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1. Introductionof the casestudy
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Case Study: Major Depressive Disorder (MDD

Data from this case study comes from Amazigh et. al 2024 Sex-specific and multiomic integration enhance
accuracy of peripheral blood biomarkers of major depressive disorder.

a
cC Sex n.max Group mean.Age mean.BMI mean.HDRS n(mRNA) n(miRNA) n (DNAm)
@]
= 55 Control 45 23.97 1.44 55(100%) 51 (92.7%) 50 (90.9%)
Q
= Female
kuJa 50 Patient 42 24 23.16 50(100%) 39 (78%) 39 (78%)
)
&)
ontro & . () () A%
I 34 Control 45 24.02 1.18 34 (100%) 34 (100%) 31 (91.1%)
o Male
-g 30 Patient 43 25.51 23.47 30 (100%) 30 (100%) 28 (93.3%)
v Total 169
b
Major Depressive Disorder Cohort Omics Data o
( ( |
Whole Blood \1% 850k Epic Array !
DNA methylation ;
c
2 !
SN
% PBMCs i
mRNA Sequencing {
) 008
© 0:Q lllumina
"E @49 AN/ AN/ Sequencing MiRNA
@) NS/ !
microRNA Sequencing ]
1

Figure taken from Amazigh Mokhtari’s PhD manuscript.
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https://www.researchsquare.com/article/rs-3978037/v1

Case Study: Covariates

> summary (DNAm_covariates_explored_female)

Sample_Group BMI BMI.bin Age Age.bin  Age_bin Arra slide
control:50 Min. :16.37 Tow 64  Min. 221,00 <20 0 2:21 RO4C01 :19 204668820053 3
mdd 137 1st Qu.:21.42 medium:19 1st Qu.:32.00 20-30:21 3:11 RO5C01 :18 204679630043: 3

Median :23.23 high : 4 Median :45.00 30-40:11 4:20 ROGCO1 :12 204564460100: 2
Mean 23.83 Mean 43,52 40-50:20 5:206 RO7CO1 :12 204564470040: 2
3rd Qu.:25.24 3rd Qu.:53.50 50-00: 20 b: 8 RO3CO1 :10 204564470092 2
Max. :39.54 Max. :71.00 60-70: 8 701 RO2C01 : 8 204564470101 2
=70 1 (Other): 8 (Other) 73
CD4 CD& MO B NEK GR
Min. :0.08709 Min. :0.02919 Min. :0.04979 Min. :0.00000 Min. :0.00000 Min. :0.3883
1st Qu.:0.15202 1st Qu.:0.08095 1st Qu.:0.07906 1st Qu.:0.01484 1st Qu.:0.03505 1st Qu.:0.5122
Median :0.19110 Median :0.10843 Median :0.08997 Median :0.02433 Median :0.05053 Median :0.5982
Mean :0.18577 Mean :0.10527 Mean :0.09208 Mean :0.02922 Mean :0.05556 Mean :0.5862
3rd Qu.:0.21439 3rd Qu.:0.12263 3rd Qu.:0.10495 3rd Qu.:0.03967 3rd Qu.:0.07699 3rd Qu.:0.6446
Max. :0.30672 Max. :0.19381 Max. :0.14454 Max. :0.13657 Max. :0.14684 Max. :0.7691
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Case Study: Covariates

low( ¢ v, High( o1t

Sample_Group BMI Age Age.bin  Age_bin Arra slide
control:50 Min. :16.37 Min. 221,00 <20 0 2:21 RO4C01 :19 204668820053 3
mdd 237 1st Qu.:21.42 1st Qu.:32.00 20-30:21 3:11 ROSCO1 :1B 2046796300453: 3

Median :23.23 Median :45.00 30-40:11 4:20 ROGCO1 :12 204564460100: 2
Mean 123,83 Mean 43,52 40-50:20 5:26 RO7CO1 :12 204564470040: 2
3rd Qu.:25.24 3rd Qu.:53.50 50-00: 26 b: B RO3CO1 :10 204564470092: 2
Max. 139,54 Max. 71,00 60-70: 8 i1 RO2C0O1 : 8 204564470101: 2
=70 1 (Other): 8 (Other) 73
CD4 CD& MO B NEK GR
Min. :0.08709 Min. :0.02919 Min. :0.04979 Min. :0.00000 Min. :0.00000 Min. :0.3883
1st Qu.:0.15202 1st Qu.:0.08095 1st Qu.:0.07906 1st Qu.:0.01484 1st Qu.:0.03505 1st Qu.:0.5122
Median :0.19110 Median :0.10843 Median :0.08997 Median :0.02433 Median :0.05053 Median :0.5982
Mean :0.18577 Mean :0.10527 Mean :0.09208 Mean :0.02922 Mean :0.05556 Mean :0.5862
3rd Qu.:0.21439 3rd Qu.:0.12263 3rd Qu.:0.10495 3rd Qu.:0.03967 3rd Qu.:0.07699 3rd Qu.:0.6446
Max. :0.30672 Max. :0.19381 Max. :0.14454 Max. :0.13657 Max. :0.14684 Max. :0.7691
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Case Study: Covariates

Low( ¢ u,High( o Relative to position on the
DNAm chip.

Sample_Group BMI Age Age.bin gelbin
control:50 Min. :16.37 Min. :21.00 <20 0 - 21 : 204668820053
mdd 237 1st Qu.:21.42 1st Qu.:32.00 20-30:21 111 ROSCO1 :18 204679630043

Median :23.23
Mean 23.83
3rd Qu.:25.24

ROBCO1 :12  204564460100:
RO7CO1 :12  204564470040:
110 204564470092:

Mean 43,52 40-50:20
3rd Qu.:53.50 50-60:26

L L L N R W Ry W

A

2

3:
Median :45.00 30-40:11 4:20

5 .

b

7

Max. 139,54 Max. :71.00 60-70: 8 1 204564470101 :
=70 1 e :
CD4 CD& MO B NEK GR

Min. :0.08709 Min. :0.02919 Min. :0.04979 Min. :0.00000 Min. :0.00000 Min. :0.3883
1st Qu.:0.15202 1st Qu.:0.08095 1st Qu.:0.07906 1st Qu.:0.01484 1st Qu.:0.03505 1st Qu.:0.5122
Median :0.19110 Median :0.10843 Median :0.08997 Median :0.02433 Median :0.05053 Median :0.5982
Mean :0.18577 Mean :0.10527 Mean :0.09208 Mean :0.02922 Mean :0.05556 Mean :0.5862
3rd Qu.:0.21439 3rd Qu.:0.12263 3rd Qu.:0.10495 3rd Qu.:0.03967 3rd Qu.:0.07699 3rd Qu.:0.6446
Max. :0.30672 Max. :0.19381 Max. :0.14454 Max. :0.13657 Max. :0.14684 Max. :0.7691
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Case Study: Covariates

