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Goals

In this lecture, we plan to At the end, you should be able to

= Review the fundamental concepts = Distinguish the categories of

of multivariate statistics approaches
(variance, covariance,...) = Understand the vocabulary
= Discuss the required conditions (factors, signatures, loadings,...)
(distribution, missing data,...) = Have a better idea how to select
= Present some statistical appropriate tools for your
approaches in MVA and their setting.

implementations
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General introduction to
multivariate analyses
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What is multivariate analysis?

data points
patlents cells, samples,...)

= Multiple data points ( = observables)
described by multiple measurements variables

( = variables) ,f;ff,’,fj
= Multiple views (or modalities) ”Zf;‘:j’lf”sme)
= Assumption: not all variables are
independent vmw

= Which variables are related?

= can we obtain a simpler description with <::I Data reduction

less dimensions?
= can we learn this description from D . .
multiple data types simultaneously? ata Iintegration
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What is multivariate analysis?

= Multiple data points ( = observables)
described by multiple measurements
( = variables)

= Multiple views (or madalities)

= Assumption: not all variables are
independent

= Which variables are related?

= can we obtain a simpler description with
less dimensions?

= can we learn this description from
multiple data types simultaneously?
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data points
(patients, cells, samples,...)

>
variables
(genes,
regions,
microbiome,
proteins,...)

variables
—

data points

Beware how the matrix is oriented!!



Multivariate vs. Univariate

Univariate

= Does the expression of the gene BCL6
define distinct groups of patients?

BCL6
expression

Patient rank
by BCL6 expression
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Multivariate

Does the expression of all genes
define distinct groups of patients?

Latent dimension 2

Latent dimension 1



“Whole more than sum of the parts”

Chromatin
accessibility
(ATAC-seq)

DNA methylation
(WGB-seq)

Genomic
information
(WGS)

Gene
expression

(RNAseq)

Clinical
variables

Phenotype

&
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Available datasets e -

Large data matrices Many data types (“views")

~ 1000s samples

Gene expression
(RNAseq)

Chromatin accessibility
(ATAC-seq)

~ 10s samples

DNA methylation
(WGB-seq)

| . - .
EEEEEEES Genomic information

(WGS)
target sequencing

~10 regions / genes

whole genome / transcriptome
~10.000s features
(genes / regions)

®
IFB 12(’
INSTITUT FRANCAIS DE ' BIOINFORMATIQUE FRANCE



Challenges

= Different dimensionalities and features

genomic regions
(ChIP-seq./ ATAC-seq)

mutations
‘ gene expression ‘ ‘ ‘ DNA methylation (CpGs)

10 102 103 104 105 106
« Different types / distributions of data

A A

/d\\\~ |||| ,

> >

= Missing data: not all samples have measurements in all features and all
Views



Variance in the data

< IFB
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10% information

moteur

&l\)

'/

10% information

E’(X: How can we determine the optimal viewing angle?

80% information

1. Bleu
2. Blanc
1 3. Jaune

oA

48

r

45% information




Variance explained by the model

@
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data

models

explains 80% of the
data variance

explains 20% of the
data variance

11



Basic central concepts

= Variance

= Covariance

= Correlation
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N

Var(x) = %Z (x; — X)?
i=1

1 N
cov(x,y) = N Z X, — 00— )
=1

COI/'(X,y) —

N = Ox oy

1 i (x; —X%) (y; —y)
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Basic central concepts

= Variance

= Covariance

= Correlation
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N

1 1
Var(x) = ~ Z (x; — %)’ = diag(NXé - X))
i=1

l < ) 1
cov(x,y) = ~ Z X, =)y —Y) = NXC - X,
=1

1
cor(x,y) = — =—X X,

N = Ox oy N

1 i (x; —X%) (y; —y)

\)
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Variance-covariance and Correlation matrix

= Variance/covariance matrix

= Vvariance on the diagonal

= covariance off-diagonal

= Symmetric matrix

= Correlation matrix

= describes all pairwise correlation

S s e 7

=

wordm
0.2
[ ] [ ]
. Sylllllletrlc IllatrIX visual
lozenge
T
[ ] [ ]
' - counting
n S 1IN e dlagona
.straight
U - figurew
object
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figurer
. wordr
/ - numberr
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Multivariate analyses
for multi-omics
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Various approaches for data reduction and integration

= (Consensus) clustering approaches
s Clusters of Clusters (CoCA)

= integrative clustering (iCluster)

= Linear approaches approaches .

