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Context

rVSV-ZEBOV Ebola Vaccine phase I dose escalation trial

First vaccine to show efficiency during the Ebola
outbreak [Henao-Restrepo et al., The Lancet, 2017 ]

Hamburg vaccination dataset content

3 types of responses :
Antibody response Cellular functionnality Genomic expression

18 participants divided in 2 vaccination groups :
3 ¨ 106 p f u 20 ¨ 106 p f u
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rVSV-ZEBOV Ebola Vaccine phase I datasets
3 families of blocks of longitudinal data

Data analysis : high dimensional problem

n “ 18, p P t129, 18301u, 8 blocks (T “ 8)
T : number of blocks ùñ multi-block approach,

Variety of technologies ùñ heterogeneous data.

Objective

Predict the antibody response (after months) with the immune
response (after days). Unfolded analysis : forget temporal
structure.

Ñ See [Rechtien et al., 2017 ]
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Remaining big challenge : the missing values
Missing origins in the Genomic expression dataset

Poor sample qualities in case of :
Low RNA integrity number (RIN)
Insufficient library concentration
Low sequencing depth
7 5 9 1 15 10 14 4 2 12 17 16 8 18 13 11 3 6

t1
t2
t3
t4

Preliminar observations

30% of missing samples/values,
Missing structure, parallel to time structure

ùñ Interest of a block structure
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Existing solutions

Try many methods of imputations such as :
Mean imputation per variable per block,
softImpute [Hastie and Mazumder, 2015 ], no grouping
structure
missMDA [Josse and Husson, 2016 ], variable grouping
structure

Main problems of those methods :

No variable selection,
Not supervised,

Not converging,
Mean is the best in that case.

Today : show you what we got!

A PLS-based method

Do variable selection,
Is supervised,

Converges,
Better than Mean

ùñ

ùñ Missingness structure

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 5 / 31



The PLS approaches, from [Wold father & son, 1983]

Equivalent to a eigen-space problem, or Singular Value
Decomposition problem (SVD), with deflation. Under the
common notations :

Weights or loadings or “poids” u and v : power given to a
variable from X, via u, and from Y, via v.
Scores or variates of (principal) components Xu and Yv
: projections of X and Y in the sub-spaces defined by u and
v.

ùñ Research, by projections, in X the information linked to Y.
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Resolution of the PLS problem
Under the Lagrangian formalism :

max
u,v,αxě0,αyě0

vT YT Xu´ αx{2p||u||22 ´ 1q ´ αy{2p||v||22 ´ 1q,

Xnˆp and Ynˆq the sample matrices, centered, of the covariates
and of the response, then :

System B. “ 0 :
$

’

’

&

’

’

%

Bu. : αxu “ XT Yv
Bv. : αyv “ YT Xu
Bαx . : ||u||22 “ 1
Bαy . : ||v||22 “ 1

Optimization (NIPALS) :
1. u Ð XT Yv

2. u Ð u{||u||2
3. v Ð YT Xu

4. v Ð v{||v||2

Deflation :

X Ð X´ XuuT

Y Ð Y´ YvvT

Regression :
Y « XB
B “

vT YT Xu
||Xu||22

uvT

Classification (PLS-DA) :
LDA on pXu,Yq, u is built on the R
successive components.
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Variable selection in PLS Ñ sparse PLS
Principle, interest and actual solutions

Interest : Limit the number of biological measurements,
Regularization shrinking L1-norm of the weights,
see [Tibshirani, 1996 ].

ùñ Selection & regularization.

Some sparse PLS

[Lê Cao et al., 2008 ], 2 para./axis :
min
u,v
||YT X´ vuT ||2F ` λx||u||1 ` λy||v||1

[Chun and Keleş, 2010 ], M “ XT YYT X, 3 para./axis :
min
w,c
´κwT Mw` p1´ κqpc´ wqT Mpc´ wq ` λ1||c||1 ` λ2||c||2

subj. to wT w “ 1,
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Application : Liver Toxicity Dataset via classical
sPLS [Lê Cao et al., 2008 ]

From [Heinloth et al., 2004 ]. 64 drugged mice and their RNA
expression, 10 response variables about liver : X64ˆ3116, Y64ˆ10.