Low( ¢ u,High( o Relative to position on the
DNAm chip.

sample_Group BMI Age Age.bin  Agelbin
control:50 Min. :16.37 Min. -21.00 <20 : 0 2:21 : 204668820053 3
mdd 37 1st Qu.:21.42 1st Qu.:32.00 20-30:21 3:11 ROSCO1 :1B 2046796300453: 3
Median :23.23 Median :45.00 30-40:11 4:20 ROGCO1 :12 204564460100: 2
Mean 123,83 Mean 43,52 40-50:20 5:26 RO7CO1 :12 204564470040: 2
3rd Qu.:25.24 3rd Qu.:53.50 50-00: 26 b: B :10 204564470092: 2
Max. 139,54 Max. :71.00 60-70: 8 i1 : 204564470101 : 2
7y - 4
CD4 CD& MO B
HT -0.08709 Min. :(0.02919 Min. :0.04979 Min. - 0. 00000 Min. 0. 00000 Min. v 3
1st Qu.:0.15202 1st Qu.:0.08095 1st Qu.:0.07906 1st Qu.:0.01484 1st Qu.:0.03505 1st Qu.:0.5122
Median :0.19110 Median :0.10843 Median :0.08997 Median :0.02433 Median :0.05053 Median :0.5982
Mean -0.18577 Mean - 0.10527 Mean :0.09208 Mean -0.02922 Mean :0.05556 Mean 0.5862
3rd Qu.:0.21439 3rd Qu.:0.12263 3rd Qu.:0.10495 3rd Qu.:0.03967 3rd Qu.:0.07699 3rd Qu.:0.6446
:0.30672 Max. :0.19381 Max. :0.14454 Max. :0.13657 Max. :0.14684 Max. 0.7

Relative to blood cell composition (T cells subsets, monocytes, B cells, NK cells and granulocytes) inferred from DNAm.
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Case StudyPreprocessing
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Case StudyPreprocessing

miRNA
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Case StudyPreprocessing

miRNA

1. Remove miRNA with Nas.
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Case StudyPreprocessing

miRNA

1. Remove miRNA with Nas.
2. Log Counts Per Million (logCPM)
normalization.
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Case StudyPreprocessing

miRNA

1. Remove miRNA with Nas.

2. Log Counts Per Million (logCPM)
normalization.

3. Remove miRNA with a least one
count below 1t(intheend 0 L TT
variables remain).
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Case StudyPreprocessing

miRNA mRNA

1. Remove miRNA with Nas.

2. Log Counts Per Million (logCPM)
normalization.

3. Remove miRNA with a least one
count below 1t(intheend 0 L TT
variables remain).
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Case StudyPreprocessing

miRNA mRNA
1. Remove miRNA with Nas. 1. Normalization with Variance
2. Log Counts Per Million (logCPM) Stabilizing Transformations (VST;
normalization. package DESeq?2).

3. Remove miRNA with a least one
count below 1t(intheend 0 L TT
variables remain).
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Case StudyPreprocessing

miRNA mRNA
1. Remove miRNA with Nas. 1. Normalization with Variance
2. Log Counts Per Million (logCPM) Stabilizing Transformations (VST;
normalization. package DESeq?2).
3. Remove miRNA with a least one 2. Keep only genes both present in
count below 1t(intheend 0 L TT males and females.

variables remain).
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Case StudyPreprocessing

miRNA

Remove miRNA with Nas.

Log Counts Per Million (logCPM)
normalization.

Remove miRNA with a least one
count below 1t(intheend 0 L TT
variables remain).
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mRNA

Normalization with Variance
Stabilizing Transformations (VST;
package DESeq?2).

Keep only genes both present in
males and females.

Keep ¢ 1T Thiost variable genes
according to the Median Absolute
Deviation (MAD).

DOO AQQQ@deE & QQQWY3, it is a robust estimation of the standard deviation.



Case StudyPreprocessing

miRNA

Remove miRNA with Nas.

Log Counts Per Million (logCPM)
normalization.

Remove miRNA with a least one
count below 1t(intheend 0 L TT
variables remain).
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mRNA

Normalization with Variance
Stabilizing Transformations (VST;
package DESeq?2).

Keep only genes both present in
males and females.

Keep ¢ 1T Thiost variable genes
according to the Median Absolute
Deviation (MAD).

DOO AQQQ@deE & QQQWY3, it is a robust estimation of the standard deviation.

DNAmM




Case StudyPreprocessing

miRNA

Remove miRNA with Nas.

Log Counts Per Million (logCPM)
normalization.

Remove miRNA with a least one
count below 1t(intheend 0 L TT
variables remain).
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mRNA

Normalization with Variance
Stabilizing Transformations (VST;
package DESeq?2).

Keep only genes both present in
males and females.

Keep ¢ 1T Thiost variable genes
according to the Median Absolute
Deviation (MAD).

DOO AQQQ@deE & QQQWY3, it is a robust estimation of the standard deviation.

DNAmM

1. Normalization with Beta-Mlxture
Quantile (BMIQ) Normalization
method (package ChAMP).



Case StudyPreprocessing

miRNA mRNA
1. Remove miRNA with Nas. 1. Normalization with Variance
2. Log Counts Per Million (logCPM) Stabilizing Transformations (VST;
normalization. package DESeq?2).
3. Remove miRNA with a least one 2. Keep only genes both present in
count below 1t(intheend 0 L TT males and females.
variables remain). 3. Keep ¢ T Thiost variable genes

according to the Median Absolute
Deviation (MAD).

DOO AQQQ@deE & QQQWY3, it is a robust estimation of the standard deviation.
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Normalization with Beta-MIxture
Quantile (BMIQ) Normalization
method (package ChAMP).
Remove duplicated samples.



Case StudyPreprocessing

miRNA

Remove miRNA with Nas.

Log Counts Per Million (logCPM)
normalization.

Remove miRNA with a least one
count below 1T(in theend 0 L Tt
variables remain).
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mRNA

Normalization with Variance
Stabilizing Transformations (VST;
package DESeq?2).

Keep only genes both present in
males and females.

Keep ¢ 1T Thiost variable genes
according to the Median Absolute
Deviation (MAD).

DOO AQQQ@deE & QQQWY3, it is a robust estimation of the standard deviation.

DNAmM

1. Normalization with Beta-MlIxture

Quantile (BMIQ) Normalization
method (package ChAMP).
Remove duplicated samples.
Keep ¢ TT Thiost variable genes
according to the Median Absolute
Deviation (MAD).



Case StudyPreprocessing

miRNA mRNA
1. Remove miRNA with Nas. 1. Normalization with Variance 1.
2. Log Counts Per Million (logCPM) Stabilizing Transformations (VST;
normalization. package DESeq?2).
3. Remove miRNA with a least one 2. Keep only genes both present in 2.
count below 1T(in theend 0 L Tt males and females. 3.
variables remain). 3. Keep ¢ T Thiost variable genes

according to the Median Absolute
Deviation (MAD).

