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1.Introduction
• Following the Lasso in regression, several

sparse versions of PCA and related methods
have been proposed. (Hastie et al, 2015)

• Components are combinations of only a few 
variables: most loadings are zero.

• Useful in the context of high dimensional data: 
p>>n
– Easier interpretation (simple structure)

– Robustness of solutions
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• Correspondence analysis is a versatile method
for categorical data. At the same time:

– A PCA with weights and a special metric

– A particular SVD

– A canonical correlation analysis

• CA for contingency tables, MCA for more than
2 categorical variables

• Sparse CA: a particular case of sparse PCA, 
sparse SVD or sparse CCA
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2.Sparse PCA

• In PCA, each PC is a linear combination of all the 
original variables : difficult to interpret the results 
when p is large

• Objective of SPCA: obtain components easily 
interpretable (many zero loadings in principal factors)

• Principle of SPCA: modify PCA imposing lasso/elastic-
net constraints to construct modified PCs with sparse  
loadings

• Warning: Sparse PCA does not provide a global 
selection of variables but a selection dimension by 
dimension : different from the regression context 
(Lasso, Elastic Net, …)
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2.1 First attempts:
• Simple PCA

– Hausman (1982) loadings -1,0,1

– Vines (2000) : integer loadings  

– Generalized by Rousson, V. and Gasser, T. (2004) : 
blocks of loadings (+ , 0, -)
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Example
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Rousson , Gasser 2003
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• SCoTLASS (Simplified Component Technique –
Lasso) by Jolliffe & al. (2003) : extra L1

constraints
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Non convex problem



Let the SVD of X be                    with               the principal components

PCA can be written as a ridge regression  between the principal 
components and the original variables 

2 2

β

ˆ arg minridge  β Z - Xβ β
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2.2 S-PCA by Zou et al (2006)
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Add a L1 penalty to produce sparse loadings:

ˆ arg min



2 2

β Z - Xβ + β

Lasso 
penalty
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May be solved by an alternated algorithm 
between elastic net and SVD



2.3 Many other techniques

• Trendafilov, 2014: “ the existing methods to obtain 
sparse component loadings are so many and diverse, 
and their number constantly increases “ 

• Instead of finding a « good » value of the sparse
parameter, prespecify the number of zeros (Adachi 
& Trendafilov 2015) ie a L0 norm constraint 
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2.4 Lost properties

– SCotLass: orthogonal loadings but correlated
components

– S-PCA: neither loadings, nor components are 
orthogonal

– Necessity of  adjusting the % of explained variance
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Disjunctive table of J categorical variables
Challenge of sparse MCA : select categorical variables, not 

categories
Principle: a straightforward extension of Group Sparse PCA for

groups of indicator variables, with the chi-square 
metric .

An other approach: prespecified sparsity , Mori et al, 2016
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3.Sparse MCA (Bernard et al, 2012)
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compromise between SPCA and group Lasso

Goal: select groups of continuous variables (zero coefficients to entire 
blocks of variables) 

Principle: replace the penalty function in the SPCA algorithm

by that defined in the group Lasso (Simon et al. 2013)
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ˆ arg min    β Z - Xβ β β
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   β Z X β β
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Group Sparse PCA
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Toy example: Dogs

Data:

n=27 breeds of dogs
p=6 variables 
q=16 (total number of columns) 

X : 27 x 6 matrix of categorical 
variables

K : 27 x 16 complete disjunctive 
table   K=(K1, …, K6)

1 block
= 1 Kj matrix

ASMDA 2019 18



Toy example: Dogs

Dim 1
Dim 2
Dim 3
Dim 4

λ

For λ=0.10:

• 11 non-zero loadings
on the 1st axis

• 6 non-zero loadings
on the 2nd axis

• 5 non-zero loadings
on the 3rd axis

• 3 non-zero loadings
on the 4th axis
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SNPs MCA Sparse MCA

