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A close interaction between statisticians, bioinformaticians
and molecular biologists is essential to provide meaningful
results

m Large quantity of data from
multiple and heterogeneous sources

GET ALL THE
INFORMATION You CAN,
WEe'LL THINK oF A

USE FOR (T LATER. m Computational issues

m Biological interpretation for
validation

m Keep pace with new technologies

m Multi-disciplinary field
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Systems biology and challenges

Reductionism:

1 gene = 1 hypothesis = 1 statistical test

4

Holism:

Thousands of molecules = 77

m New ways of thinking

o‘ganisms

m Well stated biological question is crucial

m Need cutting-edge methods to harness
the potential of biological data

S'"erafing Networ¥®

b

~~ postulate novel biological hypotheses to be validated in the la
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Research aim and hypothesis

Shift the univariate statistics paradigm to obtain deeper insight into
biological systems

Molecular entities act together to trigger cells’ responses
and need to be appropriately identified with novel multivariate
statistical methods.
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Research aim and hypothesis

Shift the univariate statistics paradigm to obtain deeper insight into
biological systems

Molecular entities act together to trigger cells' responses
and need to be appropriately identified with novel multivariate
statistical methods.

“Essentially, all models are wrong, but some are useful.”

George EP. Box, statistician
1919 - 2013
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Outline

multivariate analysis

m A linear combination of variables

m Dimension reduction and visualisation
m Flexibility

m mixOmics
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multivariate analysis
[ e

A linear combination of variables

Linear multivariate methods

Linear multivariate methods use components that aggregate
observable variables (e.g. genes, transcripts, proteins) in a model to
summarise sources of variation in the data.

m Reduce data dimension
m Handle highly correlated, noisy, missing variables

m Capture experimental and biological variation

Example of multivariate methods:
Principal Component Analysis (PCA), Projection to Latent
Structures (PLS) models
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multivariate analysis
oce

A linear combination of variables

A multivariate model

variables (e.g. genes):

Assign a score to each individual, based on a linear combination of
score of Bob

a1 * genePoP | 4, « gene

Bo
2

4 ... +ap % geneBob
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multivariate analysis
oce

A linear combination of variables

A multivariate model

variables (e.g. genes):

Assign a score to each individual, based on a linear combination of
score of Bob

score of

a1 * genePoP | 4, « gene

Bob . 1ap xgeneBoP
ap x gene;  +ap x gene,

+...1ap*genep

o = = DA
Kim-Anh L& Cao June 19 201
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multivariate analysis

oe

A linear combination of variables

A multivariate model

Assign a score to each individual, based on a linear combination of
variables (e.g. genes):

score of Bob = a; * geneP°P 1 2, x geneSP ... 1 ap x geneBP

score of = apxgene; taxxgene, +...-+apxgenep

e What we know: the gene expression levels value for each
individual

e What we don’t know: the weights ai, a, ..., ap assigned the
genes (the same weight a; is assigned to the same gene j across the
whole cohort)

— statistical optimisation procedure
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multivariate analysis
[ Je]

Dimension reduction and visualisation

Data dimension reduction via components

into one score value:

The expression levels of P genes for each individual are summarised
score of Bob

Bob

o = = DA
Kim-Anh L& Cao June 19 201
WEHI Postgraduate lecture series
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multivariate analysis

00
Dimension reduction and visualisation

Data dimension reduction via components

The expression levels of P genes for each individual are summarised
into one score value:

score of Bob = ay * genePP 1 ap x geneSP 1 ... 1ap « geneg"b

m Each score value corresponds to a component score value

m As one component may not be enough to summarise the data
we sometimes use several components (several linear
combinations)

m As we summarise P data points into a few component scores,
we project the data into a smaller subspace (‘multivariate
projection-based’ methods)
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multivariate analysis
oe

Dimension reduction and visualisation

Components for data visualisation
Principal Component Analysis: visualisation of 63 samples x 2,300

genes
Principal Component Analysis
[} L]
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Unsupervised (exploratory) analysis: samples with similar gene
expression values cluster together
— no apriori on the samples group membership
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multivariate analysis
oe