:> Finally: individuals common to ALL omics data are kept.

DOO AQQQ@deE & QQQWY3, it is a robust estimation of the standard deviation.
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DNAmM

Normalization with Beta-MIxture
Quantile (BMIQ) Normalization
method (package ChAMP).
Remove duplicated samples.
Keep ¢ TT Thiost variable genes
according to the Median Absolute
Deviation (MAD).



2. Unsupervised analysis with ehkck:PrincipalComponent Analysi®CA)
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ChAMP’ s repr e s\Walhstestt | on: KT us ka

The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.

® °
IFB el :
INSTITUT FRAMNCAIS DE ' BIOINFORMATIQUE FRANLCE



ChAMP’ s repr e s\Walhstestt | on: KT us ka

The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.
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ChAMP’ s repr e s\Walhstestt | on: KT us ka

The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).

Let us consider two samples (G M8 Fo ) and (w B hd ). They both represent the same continuous variable but are separated
by the value of the discrete one.
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).

Let us consider two samples (G M8 Fo ) and (w B hd ). They both represent the same continuous variable but are separated
by the value of the discrete one.
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).

Let us consider two samples (G M8 Fo ) and (w B hd ). They both represent the same continuous variable but are separated
by the value of the discrete one.

{( A )YAT @ N ) comes from the same distribution.
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).

Let us consider two samples (G M8 Fo ) and (w B hd ). They both represent the same continuous variable but are separated
by the value of the discrete one.
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).

Let us consider two samples (G M8 Fo ) and (w B hd ). They both represent the same continuous variable but are separated
by the value of the discrete one.

( B )AT @M HJ ) comes from the same distribution.
( dThey do not.

The proposed statisticis: 'Y | EFYRY) | Eqé a 2 vyra 2 v ),

where Y (resp. 'Y ) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).

Let us consider two samples (G M8 Fo ) and (w B hd ). They both represent the same continuous variable but are separated
by the value of the discrete one.
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Example: “Perfect” association; the £ first elements are in the first sample and the & next are in the second one. Then:
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E & —

Y p q c
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).

Let us consider two samples (G M8 Fo ) and (w B hd ). They both represent the same continuous variable but are separated
by the value of the discrete one.

( B )AT @M HJ ) comes from the same distribution.
( dThey do not.

The proposed statisticis: 'Y | EFYRY) 1| E Gé a 2 vyra 2 v ),
where Y (resp. 'Y ) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.
If £ and & are high enough, it is possible to show that “Yfollows a Gaussian distribution centered in

Example: “Perfect” association; the £ first elements are in the first sample and the & next are in the second one. Then:
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).

Let us consider two samples (G M8 Fo ) and (w B hd ). They both represent the same continuous variable but are separated
by the value of the discrete one.

( B )AT @M HJ ) comes from the same distribution.
( dThey do not.

The proposed statisticis: 'Y | EFYRY) 1| E Gé a 2 vyra 2 v ),
where Y (resp. 'Y ) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.
If £ and & are high enough, it is possible to show that “Yfollows a Gaussian distribution centered in

Example: “Perfect” association; the £ first elements are in the first sample and the & next are in the second one. Then:
'chﬁés(sc—p) Y ta 2 v g
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The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
They are both non-parametric.

The Wilcoxon-Man-Withney proposes to test the association between a continuous (ex: age) and a discrete variable (ex: sex).

Let us consider two samples (G M8 Fo ) and (w B hd ). They both represent the same continuous variable but are separated
by the value of the discrete one.

( B )AT @M HJ ) comes from the same distribution.
( dThey do not.

The proposed statisticis: 'Y | EFYRY) 1| E Gé a 2 vyra 2 v ),
where Y (resp. 'Y ) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.
If £ and & are high enough, it is possible to show that “Yfollows a Gaussian distribution centered in

Example: “Perfect” association; the £ first elements are in the first sample and the & next are in the second one. Then:
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In order to evaluate the link between two continuous variables @ and @, the following model is used:
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In order to evaluate the link between two continuous variables @ and @, the following model is used:
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Wherel isthe intercept,T is the coefficient associated with G and] X ~ mh,
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In order to evaluate the link between two continuous variables ® and w, the following model is used:
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Wherel isthe intercept,T is the coefficient associated with G and] X ~ mh,
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Wherel isthe intercept,T is the coefficient associated with G and] X ~ mh,
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If the variables are strongly linked CYYl YWYC® — (¢ Il & ¢ C Thetestislikely to be rejected.

If the variables are NOT strongly linked C 'Y "W 'Y'Y C "® T C The test is likely to be accepted.
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Now with this 2 tests, let us see what are the "_‘52-
results of PCA on the MDD case study h

C See section 1 on the Rmarkdown ‘MDD case stud
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The philosophy of multiblock componenéethods

Block componentshouldverified
two propertiesat the sametime:

1. Block components well
explaintheir own block.

1. Block components are as
correlated as possible for
connected blocks.
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The philosophy of multiblock componenéethods

g & ~

Correlation based methods
4_ Find block-weight vectors wy, ..., Wy maximizing
- - a function of ® = {Cor(ijj,kak)}.

"3 v il
Ry é g
SN <

Covariance based methods
Find block-weight vectors wy, ..., w; maximizing
a function of ¥ = {cov(ijj,kak)}.

Courtesy to Arthur Tenenhaus.
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Principal Component Analysis (PCA)
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How can we “adapt” PCA for two-blocks analysis ?
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From PCA teLS/CCA

Partial Least Squares (PLS2)
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Canonical Correlation Analysis (CCA) Partial Least Squares (PLS2)
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Let us see what are the results of PLS/CCA on -

the MDD case study
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C See section 2.2 & 2.3 on the Rmarkdown MDD case stud
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Intercept Age Nb_sisters Neighbor’weight (kg) Subject’s Height (cm)

Subj1 1 5 1 1 90
Subj2 1 10 2 50 125
Subj3 1 15 1 80 160
Subj4 1 20 2 90 180
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Intercept Age Nb_sisters Neighbor’weight (kg) Subject’s Height (cm)
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| Subjs 1 20 2 90 180
We are looking forf B H andf that minimizes O B (w T w T oo T o T @).
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We are looking forf B H andf that minimizes O B (w T w T oo T o T @).
Similarly, we can define 0 W T o T o T o T o).
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We are looking forf B H andf that minimizes O B (w T w T oo T o T @).
Similarly, we can define 0 W T o T o T o T o).

Here, we are in “high-dimension” as € ). The problem is ill-posed (more unknown parameters than equations).
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C Itis possible to find an infinite number of solutions:
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Go against the idea that age is the -

best explanatory variable. Solution 1 43.75

Solution 2 -7456.25
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CrossValidation & Regularization

Cross-Validation allows to evaluate the generalization power of a model and realize if the model overfits or not.
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Cross-Validation allows to evaluate the generalization power of a model and realize if the model overfits or not.