λy “ f pkeepyq, keepy “ 2 fixed,
Min of error : 12 select. var. in X.
PB : How many Y var. in the
model ?
2?...3?...5?...6?... |keepy “ 2u

Good prediction :
Many errors minimized,
Bad selection : ě 5 variables
predicted |keepy “ 2u.
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sparse PLS : Resolution of the classical problem
Under the Lagrangian formalism, pβx, βyq fixed by the user :

max
u,v,pαx ,αy ,βx ,βyqě0

vT YT Xu´αx{2p||u||22´1q´αy{2p||v||22´1q´βx||u||1´βy||v||1, (1)

System :
$

’

’

&

’

’

%

Bu. : αxu “ XT Yv´ βxsignpuq
Bv. : αyv “ YT Xu´ βysignpvq
Bαx . : ||u||22 “ 1
Bαy . : ||v||22 “ 1

Optimization :
1. u Ð SβxpX

T Yvq

2. u Ð u{||u||2
3. v Ð SβypY

T Xuq

4. v Ð v{||v||2
where t Ñ S λptq is the
soft-thresholding
function.

Our idea
Flip S λ, a non linear function, and v Ñ XT Yv and u Ñ YT Xu,
linear functions with a common λ.
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sparse PLS : Resolution of the data-driven problem

Optimization :
1. u Ð SλpXT Y{pn´ 1qqv

2. u Ð u{||u||2
3. v Ð SλpXT Y{pn´ 1qqu

4. v Ð v{||v||2

Interests

Select on X and on Y with 1
parameter : λ,
Interpret λ : correlation threshold
if X and Y standardized.

dd-sPLS : data driven sPLS on R components

u “ arg max
uPRpˆR

uT u“IR

||S λ

´

YT X
n´ 1

¯

u||2F , v “
` S λpNqT uprq

||S λpNqT uprq||2

˘

r“1..R (2)

Regression : PLS of pt “ Xu, s “ Yvq ùñ scorespu, vq,
a “ diagpaprqqr“1..R|a

prq “ă svprq, tuprq ą {||tuprq||22 then

Y « XB, B “ uuavT vT
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dd-sPLS, a few theoretical results
Proposition 1, where N “ YT X{pn´ 1q :

L : λ Ñ maxt||S λpNqu||22|u
T u “ 1u, is decreasing on r0, 1s

and continuous on r0, 1s ´ t||N||8u.

Interpretation : λ P r0, 1s, permits to control the information in
common to X and Y to put in the model Ñ Regularization

Proposition 2, symmetric in u and v :

@λ P r0, 1s, denoting Cpλqi the ith-column of S λpNq, u “

puiqi“1..p sol. of (2) and v “ S λpNqT u{||S λpNqT u||2 then:
@i “ 1..p : ui “ 0 ðñ ă Cpλqi , v ą“ 0.

Interpretation : The problem implies sparsity and admits
Upper bounds on u and v cardinalities, decreasing with λ.
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dd-sPLS, a question of monotonicity
Is the cardinality monotonically decreasing per
component ?

No, a counter-example :

YT X
n´ 1

“

X1 X2 X3 X4 X5 X6 X7 X8 X9
Y1 1.00 -0.06 -0.10 0.07 0.09 0.15 0.16 0.14 0.22
Y2 -0.08 0.98 0.29 -0.18 0.25 0.02 0.04 -0.01 -0.03
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0
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8

Comparison upper bound Cardinality (C(λ)) VS real Cardinality (Card(u))
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2 components :
Close in L2-norm,
Different in L0-norm.

Reverse order in λ « 0.13.
Remark : Ordered through
L2-norm while L0-norm is
optimized in selection
problems.
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Application : Back to the Liver Toxicity Dataset

Results of the
Cross-Validation

a) : MSEP,
b) : Selection per Y var.

Observations

Via a) , λ “ 0.845 :
? 2 Y var. sel. ?

Via b) :
I λ “ 0.845 :

3rd Y var. sel. half times
I λ « 0.9 :

Exactly 2 Y var. sel.
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Liver Toxicity Dataset : Comparison
Selection X variables comparison sPLS/dd-sPLS

Variable
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sP
LS

k X
“

12
-0.6 -0.52 0.17 -0.12 -0.14 -0.18 -0.21 -0.18 -0.14 -0.33 -0.07 -0.26 0.65 0.11

dd
-s

P
LS

λ
“

0.8
45

-0.6 -0.52 0.17 -0.12 -0.14 -0.18 -0.21 -0.18 -0.14 -0.33 -0.07 -0.26 -0.03 -0.01 0.84 0.13

λ
“

0.9 -0.86 -0.51 0.85 0.17

12 X var. sel. for classical sPLS. 15 in the case λ “ 0.845
and 2 for λ “ 0.9.
Best min and mean errors for classical sPLS method.

Conslusion
dd-sPLS is better to select but worse to predict on that
example.
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Conclusion on the mono-block dd-sPLS

Easy and well known problem (SVD),
Selects X and Y variables with one parameter,
Interpretable parameter : λ :

The minimum level of correlation between one X (or Y)
variable and any of the Y (or X) variables to potentially get

this variable in the model.

