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1. Introduction of the case study



Case Study: Major Depressive Disorder (MDD)

a
c Sex n.max Group mean.Age mean.BMlI mean.HDRS n(mRNA) n(miRNA) n (DNAm)
©]
"5_ 55 Control 45 23.97 1.44 55(100%) 51(92.7%) 50 (90.9%)
e Female
é 50 Patient 42 24 23.16 50 (100%) 39 (78%) 39 (78%)
D
= 34 Control 45 24.02 1.18 34 (100%) 34 (100%) 31(91.1%)
o Male
-% 30 Patient 43 25.51 23.47 30 (100%) 30 (100%) 28 (93.3%)
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Taken from Amazigh Mokhtari’s PhD manuscript.
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Case Study: Covariates

> summary (DNAm_covariates_explored_female)
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Case Study: Covariates

Low (< 25), High (= 30). 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 RO5C01 :18 204679630043: 3
Median :23.23 Median :45.00 30-40:11 4:20 RO6CO1 :12 204564460100 2
Mean :23.83 Mean :43.52 40-50:20 5:26 RO7C01 :12 204564470040 2
3rd Qu.:25.24 3rd Qu.:53.50 50-60:26 6: 8 :10  204564470092: 2
Max. :39.54 Max. -71.00 60-70: 8 7: 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 (< 25), High (= 30).

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 :
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 Study: Pre-processing
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Case Study: Pre-processing

miRNA
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Case Study: Pre-processing

miRNA

1. Remove miRNA with Nas.
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Case Study: Pre-processing

miRNA

1. Remove miRNA with Nas.
2. Log Counts Per Million (logCPM)
normalization.
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Case Study: Pre-processing

miRNA

1. Remove miRNA with Nas.

2. Log Counts Per Million (logCPM)
normalization.

3. Remove miRNA with a least one
count below 0 (in the end 350
variables remain).
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Case Study: Pre-processing

miRNA mRNA

1. Remove miRNA with Nas.

2. Log Counts Per Million (logCPM)
normalization.

3. Remove miRNA with a least one
count below 0 (in the end 350
variables remain).
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)"_cz ererererer IONAL DE RECHERCHE
=
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Case Study: Pre-processing

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 0 (in the end 350
variables remain).
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Case Study: Pre-processing

miRNA

Remove miRNA with Nas.

Log Counts Per Million (logCPM)
normalization.

Remove miRNA with a least one
count below 0 (in the end 350
variables remain).

Data o0 e

mRNA

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

Keep only genes both present in
males and females.
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Case Study: Pre-processing

miRNA

1. Remove miRNA with Nas.

2. Log Counts Per Million (logCPM)
normalization.

3. Remove miRNA with a least one
count below 0 (in the end 350
variables remain).

mRNA

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

2. Keep only genes both present in
males and females.

3. Keep 2000 most variable genes
according to the Median Absolute
Deviation (MAD).

MAD = median(|x; — median(x)]), it is a robust estimation of the standard deviation.
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Case Study: Pre-processing

miRNA

1. Remove miRNA with Nas.

2. Log Counts Per Million (logCPM)
normalization.

3. Remove miRNA with a least one
count below 0 (in the end 350
variables remain).

mRNA

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

2. Keep only genes both present in
males and females.

3. Keep 2000 most variable genes
according to the Median Absolute
Deviation (MAD).

MAD = median(|x; — median(x)]), it is a robust estimation of the standard deviation.
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Case Study: Pre-processing

miRNA mRNA DNAmM
1. Remove miRNA with Nas. 1. Normalization with Variance 1. Normalization with Beta-MlIxture
2. Log Counts Per Million (logCPM) Stabilizing Transformations (VST; Quantile (BMIQ) Normalization
normalization. package DESeq?2). method (package ChAMP).
3. Remove miRNA with a least one 2. Keep only genes both present in
count below 0 (in the end 350 males and females.
variables remain). 3. Keep 2000 most variable genes

according to the Median Absolute
Deviation (MAD).

MAD = median(|x; — median(x)]), it is a robust estimation of the standard deviation.

CENTRE NA E RECHE
EN GEN HUMAINE




Case Study: Pre-processing

miRNA

Remove miRNA with Nas.

Log Counts Per Million (logCPM)
normalization.

Remove miRNA with a least one
count below 0 (in the end 350
variables remain).

mRNA

1. Normalization with Variance

Stabilizing Transformations (VST;
package DESeq?2).

Keep only genes both present in
males and females.

Keep 2000 most variable genes

DNAmM

Normalization with Beta-MIxture
Quantile (BMIQ) Normalization
method (package ChAMP).
Remove duplicated samples.

according to the Median Absolute
Deviation (MAD).

MAD = median(|x; — median(x)]), it is a robust estimation of the standard deviation.
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Case Study: Pre-processing

miRNA

1. Remove miRNA with Nas.

2. Log Counts Per Million (logCPM)
normalization.

3. Remove miRNA with a least one
count below 0 (in the end 350
variables remain).
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1. Normalization with Variance

Stabilizing Transformations (VST;
package DESeq?2).

Keep only genes both present in
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Keep 2000 most variable genes
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Deviation (MAD).
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1. Normalization with Beta-MlIxture

Quantile (BMIQ) Normalization
method (package ChAMP).
Remove duplicated samples.
Keep 2000 most variable genes
according to the Median Absolute
Deviation (MAD).



Case Study: Pre-processing

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 0 (in the end 350 males and females. 3.
variables remain). 3. Keep 2000 most variable genes

according to the Median Absolute
Deviation (MAD).