A lot of sampling possibilities are available to perform Cross-Validation (CV). The most well-known is K-fold CV:
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CrossValidation & Regularization LSS

Cross-Validation allows to evaluate the generalization power of a model and realize if the model overfits or not.

A lot of sampling possibilities are available to perform Cross-Validation (CV). The most well-known is K-fold CV:

Training Sets Test Set

]
Iteration ' m—_b Errorl
Iteration 2 ‘ ‘ - Error,
—_— I————— 1 5
Iteration 3 _ ‘ Errors L Error = EZ Error;
R —— — i=1
Iteration 4 -‘ Errory,
reretion® m’ Errors
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PSTILT AN DF) BONFORMATOLE FRANCE Figure extracted from https://towardsdatascience.com/cross-validation-k-fold-vs-monte-carlo-e54df2fc179b
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Cross-Validation allows to evaluate the generalization power of a model and realize if the model overfits or not.

A lot of sampling possibilities are available to perform Cross-Validation (CV). The most well-known is K-fold CV:

Training Sets Test Set

|
Iteration ' m—_’ Errorl
Iteration 2 ‘ - Error,
Iteration 3 _ ‘ Errors L Error = EZ Error;
R —— — i=1
Iteration 4 - ‘ Errory,
reretion® m’ Errors

One way to avoid overfitting is by preforming regularization.
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Cross-Validation allows to evaluate the generalization power of a model and realize if the model overfits or not.

A lot of sampling possibilities are available to perform Cross-Validation (CV). The most well-known is K-fold CV:

Training Sets Test Set

Iteration 1 L » Erron

Iteration 2 - ‘ Error,
—_— — 1 5
- O —— i=1
Iteration 4 ‘ ‘- ‘ Errory,
reretion® m’ Errors

One way to avoid overfitting is by preforming regularization.

Regularization consists in adding more constraints to the model in order to reduce the space of solutions.
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CrossValidation & Regularization

Cross-Validation allows to evaluate the generalization power of a model and realize if the model overfits or not.

A lot of sampling possibilities are available to perform Cross-Validation (CV). The most well-known is K-fold CV:

Training Sets Test Set
J
Iteration 1 L » Erron
Iteration 2 > Error,
i 5
Iteration 3 > ET‘?"OT‘3 L Error = EZ ETTG‘T]’
i=1
Iteration 4 | » Error,
Iteration 5 | » Errors

One way to avoid overfitting is by preforming regularization.
Regularization consists in adding more constraints to the model in order to reduce the space of solutions.

Multiple regularizations are available such as Ridge or LASSO regularizations.
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CrossValidation & Regularization

Cross-Validation allows to evaluate the generalization power of a model and realize if the model overfits or not.

A lot of sampling possibilities are available to perform Cross-Validation (CV). The most well-known is K-fold CV:

Training Sets Test Set
J
Iteration 1 L ETTon
Iteration 2 > Error,
i 5
Iteration 3 > ET‘?"OT‘3 L Error = EZ ETTG‘T"
i=1
Iteration 4 | » Error,
Iteration 5 | » Errors

One way to avoid overfitting is by preforming regularization.
Regularization consists in adding more constraints to the model in order to reduce the space of solutions.
Multiple regularizations are available such as Ridge or LASSO regularizations.

Here, we choose to regularize the model by forcing it to have a low number of variables.
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Application on the example

So let us consider all models with either 2 or 3 variables (with at least the intercept each time).
By doing so, we add respectively 2 (ex:] Ttandf TY) or 1 constraint (idem).

For all these possible models, let us compute U and0
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Application on the example

So let us consider all models with either 2 or 3 variables (with at least the intercept each time).

By doing so, we add respectively 2 (ex:] Ttandf TY) or 1 constraint (idem).
For all these possible models, let us compute U and0
Variables considered
(6 Fw) 3.750000e+01 100
(6 hw) 2.403846e+01 959.8081
(@) 1.512500e+03 4900
(6o hoo o) 1.831567e-22  203.0625
(6o Fo Fo ) 6.464166e-24 225
(o ho hoo) 8.664767e-22  1491.8906
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Application on the example

So let us consider all models with either 2 or 3 variables (with at least the intercept each time).
By doing so, we add respectively 2 (ex:] Ttandf TY) or 1 constraint (idem).

For all these possible models, let us compute U and0

Variables considered

(6 hw) 3.750000e+01 100

2.403846e+01 959.8081
1.512500e+03
1.831567e-22
6.464166e-24 225
8.664767e-22 1

OVERFITTING
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Application on the example

So let us consider all models with either 2 or 3 variables (with at least the intercept each time).

By doing so, we add respectively 2 (ex:] Ttandf TY) or 1 constraint (idem).
Best model
For all these possible models, let us compute U and0
Variables considered V)
(& Fi) 3.750000e+01C_100 >  OVERFITTING

2.403846e+01 959.8081
1.512500e+03
1.831567e-22
6.464166e-24
8.664767e-22
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Application on the example

So let us consider all models with either 2 or 3 variables (with at least the intercept each time).

By doing so, we add respectively 2 (ex:] Ttandf TY) or 1 constraint (idem).
Best model
For all these possible models, let us compute U and0
Variables considered V)
(& Fi) 3.750000e+01C_100 >  OVERFITTING

2.403846e+01 959.8081
1 512500e+03
1.831567e-22
6.464166e-24
8.664767e-22

CV was also used here so set an hyper-parameter: «the number of variables to keep in the model».
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Application on the example

So let us consider all models with either 2 or 3 variables (with at least the intercept each time).

By doing so, we add respectively 2 (ex:] Ttandf TY) or 1 constraint (idem).
Best model

For all these possible models, let us compute U and0
Variables considered V)
(& Fi) 3.750000e+01C_100 >  OVERFITTING

2.403846e+01 959.8081
1.512500e+03
1.831567e-22
6.464166e-24
8.664767e-22

CV was also used here so set an hyper-parameter: «the number of variables to keep in the model».

Here apparently, keeping only 2 variables leads to the best model with the variable «Age», which was expected.
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Overfitting can be handled with regularization.

Cross-Validation can both help to:
1. realize if the model overfits or not
2. tune the hyper-parameters (associated with the regularization).
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Overfitting, Cros¥alidation &Regularization

Overfitting can be handled with regularization.

Cross-Validation can both help to:
1. realize if the model overfits or not
2. tune the hyper-parameters (associated with the regularization).
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Overfitting, Cros¥alidation &Regularization

Overfitting can be handled with regularization.

Cross-Validation can both help to:
1. realize if the model overfits or not
2. tune the hyper-parameters (associated with the regularization).