- Principal component analysis (PCA)

- Non-negative matrix factorization (NMF)

= : Factor Analysis Matrix factorization approaches:

= Canonical correlation analysis

= Neural network based approaches
= Autoencoders

= Variational autoencoders

EIFB ey
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[Olshen et al., 2013]

392,761

DNA Methylation

Gene Expression

— samples / tissues

392,761

DNA Methylation

Gene Expression

[Zhang et al., 2019]

[Quintero et al., 2021]
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Matrix factorization

= approximate large data matrix using the product of 2 smaller matrices

= columns of W = molecular signatures

/— Choice of k?
K

samples

(RNAseq)

features

Coession | L X=wH+e
H

W

. Meaning?
LIFB el 9
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Methods reviewed in this presentation

= Clustering approaches
= Principal component analysis (PCA)
= Exploratory factor analysis (EFA)

= Non-negative matrix factorization (NMF)

18



Clustering
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Clustering

INSTITUT FRANCAIS DE ' BIOINFORMATIQUE

Clustering is the simplest unsupervised
dimensional reduction method
n data points & k << n clusters

Many clustering methods:
k-means
k-medoids (PAM)
self-organizing maps (SOM)

Sensitive to initialization of procedure,
especially if the clusters not well
separated!

EI?(I"'
FRANCE

o® ¥ 4 ° © p s)
O ... L @ o
.l Q0
. .
O O
> o
... ° ®
@]
@
[ | | | | I
0.5 0.0 0.5 1.0 1.5 2.0

k-means with k=3

k-means with k=3
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Consensus clustering

= |dea of consensus clustering:
if | cluster random subsamples of data points, how often will 2 points be
found in the same cluster?

patients

D = {e,...,ey} expression profiles for N patients
D™ subset of the patients (e.g. 80%)

M® result of clustering D™

MM, ) =1 if (i,)) belong to the same cluster

1@, j) = 1if (i,j) both included in D™

Z h M (19 J ) blue columns = sampled patients

> 10, j) d(i,j) = 1 —mf(i, )

m(i, J) =

. - Use the matrix d to perform (hierarchical) clustering
IFB el 21



Consensus clustering

< IFB
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> results[[2]][["consensusMatrix"]][1:5,1:5]

[,1] [,2] [,3] L,4]
1.0000000 1.0000000 @.9655172 1.0000000
1.0000000 1.0000000 @.8857143 1.0000000
0.9655172 0.8857143 1.0000000 0.9166667
1.0000000 1.0000000 @.9166667 1.0000000

> results[[3]][["consensusMatrix”]][1:5,1:5]

[,1] [,2] [,3] [,4]
.0000000 0.3548387 0.8620690 0.2413793
.3548387 1.0000000 0.1142857 1.0000000
.8620690 0.1142857 1.0000000 @.1388889
.2413793 1.0000000 0.1388889 1.0000000
.0000000 0.4000000 0.7941176 @.3513514

)

Al

e

e

11
10
10
10
11

)

[1
[2
[3
[4
>

Eﬂ?ﬁf’
FRANCE

-

O 0 O K

[,5]

0000000
0000000
.8823529
0000000
0000000

[,5]

0000000
.4000000
. 7941176
.3513514
0000000

similarity matrix
fork =2

similarity matrix

fork=3
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Consensus Clustering
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consensus matrix k=2

-1 RN X

] LEG PN S EIT X

]
- =g r "

|deal shape would
be a step function

0.0
0.8
1.0

Differential AUC
° \ o
2 3 4 5 6

badly assigned samples

Optimal K when AUC no longer increases

4000 6000 8000 10000

2000

consensus matrix k=6

badly assigned samples
[Monti et al., 2003]
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Clustering over multiple data?

: 7
. . . &
&

.'-----"

Data type A

- @
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Clustering over multiple data? Y ==

a
\~ . . 0‘
&

.'-----'-

Data type A Data type B

- @
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Cluster of Cluster Analysis (CoCA)

= Cluster each omics data separately

= each clustering can use a different clustering
algorithm (k-means, PAM,...)

Gene expression
(RNAseq)

= each omics datatype can lead to distinct
number of clusters

= Represent each sample by an indicator vector
showing to which cluster it belongs in each
omic
s3=(1,3, 2,3,1)

= Cluster the samples based on this indicator
vector using consensus clustering

Genomic information

(WGS)

- late integration



Application: low-grade glioma

= TCGA: integrative clustering of low-grade
glioma (brain tumor)

= Available data (n=293):
® MRNA expression (R)
@ micro-RNA expression (mi)
e Copy-number variation (C)
e DNA-methylation (M)

e Result: 3 robust subtypes which disagree
with histological subtypes!