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

MAD = median(|x; — median(x)]), it is a robust estimation of the standard deviation.
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DNAmM

Normalization with Beta-MlIxture
Quantile (BMIQ) Normalization
method (package ChAMP).
Remove duplicated samples.
Keep 2000 most variable genes
according to the Median Absolute
Deviation (MAD).
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2. Unsupervised analysis with one-block
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ChAMP’s representation: Kruskal-Wallis test

The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
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ChAMP’s representation: Kruskal-Wallis test

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 representation: Kruskal-Wallis test

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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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

{HO: (X4, ..., Xp) and (y4, ..., ¥m) comes from the same distribution.
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

Hy: (X4, ..., Xy) and (yq, ..., ¥m) comes from the same distribution.
H;: They do not.
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

Hy: (X4, ..., Xy) and (yq, ..., ¥m) comes from the same distribution.
H;: They do not.

n(n+1)

The proposed statistic is: U = min(Uy, U,) = min (nm + — R{,nm + m(";l) — Rz),

where R;(resp. R,) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.
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H;: They do not.
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The proposed statistic is: U = min(Uy, U,) = min (nm + — R{,nm + m(";l) — Rz),
where R, (resp. R,) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.

If n and m are high enough, it is possible to show that U follows a Gaussian distribution centered in omy
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

Hy: (X4, ..., Xy) and (yq, ..., ¥m) comes from the same distribution.
H;: They do not.

n(n+1)

The proposed statistic is: U = min(Uy, U,) = min (nm + — R{,nm + m(";l) — Rz),
where R, (resp. R,) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.

If n and m are high enough, it is possible to show that U follows a Gaussian distribution centered in omy

Example: “Perfect” association; the n first elements are in the first sample and the m 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).
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

Hy: (X4, ..., Xy) and (yq, ..., ¥m) comes from the same distribution.
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

Hy: (X4, ..., Xy) and (yq, ..., ¥m) comes from the same distribution.
H;: They do not.

n(n+1)

The proposed statistic is: U = min(Uy, U,) = min (nm + — R{,nm + m(";l) — Rz),
where R, (resp. R,) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.

If n and m are high enough, it is possible to show that U follows a Gaussian distribution centered in omy

Example: “Perfect” association; the n first elements are in the first sample and the m next are in the second one. Then:

nn+1

Ro=(n+D+Mm+2)+ -+ m+m)=
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

Hy: (X4, ..., Xy) and (yq, ..., ¥m) comes from the same distribution.
H;: They do not.

n(n+1)

- Rl’ nm + m(nzl-l-l) - RZ))

where R, (resp. R,) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.
nm+1

The proposed statistic is: U = min(Uy, U,) = min (nm +

If n and m are high enough, it is possible to show that U follows a Gaussian distribution centered in

Example: “Perfect” association; the n first elements are in the first sample and the m next are in the second one. Then:

nn+1
R1=1+2+"'+n=¥ -)U1=nm+n(nz+1)—R1=nm
m((n+ 1)+ (n+m))
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

Hy: (X4, ..., Xy) and (yq, ..., ¥m) comes from the same distribution.
H;: They do not.
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- Rl’ nm + m(nzl-l-l) - RZ))

where R, (resp. R,) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.
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If n and m are high enough, it is possible to show that U follows a Gaussian distribution centered in

Example: “Perfect” association; the n first elements are in the first sample and the m 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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

Hy: (X4, ..., Xy) and (yq, ..., ¥m) comes from the same distribution.
H;: They do not.

n(n+1)

- Rl’ nm + m(nzl-l-l) - RZ))

where R, (resp. R,) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.
nm+1

The proposed statistic is: U = min(Uy, U,) = min (nm +

If n and m are high enough, it is possible to show that U follows a Gaussian distribution centered in

Example: “Perfect” association; the n first elements are in the first sample and the m next are in the second one. Then:
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ChAMP’s representation: Kruskal-Wallis test

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 (x4, ..., x,,) and (¥4, ..., ¥, ). They both represent the same continuous variable but are separated
by the value of the discrete one.

Hy: (X4, ..., Xy) and (yq, ..., ¥m) comes from the same distribution.
H;: They do not.

n(n+1)

- Rl’ nm + m(nzl-l-l) - RZ))

where R, (resp. R,) are the sum of the rank of the first (resp. second) sample when all samples are mixed and sorted.
nm+1

The proposed statistic is: U = min(Uy, U,) = min (nm +

If n and m are high enough, it is possible to show that U follows a Gaussian distribution centered in

Example: “Perfect” association; the n first elements are in the first sample and the m next are in the second one. Then:

nn+1
R1:1+2+---+n=¥ -)U1=nm+n(n+1)—R1=nm
m((n+ 1)+ (n+m)) 41 2U=0
R =n+1)+(n+2)+-+m+m)= 5 2> U, = nm‘l'—m(nzl )—Rz = 0 ] The test is likely to be rejected.
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Yi = Po + B1x; + €
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Yi = Po + B1x; + €

Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: { Ho: B, = 0,
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Yi = Po + B1x; + €

Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:
Vi = Po + P1xi + €

Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:
Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
o (RSSo=RSS) (=2) Cii—ho)-Si—ho-px))  (n-2)
1 RSS,; 1 Zi(}’i — Bo — B1x;)?
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
o (RSSo=RSS) (=2) Cii—ho)-Si—ho-px))  (n-2)
1 RSS,; 1 Zi(}’i — Bo — B1x;)?