Dimension reduction and visualisation

Components for data visualisation

Discriminant Analysis: visualisation of 63 samples x 2,300 genes
according to their tumour subtype

Discriminant Analysis
o [=%) (o]
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Supervised analysis: samples cluster according to their group
— the aim is to separate sample groups
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Flexibility

[ Jole}

multivariate analysis

Unsupervised analysis
individuals' scores

~

Different types of methods for different biological questions

PCA maximises the variance of each component

a1 x gene; + ap x gene, + -+ - + ap * genep

=] = - = QR
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multivariate analysis
000

Flexibility

Different types of methods for different biological questions

Unsupervised analysis
individuals' scores =~ aj % gene; + a» * gene, + - - - + ap * genep

PCA maximises the variance of each component

Supervised analysis
phenotype category =~ aj % gene; + a * gene, + - - - + ap * genep

PLS Discriminant analysis (PLS-DA) maximises the covariance
between each component and the phenotype
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multivariate analysis
000

Flexibility

Different types of methods for different biological questions

Unsupervised analysis
individuals' scores =~ aj % gene; + a» * gene, + - - - + ap * genep

PCA maximises the variance of each component

Supervised analysis
phenotype category =~ aj % gene; + ap x gene, + - - - + ap * genep

PLS Discriminant analysis (PLS-DA) maximises the covariance
between each component and the phenotype

Sparse method
phenotype category =~ 0x*gene; + 0« gene, + --- + ap * genep

~+ only a few genes are included in model and are selected
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multivariate analysis
o] e}

Flexibility

Multivariate methods are highly flexible

One ‘omics data set Multiple ‘omics data
e.g. transcriptomics only sets
e.g. integrate transcrip-

tomics, proteomics, miRNA

Data exploration, data mining, & visualisation

Unsupervised Select a subset of correlated variables
(No response provided)

Supervised classification Select a subset of discriminative variables

(Categorical response)

— My main research focus is to mine data and to identify a subset
of diagnostic or prognostic biomarkers that are assessed in

combination.
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multivariate analysis
[e]e] ]

Flexibility

Univariate and multivariate statistics are complementary

Univariate (e.g. T-test/linear | Multivariate (e.g. PLS-DA)

model)

e Data distribution assumption e No data distribution required

e Test one biomarker at a time e Assess all biomarkers in combination

e QOutput a p-value per biomarker e No p-value, unless permutations

e No visualisation e Visualisation (samples, variables)
based on the components

o Adjust for covariates e Does not adjust for covariates (in
progress)

e No prediction if P > N (linear | o Prediction of a phenoype for a new

model) sample

Sparse multivariate methods identify a small subset of biomarker
candidates to suggest new biological hypotheses and make
downstream univariate analysis amenable.
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multivariate analysis
[ Jele}
mixOmics

Open-source and user-friendly tools

MIX
The Omics R toolkit (since 2009)

m French'Oz team:
4 core, 1 developer, students, collaborators

m Today: 17 novel multivariate methods

m 21K downloads in 2016
m 14 multi-day workshops since 2014 (FR, AUS, NZ)

Our research program focuses on the development of multivariate
statistical methodologies, their applications in areas informed by

biology, and the training of the new generation of computational

biologists. www.mixOmics.org

Kim-Anh L& Cao June 19 2017

WEHI Postgraduate lecture series


www.mixOmics.org

multivariate analysis
(o] lo}

mixOmics

‘omics data analysis with mixOmics

=
= ga)
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£
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52
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Sample
plots

