘01)]



Extensions of Decision Trees

Decision Trees method is very sensitive to noise in data

Random forests is an ensemble of decision trees, and is much more
effective.

Decision Tree vs Random Forest

X

, 2 =
¥

20

'o..'* oy - i:‘

Overfit

99



Exercise

* A Complete Tutorial on Tree Based Modeling
from Scratch (in R & Python)

— https://www.analyticsvidhya.com/blog/2016/04/co
mplete-tutorial-tree-based-modeling-scratch-in-
python/

 Random Forests in R
— https://www.r-bloggers.com/random-forests-in-r/

— http://dni-institute.in/blogs/random-forest-using-r-
step-by-step-tutorial/

56


https://www.analyticsvidhya.com/blog/2016/04/complete-tutorial-tree-based-modeling-scratch-in-python/
https://www.r-bloggers.com/random-forests-in-r/
http://dni-institute.in/blogs/random-forest-using-r-step-by-step-tutorial/

Goals for lecture

 Neural network

S7



Reading list

Deep learning for computational biology
— http://msb.embopress.org/content/12/7/878

Predicting the sequence specificities of
DNA- and RNA-binding proteins by deep
learning

— https://www.nature.com/articles/nbt.3300
https://qgithub.com/hussius/deeplearning-
biology

The Incredible Convergence Of Deep
Learning And Genomics 58



https://www.nature.com/articles/nbt.3300
https://github.com/hussius/deeplearning-biology
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwjAm_Tbx-bXAhXCmOAKHUKrCxoQFggvMAA&url=https%3A%2F%2Fhackernoon.com%2Fthe-incredible-convergence-of-deep-learning-and-genomics-2f86838ecb7d&usg=AOvVaw396yBQW0RO9jYdWP_jcX8H

Machine learning and representation learning

A
Raw data Clean data Features Model Results
A €6 T E
oo GCGTA | e dise . cabosblisec
processing G T C C G | extraction eraaxilogilis CQCCCCOC Training Evaluation
T & A G i wTAI,,'.oATM “c<=c~ OCTTT
R ol lerr, aaaall
GA GAA ' ' '
B C D
v v Label /%

Supervised Unsupervised Raw data Discriminative features |/'\'
r N

X o

” >¥ X % Layer2 | TSS ilntron Exon
M A 0 AT - ®/% ® Feature )
PLOT @/%  HUO < ® o cracnon W
e Linear regression e PCA ‘_“:‘E ® % \g %

e Logistic regression ¢ Factor analysis Layer 1 ‘ cc Cc ﬂ]‘AI_ MATM

¢ Random Forest ¢ Clustering ®
* SVM ¢ Qutlier detection
o ... Yoot Exon Raw data Al

v

v

molecu|ar

systes)s
blology

© as stated in the article, figure or figure legend  Christof Angermueller et al. Mol Syst Biol 2016;12:878



Artificial Neural Network

PREDICTED TRUE
label label
FORWARD PROPAGATION f(x)=0.7 —?— y=0.8
4
{ BACKWARD PROPAGATION L(w)=(0.7-0.8)2 Loss

J

Christof Angermueller et al. Mol Syst Biol 2016;12:878

B
Inputs Weighted Activation Output
sum function
1x0.6+
~ 0x0.4+ max (0, 0.8)
0.6 1x0.2=0.8

e

RelLU

—o.4—> Z 08 |£ —»

Ogl

/

Wnaw
W'=W + nAwW

v

Global
optimum
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The Incredible Convergence Of Deep
Learning And Genomics

Deep Learning

/ / .-

sC M WGAS mw CLP-s0q
CHA-PET [ RPseq
Hi-C AYAC-‘Q maethyl array. l l
S ! -
: - % //—
LONG-TRNQE regultary shemsnts Promotens NN

T OOCAN, (RO PERONL IR ars. I o) Trarecrpos

Fundamental Disease/Patient

Biology Studies Categorization

>

v - i“—" .'7 )
< ——
Q . : . S
3' ! :' :‘r-\:_ ——
= ¢ Ml ER T
— 0 , = s .
o -‘9 ! e 3 -.‘(,\ - ~ -
w ¥ DAk BT e ——
o U : N i . 3 %: ——
23 REESIR S - 1
ZStoy, o < § SN L T