It is possible to show that F follows an F-distribution of 1 and n — 2 degrees of freedom.
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
o (RSSo=RSS) (=2) Cii—ho)-Si—ho-px))  (n-2)
1 RSS,; 1 Zi(}’i — Bo — B1x;)?

It is possible to show that F follows an F-distribution of 1 and n — 2 degrees of freedom.

If the variables are strongly linked
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
o (RSSo=RSS) (=2) Cii—ho)-Si—ho-px))  (n-2)
1 RSS,; 1 Zi(}’i — Bo — B1x;)?

It is possible to show that F follows an F-distribution of 1 and n — 2 degrees of freedom.

If the variables are strongly linked -> RSSy > RSS;,
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
o (RSSo=RSS) (=2) Cii—ho)-Si—ho-px))  (n-2)
1 RSS,; 1 Zi()’i — Bo — B1x;)?

It is possible to show that F follows an F-distribution of 1 and n — 2 degrees of freedom.

RSS,
RSS;

If the variables are strongly linked =>» RSS, > RSS,; > F~ X(n—=2)>n-—2
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
o (RSSo=RSS) (=2) Cii—ho)-Si—ho-px))  (n-2)
1 RSS,; 1 Zi()’i — Bo — B1x;)?

It is possible to show that F follows an F-distribution of 1 and n — 2 degrees of freedom.

RSS,
RSS;

If the variables are strongly linked = RSS, > RSS,; = F~ X (n—2)>»n—2 =»The test is likely to be rejected.
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
o (RSSo=RSS) (=2) Cii—ho)-Si—ho-px))  (n-2)
1 RSS,; 1 Zi()’i — Bo — B1x;)?

It is possible to show that F follows an F-distribution of 1 and n — 2 degrees of freedom.

RSS,
RSS4

If the variables are strongly linked = RSS, > RSS,; = F~ X (n—2)>»n—2 =»The test is likely to be rejected.

If the variables are NOT strongly linked
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
o (RSSo=RSS) (=2) Cii—ho)-Si—ho-px))  (n-2)
1 RSS,; 1 Zi()’i — Bo — B1x;)?

It is possible to show that F follows an F-distribution of 1 and n — 2 degrees of freedom.

RSS,
RSS4

If the variables are strongly linked = RSS, > RSS,; = F~ X (n—2)>»n—2 =»The test is likely to be rejected.

If the variables are NOT strongly linked =» RSS,~RSS,
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:

Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:
o (RSSo=RSS) (=2) Cii—ho)-Si—ho-px))  (n-2)
1 RSS,; 1 Zi()’i — Bo — B1x;)?

It is possible to show that F follows an F-distribution of 1 and n — 2 degrees of freedom.

RSS,
RSS4

If the variables are strongly linked = RSS, > RSS,; = F~ X (n—2)>»n—2 =»The test is likely to be rejected.

If the variables are NOT strongly linked =» RSS,~RSS; = F~0
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ChAMP’s representation: F-test

In order to evaluate the link between two continuous variables y; and x;, the following model is used:
Vi = Po + P1xi + €
Where B, is the intercept, B, is the coefficient associated with x; and €;~N (0, 02).

The following test is used: Hy: 1 =0,
Hl:'B]_ 0

With the statistic:

o (RSSo—RSS) (n—2) Gy —Fo)® —Xilyi — o~ Brx)*) (n—2)

X X
1 RSS; 1 iy — Bo — P1x;)?

It is possible to show that F follows an F-distribution of 1 and n — 2 degrees of freedom.

RSS,
RSS4

If the variables are strongly linked = RSSy, > RSS; = [~

4 V4 V4 V4 v

X (n—2)>»n—2 =»The test is likely to be rejected.

If the variables are NOT strongly linked =» RSS,~RSS; = F~0 =>» The test is likely to be accepted.
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Principle of Principal Component Analysis (PCA)

Variance

Angle

Principal direction (main axis)

E> How can we estimate this projection ?

Courtesy to Arthur Tenenhaus, Laurent Le Busquet and Julien Bect.
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XTl

p
Total Variance (TV) = z Variance (Variablej)
j=1

1
n

1=
®
N
I
&

i=1 || \x;
Lp Xp

: ONOXO)
Unsupervised/1-block 000

/CNRGH

CENTRE NATIONAL DE RECHERCHE

EEEEEEEEEEEEEEEE
&



s

CNRG

CENTRE NATIONAL DE RECHERCHE

EN Gl

UE

Total Variance

n individuals/subjects

p variables
) > XI Xi1
*11 *1p T Xi2
_ : _ | X, | where x; =1 .
X - * -_ . :
Xn1 Xnp T Xip
Xn

p | | 1 & L1 n p N
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Here, we suppose that every variable is centered = TV = - ™ x;ll5
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Total Variance — Example in 2D
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Total Variance — Example in 2D