GRAPHICS

Variable
plots

3
1 supervised method | variable selection

~ Visualisations based on components and selected biomarkers
[m] = = =

Kim-Anh L& Cao June 19 2017

WEHI Postgraduate lecture series



multivariate analysis
(o] lo}

mixOmics

‘omics data analysis with mixOmics

single ‘omics with

PCA:

better understanding of
the major sources of
variation in the data
sparse PLSDA:

identify a molecular
signature to predict the

MULTIVARIATE
METHOD

z response
3
© j%}
= multi ‘omics integration
with DIABLO:
. Supervised method _ | identify a multi ‘omics
signature
s «Fr <= «=» E 9DQAC
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multivariate analysis
[o]e] ]

mixOmics

Multivariate projection-based methods

(take-home message)

m Assess variables in combination

m Reduce data dimension via components (linear combinations
of original variables)

m Data visualisation based on the components

m Flexible models, well-suited for ‘difficult’ data and first steps
for biomarker discovery

m Complement univariate statistical models

Kim-Anh L& Cao June 19 2017
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Outline

PCA: the basics

m Mathematical aspects
m A fishy example

m Yeast metabolomics
m Summary
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PCA: the basics
[ ]

Mathematical aspects

PCA is a matrix decomposition technique

Solved with Singular Value Decomposition :
X = UAAT

Singular vectors:

m T = UA, T contains the PCs t"

m A contains the loading vectors a”

sjuauodwod [edpund

Singular values:
¥ — m A diagonal matrix with /8,
: h =1..H is the number of PCs

associated loading vectors

The variance of the first principal component t! is the largest (= ;).

The eigenvalues 0, decrease and correspond to the explained variance per
component. o = = =

Kim-Anh L& Cao June 19 201
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A fishy example

PCA: the basics
L o]

Summarize a fish

Original 2D fish
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PCA: the basics
L o]

A fishy example

Summarize a fish

PCA projection

girth of fish

length of fish
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PCA: the basics
L o]

A fishy example

Summarize a fish

PCA projection

PCA:

m First component maximises
the variance

girth of fish

m Second component
maximises the remaining
variance

length of fish

Acknowledgements: B Gautier for plotting a fish in R!
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PCA: the basics
oe

A fishy example
Parameters in PCA

How many principal components to summarize most of the
information?

There are as many components as the rank of the matrix X

m Screeplot of eigenvalues: any elbow?

m Sample plot: makes sense?

m Cumulative proportion of explained
variance

Proportion of Explained Variance
00 01 02 03 04 05

m Some stat tests to estimate the ‘intrinsic’ ll..l
dimension, but limitations when n << p [

Cumulative proportion of explained variance for the first 8 principal components:
PCl PClto2 PClto3 PClto4 PClto5 PClto6 PClto7 PClto8
0.59 0.75 0.84 0.93 0.946 0.956 0.961 0.966

o = = =
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PCA: the basics
o

PCA is a visualisation tool

m Sample plot plots two components to visualise similarities
between samples

m Correlation circle plots* to visualise the cross-correlations
between variables

m Biplot to relate samples and variables in the same plot.

*More details about CC plots: Gonzalez, |., L& Cao, K.-A,, et al. (2012). Visualising
associations between paired ‘omics data sets. BioData mining, 5(1), 19.
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PCA: the basics
@00

Yeast metabolomics

Example: yeast metabolomics

Yeast study from Villas-Boas et al, 2005:
m Two Saccharomyces Cerevisiae strains: WT and MT

m Two environmental conditions: aerobic (AER), anaerobic
(ANA)

m 37 metabolites and 55 samples
(13 MT-AER, 14 MT-ANA, 15 WT-AER, 13 WT-ANA)

Question:

m What is the strongest source of variation in the metabolomics
data: strain or environment? something else?

Kim-Anh L& Cao June 19 2017
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PCA: the basics
(o] le}

Yeast metabolomics

Number of components and sample plot

m N
' A
A
: S gt L4
s ., f‘* . AA A
g - ~ . A
g 5. A
3 ] v
£ .
@
2J HHHHHHHHHHHHHHF\V—V—‘ 7 TS
t23ass7Ee 1 o 5 1 ow® 2 m 3 2 2 B B A . . . i i i
Principal Components -4 -2 2 4 6 8