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 16 / 31



Multiblock PLS, called MBPLS

Formulation
Wold in 1984 [Wold, 1984 ] and Wangen & Kowalski [Wangen
and Kowalski, 1989 ] consider T blocks indexed Xt of
predictors that can be bound to a response matrix Y. Recalled
weights ut and scores tt “ Xtut for block Xt, weight v and score
s “ Yv for Y and finally super-weights b “ pbtqt“1..T and

super-score t “
T
ÿ

t“1

Xtutbt such as the 1st component of the

classical MBPLS maximizes :

cov2pt, sq “ p
T
ÿ

t“1

vT YT Xtutbtq
2, subj. to vT v “ uT

t ut “ bT b “ 1 (3)

Then deflation of Xt’s and Y and solves (3) anew, loop R times,
R fixed by the user.
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MBPLS and mdd-sPLS

The deflation question

Component-wise method : solve sequential MBPLS with 2
cases of deflation in [Westerhuis and Smilde, 2001 ] :

On each score : Poor prediction results,
On the super-score : Better prediction results but mixing
intra-block information.

Ñ Problem of variance restraining by outer axes. Thought
shared with François Husson and Arthur Tenenhaus.
missMDA [Josse and Husson, 2016 ] with no deflation and
RGCCA, from [Tenenhaus and Tenenhaus, 2011 ], talk about a
deflation-free solution.

ùñ No use of a deflation-based method.
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mdd-sPLS : model definition

An (inter/intra)-blocks separable problem with no global
iteration!

arg max
puprqt ,β

prq
t qPRptˆR

R
ÿ

r“1

T
ÿ

t“1

β
prq
t

2
||S λ

´YT Xt

n´ 1

¯

uprqt ||
2
2 subj. to @r, s|r , s

uprqt
T

uprqt “1

uprqt
T

upsq
t “0

řT
t“1 β

prq
t

2
“1

,

(4)

Inter-block : T independent dd-sPLS problems

ut “ pu
p1q
t , ¨ ¨ ¨ , upRqt q “ arg max

uPRptˆr
||Mtpλqu||2F , subj. to uT u “ IR (5)

Intra-block : R SVD problems

βprq “ arg max
βPRT

||zprqpλqβ||22, subj. to βTβ “ 1 (6)
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Missing data estimation : The Koh-Lanta algorithm

The Tribe Stage : train dataset imputation using
mdd-sPLS prediction on s and λ. Using selected variables
of global model : Koh-Lanta way of selection. Iterative
process reestimating global model
The Reunification Stage : test dataset imputation, using
mdd-sPLS prediction on ttrain for non missing blocks and λ,
on selected variables of main model. Non iterative
process. Estimate Ytest reunifying all info.
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Simulations

Build T -blocks data-set +Y matrix :
Inter-block correlations : ρt,
Intra-block correlations : ρi,
Predictor/Response correlations :
ρt.

In each case define groups of
variables with different sizes. Half of
the blocks not linked to the response.

Chosen parameters

T “ 10 blocks, 3 groups of variables, 40 variables per group &
variable number of variables correlated to Y.

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 21 / 31



Baseline methods & question
2 step methods :

Imputation : missMDA, softImpute, Mean, nipals
(mixOmics solution),
Prediction : mdd-sPLS, Lasso classical sPLS (for nipals
imputation).

All-in-One method : [Che et al., Scientific reports, 2018 ],
dealing with classification problems. Challenging recurrent
neural networks. Huge n.

Simulation questions

Robustness to increasing number of missing values ?
Robustness to low n and n ăă p ?
Robustness to low inter-block correlations ?
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Robustness to increasing number of missing values ?

20 samples of 100 individuals for 10 blocks of 40 variables
each with 3 principal directions where only 1 is correlated
with the univariate response. ρi “ ρt “ 0.9. Mean Square Error
(MSE).

The answer seems to be Yes.
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Robustness to low n and n ăă p ?

Change the number of individuals. MSE error

The answer seems to be Yes.
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Robustness to Robustness to low inter-block
correlations ?