®
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iz [S R H 1IN ]
R1

M5

Cl
mid III]IIIIJJ_IL_j
M1

miz [N

M2

R3
R2

C2

M4

mit [ A Nl [ |
R4

M3

c3

[Brat et al., NJEM, 2015]
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Application: low-grade glioma

B Gliomas Classified According to Molecular Subtype

100 —*— LGG with IDH mutation and
1p/19q codeletion (N=84)
—— LGG with IDH mutation and
no 1p/19q codeletion (N=139)
80 —5— LGG with wild-type IDH (N=55)
—&— GBM with IDH mutation (N=24)
— —%— GBM with wild-type IDH (N=373)
N
E 60— \ —¢
S ’ P<0.001 by log-rank test
e - i
S 40- ‘ i
5 ©
v v —>¢ X
20- Y
<
0 I : - l
0 5 10 15

Years since Diagnosis
[Brat et al., NJEM, 2015]
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iCluster

n samples

P
features X ~ X

X=W/Z+c¢€

COV(G) =Y = dlag(lljla Yoy o ves l/jp)

k-1

= Goal: identify k clusters of samples in the dataset (i.e. Z) such
that the inter-cluster distance is maximized

= Zis the indicator function
= Zzj=1:samplejbelongs to cluster

« Zzj=0:samplejdoes not belong to cluster i
%/":B E’?i’i; [Shen et al., Bioinformatics 2010] 29
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iCluster

X=W/Z+c¢€

COV(G) =Y = d|ag(l//1, Yoy evvs l//p)

= Xis observed

« W and ¥ are unknown parameters (these are numbers!)

=« Zis the unknown latent variable (this is a random variable!)
= Bayesian formulation: binary Z — continuous Z*

= Prior distribution : 7% ~ N (0,0

=« Goal: maximize posterior probability E[Z* | X]

®
IFB 12(’
INSTITUT FRANCAIS DE ' BIOINFORMATIQUE FRANCE

30



iCluster

X=W/Z+¢€ Cov(e) = ¥ = diag(y, v, .., y,)

= Find optimal solution using Expectation-Maximization

Initial random values for (W, @O}

(Expectation Step) (Maximization Step)

Estimate ZV" Estimate (WU+D g+
using (WD wl=b ¥ using (Z, X)

®
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iCluster

Infered posterior probability E[Z*[X] (for k = 2)
| .,
| Hlll | "
| | | | )
QLT (0000 0 A |
- -2

Cluster indicator for k = 2 clusters

e e el

32



iICluster+

Logistic regression

(binary) \
shared Z matrix!
- /

counts . .
( ) Poisson regression

= Different types of data (binary, count data, continuous data,...) can be taken into
account using different conditional probabilities

P (e =1]z)
X. ° [ . [ ] [ [ Og = ajt +ﬂ.tZi
= Xiis binary: logistic regression 1 _P(xijt — 1‘Zi) J

i = sample, j = feature, t = view)

= Xjis count data: Poisson regression log (,1 (xl-]-t| zi)) =y + ﬂﬂzi

Xi is contin - linear regression Xiir = Qi + D::Z; T+ Eii
. = i IS continuous ea g Ui {1 ﬂ]t l Ut ‘Mo et al., PNAS 2013]
g/lFB EIM 33



iCluster+

Patient Samples Latent variable space Integrated Clusters

AN

MYC amplification
N

Subtype 1 (TP53 mutafion [ MYC over-expression
8q (MYC) ampJification) \

(ee)
\
——> © Subtype|3 (TP53 mutation —-> 4
8 | >
8 < q norma ) §
5 Subtype 2a (Hypprmutated Y=
= N 1 Classic CIN, CINIP) g
LGLJ 9o Subtype 2b [CIN-low, CIMP) 8 ®
= 6
1= N 4
oN I - 02
C »
O —4
. © + + + + + + ¥ —6
Mutation -10-8-6-4-2 0 2 4

.
.....

. Copy number
Gene expression

B Methylation

{ 21

= Application: TCGA glioblastoma datasets

= gene mutations
(120 genes x 84 patients)

= copy-number alterations
(5512 regions x 84 patients)

= gene expression
(1740 top variable genes x 84 patients)
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Limitations of Clustering TR

We needs methods allowing a “fuzzy”assignment of samples
clusters — signatures

®
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Principal Component
Analysis (PCA)

®
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Graphical abstract B ==

Observed variables Principal components
(e.g. genes) ("metagenes") PC1

37




Principal component analysis

=« Dataset have a very high dimensionality

(e.g. number of genes) . -

= Need to reduce this large number of

dimensions to a smaller number of |- e | e
relevant variables E: ﬁ,
= Relevant variables = variables which carry ¢ * "
most of the information (or variance) of a . AR i
dataset o ;
:

= These new variables are orthogonal

= Goal: identify directions in the data

corresponding to biological effects
Example of DNA methylation of blood samples
in patient cohort (Jana Dalhoff)
data matrix : 400.000 CpG positions / 250
patients

o
< IFB el 38
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Correlation structure

« if two variables are strongly correlated, they
are partly redundant: knowing the variation
of one, you have information about how the
second variables changes

= if two variables have little correlation, each
variable carries information not contained in
the other

= The more diagonal a correlation matrix is,
the more information is revealed by the
variables