Classical mistake to avoid with Cross-Validation: «Double Dipping».
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Overfitting, Cros¥alidation &Regularization

Overfitting can be handled with regularization.

Cross-Validation can both help to:
1. realize if the model overfits or not
2. tune the hyper-parameters (associated with the regularization).

Classical mistake to avoid with Cross-Validation: «Double Dipping».

C The whole point of Cross-Validation is to keep the train and the test sets independant from each other.
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Overfitting, Cros¥alidation &Regularization
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Cross-Validation can both help to: THEORY
1. realize if the model overfits or not

2. tune the hyper-parameters (associated with the regularization).

Classical mistake to avoid with Cross-Validation: «Double Dipping».

C The whole point of Cross-Validation is to keep the train and the test sets independant from each other.

This is no longer the case when for example:
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Overfitting, Cros¥alidation &Regularization
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Cross-Validation can both help to: »
1. realize if the model overfits or not === =) | B BB 1

2. tune the hyper-parameters (associated with the regularization).

Classical mistake to avoid with Cross-Validation: «Double Dipping».

C The whole point of Cross-Validation is to keep the train and the test sets independant from each other.

This is no longer the case when for example:
1. Normalization accross subjects is performed on the whole data-set.
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Overfitting, Cros¥alidation &Regularization

CONDOLENCES
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Cross-Validation can both help to: »
1. realize if the model overfits or not === I L ST
2. tune the hyper-parameters (associated with the regularization). B W i '

THEORY ©

Classical mistake to avoid with Cross-Validation: «Double Dipping».

C The whole point of Cross-Validation is to keep the train and the test sets independant from each other.

This is no longer the case when for example:
1. Normalization accross subjects is performed on the whole data-set.
2. Variable selection is performed on the whole data-set (ex: differentially expressed genes)

)IFB o

l%ﬁ'- 18
S DEY BONFORMATGUE FRANCE Figure taken from https://typeset.io/resources/top-reasons-for-research-paper-rejection/



https://typeset.io/resources/top-reasons-for-research-paper-rejection/

o
<
@
@)
Q
N
—
1
=
(o]0
Q
ek
Q
S
O
©
S
@
- -

19

p
IFB =lidir
INSTITUT FRANCAIS DE ' BIOINFORMATIQUE é:{:f



Two-blocks special cases: PLEGA
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Twoblocks special cases: PLE@GA.. and ReCQCAl ari z

Canonical Correlation Analysis (CCA) Partial Least Squares (PLS2)
1 AG#T@®7T M) IASFHT®T M)
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Regularized-CCA
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Twoblocks special cases: PLEGA.. a n d

Re@CAl ar.l z

Canonical Correlation Analysis (CCA)

1 AG#T@®7T M)

M)
CCA RCCA
‘ | | | | | ‘ | |
0 . 0.5

Regularized-CCA
JABT®TR 1)

BB 1)6 AT )
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Partial Least Squares (PLS2)
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Let us see how Regularize CCA performs on

the MDD case study

C See section 2.4 & 2.5 on the Rmarkdown MDD case stud
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Regularized Generalized Canonical Correlation Analysis (RGCCA
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Regularized Generalized Canonical Correlation Analysis (RGCCA
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Summary of RGCCA

The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion :
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Summary of RGCCA

The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion :

T AG O quri@®1 M)

| Bhl
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&F ETl pha ph8 .

‘ With ““Q a continuous, convex and derivable function.
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Summary of RGCCA

The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion :
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‘ With ““Q a continuous, convex and derivable function.
‘ @  p for two connected blocks and Ttotherwise.
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Summary of RGCCA

The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion :
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‘ With ““Q a continuous, convex and derivable function.

‘ @  p for two connected blocks and Ttotherwise.

‘ Where E isany 0 U positive definite matrix.
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Summary of RGCCA

The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion :

T AG O quri@®1 M)

| Bhl
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X ET  pha phB .

‘ With ““Q a continuous, convex and derivable function.

‘ & p for two connected blocks and Ttotherwise.
‘ Where E isany 0 U positive definite matrix.

Most of the time (this is the case today !) E is chosen such that:
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Summary of RGCCA

The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion :
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X ET  pha phB .
‘ With ““Q a continuous, convex and derivable function.
‘ & p for two connected blocks and Ttotherwise.
‘ Where E isany 0 U positive definite matrix.

Most of the time (this is the case today !) E is chosen such that:
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The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion :
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Summary of RGCCA

The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion :

T AG O quri@®1 M)

| Bhl
h

X ET  pha phB .

‘ With ““Q a continuous, convex and derivable function.

‘ & p for two connected blocks and Ttotherwise.
‘ Where E isany 0 U positive definite matrix.

Most of the time (this is the case today !) E is chosen such that:
TET T (e OAR TE)T  p8
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Regularized version of the
sample covariance matrix
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Overview of the MuliBlocKlitterature
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(Wold, 1982)
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>(1 N
ALL BLOCKS ARE INTERCONNECTED T
3 N XJ
SUMCOR maxz cor(X;wj, X W)
(Horst, 1961) Wj &
Ik
SSQCOR maxz cor? (X;w;, X, Wy,)
(Kettenring, 1961) Wj &
J.k
SABSCOR max Z | cor(X;w;, X; wy) |
(Wold, 1982) Wj &
J.k
SUMCOV max Zcov(xjwj,kak)
(Van de Geer, 1984) [[wjll=1 jk
SSQCOV max " cov? (X wj, X, wi)
(Hanafi & Kiers, 2006) |will=14
Ik
SABSCOV max Z|c0v(ijj,kak)|
(Krimer, 2007) [[wjl[=1 o

26



Overview of the MuliBlocKlitterature
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BLOCKS ARE PARTTALLY CONNECTED

cir = 1ifX; © X, 0 otherwise

SUMCOR ngvzi_XjZk Cjrecor(X;wj, Xy W)
SSQCOR ngva}xLZk cjiecor® (X; wj, X Wic)
SABSCOR rr‘}va]x; Cre|cor(X;wy, X, wy) |
SUMCOV ”&’;ﬁz 1; circov(X;wj, X W)
SSQCOV II‘%ﬂEl; Cjte OV (X Wj, X Wy, )
SABSCOV max Z Cike|cov(X;wj, X Wi |

lwjll=1

Jk
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Overview of the MuliBlocKlitterature

Courtesy to Arthur Tenenhaus.
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BLOCKS ARE PARTIALLY CONNECTED

cir = 1ifX; & X;, 0 otherwise

max Z Cicov(X;wj, X Wy )

SUMCOR B3
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Tune parameters in an unsupervised setting
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Tune parameters in an unsupervised setting
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Tune parameters in an unsupervised setting
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Tune parameters in an unsupervised setting

%Y"\’ %yé\"’ V;&'\/
§ 8 SR S 8

Permutation n°1

Parameter set n°p

Frequency

RGCCA’s criterion

Parameter set n°0

IFB e ’

INSTITUT FRAMCAIS DE' BIOINFORMATIQUE



Tune parameters in an unsupervised setting

Nl Nl N

Permutation n°1

>
(&}
[
(]
0 >
Parameter set n°p 8‘
£ []
RGCCA’s criterion
cc cc
>
(@]
[
‘ g
Parameter set n°v c"
Q
ks [
RGCCA’s criterion

IFB e ’

INSTITUT FRAMCAIS DE' BIOINFORMATIQUE



Tune parameters in an unsupervised setting

Permutation n°2

>
(&}
[
(]
o >
Parameter set n°p © I
L
RGCCA’s criterion
cc cc

>
(@]
[
‘ g
Parameter set n°v o

e ._.—.