| | Ve | | | | | | |
el e e ] o e o e S o s e e e e e e e e e e
| | 6 o ! | | | | | | |
| | | | | | | | | | | |
| | Nl | | | | | | | |
T N e iy [ e e Ay e Pty e e By e e
| | | | | | | | | | |
| | | | | | | | | | |
| | | __ | | @0 | | | | |
L RSN (S i | ey Rk I et Gk e e i
| | | | | | | | | | | |
| | | v | | ~ | | | | | |
|:f—:-r‘-t:c|xln:.r::ro‘11:c._---_.A‘-_'-nLv‘-_.--'_.
| | | | | | | | | |
| | | | | | l | | | | |
| | | I I « | | | I |
|||4|||T|||T||—|||ll||..l-1 e e e e e
| | | | | x. | | | | |
| | | | | | | | | | | |
| | | | | | w0 | | | | |
D ) ] It by C ] PRy Rt PRl [Tt e St pom ] 1
| | | | | | | | | | | |
| | | | | | | | | | | |
||||.|I|_l|||.||||_|||.|I|I.I||l'A|-IL||IF|I|.II|I_|||_l|||_1
| | | | | | | | | | | |
| | | | | | | | | | | |
| | | | | | | | | | | |
e e e e e R e e L
| | | | | | | | | |
| | | | | | | | | |
| | | | | | | | | |
e e e e e e e e S S e e &l l T r
| | | | | | | | | |
| | | | | | | | | |
| | | | | | | | | |
— A L RO G P e B Tes | T T
| | | | | | | | |
| | | | | | | | |
L L L L L L L L .
PEES IS =
| | | | | | | | | |
el e S S LT el e e
| | | | | | | | | | | |
| | | | | | | | | | | |
| | | | | | n/.h. | | | | |
Ry R e e ety (o S el SRS TR R ) R R o i o
| | | | | | | | | | | |
| | | | | | o™ | | | | | |
SYSERR Y TR [ CORINE PR PGP L) S [ 12T LI (TR | [RTRNY) o TR ST |
| | | | | | | | | | | |
| | | | | | | | | | | |
| | | | | | | | | | | |
SR B KT oo P e B (e LIRS oy Ptk Mo i el ey o
| | | | | | | | | | | |
| | | | | | | | | | | |
| | | | | | Ew. | | | | |
S g i ] ety by Cndene ! Sy ot et o bty et b
| | | | | | | | | | | |
| | | | | | o | | | | | |
| | | | | | v | | | | |
REEe] PR os e o i) peee o PRSI ] PRl st i (st v o)
| | | | | | | | | | | |
I | | | I I P= | | | | I |
oD e itits Dl Al e R ol RN S it} o A IS ol
| | | | | | | | | | | |
| | | | | | | | | | | |
| | | | | | @ | | | | |
e I o R A =)

11

[0J@)

oe

[0J@)
4
O
o
5
—i
S~
©
Q
8ciy
>
[
Q
o
-]
(%]
[
D

CENTRE NATIONAL DE RECHERCHE
EN GENOMIQUE HUMAINE

—

4
4



Total Variance — Example in 2D
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Total Variance — Example in 2D

Ix11l2 = \/x121 + x122
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Total Variance — Example in 2D

X412 = \/x121 + x%, X2, = \/X§1 + x5,

1/2

. We can see that ||w]|, = 1.
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x4, = \/x121 + x{, X1, = \/X§1 + x5,
. 1/v2
Director vector w = ( /\/_>. We can see that ||w]|, = 1.
1/v2
Tw = (1/\/@) _ X X1z
W= 1/V2 NG

= ||x4]|,||w][, cos(8;)
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Total Variance — Example in 2D
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X412 = \/x121 + x%, X2, = \/X§1 + x5,

Director vector w = (1/\5). We can see that ||w]|, = 1.
1/V2
e (1/\5) _ X11 X2
Xw o= \WN2) =5
(¥11  X12)
= [[x1[l,[wll, cos(8;) = ||x,]|, cos(8;)
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Director vector w = ( /\/_>. We can see that ||w]|, = 1.

1/v2

Tw o= (1/\/\/3 _du | T

W= T 1/V2 NG

(X11 X12)
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x4, = \/x121 + x{, X1, = \/X§1 + x5,
. 1/v2
Director vector w = ( /\/_>. We can see that ||w]|, = 1.
1/v2
Tw = (1/\/@) _ X X1z
W= 1/v2 NG
(X11 X12)
= 1%l Iwll; cos(@) = 1%, I, cos(6y) = ||x]"||
Similarly:
X X :
T 21 22 proj
dw="2+2= | |
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Total Variance — Example in 2D

x4, = \/x121 + x{, X1, = \/X§1 + x5,
. 1/v2
Director vector w = ( /\/_>. We can see that ||w]|, = 1.
1/v2
Tw o — (1/ ﬁ) Y11 *12
W= 1/V2 NG
(X11 X12)
= 1%l Iwll; cos(@) = 1%, I, cos(6y) = ||x]"||
Similarly:
X X :
T 21 22 proj
X, W = + = ”x |
2 \/E \/E 2 )
In the end:

1
TVProl = 5 ((XIW)2 + (xgw)z)
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PCA optimization criterion

1
TVProl = 5 ((xIw)2 + (x}w)z)

: ONOXO)
Unsupervised/1-block S50 @
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PCA optimization criterion

P
-
R
R
-

(x{jw xj

: ONOXO)
Unsupervised/1-block S50 @
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PCA optimization criterion

N
1, |
TVPro) = 5 ((xIw)2 + (x;w)z) = (x}w) By the way:

P
-
R
R
-

(x{w x;w)

'- CNRGH Unsupervised/1-block 8 8 (.)