Dimension 1

Cumulative % of explained variance: o WT-AER o WT_ANA
A MT-AER a MT-ANA

m Two PCs: 54.72% of total var

m Three PCs: 60.45% of total var Strong separation ‘?f environment
conditions on the first 2 PCs
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Yeast metabolomics

PCA: the basics
ooe

-30 -20

Biplot: variables and samples plot

m Correlations (pos and neg)
between variables

-10

(cosine angle btw arrows)

-20

-0.05

0.00

m Contribution of each variable

to each component / axis
m ‘Relationship’
0.05
X1
o WT-AER e WT-ANA
A MT-AER a MT-ANA

btw samples
and variables
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PCA: the basics
[ Je]

Summary

PCA summary

m PCA is a matrix decomposition technique for dimension
reduction.

m Perform a PCA first to understand the major sources of
variation in your data.

m Always report the % explained variance per component.

m PCA can highlight ‘batch effect’ in the data and can be used
to check that batch-effect removal techniques are efficient.

Kim-Anh L& Cao June 19 2017
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context multivari ELEIVSH PCA: the basics i mics analysis multi ‘omics integration the end

)000®

Summary

When PCA may fail

m When the biological question may not be related to the
highest variance in the data
— Independent Component Analysis (ICA) or variants.

m When there are too many noisy variables that contribute to
the variance
— sparse PCA but need to specify # variables to select.

m When there are too many missing values
— Algorithm variant NIPALS

m When samples are not independent (e.g. time course data,
repeated measures) do not use PCA as subject variation > the
time variation
— multilevel approach for multivariate analysis

Kim-Anh Lé Cao June 19 2017
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Outline

single ‘omics analysis

m A fishy example, again

m Mathematical aspects

m Oesophageal cancer proteomics
m Summary
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single ‘omics analysis

Single ‘omics supervised analysis with sPLS-DA:
- identify biomarkers to discriminate phenotype groups
- predict the phenotype of an external sample

Input: an expression data and a phenotype group

Applications: any single ‘omics data, in particular proteomics,
metabolomics data, and microbiome

Some examples for 2 data sets integration:

Perspectives in Plant Ecology, Evolution and Systematics

Topsoil depth substantially influences the responses o drought of the (Jf)
foliar metabolomes of Mediterranean forests

Albert Rivas-Ubach, Adria Barbeta",Jordi Sardans ", Alex Guenther,
ya'*, Michal Oravec®, . o

Kim-Anh L& Cao June 19 2017
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single ‘omics analysis

Single ‘omics supervised analysis with sPLS-DA:
- identify biomarkers to discriminate phenotype groups
- predict the phenotype of an external sample

Input: an expression data and a phenotype group

Applications: any single ‘omics data, in particular proteomics,
metabolomics data, and microbiome

Some examples for 2 data sets integration:

mma;«t(sssr ecly avallable online PLOS One
sy Biomarkers of Infl ion, | ppression and
e Stress Are Revealed by Metabolomic Profiling of

feserch ] N Tuberculosis Patients

January Weiner 3rd"**, Shreemanta K. Parida">", Jeroen Maertzdorf', Gillian F. Black™®,

Dirk Repsilber®, Anna TekllJ Robert P. Muh"!y‘ Cordelia Arndt-Sullivan'™, Christian A. Ganoza',
F: 1é", Gerhard Walzl?, Stefan H. E. Kaufmann'*

Topsoil depth substantially infl.
foliar metabolomes of Mediterr:

Albert Rivas-Ubach <, Adrid Barbeta®
om3 Ogaya'*, Michal Oravec, Otmar Uroa
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single ‘omics analysis

Single ‘omics supervised analysis with sPLS-DA:
- identify biomarkers to discriminate phenotype groups
- predict the phenotype of an external sample

Input: an expression data and a phenotype group
Applications: any single ‘omics data, in particular proteomics,
metabolomics data, and microbiome

Some examples for 2 data sets integration:

RESEARCH | REPORTS

wam;s cnlne
Perspectives in Plar Biomarkers of Inflammati . . .
e Stress Are Revealed by M Hdm!nth. ll'lfeCtl.Oll Pmm9tes
feserch ] N Tuberculosis Patients colonization resistance via