RGCCA’s criterion

[ ]
;<|FB EIP(;. 28

INSTITUT FRAMCAIS DE' BIOINFORMATIQUE
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Tune parameters in an unsupervised setting
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Tune parameters in an unsupervised setting
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Tune parameters in an unsupervised setting
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Tune parameters in an unsupervised setting
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Tune parameters in an unsupervised setting
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Let us apply this permutation procedure on

the MDD case study

NS
: .mv.nlﬂ..ﬂ.l/...”rﬁ..\\..\\, :

O
KD

29

AN
vlmw

y_RGCCA'

C See section 3.3 on the Rmarkdown ‘MDD case stud

[ ]
g)l FB El?(w'.
INSTITUT FRANCAIS DE ' BIOINFORMATIQUE FRANCE



Vv

[ ]
&FB e@(f 30
INSTITUT FRANCAIS DE ' BIOINFORMATIQUE FRANLCE



[ ]
&FB e@(f 30
INSTITUT FRANCAIS DE ' BIOINFORMATIQUE FRANLCE






Evaluate the robustness of the model by bootstrapping.
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Evaluate the robustness of the model by bootstrapping.
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Evaluate the robustness of the model by bootstrapping.
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Let us apply this permutation procedure on

the MDD case study
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Supervising with RGCCA

Step 1: Learn a supervised reduced space
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Supervising with RGCCA

Sample_group
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Supervising with RGCCA

Sample_group

tep 2: Learn a classifier out
of this reduced space
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Supervising with RGCCA

Sample_group

Step 2: Learn a classifier out
of this reduced space

Step 1: Learn a supervised reduced space
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Supervising with RGCCA

Sample_group

Step 2: Learn a classifier out
of this reduced space

Step 1: Learn a supervised reduced space

‘ The model sequentially learn block-weight vectors to compute components and a classifier.
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Supervising with RGCCA

2. 0M) «
Sample_group
$.10M) ; ; ; C
Step 2: Learn a classifier out
. of this reduced space
I ~E 2 . [
n )
Step 1: Learn a supervised reduced space

‘ The model sequentially learn block-weight vectors to compute components and a cIassifier.‘ Standard Cross-Validation
can be performed.
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F1-score

Confusion Matrix: True labels

Positive Negative

True False
Positive  Positive  Positive
Predicted (TP) (FP)
ELIE False True
Negative Negative Negative
(FN) (TN)
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Confusion Matrix: True labels

- “YQ
Positive Negative 5 Ni QuQi %ﬁ
True False C How many positive predicted labels are true ?
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Predicted (TP) (FP)
labels False True

Negative Negative Negative
(FN) (TN)
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Flscore e

Confusion Matrix: True labels

Positive Negative 5 nt Qi 'ﬂ%e £06
True False C How many positive predicted labels are true ?
Positive  Positive  Positive i
Predicted (TP) (FP) i Qo® eve«L
labels False True x _Yu "Ou _
_ . . C How many true positive labels are retrieved ?
Negative Negative Negative
(FN) (TN)
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F1-score

Confusion Matrix:

Predicted

labels
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Let us apply a supervised version of RGCCA

on the MDD case study
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Sparse Generalized Canonical Correlation Analysis (SGCCA)
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Sparse Generalized Canonical Correlation Analysis (SGCCA)
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‘ The LASSO regularization allows to perform variable selection.
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Sparse Generalized Canonical Correlation Analysis (SGCCA)
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Controls the level of sparsity (has to be tuned).

‘ The LASSO regularization allows to perform variable selection.
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The Variable Importance in Projection (\ékdéye
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The Variable Importance in Projection (\ékdéye
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The Variable Importance in Projection (\ékdéye

6) @ ) % (0“! 6(/61“)>

Where:
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The Variable Importance in Projection (\ékdéye

6)@) & (o“; 6@@()))

Where:
X “Yis the number of extracted components.
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The Variable Importance in Projection (\ékdéye

6)@ ) % (0“!6(/61“))
Where:

X “Yis the number of extracted components.
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The Variable Importance in Projection (\édéye

6)@) & (OU! 6(@()))

Where:
X “Yis the number of extracted components.

x A [o B JandT [0 B |.
X RGCCA uses a deflation procedure to extract the following components.

Thus, ﬁ( ) correspond to the projection ofﬁ( ) onto the space orthogonal to «
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The Variable Importance in Projection (\édéye
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Where:

X “Yis the number of extracted components.

x A [o R JandT [0 B .

X RGCCA uses a deflation procedure to extract the following components.

Thus, ﬁ( ) correspond to the projection ofﬁ( ) onto the space orthogonal to «
(), 0)
5 © ¢ ¢ 5
r]( ) g r]( )
[l
) 5

X Furthermore ﬁ( N

e °
IFB el
I £ BIOINFORMATIQUE FRANLCE

O,

38



The Variable Importance in Projection (\édéye

6) @ ) % (()()! 6@@()))

Where:

X “Yis the number of extracted components.

x A [o R JandT [0 B .

X RGCCA uses a deflation procedure to extract the following components.
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The Variable Importance in Projection (\édéye
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Let us apply both an unsupervised/supervised "_‘52-

version of SGCCA on the MDD case study
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Principle of the RGCCA Optimization Algorithm
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Principle of the RGCCA Optimization Algorithm
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In order to maximize the multi-convex function "Q"1 B A1
two key ingredients are used:
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In order to maximize the multi-convex function "Q"1 B A1
two key ingredients are used:

‘ Block Coordinate Ascent (BCA).
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Principle of the RGCCA Optimization Algorithm
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In order to maximize the multi-convex function "Q"1 B A1
two key ingredients are used:

‘ Block Coordinate Ascent (BCA).
‘ Minorize-Maximize (MM) principle.
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Block Coordinate Ascent
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Block Coordinate Ascent
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Block Coordinate Ascent
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Block Coordinate Ascent
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From RGCCA to Multiway GCCA

Lateral slice

R
/4 flos

II ﬁ 0/1/
H 1 R
— () ) AT G wI@T )
> YL 0 h
® N s T ET p
/4 BB e pM h)
I 5
IE |
e

L ]
IFB el .