"“”’o,,,,-c;J it % EE?} . c,o\‘°‘ 6«9" Technology Personalized

e . S LA
s RS e } Development Treatment

Johnny Israeli



https://hackernoon.com/@johnnyisraeli?source=post_header_lockup

Principles of using neural networks for predicting
molecular traits from DNA sequence

A
Within-individual
variation
< »
Locus 1 Locus2 Locus3
Individual 1 § 4
N L~
.. AlTGC[TATTACGCCTGCCG..
T Between-
i individual
Individual 2 2 LS " g variation
.arcclratadcccTecca..
ANOVA
eQTL
Individual 3 A/ \
...ATGCTATACGbc'II'Gccc... v
t
ChIP-seq
peak
C
Wild type 2
T 9 Wild type
a 0 response
T o
: | 12
C I
G X
c 3
c 7
Mutant N
T S
A S /
T g\ L
Ac: g
g % Mutant
c Sl response
c 7

Input 1st convolution 2nd convolution Fully Output
sequence layer layer connected layer
layers

- N

. = :

A (o

Ed CGC g‘

A o

: — o

o >

G : —_—> o

c| Convolution \\*D Pooling + S

c — Convolution o

—t o. ..

L] ] (o

,JAIJ&&TM RQACCTTT ' g
dilse
D
Motif cc Coc_?

O ATGGCGCGCcTG CGC
Sequence TCACCGCGCCT IEI
alignment CTTCCGCCGTA

@ GGTGGGGGTTT Active

\ Variant
/ score
WT i _.-—
| L
O ceTaaacCCOT1V CCCCTTCCCTk:sA
Deleterious :é 2
l >G I *

Normal 6.9

>T

© as stated in the article, figure or figure legend  Christof Angermueller et al. Mol Syst Biol 2016;12:878




Convolutional Neural Networ

A

Input image Convolutional layer Pooling layer Fully connected Output layer
\ / layers

) Feature maps
Receptive |

field 1

H

Discrete T~
convolution R E

0.01 Cytoplasm

[0.96 Cell periphery ]

—_—
Max

pooling

0.01 Vacuole

[200Q0000000Q0000Q
(6666066686566 656006000]

Discrete convolution C Max pooling

B
1]2|3
234
3

4
4

3o
| T

7|3
1x1-ll- 3 5
L—
3

=

2%x0+ L — max({1,2,1,2})=2

1x0+
2x1=3

5/ 7]
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Convolution and pooling operators are stacked,
thereby creating a deep network for image analysis

0.96 Cell periphery
0.01 Cytoplasm

Sl _, NSl _, SN _, NEN_, SN _,
2 : - 8 2

0.01 Vacuole

l1o0d
pajoauuod
Ajing

&"' L 4 L 4

- -
* »*
’ ’
r ' )
1 1 1
\ \ \
i
u‘!' )
o ——

Christof Angermueller et al. Mol Syst Biol 2016;12:878

molecular

systesy:
blology

© as stated in the article, figure or figure legend



A pre-trained network can be used as a
generic feature extractor

First layer features

-
In top left?

=) .
In top right? | ...

. In bottom right?

0.21 0.24 0.01
u 0.02 0.01 0.25
- 0.01 0.03 0.19

Christof Angermueller et al. Mol Syst Biol 2016;12:878

© as stated in the article, figure or figure legend

Third layer features

n In left?

n In right?