Topsoil depth substantially infl. Jamary Welmer 31"~ Shessmanta . Parida . N
P january Weiner ari

foliar metabolomes of Mediterr: B s o type 2 lmmumty

Albert Rivas-Ubach ", Adria Barbeta" h 1é', Gerhard Walzl?, Stefan H. E. Ki

om3 Ogaya', Michal Oravec", Otmar Uroa

Deepshika Ramanan,** Rowann Boweutt,** Soo Ching Lee," Mei San Tang,”
Zachary D. Kurtz,™* Yi Ding,” Kenya Honda,*” William C. Gause,® Martin J. Blaser,”
Richard A. Bonneau,”'*" Yvonne A.L. Lim,*} P'ng Loke,*{{ Ken Cadwell"*{}
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A fishy example, again

single ‘omics analysis
[ ]
Summarize a fish

10

fish in 2D with color outcome

10
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single ‘omics analysis
[ ]

A fishy example, again

Summarize a fish

PLSDA projection

length of fish

-10

girth of fish and outcome

June 19 2017
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single ‘omics analysis

[ ]
A fishy example, again
Summarize a fish
PLSDA projection
,,,,,,, PLSDA
= m First component maximises
E the differences between
g- colors (outcome)
0 m Second component
maximises the variance

girth of fish and outcome
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single ‘omics analysis
[ ]

A fishy example, again

Summarize a fish

PCA projection PLSDA projection
s 2 A
w - /r
5 . &
= B
5 S
= . £ o4
£ g
o o
o
w | \
w e
v 1 1 o
T T i T T T T T
5 0 5 10 -5 0 5 10
length of fish girth of fish and outcome
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single ‘omics analysis
L o]

Mathematical aspects

PLS Discriminant Analysis matrix decomposition
..PY

Ll

PLS-DA maximises the covariance
between components and the outcome
(phenotype groups)

NRWwNR

max cov(t, Y)
tz ti
‘ | components

=X a,
=X a,

associated @, se——

loading vectors 2
az
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single ‘omics analysis
L o]

Mathematical aspects

PLS Discriminant Analysis matrix decomposition
..PY

b
kl
- PLS-DA maximises the covariance
2 between components and the outcome
(phenotype groups)
t, Y
. tmax covit, V) sparse PLS-DA selects the most
components discriminative variables (with LASSO
R penalisations)
X(z)a2

associated @, se——

loading vectors 2
az
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i
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single ‘omics analysis
L o]

Mathematical aspects

PLS Discriminant Analysis matrix decomposition
R |

Ll

d
PLS-DA maximises the covariance
between components and the outcome
(phenotype groups)

NRWwNR

max cov{t, ¥) sparse PLS-DA selects the most

AR

components discriminative variables (with LASSO
=X 5 . .
xma; penalisations)
Predictive model: based on the linear
associated 3, s combination of variables, predict the
loading vectors @, ——
R — phenotype group of a new sample.

Lé Cao K-A,, et al. (2011). Sparse PLS Discriminant Analysis: biologically relevant feature selection
and graphical displays for multiclass problems, BMC Bioinformatics, 12:253.
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Mathematical aspects

single ‘omics analysis
(o] ]

Parameters in sparse PLS-DA

m The number of PLS
components

m The number of variables to

select on each component
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single ‘omics analysis
(o] ]

Mathematical aspects

Parameters in sparse PLS-DA

m The number of PLS 13

components g 7 }”’{""E*{f—}HH}—I—I—H{H—HMIM
m The number of variables to “

select on each component #

T T T T T T T T
1 2 5 10 20 50 100 200

Number of selected features

— we use repeated cross-validation and choose the parameters that
achieve the lowest classification error rate.
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single ‘omics analysis
L o]

Oesophageal cancer proteomics

I .
"@.  Oesophageal cancer proteomics study
with Alok Shah, Benoit Gautier & Michelle Hill (UQ)

Proteomics targeted assay (129 proteins) including 20 Barrett's
oesophagus benign (BE) or 20 oesophageal (EAC) adenocarcinoma
cancer samples.