Dim 1 Dim 2 Dim 3 Dim 4 Dim 1 Dim 2 Dim 3 Dim 4

large
medium
small

-0.270
0.222
0.453

0.017
-0.444
0.402

-0.072
0.384

-0.205

0.060
-0.065
-0.085

-0.399
0.808

-0.331

-0.517
0.008
0.610

0.000
0.000
0.000

0.000
0.000
0.000

lightweight   
heavy
veryheavy

0.437
-0.061
-0.428

0.332
-0.265
0.332

-0.098
-0.118
0.493

-0.091
0.154

-0.334

0.000
0.000
0.000

0.471
-0.369
-0.059

0.278
0.426

-0.860

0.000
0.000
0.000

slow
fast
veryfast

0.070
0.177

-0.286

0.297
-0.269
-0.068

0.285
0.065

-0.429

-0.144
-0.019
0.201

-0.002
0.013

-0.011

0.000
0.000
0.000

0.000
0.000
0.000

0.000
0.000
0.000

unintelligent
avg intelligent
veryintelligent

-0.052
0.087

-0.118

0.328
-0.140
-0.134

-0.087
0.255

-0.437

0.417
0.096

-0.764

-0.184
0.197

-0.035

0.000
0.000
0.000

0.000
0.000
0.000

-0.248
-0.488
0.836

unloving
veryaffectionate

-0.264
0.245

0.123
-0.115

-0.028
0.026

0.076
-0.070

-0.040
0.040

0.000
0.000

-0.007
0.007

0.000
0.000

aggressive
non-agressive

-0.113
0.105

0.079
-0.074

0.053
-0.049

-0.034
0.032

0.000
0.000

0.000
0.000

0.000
0.000

0.000
0.000

#non-zero loadings 16 16 16 16 11 6 5 3

% inertia 28.19 22.79 13.45 9.55 21.37 20.81 12.04 5.88

Toy example: Comparison of the loadings 
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Comparison between MCA and Sparse MCA 
on the first plan

Toy example : comparison of displays
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Properties MCA Sparse MCA

Uncorrelated Components TRUE FALSE

Orthogonal loadings TRUE FALSE

Barycentric property TRUE Partly TRUE

% of inertia

Total inertia
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are the residuals after adjusting        for                 (regression projection)
j.1,...,j-1Z 1,...,j-1ZjZ
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4.Sparse Correspondence Analysis

• For contingency tables, CA is both
– a PCA (with weights and the chi squared metric)

– a CCA between rows and columns indicator variables

• Sparse PCA of row profiles leads to column sparse
CA (same for columns)
– Useful for contingency tables with many columns like

documents-terms matrix

– But symmetry is lost

• Doubly sparse CA: an application of sparse CCA or 
of sparse SVD
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4.1 Sparse SVD and sparse CCA

• A rank 1 sparse SVD or Penalized Matrix 
Decomposition (PMD) may be defined as  (Witten et 
al, 2009) 

Where P is a penalty function (usually L1)

• Equivalent formulation:
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• Sparse canonical analysis of X and Y

• R package PMA implements sparse PCA and 
sparse CCA
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4.2 A toy example: colours of sound
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Abdi H., Béra M. (2017) Correspondence Analysis 
In: Alhajj R., Rokne J. (eds) Encyclopedia of Social Network Analysis and Mining,
Springer, New York, 
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CA rows and columns coordinates and contributions
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CA rows and columns coordinates and contributions



• Column sparse CA
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• Both sides sparsity

– In PMD function

sumabsu and sumabsv are equal to

– The smaller they are, the sparser u or v will be.
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– Choosing the sparsity parameter

• According to the number of non zeros for each row and 
column loadings
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First dimension                        second dimension  

columns

rows



– Choosing the sparsity parameter

• According to the (corrected) cumulative percent of 
explained variance
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1 dimension                        2 dimensions 
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5.Conclusions and perspectives

• Work in progress

– Application to large textual data sets

– Optimizing the tuning parameters

– Packaging sparse CA in R (FactoMineR) 

• Further developments: a Sparse Non Symmetric 
Correspondence Analysis?
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