®
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Correlation and covariance

] « ) 1
cov(x,y) = ~ Z X, =), —y) = NX" - X,
=1

o =% =9 1
cor(x,y) = — l : =—X X
(6.) N lzzl O, o N

/

Z-transformation

®
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Computing PCA

1. Consider the correlation matrix A

2. Determine its n eigenvalues and n
eigenvectors and build the n x n
matrix V from all the n
eigenvectors as columns

3. Compute S=V-A-V

o

diagonal matrix! transposed V matrix

®
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age height chol waist weight
age 1.00000000 -0.09479919 0.23990232 0.15255761 -0.06269027
height -0.09479919 1.00000000 -0.05853973 0.05661532 ©.25298143
chol 0.23990232 -0.05853973 1.00000000 0.11245805 ©.05932074
waist 0.15255761 ©0.0566153Z2 0.11245805 1.00000000 ©.84955930
weight -0.06269027 0.25298143 0.05932074 0.84955930 1.00000000

$values
[1] 1.9201374 1.3081302 ©0.9011191 0.7635241 0.1070892

$vectors

[,1] [,2] [,3] [,4] [,5]
[1,] -0.0782536 0.66340112 -0.1957637 ©.70124582 -0.15396822
[2,] -0.2139712 -0.41884235 -0.8557896 0.16410053 0.13957979
[3,] -0.1338086 ©.59835882 -0.3893703 -0.68726253 ©0.01108988
[4,] -0.6768556 0.08069999 0.2542954 0.06898591 0.68258976
[S5,] -0.6870622 -0.14115337 ©0.1141285 -0.06508820 -0.70054229

(.21 [,31 [,4] [,5]
.000 0.000 0.000 0.000
.308 0.000 0.000 0.000
.000 0.901 0.000 0.000
.000 0.000 0.764 0.000
.000 0.000 0.000 0.107

1]

.92 0
00 1
00 0
00 0
00 0

41



New coordinate system

= Vs the rotation matrix transforming the initial variables into new
variables called principal components

PC1

- height
height J PC1 weight

T

weight weight \ PC3

PC3

PC2 height

waist waist
waist PC2



PCA biplot

=« each dotis a sample / patient

= hew coordinate system is
(PC1,PC2)

= Red arrows indicate the
contribution of each “old"
coordinate to the PCs

standardized PC2 (26.2% explained var.

[
W
I

sta

2 0 2
ndardized PC1 (38.3% explained var.)
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Principal components

PC. = a;-age + ;- chol + y; - height + 6, - waist + ¢, - weight

PC1
- II
s
o.o-.I

-0.5-

\'

PC2 PC3 PC4 PC5
I B Ill | <L
I Aok

I
W
[

standardized PC2 (26.2% explained var.

5 5 A T I B I S I S A R A S B A R
standardized PC1 (38.3% explained var.)

= contribution of each variable to the principal components (coefficients are called
"loadings")

= some variables contribute in the same direction to some PCs (e.g. waist and
height for PC1), but opposite to others (PC5)

®
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ldentifying interesting PCs

= PC plots can highlight a new group
structure

« Example: PC3 seems very
associated to gender

= indicates that a combination of
height and cholesterol does
separate men /women

®
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standardized PC3 (18.0% explained var.)

4 -

PC3

2 0 2
standardized PC1 (38.4% explained var.)

groups
¢ female

® male
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Number of PCs?

= Each PC explains some part of the total variance of the dataset
=« Thisamount is proportional to the corresponding eigenvalue

= PCs are ordered by decreasing eigenvalue (hence variance)

20~

04-
Proportion of variance
Eigenvalues 0.3

l.. ..II..—
— pd 1 pd 2

eigenvalue

et
N

Value
Percent varnance

o
b

00~

eeeeeeeeeeeeee igenval 3
eigenvalue

Considering PC1 & PC2 explains
63% of the total vairance

®
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Choosing the number of PCs

= several criteria to select the optimal subset
of PCs, without loosing too much
information

= Proportion of variance:

keep PCs such that the cumulative variance
is above threshold

= Average eigenvalue criteria:
keep PCs which have eigenvalue larger than

= Mmean eigenvalue (Kaiser rule) or

= 70% of mean eigenvalue (Jottclife rule)

~ . = Valuin
=1 24
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Application to gene expression

= Gene expression dataset of breast cancer patients
= 2 groups: ER+ and ER- patients

= Dimension: k = 105 patients / n = 8534 genes

(here: n >> k)

. variance explained
= pPre-processing.

600
|

= scale the gene expression across patients

= center the gene expression across patients

0 200

= How many principal components do we get? I - -
— k (this has to do with the rank of the data 105 principal components
matrix)

o
< IFB el ig
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Application to gene expression

= PC1 separates ER+ from ER- patients

®
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standardized PC2 (7.5% explained var.)
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standardized PC1 (11.2% explained var.)