Aim: develop blood tests for detection and personalised treatment

Statistical challenges:
m Small cohort (40 samples)
m Data range and variability with proteomics data
m Classical univariate statistical methods failed

Hill M, Shah AK, L& Cao K-A (2014). Blood Test for Throat Cancer. WO/2016/077881. Priority
17/11/2015

Shah AK, et al. (2015) Serum glycoprotein biomarker discovery and qualification pipeline reveals novel
diagnostic biomarkers for oesophageal adenocarcinoma. Mol Cell Prot 14(11).

Kim-Anh L& Cao June 19 2017
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single ‘omics analysis
oe
Oesophageal cancer proteomics

sPLSDA: a signature of 11 proteins

Discovery cohort: ROC comparison:
% ‘\\\ o .
g . N
" o B ~—— Combined markers
. Ve :
Outcome - training o o8 06 . 04 02 00
 Healthy/BE
* EAC

Sample representation based on AUC = 0.9675 of combined 11
the 11 selected proteins proteins > each indiv. protein

[m] = - =
Kim-Anh L& Cao June 19 2017
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single ‘omics analysis
oe
Oesophageal cancer proteomics

sPLSDA: a signature of 11 proteins

Discovery cohort: Validation cohort:
A ||/ i
i \____ .
7 — \ /
1 7 —
Outcome - training
 Healthy/BE
* EAC
Sample representation based on Sample representation based on the
the 11 selected proteins same 11 selected proteins

[m] = =
Kim-Anh L& Cao June 19 2017
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single ‘omics analysis
(]

Summary

PLSDA summary

m PLSDA is a supervised method that aims to discriminate
sample phenotype groups

m Suitable for biomarker discovery when seeking for a molecular
signature

m Results validation in external cohorts or using repeating
cross-validation on the training data set.

Kim-Anh L& Cao June 19 2017
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Outline

multi ‘omics integration
m DIABLO

m Breast cancer study
m Asthma study
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multi ‘omics integration
0000

DIABLO

Multiple ‘omics integration and supervised analysis:

- identify a multi ‘omics signature that explain a phenotype
- seek for maximal correlation between molecular features of
different types to obtain greater biological insights

Input: several ‘omics expression datasets matching the same
samples, and phenotype/disease status information

Applications: 2 ‘omics, microbiome-environmental variables
integration

Some examples:

. genes \‘iii::y
Artice
Integrative miRNA-Gene Expression Analysis
Enables Refinement of Associated Biology and

iction of Resp to Ce imab in Head and
Neck Squamous Cell Cancer

Loris De Cecco 1, P P
Laura D. Locat %, Lisa Lictra %, Slvana Pilott* and Silvana Ca
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multi ‘omics integration
0000

DIABLO

Multiple ‘omics integration and supervised analysis:

- identify a multi ‘omics signature that explain a phenotype
- seek for maximal correlation between molecular features of
different types to obtain greater biological insights

Input: several ‘omics expression datasets matching the same
samples, and phenotype/disease status information

Applications: 2 ‘omics, microbiome-environmental variables
integration

Some examples:

. genes VoS By At 364 101038 201018 mjecufr
Ciaton: Mot Sy syslm

e

Integrative miRNA-~( Metabolomlc and transcriptomic stress response

Enables of E: i coli

Prediction of Respon

Neck Squamous Cell 3 Sebestn ™,

Joachim Selbig*2 and Lothar Willmitzer'*
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multi ‘omics integration
0000

DIABLO

Multiple ‘omics integration and supervised analysis:

- identify a multi ‘omics signature that explain a phenotype
- seek for maximal correlation between molecular features of
different types to obtain greater biological insights

Input: several ‘omics expression datasets matching the same
samples, and phenotype/disease status information