From RGCCA to Multiway GCCA

Lateral slice

R
/4 flos

II ﬁ 0/1/
— () ) AT G wI@T )
> YL 0 h
® N s T ET p
J B R pf i
II ﬁ \
<€ 7, >

L ]
IFB el .



From RGCCA to Multiway GCCA

Lateral slice

R
/4 fise

~
<>
=4
~
<>
=4

N
\ 4
!

’ Y1) 3 [ AZ oEgHI®T MmT))

- yL 0 i
) (o
; | ET p
U/'/ Yy wW o . L
/ ¢:¢6) o pfB R
II ﬁ Fronr%alslice \
B
< 7, >

® ®
IFB el -



From RGCCA to Multiway GCCA

II ﬁ 0/1/
L 1 o
———— () & VA O grI@T M)
— > | BAl
i YL ’ h
W y a) f’rl E '?'I D
/4 BB e pM h)

~
<>
=4
—

N
\ 4

Ji

L ]
IFB el .



From RGCCA to Multiway GCCA

II ﬁ 0/1/
L 1 o
———— () & VA O grI@T M)
— > | BAl
* YL ’ h
W » a) f’rl E '?'I D
/4 BB e pM h)

~
<>
=4
—

N
\ 4

Ji

?

L ]
IFB el .



How Multiway is handled ?

A
v

® [ ]
IFB el ss



How Multiway is handled ?

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

N
1 1%
1%
| %
vi VIV VIV VLY

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

. —_—
~ ~ rd
| / 7
/ﬁ%ﬁ
A
Il %
1%
| n%
viVI VI VI VI VLY

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

. —_—
~ ~ rd
| / ) 7
0
/
A
Il %
1%
| 1%
viVI VI VI VI VLY

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

< —
¥ - -
| / ) 7
0 "
/
A /
1 1%
1%
| 1%
viViIVILVIVI VLY

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

v |

A

® [ ]
< IFB el ss



How Multiway is handled ?

Vv W

v

N

e °
IFB el
i £ BIOINFORMATIQUE FRANLCE

48



How Multiway is handled ?

Vv W
—

N

v

Interest in taking into account 3-way structure with the Kronecker product:

e °
IFB el
I £ BIOINFORMATIQUE FRANLCE

48



How Multiway is handled ?

Vv W
—

N

v

Interest in taking into account 3-way structure with the Kronecker product:
x Gain in interpretability thanks to vector weights specific to each dimension.

e °
IFB el
I BIOINFORMATIQUE FRANLCE

48



How Multiway is handled ?

Vv W
—

N

v

Interest in taking into account 3-way structure with the Kronecker product:
x Gain in interpretability thanks to vector weights specific to each dimension.
x Less weights to estimate: from0 UV to0 0.

e °
IFB el
I BIOINFORMATIQUE FRANLCE

48



How Multiway is handled ?

Vv W
—

N

v

Interest in taking into account 3-way structure with the Kronecker product:
x Gain in interpretability thanks to vector weights specific to each dimension.
x Less weights to estimate: from0 UV to0 0.
P v U
1 C |
| | 17

_—
7

\ 4

~

pd N Z
< 7z K

0 0
e °
IFB el
I BIOINFORMATIQUE FRANLCE

48



How Multiway is handled ?

Vv W
—

A
v

Interest in taking into account 3-way structure with the Kronecker product:
x Gain in interpretability thanks to vector weights specific to each dimension.
x Less weights to estimate: from0 UV to0 0.

v O

\ 4

<
~

TI I L) v L} €
" - ) ) 0OVSO U
I | | | |

_—
7

pd > 2
< z K

0 0

® ®
<’ IFB el 48




Multiway Generalized Canonical Correlation Analysis (MGCCA)
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Optimization criterion: From Sequential to Global
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Where:
x "I N g isa block-weight vector.

e .
IFB el
INSTITUT FRANCAIS DE ' BIOINFORMATIQUE FRANLCE

52



Optimization criterion: From Sequential to Global

AGGg & “Q(#'l‘ (c'a TR ))

3(
®)

a<
E(
oc

Where:
x 1 )N g isathe first block-weight vector.

e .
IFB el
INSTITUT FRANCAIS DE ' BIOINFORMATIQUE FRANLCE

52
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Where:
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Optimization criterion: From Sequential to Global
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Where:
x TN g isathei block-weight vector.

X N rl B Hl ] N o is a block-weight matrix.
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Where:
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Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:

AGG @4 OAAHH ) it )
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Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:

AOQAND4 OAAR ) i)
i i E

n ¢

Where:
x  "Qs the partial derivate of "Qwith respectto ] .
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Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:
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< f |1 BR v

e °
IFB el
i DE ' BIOINFORMATIQUE FRANLCE

53



Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:

AGG @4 AN ) i )
nm ER &

Where:

x  "Qs the partial derivate of "Qwith respectto ] .

< f |1 BR v

X Ythe number of components to extract.
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Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:
AOGA B4 OAARH ) i)
nm ER E
Where:
x  "Qs the partial derivate of "Qwith respectto ] .

< f |1 BR v

X Ythe number of components to extract.

‘ Closed form solution: the rank-R Singular Value Decomposition (SVD) of a specic matrix of dimension 0 ‘Y.
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Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:
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Where:
x  "Qs the partial derivate of "Qwith respectto ] .

< f |1 BR v

X Ythe number of components to extract.

‘ Closed form solution: the rank-R Singular Value Decomposition (SVD) of a specic matrix of dimension 0 ‘Y.

‘ Pros:
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Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:
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Where:
x  "Qs the partial derivate of "Qwith respectto ] .
< f |1 BR v

X Ythe number of components to extract.

‘ Closed form solution: the rank-R Singular Value Decomposition (SVD) of a specic matrix of dimension 0 ‘Y.

Pros:

X A single optimization problem allows to extract all components simultaneously.
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Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:
AOGA B4 OAARH ) i)
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Where:
x  "Qs the partial derivate of "Qwith respectto ] .

< f |1 BR v

X Ythe number of components to extract.

:> Closed form solution: the rank-R Singular Value Decomposition (SVD) of a specic matrix of dimension 0 ‘Y.

Pros:

X A single optimization problem allows to extract all components simultaneously.
X The obtain algorithm is rather simple (simple update) and is globally convergent.
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Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:
AOGA B4 OAARH ) i)
nm ER E
Where:
x  "Qs the partial derivate of "Qwith respectto ] .

< f |1 BR v

X Ythe number of components to extract.

:> Closed form solution: the rank-R Singular Value Decomposition (SVD) of a specic matrix of dimension 0 ‘Y.

Pros:
X A single optimization problem allows to extract all components simultaneously.
X The obtain algorithm is rather simple (simple update) and is globally convergent.