=
© @
> O o
O 2~ ® &
B e
g ¢ ® ’ 0..‘.. o
X< 1- ° — $
O .o o : @
> o N o
o) ° o ® o° o0
I~ 0- .. ®o dae
A @ o © $‘ .. ¢
O oo ¢
@ O ..
8'1- -- © ] ‘..
.N .. - ..
'E " .....
O o
2 2 .
] O
ﬁ 1 1 1 1 1 1

-3 -2 -1 0 1 2
standardized PC1 (11.2% explained var.)

groups
» ER-
® ER+
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Exploratory Factor
Analysis (EFA)

®
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Exploratory Factor Analysis

L atent Factors Observed variables

= Observed variables are
assumed to be the
manifestation of underlying
latent factors

XY
HEEEE

= These factors are orthogonal
(non-correlated)

;

= Each variable has also a
specific contribution (u) and a
measurement error (e)
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Exploratory Factor Analysis e -\

Specific contribution
(unique + error)

contribution

Latent Factors Observed variables

/;‘ = —a11F1+a12F2+u+e
(T \ /
B e

Measurement
factor loadings error
Var(y;) = all Var(F 1) + alz Var(F,) H+ Var(u) + Var(e,)
communality 4? specificity u”
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Factor rotation

= Factors are defined up to a
rotation

= The rotation can be

= orthogonal: rotated factors
remain uncorrelated

= oblique: rotated factors become
correlated

plain = orthogonal
dahed = oblique

®
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Example of EFA

> fadata

original data: cognitive test results on n=145 persons

visual cubes paper lozenge general paragrap sentence wordc wordm add code counting straight wor

23
33
34
29
16
30
36
28
30
20
27
32

cONO U A WN B

)
N RS

19
22
24
23
25
25
33
25
25
25
26
21

13 4
12 17
14 22
12 9
11 10
12 20
19 36
10 9
15 11
13 6
13 6
16 8

46
43
36
38
51
42
69
35
32
39
27
27

10
8
11
9
8
10
17
10
11
9
10
1

17
17
19
19
25
23
25
18
21
21
16

7

22
30
27
25
28
28
42
29
35
27
25
29

10 69
10 65
19 50
11 114
24 112
18 94
41 129
11 96
8 103
16 89
13 88
11 103

Factor analysis (k=4)

visual
cubes
paper
lozenge
general
paragrap
sentence
wordc
wordm
add

code
counting
straight
wordr
numberr
figurer
object
numberf
figurew

Q.
0.330
0.440
@.505
0.762
0.759
0.762
0.701
0.762
0.
0
0
0
0
0
0
0
0
0

536

455

.545
.434
.592
.394
.352
.435
.445
.454
.389

0.176

0.110

-0.238
-0.338
-0.322

.381
475
.367
.593
.393

(NS IO I CS IS I O

.139
.183
241
.383
.115

(S IO IS B S T O)

(SIS )

SIS

Factorl Factor2 Factor3
.392
.302
.247
.358
.113

.166

.451
.238
.149
.219
.425

221
.133

Factor4

(SIS TS I S I G I OSRGOS T O

.249
.228
.147
.253

.103
.162
.289
.362
.315
.192
.522
.157
.202

65
60
49
59
54
84
9%
83
67
49
35
6?2

82
98
86
103
122
113
139
95
114
101
107
136

156
195
228
144
160
201
333
174
197
178
137
154

SRR RPRRPRRPRRRRER

visual scores on visual perception test, test 1

cubes scores on cubes test, test 2

paper scores on paper form board test, test 3
lozenge scores on lozenges test, test 4

general scores on general information test, test 5
paragrap | scores on paragraph comprehension test, test 6
sentence | scores on sentence completion test, test 7
wordc scores on word classification test, test 8
wordm scores on word meaning test, test 9

add scores on add test, test 10

code scores on code test, test 11

counting | scores on counting groups of dots test, test 12
straight scores on straight and curved capitals test, test 13
wordr scores on word recognition test, test 14
numberr | scores on number recognition test, test 15
figurer scores on figure recognition test, test 16

object scores on object-number test, test 17

numberf | scores on number-figure test, test 18

figurew scores on figure-word test, test 19

after rotation

Factorl FactorZ2 Factor3

visual 0.747
cubes 0.571
paper 0.485
lozenge 0.683
general 0.760
paragrap 0.806
sentence 0.862

wordc 0.555 0.147
wordm 0.856

add -0.245
code

counting -0.150 0.165
straight 0.489
wordr

numberr

figurer 0.376
object -0.244
numberf -0.168 0.271

figurew

0.117
0.290

-0.124
0.567
0.544
0.501
0.766
0.446
0.381

Factor4

S

(SIS I S R O

(S

.103

.141
117
. 8006
.420
773
.484

.164
.114
.166

[ ——

correlation structure

T 1

T1]

e

Faalnilii=

wybrens

Haquinu

Vi

scores of original observations

[1,]
[2,]
[3,]
[4,]
[5,]
[6, ]
[7,]
[8,]
[9,]
[10,]