: ! In bottom?

o -

T

0.02 2.92
0.01 0.02
0.01 0.01

molecular

syste

oS
biology




Data normalization for and
pre-processing for deep neural networks

A
A 1000
G 0100
& 0001
-hot
¢ o= 50 a 0
A 1000
G 0100
c 0010
C
TRAINING Train
- 60% model
<' Repeat
VALIDATION Evaluate Selected
10% model model
TEST Test final

\730% ’ performance

Un-normalized Zero-centered Scaled Whitened
5.0 5.0 : 5.0 5.0
254 254 2.54 254
0.0 0.0 0.0 0.0
-2.54 By -2.5 B -2.54 -254 - R L
_5-0- T U L L L} _5‘0- T I. L 1 T _5-0- T U T T L _5‘0- T T T T L
50 -25 00 25 50 -50 -25 00 25 50 -50 -25 00 25 50 -50 -25 00 25 50
A A
L i @ +
ea;mng Q Training '
rates & set Overfitting !
8 Low g i E
(o] (=] 1 | % 4
| b= i A »
[ 1
o o T /
Validation | Point of &
set | early stoppin
Gocd : y stopping > e
s v i
Epoch Epoch

Christof Angermueller et al. Mol Syst Biol 2016;12:878

© as stated in the article, figure or figure legend
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Core

language
Interfaces

Wrappers

Programming

paradigm

Well suited

for

Overview of existing deep learning
frameworks, comparing four widely used
software solutions

Caffe

C++

Python, Matlab

Imperative

CNNs, Reusing
existing
models,

Computer wvision

Theano

Python, C++

Python

Lasagne,
Keras,
sklearn-

theano

Declarative

Custom
models,
RNNs

Christof Angermueller et al. Mol Syst Biol 2016;12:878

Torch?

LuaJdIT

Imperative

Custom models,
CNNs, Reusing
existing

models

TensorFlow

C++

Python

Keras, Pretty
Tensor, Scikit
Flow

Declarative

Custom models,
Parallelization,
RNNs
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THE CHROMPUTER

Integrating 1D, 2D signals, and sequence to predict multiple outputs

H3K27me3 H3K4mel H3K4me3

CTCF
Chromatin Multi-task learning
State
Class Probabilities
N
[ 713 FCII ayer |
[ 1> FC ayer |
1 i I

___2nd CombinedFClayer | [ 2nd Combined FCLlayer | [ 2nd Combined FClayer | | r
| 1st Combinled FC Layer | 1st Combinled FC Layer | 1 1st Combinled FC Layer | com2 N N =
I 3rd Smoothing | 3rd Smoothing | | 3rd Smoothing | § a

2nd set of Convolutional 2nd set of Convolutional 2nd set of Convolutional ; [ ..... o n
I 2nd sMipsth' | 2nd sM h | 2nd :‘ almm' | E —

nd Smoothing nd Smoot ing nd Smoothing H R R R

[ 1st set of Convolutional Maps | [ 1st set of Convolutional Maps | [ 1st set of Convolutional Maps | : _SL_RRE_RRERRD _RRRNEE B _RRD_BE

: CCOOCNRCRORCCRO000000CRC0000 N
§ 000000000R00000RCe000000DER000

|_mmaLs:‘mnmng_| | niial Sgoothing | | mmmﬂimm_l : DRRORC000000NRCCORCERE0C00R00000

| ‘ . A . T HINREOOROCENNEREEENINAEREEEREE

2D ATAC-seq fragment 1D MNase 1D DNase sequence
length distributions
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https://hackernoon.com/@johnnyisraeli?source=post_header_lockup

How to train your DragoNN

 https://drive.google.com/file/d/0B4Yo77Kh QeeaXZKQUtZW|NrWkE

motif density localization_simulation_parameters = {

SequenceDNN learning curve(one filter dragonn) interpret data vith SequescelWN(multi filter dragoms, simglation data

motif name®: “TALl

One*filter*d{ﬂgonniparameters ( interpret Sequencelsy filters(multi layer dragoss, simulation data )
seq length': 1000, Y i -
num filters': [1], |
conv_width': [10], Fimer 13
pool width': 35} ) o8 ? .
T ' z P W“ ; 'I
PAN = o — e f L
) — ¢ C |

IPython Notebook Command Line |~ usage: dragonn [-h] {train,test,predict,interpret}

Tutorials Interface

DragoNN

main script for DragoNN modeling of sequence data.

positional arguments:

{train,test,predict,interpret}

TensorFlow Theano train model training help
test model testing help
CPU GPU predict model prediction help
interpret model interpretation help
Locally or on the cloud

dragonn command help
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