Applications: 2 ‘omics, microbiome-environmental variables
integration

Some examples:
. genes b ARTICLE

Mol Systes Bilogy 6 Akl rumses 364, ok 10,1038 2010.11 a0 03wz

Artice

{amel%l'ﬂﬂve miRNA-C Metabolomic and transcrig Plankton networks driving carbon

nables it

Prediction of Respon of E: coli export in the ohgotrophlc ocean

Neck Squamous Cell  somstn e
Soachim S an Lothr Wilmizer~

Kim-Anh L& Cao June 19 2017
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multi ‘omics integration
0®000

DIABLO

Multi-‘omics data integration frameworks for supervised analysis
Amrit Singh (UBC), Florian Rohart (UQ)

INPUT INTEGRATIVE MODEL
CONCATENATION . . .
Risnatyra Concatenation: fit a supervised model
class 1 x. G BG B B —§

e on concatenated data
oals wsense T Ensemble: fit a supervised model on
— S each ‘omics dataset, then aggregate the
X, —v results

N’:’Pz A L . . .

. DIABLO: maximise the covariance

i DIABLO VAN

between specific ‘omics datasets and the
phenotype group

X5
NxP,

Singh A, Gautier B, Shannon C, Vacher M, Rohart F, Tebbutt S, Lé Cao K-A. DIABLO - an integrative,
multi-omics, multivariate method for multi-group classification. bioRxiv 067611
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DIABLO
at a time

Maximize the sum of covariances between two components
PLSDA:

multi ‘omics integration

MAX cov(t, Y)

R

R

Kim-Anh L& Cao
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multi ‘omics integration
00e00

DIABLO

Maximize the sum of covariances between two components
at a time

DIABLO:
PLSDA:

MAX cov(t, Y)
MAX cov(t u) + cov(, v) + cov(u, y) ... components

L Y

‘ ‘ | ‘H i; ‘liz‘ui ViV, Vs
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multi ‘omics integration
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DIABLO

Maximise the covariance between specific ‘omics datasets
and the phenotype group

C matrix design ‘links’ datasets (link == maximise the covariance btw 2
data sets).
X
\ > design
XN~ X1 X2 X3 X4 X5
oy XL 0010 0
5 / X2 00001
X 3100010
X4 00100
Xs XS 01000

is coded in R as

Choose C based on prior knowledge or data-driven preliminary
exploratory analyses.
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multi ‘omics integration
0000e

DIABLO

Parameters in DIABLO

m The design C: what is the biological question?

m The number of components (K-1, with K number of classes)

m Number of variables to select on each component and for each
data set.
m intensive cross-validation or
m arbitrary values for pragmatic biological validation of the
identified biomarkers (GO analysis, experimental validation).

The multi-‘omics module is still in active development
— follow us: http://mixomics.org/category/news/

Rohart F, Gautier B, Singh A, Lé Cao K-A. mixOmics: an R package for 'omics feature selection and
multiple data integration. bioRxiv 108597
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multi ‘omics integration
[ Jele}

Breast cancer study

x Multi-‘omics breast cancer study
with Amrit Singh (UBC), Benoit Gautier, Florian Rohart (UQ)

Phenotypes

m Outcome Y: lumA, lumB, HER2, basal mIRNA Basal
© Her2

cancer subtypes (n = 379) hchs * LumA

= ‘Omics: mRNA (2,000), miRNA (184), i * e

Proteins

CpGs (2,000), Proteins (142)
DIABLO design

~~ |dentify a correlated multi-‘omics signature to explain/predict Y.

* Prefiltered based on sd mqups(

powered by
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Breast cancer study

Multi-'omics signature connectivity

Concatenation Ensemble DIABLO

© mRNA

s % e . mlRNA
s

. Prme ins Led

- i ‘:

Relevance network of the signature identified by the integrative methods
(link indicate |r] > 0.6).

DIABLO seeks for subsets of ‘omics variables maximally correlated.