Factorl
.439011
.640320
.057138
.554279
.681781
.219437
.611266
479476
.232114
.069679

Factor?2
-1.78968
0.33018
0.81855
-1.07389
-1.70449
0.32968
3.18222
-0.53915
-0.22414
-1.38991

Factor3
-0.74163
0.17654
-1.35900
-0.70366
0.18772
1.04977
2.64516
0.28261
-0.95923
-0.83592

Factor4
-1.16528
-0.65755
-1.40696

0.26768

0.53174
.20680

2.36497
-0.31006

0.47125
-0.24703

S
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Summary: Exploratory Factor Analysis

Assumptions Questions/Challenges
= Sampling adequacy = Factors are determined up to a
enough observations per variable rotation

—> Kaiser-Meyer-Olkin (KMO) test

= No multicolinearity (singular
correlation matrix!)

= Rotation can be

= orthogonal (rotated factors still

uncorrelated) or
= Covariance matrix should not be the

identity matrix!
— Bartlett test

=« oblique (rotated factors are
correlated)

= Proper number of factors remains to
be determined
— heuristic (Kaiser rule, knee-plot,...

®
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= More observations than variables
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Difference PCA / EFA

"Basically, researchers tend to:

= use PCA if they are on a fishing
expedition trying to find patterns in
their data and have no theory to base
the analysis on, or

= use EFA if they have a well-grounded
theory to base their analysis on.
Generally, the second strategy is
considered to be the stronger form of
analysis.”

N

Al W]IN] |-

L
N
BREEE

o
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Multi-Omics Factor Analysis (MOFA)

Omics data

Metadata

> metadata

sample Age Sexs

1: TKI_F1
2: TKI_F2
3: TKI_F3
4: TKI_F4
5: TKI_F5
6: TKI_F6
7. TKI_F7
8: TKI_F8
9: TKI_F9
0: TKI_F10
1: TKI_F11

89 Female
74 Female
61 Male
67 Female
72 Male
57 Female
68 Male
62 Female
71 Male
74 Male
66 Female

ASV (D=180)

ASV (D=18)

<

Sesuences (D=42)

Sepsis,
Sepsis,
Sepsis,
Sepsis,
Sepsis,
Sepsis,
Sepsis,
Sepsis,
Sepsis,
Sepsis,
Sepsis,

Samples (N=59)

Diagnosis
pulmonary
pulmonary
pulmonary
pulmonary
pulmonary
pulmonary
pulmonary
pulmonary
pulmonary
pulmonary
abdominal

ZIFB -

IM
FRANCE

INSTITUT FRANCAIS DE ' BIOINFORMATIQUE

l

ASV (D=18)

ASV (D=180)

Contigs (D=42)

4

Category Penicillins Cephalosporins Carbapenems Macrolides Aminoglycosides Quinolones
FALSE

Sepsis
Sepsis
Sepsis
Sepsis
Sepsis
Sepsis
Sepsis
Sepsis
Sepsis
Sepsis
Sepsis

Factors

>

TRUE

FALSE
FALSE
FALSE

TRUE

FALSE
FALSE

TRUE
TRUE
TRUE

FALSE
FALSE
TRUE
TRUE
TRUE
TRUE
TRUE
TRUE
TRUE
TRUE
TRUE

Samples (N=59))

Factors

FALSE
FALSE
FALSE
FALSE
FALSE
FALSE
FALSE
FALSE
FALSE
FALSE

TRUE

RN

FALSE
FALSE

TRUE
FALSE
FALSE
FALSE
FALSE

TRUE
FALSE

TRUE
FALSE

TRUE
FALSE
FALSE
FALSE
FALSE

TRUE
FALSE
FALSE
FALSE
FALSE

TRUE

TRUE
FALSE
FALSE
FALSE
FALSE
FALSE
FALSE
FALSE
FALSE
FALSE
FALSE

Y"=W".Z 4+ ™

Matrices W and Z are learned
through bayesian inference

Implementation favors sparsity
= sparsity of the W matrices

= sparsity of the Z matrix

Different models for Y, €™
= Poisson model (count)
= Bernouilli model (binary)

= Gaussian model (continuous)

[Argelaguet, MSB 2018]
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Multi-Omics Factor Analysis (MOFA): variance explained

Total variance explained in each view and each factor b Var. explained (%)

15

Factor 5

2 2 Factor 4
2
Ry =1~ (E :n,dynd ZniWieg — Hd) /(E :n}d)’?d _N&n)