PCA optimization criterion

-
, T
,,,,,, X; W
TVProj — 1((XTW)2 n (XTW)Z) - (xTw> By the way: < # )
2 1 2W) ) 2 X, W

P
R
-
R
-

(x{w x;w)
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PCA optimization criterion

P
R
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R
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(x{w xj

: ONOXO)
Unsupervised/1-block S50 @

By the way: <

X{W

Xy W

)
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PCA optimization criterion

P
R
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R
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(x{w xj

: ONOXO)
Unsupervised/1-block S50 @
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X{W

Xy W
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PCA optimization criterion

P
R
-
R
-

Hence:

: ONOXO)
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PCA optimization criterion

P
R
-
R
-

T
,,,,, X1 W X{ W
Tva'Oj = 1((XTW)2 + (XTw)Z) = 7 (xTW> By the way: '1|‘ —
2 1 2W) ) 2 X, W
(x{w X W)

Hence:

1
TVProl = §WTXTXW = Var(Xw)
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PCA optimization criterion

P
R
-
R
-

(x{w xj

Hence:

1
TVProl = §WTXTXW = Var(Xw)

It is possible to show in the general case that:

: ONOXO)
Unsupervised/1-block S50 @

cccccccccccccccccccccc
EEEEEEEEEEEEEEEEEE

By the way: (
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PCA optimization criterion

T
,,,,, X1 W X] W

Tva‘Oj = 1((XTW)2 + (XTw)Z) = 7 (xTW> By the way: '1|‘ —

2 1 2W) ) 2 X, W

P
R
-
R
-

(x{w x;w)

Hence:

1
TVProl = §WTXTXW = Var(Xw)

1
It is possible to show in the general case that: TVProl = ngXTXw = Var(Xw)

o/ . 000
. CNRGH Unsupervised/1-block 5 & o
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PCA optimization criterion

1, (xIw) ] X{ W X; X
j Txar) 2 Tw)2)= 7 T By the way: = W = XW
TVProl = 5 ((x1 w)% + (X, W) ) = X, W y Y XIw xJ
(x{w x;w)
Hence:
1
TVProl = §WTXTXW = Var(Xw)
1
It is possible to show in the general case that: TVProl = ngXTXw = Var(Xw)

Hence, one possible optimization criterion in order to estimate the first principal direction is:
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PCA optimization criterion

1, (xIw) ] X{ W X; X
j Txar) 2 Tw)2)= 7 T By the way: = W = XW
TVProl = 5 ((x1 w)% + (X, W) ) = X, W y Y XIw xJ
(x{w x;w)
Hence:
1
TVProl = §WTXTXW = Var(Xw)
1
It is possible to show in the general case that: TVProl = ngXTXw = Var(Xw)

Hence, one possible optimization criterion in order to estimate the first principal direction is:

max Var(Xw)

Iwll3=1
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3. Unsupervised analysis with two-blocks



The philosophy of multiblock component methods
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Y. = X 1wy
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The philosophy of multiblock component methods

Y. = X1w1 = wumRNAl —|- . —|—w131mRNAJ1

Y2 = Xsz = fwngNAml + ... +1U2J2DNAII1J2
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The philosophy of multiblock component methods

block
components

YiI— X1w1 = wumRNAl —|- . —|—w131mRNAJ1

Yo = Xsz = fwngNAml + ... +1U2J2DNAII1J2
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The philosophy of multiblock component methods

block block
components weight-vectors

YiI— X1w1 = wumRNAl —|- . —|—w131mRNAJ1

Yo = leWz = fwngNAml + ‘o +w2J2DNAmJ2
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The philosophy of multiblock component methods

Block components should verified
two properties at the same time:

1. Block components  well
explain their own block.

1. Block components are as
correlated as possible for
connected blocks.

>‘5 CNRG EEEEE Unsup./2-blocks .OOOO



The philosophy of multiblock component methods

of olole [ YoJo 00O
!CNRGH 00O BN Unsup./2-blocks "~ .o

14



The philosophy of multiblock component methods

Correlation based methods
Find block-weight vectors wy, ..., Wy maximizing

a function of ® = {cor(X;w;, X; wy)}.

Covariance based methods
Find block-weight vectors wy, ..., w; maximizing

a function of ¥ = {cov(ijj,kak)}.

Courtesy to Arthur Tenenhaus.

Unsup./2-blocks L ASIS
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From PCA to PLS/CCA

Principal Component Analysis (PCA)

max Var(Xw)

Iwliz=1
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From PCA to PLS/CCA

Principal Component Analysis (PCA)

max Var(X;w;) Var(X,w,)
W1,W2

[will3=1
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From PCA to PLS/CCA

Principal Component Analysis (PCA)
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From PCA to PLS/CCA

Principal Component Analysis (PCA)

nax JVar(X;w;) Cor(X;wy, X,w,)+/Var(X,w,)

N2 — ~ v
”Wlllz—l
Cov(X 1wy, X, W)

a =
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From PCA to PLS/CCA

Principal Component Analysis (PCA)

nax Cov(X;wyq, X,W5)

[will5= 1
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From PCA to PLS/CCA

Principal Component Analysis (PCA)

wigx Cov(X;wy, X, W3)

Var(X;wj)=1
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From PCA to PLS/CCA

Principal Component Analysis (PCA)

max
W1,W>

Var(X;wj)=1

Cov(X;wy, XoW,) =

o) X6
Unsup./2-blocks 00

max
W1,Wy

Var(X;wj)=1

Cor(X,wy, X,w5)
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From PCA to PLS/CCA

Partial Least Squares (PLS2)
max Cov(X;wq,X,w,)
W1,W3

[will5=1



From PCA to PLS/CCA

Canonical Correlation Analysis (CCA)

max Cov(X;wq, X,wW,)
Wq,W>

Var(X;w;)=1
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Partial Least Squares (PLS2)

max Cov(X;wq,X,w,)
W1,W3

[will5=1
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PLS & CCA with a figure

*,'\/ +"\/

I<— Y1 = wi1X1 + WipX5 y, Xz )—
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PLS & CCA with a figure