Signature between the ‘omics is more balanced than concatenation.
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multi ‘omics integration
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Breast cancer study

Multi-‘omics signature

biock [l meth 1 mirs [ mrmal

REACTOME_SIGNALING_BY_EGFR_IN_CANCER

DIABLO REACTOME_SIGNALING_BY_PDGF
Block: mirna REACTOME_SIGNALING_BY_ERBB2
REACTOME_NGF_SIGNALLING_VIA_TRKA_FROM_THE_PLASMA_MEMBRANE {
KEGG_PATHWAYS_IN_CANCER
REACTOME_DOWNSTREAM_SIGNAL_TRANSDUCTION-
SCHUETZ_BREAST_CANCER_DUCTAL_INVASIVE_UP
'YANG_BREAST_CANCER_ESR1_UP [ |}

REACTOME_SIGNALING_BY_FGFR
REACTOME_SIGNALING_BY_FGFR_IN_DISEASE
REACTOME_SIGNALLING_BY_NGF

KEGG_PROSTATE_CANCER

REACTOME_SIGNALING_BY_ERBB4

O Basal FARMER_BREAST_CANCER_BASAL_VS_LULMINAL
A |Herz KEGG_PANCREATIC_CANCER
Luma KEGG_CHRONIC_MYELOID_LEUKEMIA

X Lume SMID_BREAST_CANCER BASAL_DN
REACTOME_DOWNSTREAM_SIGNALING_OF_ACTIVATED_FGFR
PID_AVB3_INTEGRIN_PATHWAY-

REACTOME_SIGNALING_BY_SCF_KIT

CHICAS_RB1_TARGETS_CONFLUENT

KEGG_ERBB_SIGNALING_PATHWAY

KEGG_GLIOMA

PID_ERBB2_ERBB3_PATHWAY-

KEGG_FOCAL_ADHESION

Legend

variate 2

o E 10 15
variate 1 -log10(p-value)

Sample plot Pathway analysis, not in mixOmics yet
(agreement btw data sets) (complementarity of multi-‘omics signature)

Kim-Anh L& Cao June 19 2017

WEHI Postgraduate lecture series



multi ‘omics integration
(]

Asthma study

Multi-‘'omics asthma study

14 asthmatic individuals undergoing allergen inhalation challenge

mRNA
(15,683)

Time

e s l? R Metabolites Ml
252 i
PRE inhalation challenge POST (60)
Leukocyte gene expression and plasma metabolite abundance reduced to

pathway scores using component scores (‘eigengene summarisation’,).

Singh A, Gautier B, Shannon C, Vacher M, Rohart M, Tebbutt S, Lé Cao K-A. DIABLO - an
integrative, multi-omics, multivariate method for multi-group classification, bioRxiv 067611
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multi ‘omics integration
(]

Asthma study

Multi-‘'omics asthma study

Our multi-‘omics signature suggests mechanistic link with response
to allergen challenge across different biological layers

Color key

s 0 05 2
- Cells
« geneMods

o e T o Cell types: eosinophils and basophils
I | ‘ (hallmarks of allergic asthma)
u

[ |

1
o "1
plpis S
B e

Correlation btw cells, genes/metab pathways

e Gene pathways: Asthma KEGG
pathway, Valine, leucine and isoleucine
biosynthesis module (1 post challenge)

e Metabolite pathway: Valine, leucine
and isoleucine metabolism module (1
post challenge)

Singh A, Gautier B, Shannon C, Vacher M, Rohart M, Tebbutt S, L& Cao K-A. DIABLO - an
integrative, multi-omics, multivariate method for multi-group classification, bioRxiv 067611
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context multivariate analysis e si e ‘omics analysis multi ‘omics integration the end

Statistics in the ‘omics era

m Strong potential of multivariate methods, especially for
challenging, unconventional, high variability data

m data exploration; classification; integration of multiple data
sets; biomarker identification
m may provide a deeper understanding of a biological system

m Multiple ‘omics integration is a complex statistical problem
that requires well-stated biological questions and strong multi
disciplinary collaborations

mix , . . .
Omics www.mixOmics.org 2 OmixOmics_team
mixomics@math.univ-toulouse.fr kimanh.lecao@unimelb.edu.au
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