Factor 3

10

5

0

Residual variance in view m  Total variance in view m Factor 2
and factor k

Factor 1

Bacteria Fungi Viruses

Total variance explained in each view

2 2 S
2 _ 2 : m 2 : m m E : m m ;
Rm o 1 o ( n’dynd o kznkwkd o ud) /( Tl.dynd o ud) :20- I I
58
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MOFA: post-hoc interpretation of factors

Analysis 1
Association of factors with groups
(Z matrix)

0

ategory

Healthy, antibiotics

Healthy, no antibiotics

Factor 1

Non septic ICU

HTHATHATHAIH

Sepsis

< IFB

INSTITUT FRANCAIS DE ' BIOINFORMATIQUE

EIM
FRANCE

Analysis 2

Weights in factors for each view

(W matrix)

Rank

Lachnospira

. °
- Enterococcus

Dorea

Subdoligranulum

.- Faecalibacterium

Agathow&.er Roseburia — Fusicatenibacter

-1 0 1
Weight
Factor 1
Agathobacter ® .
Roseburia o -
Enterococcus ° +
Fusicatenibacter ® -—
Lachnospira ] —
Dorea ® -
Subdoligranulum ® -
Faecalibacterium ® =
0.0 0.3 0.6 0.9
Weight

Factor 1 ‘ .

Factor 2

Factor 3

Factor 4

Factor 5

Factor 6

Analysis 3
Correlation of factors with covariates
(Z matrix)

CalidVIl LuIlICialivya CUCITIIVICTIL

-
" o) o)
= %) o [e) Q
Q £ 3 %) o Q E=
0 =X o 0 o @ > O
k= ke o ke > S £ = £
= © © S Q S = S 9
c Q = O o — | = c
[ ) © © E > o o ©
o & & = < @] @) = >
‘ ’ — 0.2
- 0
’ i -0.2
- -0.4

-0.6
-0.8
-1
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Non-negative matrix
factorization

®
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Non-negative matrix factorization

= Most datasets in modern
genomics are by essence non- — -

negative

= Read counts in RNA-seq
= Methylation b-values in DNA

Histone modification
(ChIP-seq)

methylation arrays

= Integrated signal aver genomic DNA methyiation
regions PPt ¢

we can apply parts-base decomposition of the data

®
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Non-negative matrix factorization

X ~ WH with X > 0,W > 0,H > 0

X : Nx M matrix

N = number of features (genes, regions,...)
M = number observations (patients,samples,...)

Original
NMF . hn <«
| N NN .
NMF in essence similar to PCA, Pk YRR P A Y 1
but non-negativity implies j‘r ‘]
® 3 better interpretability of the signatures [y PR _l:_*
® a natural sparseness of the decomposition i: -1 i

[Lee, Seung 1999]

®
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NMF

samples (tissues, patients,...)

>

genes /
genes / regions W
regions

\4

<

>
k signatures

\_ _

X : original data matrix
columns of W : k signhatures (genes, regions,...)
columns of H : exposures to the k signatures

- Genomic signatures + features of the signature

®
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NMF vs. PCA

= PCA defines orthogonal directions explaining most variance

= NMF signatures (or latent factors LF) define the hypercone containing all
data points

= There is no natural ranking of the NMF-signatures (unlike PCs); choice of
the number of signatures is crucial!

PCA NMF

B eo
(<) S L)

[Casalino, Buono, Mencar]

because of the non-
negative

constraint, only point inside
the cone can be
reconstructed using the
basis vectors

®
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NMF vs. PCA

—~ :
b
| v 'A F
(a) (b) (c) (d) (f)

Figure 4.5: Base images of dataset Dgace after applying the PCA

(a) (b) (c) (d) (e) (f)

Part are more easily interpretable in NMF

[Nikolaus]
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Implementation

ATAC/ChIP/RNA-seq

iterate over different factorization ranks k
_g . . l*
* e

determine optimal k

= Iteration over update equations
(~ 10.000s, inner iteration)

= |terate of set of initial conditions
(~ 10s, outer iteration)

iterate over different initial conditions

n samples

>

‘
m features
(genes, genomic regions)
m features
- r

™.

| | = [|terate over different number of
: / / sighatures to be extracted

{ +

row-based k means clustering sample clustering and

(k=2) visualization
|

/ \ attribute signatures to

subgroups
extract signature-specific extract features specific
® features to multiple signatures ilm
P (TR (CHCTHID . =
| (I (NI - 66

Cjmnn (RITH ) - __




How to choose k?

= Accuracy of matrix decomposition: how well does WH represent V?
= Froebenius error should be small

= Amari distance should be small

= Stability of solutions: how variable are the solutions using different random
initializations?

= Coefficient of variation should be small

= Groups of samples should be homogeneous: how well does each sample belong
to its group?

= Silhouette coefficient should be large

= Clustering should well represent the original data

= Cophenetic coefficient should be large



How to choose k?

