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Case Study: Major Depressive Disorder (MDD)

Figure taken from Amazigh Mokhtari’s PhD manuscript.

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.
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Now with this 2 tests, let us see what are the 
results of PCA on the MDD case study

Č See section 1 on the Rmarkdown `MDD_case_study_RGCCA`
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with ╛-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selectionin RGCCA: 
SparseGeneralized Canonical Correlation Analysis (SGCCA)

7. The flexible OptimizationFramework of RGCCA

× The generalprincipal
× Extension to multi-wayanalysis
× From Sequential to Global

1. ggg

2. The general principal
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The philosophy of multiblock component methods

é

é

Block componentsshouldverified

two propertiesat thesametime:

1. Block components well

explaintheir ownblock.

1. Block components are as 

correlated as possible for  

connected blocks.
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Courtesy to Arthur Tenenhaus.
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Let us see what are the results of PLS/CCA on 
the MDD case study

Č See section 2.2 & 2.3 on the Rmarkdown `MDD_case_study_RGCCA`
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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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ὼȟὼȟὼ 8.664767e-22 1491.8906

OVERFITTING

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.

Best model
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Č 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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How do we regularize CCA ?
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PLS & CCA with a figure
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Let us see how Regularize CCA performs on 
the MDD case study

Č See section 2.4 & 2.5 on the Rmarkdown `MDD_case_study_RGCCA`
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with ╛-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selectionin RGCCA: 
SparseGeneralized Canonical Correlation Analysis (SGCCA)

7. The flexible OptimizationFramework of RGCCA

× The generalprincipal
× Extension to multi-wayanalysis
× From Sequential to Global

1. ggg

2. The general principal
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Summary of RGCCA
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Where Ἑ is any ὐ ὐpositive definite matrix.

ὧ ρfor two connected blocks and πotherwise.

With “Ὣ” a continuous, convex and derivable function.

Regularized version of the 
sample covariance matrix
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Let us see how RGCCA performs on the MDD 
case study

Č See section 3.2 on the Rmarkdown `MDD_case_study_RGCCA`
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Let us apply this permutation procedure on 
the MDD case study

Č See section 3.3 on the Rmarkdown `MDD_case_study_RGCCA`
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Let us apply this permutation procedure on 
the MDD case study

Č See section 3.4 on the Rmarkdown `MDD_case_study_RGCCA`
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with ╛-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selectionin RGCCA: 
SparseGeneralized Canonical Correlation Analysis (SGCCA)

7. The flexible OptimizationFramework of RGCCA

× The generalprincipal
× Extension to multi-wayanalysis
× From Sequential to Global

1. ggg

2. The general principal
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Let us apply a supervised version of RGCCA 
on the MDD case study

Č See section 4 on the Rmarkdown `MDD_case_study_RGCCA`

35



1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with ╛-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selectionin RGCCA: 
SparseGeneralized Canonical Correlation Analysis (SGCCA)

7. The flexible OptimizationFramework of RGCCA

× The generalprincipal
× Extension to multi-wayanalysis
× From Sequential to Global

1. ggg

2. The general principal
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Where:
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Let us apply both an unsupervised/supervised
version of SGCCA on the MDD case study

Č See section 5 & 6 on the Rmarkdown `MDD_case_study_RGCCA`
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with ╛-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selectionin RGCCA: 
SparseGeneralized Canonical Correlation Analysis (SGCCA)

7. The flexible OptimizationFramework of RGCCA

× The generalprincipal
× Extension to multi-wayanalysis
× From Sequential to Global

1. ggg

2. The general principal

40



ÍÁØ
Ἷ ȟȣȟἿ

ȟ

ὧ Ὣ#ÏÖἦἿȟἦἿ

ÓȢÔȢ

Ἷ ἙἿ ρ

ύ ί
ȟὰ ρȟȣȟὒȢ

ὧ

ὧ

ὧ

ἦ

ἦ

ἦ

ὪἿȟȣȟἿ

41

Principle of the RGCCA Optimization Algorithm
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In addition, assuming uniqueness of the solution of the MM step, the following properties hold:
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In addition, assuming uniqueness of the solution of the MM step, the following properties hold:

× The sequence Ἷ is asymptotically regular:
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In addition, assuming uniqueness of the solution of the MM step, the following properties hold:

× The sequence Ἷ is asymptotically regular:
ÌÉÍ
ᴼ

Ἷ Ἷ π

× At convergence, a stationnary point is obtained.
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with ╛-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selectionin RGCCA: 
SparseGeneralized Canonical Correlation Analysis (SGCCA)

7. The flexible OptimizationFramework of RGCCA

× The generalprincipal
× Extension to multi-wayanalysis
× From Sequential to Global

1. ggg

2. The general principal
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with ╛-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selectionin RGCCA: 
SparseGeneralized Canonical Correlation Analysis (SGCCA)

7. The flexible OptimizationFramework of RGCCA

× The generalprincipal
× Extension to multi-wayanalysis
× From Sequential to Global

1. ggg

2. The general principal
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Pros:
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× The obtain algorithm is rather simple (simple update) and is globally convergent.
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Following the optimization framework of RGCCA, the core optimization problem is:

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

Pros:
× A single optimization problem allows to extract all components simultaneously.
× The obtain algorithm is rather simple (simple update) and is globally convergent.
× It is possible now to add constraints across components.
Cons:
× In this form, we have to extract the same number of component per block.
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Kernel GCCA (Tenenhaus, Philippe and Frouin, 2015):
In order to take estimate non-linear links between blocks.
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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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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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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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The RGCCA framework is:
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The RGCCA framework is:

× General as in encompasses a large number of methods in the multi-block literature.
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The RGCCA framework is:

× General as in encompasses a large number of methods in the multi-block literature.
× Very flexible thanks to its optimization framework that easily allows to develop many extensions…
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The RGCCA framework is:

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

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