[x1 X, ]~V ((0,0), (o5 0i5)>

*,'\/ 4‘,"\/

I<— Y1 = wi1X1 + WipX5 y, X Z
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PLS & CCA with a figure

N 1 05 _[oif(x); <0
[Xl XZ] N <(0,0), (05 1 )> (Z)l {1 otherwise
*,'\/.*,"\/ &

I<— Y1 = wi1X1 + WipX5 y, Xz )—
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PLS & CCA with a figure

1 0.5)

1 %1~ (00, (, =

+’» ,*,"\/

yZOCZ
NH
% o
Cldg
<Ir_
4 2 ; :
x1
coe
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0 if (X)i <0
1 otherwise
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Two-blocks special cases: PLS & CCA

Canonical Correlation Analysis (CCA)

max Cov(X;wq, X,wW,)
W,W>

Var(X;w;)=1

a =
}' CNRGH Unsup./2-blocks O‘OOO

Partial Least Squares (PLS2)

max Cov(X;wq,X,w,)
W1,W3

[will5=1
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Two-blocks special cases: PLS & CCA ... and Regularized-CCA

Canonical Correlation Analysis (CCA) Partial Least Squares (PLS2)
wiax Cov(X wy, X, w5) wax Cov(X wy, X,w5)
Var(X;w;)=1 w;ll5=1

Regularized-CCA

lnaXCOVOQNWJXZWQ)
W1,W2

S. L. (1 — ’l'i)VaI'(XiWi) + Tillwi”% = 1.
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Two-blocks special cases: PLS & CCA ... and Regularized-CCA

e U

Canonical Correlation Analysis (CCA) Partial Least Squares (PLS2)
wiax Cov(X wy, X, w5) wax Cov(X wy, X,w5)
Var(X;w;)=1 w;ll5=1
CCA RCCA PLS
‘ | | | | | | | | | ‘
0 1 0.5 1

Regularized-CCA

max COV(X1W1, X2W2)
W1,W2

S. L. (1 — Tl-)Var(Xl-wl-) + Tillwi”% = 1.

?_CNRGH Unsup./2-blocks O‘OOO
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PLS & CCA with a figure
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:> with g a continuous, convex and derivable function.
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Summary of RGCCA

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

max 2 Ckl g(COV(Xka» Xlwl))

W1,... W[,
k,l=1

S.t.WlTMlWl = 1, [ = 1, ,L
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The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion :

L
max Z Cklg(COV(Xka»XlWl))
W1,... W[, =

S.t.WlTMlWl = 1, [ = 1, ,L

‘ With “g” a continuous, convex and derivable function.

‘ c;x = 1 for two connected blocks and 0 otherwise.
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‘ With “g” a continuous, convex and derivable function.
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‘ Where M; is any J; X J; positive definite matrix.
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‘ With “g” a continuous, convex and derivable function.

‘ c;x = 1 for two connected blocks and 0 otherwise.

‘ Where M; is any J; X J; positive definite matrix.

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

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

L
max Z Cklg(COV(Xka»XlWl))
W1,... W[, =

S.t.WlTMlWl = 1, [ = 1, ,L

‘ With “g” a continuous, convex and derivable function.

‘ c;x = 1 for two connected blocks and 0 otherwise.

‘ Where M; is any J; X J; positive definite matrix.

Most of the time (this is the case today !) M, is chosen such that:
wMw, = (1 —t)Var(Xyw) + 7flwyll53 = 1.
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Summary of RGCCA

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

L
max Z Cklg(COV(Xka»XlWl))
W1,... W[, =

S.t.WlTMlWl = 1, [ = 1, ,L

‘ With “g” a continuous, convex and derivable function.

‘ c;x = 1 for two connected blocks and 0 otherwise.

‘ Where M; is any J; X J; positive definite matrix.

Most of the time (this is the case today !) M, is chosen such that:
w Mw, = wf ((1 —T)ITX X, + rlljl) w, =1.

"CNRG EEEEE Unsup./L-blocks O @ O



Summary of RGCCA

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

L
max Z Cklg(COV(Xka»XlWl))
W1,... W[, =

S.t.WlTMlWl = 1, [ = 1, ,L

‘ With “g” a continuous, convex and derivable function.

‘ c;x = 1 for two connected blocks and 0 otherwise.

‘ Where M; is any J; X J; positive definite matrix.

Most of the time (this is the case today !) M, is chosen such that:
WlTlel = wlT ((1 - TZ)I_:[X?_X[ + Tll]l) Wl =1.

— _/
Y

Regularized version of the
sample covariance matrix
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Overview of the Multi-Block litterature

BLOCKS ARE PARTIALLY CONNECTED

cir = 1ifX; & X;, 0 otherwise

SUMCOR Var(rg_é‘lg)_l Z Cjrcov(X;wy, X W)
IRk VA

SSQCOR - &1335)_12 61 Cov? (X, W), X wi)
1717 Tk

SABSCOR Var&fé): ; Z Cjk |COV(Xjo,Xk Wk)l

a =
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Overview of the Multi-Block litterature

BLOCKS ARE PARTIALLY CONNECTED v

cir = 1ifX; & X;, 0 otherwise :

SUMCOR Var(rg_é‘lg)_l Z CjrecOV(X; W), X Wy )
JWi)=1 &

SSQCOR - &1335)_12 61 Cov? (X, W), X wi)
W)= &

.k

SABSCOR Var&lﬁ)—l Z Cik |COV(Xjo,Xk Wk)l

JWj)=h &

Courtesy to Arthur Tenenhaus.
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Evaluate the robustness of the model by bootstrapping.
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Evaluate the robustness of the model by bootstrapping.