~ NMF factorization quality metrics

n
v A
L

. e e R

60 4
404

20 4o

®
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' 0.075 44
{ 0.050 4

{ 0.025

k = 5 appears to be a good choice

sumSIiWidth

large is better |

small is better
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Exposure matrix H

= A sample can have “exposure” to multiple signatures
= Gradient of exposures (unlike hard clustering)

= sparseness: many coefficients are (almost) O in W and H matrix

Samples

Signatures

®
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Stability of signatures

Exposure
30000

20000
10000
0

®
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Signature matrix W

« the W matrix gives the “definition” of
the signatures in terms of features
contributing

= applying k-means (k=2) to each row of
the W matrix

gene 1

gene 2

gene 3

gene 4

gene 5

/1



Signature matrix W

« the W matrix gives the “definition” of
the signatures in terms of features
contributing

=« applying k-means (k=2) to each row of
the W matrix

» single-signature features:
—> genel/3

» multi-signature features:
—>gene2/4/5

» signatures 1 and 2 share no
feature

» signatures 2 and 4 share 2
features

®
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Example of use case

< IFB
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CD34"HSPCs

Differentiation

CD4 CDS8 Mono Gran

Combined RNA-seq (gene expression)
and chromatin acessibility (ATAC-seq) from
purified blood populations

[ Corces et al. Nat. Gen (2016) ]

EIM
FRANCE

Cell type
Number of
replicates

HSC
n=7

MPP
n==6
LMPP

n=3

CMP
n=28

GMP
n=7

MEP

S
!
\l

Mono

S
I
»

30 30 30 Bm
o 1g g I s
a0 o+ 000 o

3
N

3
||§
o

2200000880000

I
N

HSPC Monocyte Erythroid T/NK cell CLP/B cell
10 kb 10 kb 10 kb 10kb 10 kb
_‘_—LL_L W P | E |

_J._AA.AA‘L - e | B — d

I N P ) i l
_A.LM‘_L = SR T o | R . | Jo L 4_-..__JAJ_L
I W | B IS 4 "
PR || - _ "
b deadhe

LA

GATA2

[N - o o | - 2l e

Ll[_L PO 1l PEIOE HT \ 1 A LL.
|CEBPB H || [ ([ i
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Interpreting signatures B _—v=a N

Exposure Celltype

BO00D | HSC
60000 B MPP
40000 © LMPP

20000 B CMP
L] B cvP
’ o MEP
BcLp
B cD4
CD8
B NK
¥ Bcell
Mono

CD34"HSPCs

Differentiation

CD4

CD8 Mono Gran

Ery Mega

Stemness-signature
fades away, as differentiation
progresses

o [ Corces et al. Nat. Gen (2016) ]
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Assoclating signatures

RNA-seqg ATAC-seg
Yl T e ml T .

B-cell

1 -mu =

monocyte .

'

T —

o [ Corces et al. Nat. Gen (2016) ]
IFB ey




Integrating multiple datasets using NMF o

INSTITUT FRANCAIS DE ' BIOINFORMATIQUE

seq
'Y
ATAC-
seq
RNA-
seq
'Y

[Andres Quintero]

EIM
FRANCE

regions

regions

shared H matrix

X i 2

l

genes

Joint-NMF [Chalise, Fridley (2017)]

view specific H matrix

+ -t

view specific H matrix

+ -

integrative-NMF [Yang, Michailidis (2015)]

genes

common H matrix

X
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Integrative NMF

general reconstruction error heterogeneous part

min
W' H H'

D IX— WiH + HY)|12

= integrative NMF identifies both homogeneous effects between datasets (H) as
well as heterogeneous (H')

= Aisahomogeneity parameters
= large values will promote the homogeneous effects

« small values will promote the heterogeneous effects

e
& IFB EIM [Yang, Michailidis (2015)] /7



Keep in mind
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Key concepts

= These methods are linear methods, which makes e
assumptions about linear co-variation of the variables —
(correlation is a linear measure!)

= Some consider the total variance (of a variable or a data

set), some determine the shared/specific part
(e.g. PCA vs. EFA)

can be initialized with

= We have described unsupervised multivariate approaches; prior information
can be enriched with prior knowledge (e.g. graph-NMF) l

samples (tissues, patients,...)

genes / gions

regions RNA - seq T - k signatures |
ATAC - seq

non-negative v

) matrix Xj; L || . i
° —= les / ti
%‘ I F B E I l l r k signatures EE 7 9
s E

U
X




Vocabulary cheat sheet

=« Views / modalities
— different types of data

= Latent factor / signature /
Principal component
—> lower dimensional
representation

=« Variance / covariance
— data spread, joint variation

Homogeneous
( = communality, shared)
— amount of shared variance

Heterogeneous
(= uniqueness, specific)
— amount of specific variance
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