X It is possible now to add constraints across components.
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Following the optimization framework of RGCCA, the core optimization problem is:
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Where:
x  "Qs the partial derivate of "Qwith respectto ] .

< f |1 BR v

X Ythe number of components to extract.

:> Closed form solution: the rank-R Singular Value Decomposition (SVD) of a specic matrix of dimension 0 ‘Y.

Pros:

X A single optimization problem allows to extract all components simultaneously.
X The obtain algorithm is rather simple (simple update) and is globally convergent.
X It is possible now to add constraints across components.
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Principle of the Global RGCCA Algorithm

Following the optimization framework of RGCCA, the core optimization problem is:
AOGA B4 OAARH ) i)
nm ER E
Where:
x  "Qs the partial derivate of "Qwith respectto ] .

< f |1 BR v

X Ythe number of components to extract.

:> Closed form solution: the rank-R Singular Value Decomposition (SVD) of a specic matrix of dimension 0 ‘Y.

Pros:

X A single optimization problem allows to extract all components simultaneously.
X The obtain algorithm is rather simple (simple update) and is globally convergent.
X It is possible now to add constraints across components.

Cons:

X In this form, we have to extract the same number of component per block.
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RGCCA framework - State of the Art

Core Optimization Problem
A @Th 7
TN 2 # #1
e p 3 ## )| ¢ RO 6
z | R O
£ S
o 2
a2 7T 1T 8§77 . . - S
= 7w - HHM S #H# S
@) %)
| |I= A .
)| C AlOO

T {OTva M ET  p}

1. (Tenenhaus and Tenenhaus, 2011) 2. (Tenenhaus, Tenenhaus and Groenen, 2017) 3. (Tenenhaus et al., 2014) 4. (Gloaguen et al., 2022)

5. (Girka et al., 2024)

[ ] -
< IFB el o



RGCCA framework - State of the Art

Core Optimization Problem
Sequential Global
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RGCCA framework - State of the Art
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RGCCA framework - State of the Art
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RGCCA framework - State of the Art

Kernel GCCA (Tenenhaus, Philippe and Frouin, 2015):
In order to take estimate non-linear links between blocks.
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RGCCA framework - State of the Art

Kernel GCCA (Tenenhaus, Philippe and Frouin, 2015):

In order to take estimate non-linear links between blocks.

Functional GCCA (Sort, Brusquet and Tenenhaus, 2023):
In order to handle longitudinal blocks.
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RGCCA framework - State of the Art

Kernel GCCA (Tenenhaus, Philippe and Frouin, 2015):
In order to take estimate non-linear links between blocks.

Functional GCCA (Sort, Brusquet and Tenenhaus, 2023):
In order to handle longitudinal blocks.

Multi-group (Tenenhaus and Tenenhaus, 2014; Goujon, In progress):
Find relationships between variables within each group that are common to all groups.
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RGCCA framework - State of the Art

Kernel GCCA (Tenenhaus, Philippe and Frouin, 2015):
In order to take estimate non-linear links between blocks.

Functional GCCA (Sort, Brusquet and Tenenhaus, 2023):
In order to handle longitudinal blocks.

Multi-group (Tenenhaus and Tenenhaus, 2014; Goujon, In progress):
Find relationships between variables within each group that are common to all groups.

Missing Values in RGCCA (Peltier et al., 2023).
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RGCCA

https://github.com/rgcca-factory/RGCCA
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RGCCA

The RGCCA framework is:

https://github.com/rgcca-factory/RGCCA
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RGCCA

The RGCCA framework is:

X General as in encompasses a large number of methods in the multi-block literature.

https://github.com/rgcca-factory/RGCCA
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RGCCA

The RGCCA framework is:

X General as in encompasses a large number of methods in the multi-block literature.
x Very flexible thanks to its optimization framework that easily allows to develop many extensions...

https://github.com/rgcca-factory/RGCCA
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RGCCA

The RGCCA framework is:

X General as in encompasses a large number of methods in the multi-block literature.

x Very flexible thanks to its optimization framework that easily allows to develop many extensions...
X ...and that also allows to combine these extensions.

https://github.com/rgcca-factory/RGCCA
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RGCCA

The RGCCA framework is:

X General as in encompasses a large number of methods in the multi-block literature.
x Very flexible thanks to its optimization framework that easily allows to develop many extensions...
X ...and that also allows to combine these extensions.

A new version of the original RGCCA package (with sequential RGCCA/SGCCA) was, not so long ago,
submitted to the CRAN.

https://github.com/rgcca-factory/RGCCA
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RGCCA

The RGCCA framework is:

X General as in encompasses a large number of methods in the multi-block literature.

x Very flexible thanks to its optimization framework that easily allows to develop many extensions...
X ...and that also allows to combine these extensions.

A new version of the original RGCCA package (with sequential RGCCA/SGCCA) was, not so long ago,
submitted to the CRAN.

It came with a submission to the Journal of Statistical Software (Girka et al., submitted).

https://github.com/rgcca-factory/RGCCA
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RGCCA

The RGCCA framework is:

X General as in encompasses a large number of methods in the multi-block literature.

x Very flexible thanks to its optimization framework that easily allows to develop many extensions...

X ...and that also allows to combine these extensions.

A new version of the original RGCCA package (with sequential RGCCA/SGCCA) was, not so long ago,
submitted to the CRAN.

It came with a submission to the Journal of Statistical Software (Girka et al., submitted).
For extensions mentioned in this presentation and that are in development, you can find them one

of the many branches of the github repository:
https://github.com/rgcca-factory/RGCCA
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RGCCA

Arthur TENENHAUS
The RGCCA framework is: Laboratoire Des Signaux Et Systemes, CentraleSupélec

Fabien GIRKA
Laboratoire Des Signaux Et Systemes, CentraleSupélec

X General as in encompasses a large number of methods in the multi-block literature.
x Very flexible thanks to its optimization framework that easily allows to develop many extensions.
X ...and that also allows to combine these extensions.

Laurent LE BRUSQUET
Laboratoire Des Signaux Et Systemes, CentraIeSupeIec

A new version of the original RGCCA package (with sequential RGCCA/SGCCA) was, not so long ago,
submitted to the CRAN.

It came with a submission to the Journal of Statistical Software (Girka et al., submitted).

Etienne Camenen

INSERM, Hopital Saint-Louis AP-HP
For extensions mentioned in this presentation and that are in development, you can find them one —

of the many branches of the github repository:
https://github.com/rgcca-factory/RGCCA

Caroline PELTIER
CNRS, INRAE

Here are the contributors of the actual version of the package !!m

Vincent GUILLEMOT Arnaud GLOAGUEN

/k
Institut Pasteur, Bioinformatics and Blostatlstlcs Hub Centre National de Recherche en Génomique Humaine, CEA
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Other perpectives ?
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Other perpectives ?

Axe 1: Use comon and specific information
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Other perpectives ?

Axe 1: Use comon and specific information
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