N ¢ N Y > \aali
o s ¥ S
S S & 5 && - S
NE

I

MKINNA (X | ]

Bootstrap sample n°1

Weight for mRNA;
XCNRGH OO O : : : ..... Unsup./L-blocks © O @ 0O



Evaluate the robustness of the model by bootstrapping.

N ¢ N Y > \aali
o s ¥ S

S S & 5 && - S
NE
I

MKINNA (X | ]

Bootstrap sample n°1

o)
C
=
Weight for mRNA, o
i []
Weight value
XCNRGH OO O : : : ..... Unsup./L-blocks © O @ 0O



Evaluate the robustness of the model by bootstrapping.

N ¢ N Y > \aali
%Y’ %Y' Y”é\ V&Q %V' Q§
8 S & SRS
NE
]

MKINNA (X | ]

Bootstrap sample n°1

@)

C

S
Weight for mRNA; ] 0

Weight value
Weight for miRNA;,
)‘(CNRGH 00O ) (I LA Unsup./L-blocks O O @ OO0

B T OO O O O .



Evaluate the robustness of the model by bootstrapping.

N ¢ N Y > \aali
%Y’ %Y' Y”é\ V&Q %V' Q§
8 S & SRS
NE
]

MKINNA (X | ]

Bootstrap sample n°1

o)
C
=
Weight for mRNA; g‘ 0
Weight value
o)
3
Weight for miRNA, %‘
i []
Weight value
)‘(CNRGH 00O S B Unsup./L-blocks 00 @ ole
| R O O O 0O O :



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.
N v\ N N Nadd \aalé
§V~ § QQVSQ Q@” § §

M

|

=TS SHEE

- 1]

J

N

Bootstrap sample n°B

Al

Weight value

=>» The weight is likely to be considered as
significantly different from 0.

Frequency

Weight for mRNA,

0

Weight value 10
CNRG OO0 O

1
of 000
'CNRGH B8 Unsup./L-blocks 00 @ ole 000

Frequency

Weight for miRNA;,

24



Evaluate the robustness of the model by bootstrapping.
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Weight for mRNA, g‘ L | -> The .v\{elght is I.|ker to be considered as
i , significantly different from 0.
Weight value :0
|
|
|
|
-~ |
Weight for miRNA; qé‘ =» The weight is unlikely to be considered as
’ £ significantly different from 0.

Weight value
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Evaluate the robustness of the model by bootstrapping.
~ o) N NP Nl
§V~ §$ Q@@ Q&* ®3§ §~§
M
|

[ i
S
| —

N

Bootstrap sample n°B

|
|
l : =>» The weight is likely to be considered as
; . significantly different from 0.
|
|

Frequency

Weight for mRNA,

Weight value 0

Out of these distributions, RGCCA non:—parametl:'ically estimates confidence intervals ([q¢ 025, 90.975])
and p-values (min(Nbyg, Nb<y)/max(Nbsg, Nb.)).

=>» The weight is unlikely to be considered as
significantly different from 0.

Weight value :O
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5. Supervised analysis with L-blocks



Supervising with RGCCA
N




Supervising with RGCCA
N




Supervising with RGCCA

Y”
S




Supervising with RGCCA

V1

ple_group



Supervising with RGCCA




Supervising with RGCCA
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I Step 1: Learn a supervised reduced space
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Supervising with RGCCA
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Supervising with RGCCA

mRNA (X,)

A

DNAm (X,)

A

miRNA
(X3)
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V1

Y3

S

ple_group

>

Yl(Rl) YZ(RZ) Y3(R3)

Step 2: Learn a classifier out
of this reduced space

Supervised/L-blocks @ O
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Supervising with RGCCA

Sample_group

mRNA (X;) « Y1
Sample_group
(R1) (R2) (R3)
DNAm (X,) -> Y, 1 Y. 2 Y, 3
Step 2: Learn a classifier out
of this reduced space
miRNA | Y3
(X3)
Step 1: Learn a supervised reduced space
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Supervising with RGCCA

A

mRNA (X,)

DNAm (X,)

A

miRNA
(X3)

V1

Y3

S

ple_group

>

Yl(Rl)

YZ(RZ)

Y§R3)

Step 2: Learn a classifier out

of this reduced space

Sample_group

Step 1: Learn a supervised reduced space

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

Supervised/L-blocks @ O

2/ CNRGH
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Supervising with RGCCA

mRNA (X,) ¢ Y1
Sample_group Sample_group
DNAm (X,) | -> Y1(R1) YZ(Rz) Y§R3) -
Step 2: Learn a classifier out
of this reduced space
miRNA | Y3
(X3)
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
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F1-score

Confusion Matrix:

Predicted

labels

True labels

Positive Negative

True False
Positive  Positive  Positive
(TP) (FP)
False True
Negative Negative Negative
(FN) (TN)
O 0O O O 0 O
O 0O O O O
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F1-score

Confusion Matrix:

Predicted

labels

True labels

Positive Negative

True False
Positive  Positive  Positive
(TP) (FP)
False True
Negative Negative Negative
(FN) (TN)
O 0O O O 0 O
O 0O O O O

TP

TP+ FP
=» How many positive predicted labels are true ?

precision =

..... Supervised/L-blocks O @
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F1-score

Confusion Matrix: True labels TP

precision =

Positive Negative TP + FP
True False =» How many positive predicted labels are true ?
Positive  Positive  Positive P
Predicted (TP) (FP) recall = ————
labels False True TP+ FN _
_ _ _ =» How many true positive labels are retrieved ?
Negative Negative Negative
(FN) (TN)

"
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F1-score

Confusion Matrix: True labels TP

precision =

Positive Negative TP + FP
True False =» How many positive predicted labels are true ?
Positive  Positive  Positive P
Predicted (TP) (FP) recall = ————
labels False True TP+ FN ,
_ _ _ =» How many true positive labels are retrieved ?
Negative Negative Negative
(FN) (TN)
P 2 _ 2precision.recall
-1 1 ~ recall + precision

+ —
recall ' precision
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6. Going further with RGCCA
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Sparse Generalized Canonical Correlation Analysis (SGCCA)
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Sparse Generalized Canonical Correlation Analysis (SGCCA)
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Sparse Generalized Canonical Correlation Analysis (SGCCA)
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II X4 I =
I X,

max Z cklg(Cov(Xka,Xle))

Wq,...W|,
kl=1

)
w3 = 1

S. t. < Ju =1, ...,L.
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Sparse Generalized Canonical Correlation Analysis (SGCCA)

|

v

E> The LASSO regularization allows to perform variable selection.
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\

S. t. 4

L

max Z cklg(Cov(Xka,Xle))

Wq,...W|,

k=1
,
lwy I3 = 1

,l=1,..,L.

Ji
lwill; = Z|le| <5 )
\ j=1

Controls the level of sparsity (has to be tuned).
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Multiway Generalized Canonical Correlation Analysis (MGCCA)

N
\ 4

Yo JL L
C11

max Z Cki g(COV(Xka,XlWl))

K Yi CiL Wi,.., W[,

// k1=1
( 2 _

II X, Iwill3 =1
< S S. t. < I =1,..,L.
Ji
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Multiway Generalized Canonical Correlation Analysis (MGCCA)
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Multiway Generalized Canonical Correlation Analysis (MGCCA)
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max Z Cki g(COV(Xka,XlWl))

K Vi CiL Wi, W

// ki=1
( 2 _

II X, Iwill3 =1
— S S. t. < I =1,..,L.
l w, =w @ w/
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Multiway Generalized Canonical Correlation Analysis (MGCCA)

N
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Yo JL L
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Multiway Generalized Canonical Correlation Analysis (MGCCA)

N
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Yo JL L
C11

max Z Cki g(COV(Xka,XlWl))

K Vi CiL Wi, W

// ki=1
( 2 _

II X, Iwill3 =1
— S S. t. < I =1,..,L.
l w, =w @ w/
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Example of such data: Electro-EncephaloGrams. Advantages:
1. The tensor structure is taken into account.
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Multiway Generalized Canonical Correlation Analysis (MGCCA)

N
\ 4

Yo JL L
C11

c max Z Cki g(COV(Xka,XlWl))

Kz//’ Y IL W1,...W[, oy

( 2 _

II X, Iwill3 =1
— S S. t. < I =1,..,L.
l w, =w @ w/
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Example of such data: Electro-EncephaloGrams. Advantages:
1. The tensor structure is taken into account.
2. We can separately interpret the influence of each dimension.
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Multiway Generalized Canonical Correlation Analysis (MGCCA)

N
\ 4

Yo JL L
C11

c max z Cki g(COV(Xka,XlWl))

Kz//’ Y IL W1,...W[, oy

( 2 _

II X, Iwill3 =1
— S S. t. < I =1,..,L.
l w, =w @ w/
\

Example of such data: Electro-EncephaloGrams. Advantages:

1. The tensor structure is taken into account.

2. We can separately interpret the influence of each dimension.

3. The number of paramters to estimate can be tremendously reduced (from J; X K; to J; + K;).

FurtherO @ O 26
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Multiway Generalized Canonical Correlation Analysis (MGCCA)

N
\ 4

Yo JL L
C11

c max z Cki g(COV(Xka,XlWl))

Kz//’ Y IL W1,...W[, oy

( 2 _

II X, Iwill3 =1
— S S. t. < I =1,..,L.
l w, =w @ w/
\

Example of such data: Electro-EncephaloGrams. Advantages:

1. The tensor structure is taken into account.

2. We can separately interpret the influence of each dimension.
3. The number of paramters to estimate can be tremendously reduced (from J; X K; to J; + K;).

E> New extension with Tensor GCCA
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Other extensions of RGCCA
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Other extensions of RGCCA

Kernel GCCA: in order to take estimate non-linear links between blocks.
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Other extensions of RGCCA

Kernel GCCA: in order to take estimate non-linear links between blocks.

Functional GCCA: in order to handle longitudinal blocks.
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Other extensions of RGCCA

Kernel GCCA: in order to take estimate non-linear links between blocks.

Functional GCCA: in order to handle longitudinal blocks.

Multi-group: find relationships between variables within each group that are common to all groups.
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Other extensions of RGCCA

Kernel GCCA: in order to take estimate non-linear links between blocks.

Functional GCCA: in order to handle longitudinal blocks.

Multi-group: find relationships between variables within each group that are common to all groups.

Graph-net SGCCA: add a regularization term based on a gene network.
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Other extensions of RGCCA

Kernel GCCA: in order to take estimate non-linear links between blocks.

Functional GCCA: in order to handle longitudinal blocks.

Multi-group: find relationships between variables within each group that are common to all groups.

Graph-net SGCCA: add a regularization term based on a gene network.

Group SGCCA: perform group selection.
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