ρi “ 0.9, ρt “ 0.2. MSE error

Hard for the all methods
Another type of simulations ?
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Application to the real data-set

Comparaison Koh-Lanta/Mean imputation for dd-sPLS
model

Day 28 Day 56 Day 84 Day 180 Mean
Error # Error # Error # Error # Error

Mean
1.058 2 18 1.059 0 0.8711

λ « 0.863
0.3985 1.084 6

Koh-Lanta
1.056 4 18 1.060 1 0.8318

λ « 0.865
0.3796 0.9147 17

Rel. gain (%) 0.19 4.7 16 ´0.094 4.5

Final model : dd-sPLS with Koh-Lanta for λ “ 0.8653761
G0

G1

G3

G7

F0

F1

F3

F7

TIFA

SLC6A9

FAM129B

1

0.379

0.925

ÿ

´0.962

0.272

ÿ

mdd-sPLS
ÿ

0

´0.924

´0.383

0

Gueckedou28

Gueckedou56

Gueckedou84

Gueckedou180

tG1

tG3

t s

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 26 / 31



Application to the real data-set

Comparaison Koh-Lanta/Mean imputation for dd-sPLS
model

Day 28 Day 56 Day 84 Day 180 Mean
Error # Error # Error # Error # Error

Mean
1.058 2 18 1.059 0 0.8711

λ « 0.863
0.3985 1.084 6

Koh-Lanta
1.056 4 18 1.060 1 0.8318

λ « 0.865
0.3796 0.9147 17

Rel. gain (%) 0.19 4.7 16 ´0.094 4.5

Final model : dd-sPLS with Koh-Lanta for λ “ 0.8653761
G0

G1

G3

G7

F0

F1

F3

F7

TIFA

SLC6A9

FAM129B

1

0.379

0.925

ÿ

´0.962

0.272

ÿ

mdd-sPLS
ÿ

0

´0.924

´0.383

0

Gueckedou28

Gueckedou56

Gueckedou84

Gueckedou180

tG1

tG3

t s

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 26 / 31



Application to the real data-set

Comparaison Koh-Lanta/Mean imputation for dd-sPLS
model

Day 28 Day 56 Day 84 Day 180 Mean
Error # Error # Error # Error # Error

Mean
1.058 2 18 1.059 0 0.8711

λ « 0.863
0.3985 1.084 6

Koh-Lanta
1.056 4 18 1.060 1 0.8318

λ « 0.865
0.3796 0.9147 17

Rel. gain (%) 0.19 4.7 16 ´0.094 4.5

Final model : dd-sPLS with Koh-Lanta for λ “ 0.8653761
G0

G1

G3

G7

F0

F1

F3

F7

TIFA

SLC6A9

FAM129B

1

0.379

0.925

ÿ

´0.962

0.272

ÿ

mdd-sPLS
ÿ

0

´0.924

´0.383

0

Gueckedou28

Gueckedou56

Gueckedou84

Gueckedou180

tG1

tG3

t s

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 26 / 31



Application to the real data-set

Comparaison Koh-Lanta/Mean imputation for dd-sPLS
model

Day 28 Day 56 Day 84 Day 180 Mean
Error # Error # Error # Error # Error

Mean
1.058 2 18 1.059 0 0.8711

λ « 0.863
0.3985 1.084 6

Koh-Lanta
1.056 4 18 1.060 1 0.8318

λ « 0.865
0.3796 0.9147 17

Rel. gain (%) 0.19 4.7 16 ´0.094 4.5

Final model : dd-sPLS with Koh-Lanta for λ “ 0.8653761
G0

G1

G3

G7

F0

F1

F3

F7

TIFA

SLC6A9

FAM129B

1

0.379

0.925

ÿ

´0.962

0.272

ÿ

mdd-sPLS
ÿ

0

´0.924

´0.383

0

Gueckedou28

Gueckedou56

Gueckedou84

Gueckedou180

tG1

tG3

t s

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 26 / 31



Application to the real data-set

Comparaison Koh-Lanta/Mean imputation for dd-sPLS
model

Day 28 Day 56 Day 84 Day 180 Mean
Error # Error # Error # Error # Error

Mean
1.058 2 18 1.059 0 0.8711

λ « 0.863
0.3985 1.084 6

Koh-Lanta
1.056 4 18 1.060 1 0.8318

λ « 0.865
0.3796 0.9147 17

Rel. gain (%) 0.19 4.7 16 ´0.094 4.5

Final model : dd-sPLS with Koh-Lanta for λ “ 0.8653761
G0

G1

G3

G7

F0

F1

F3

F7

TIFA

SLC6A9

FAM129B

1

0.379

0.925

ÿ

´0.962

0.272

ÿ

mdd-sPLS
ÿ

0

´0.924

´0.383

0

Gueckedou28

Gueckedou56

Gueckedou84

Gueckedou180

tG1

tG3

t s

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 26 / 31



Application to the real data-set

Comparaison Koh-Lanta/Mean imputation for dd-sPLS
model

Day 28 Day 56 Day 84 Day 180 Mean
Error # Error # Error # Error # Error

Mean
1.058 2 18 1.059 0 0.8711

λ « 0.863
0.3985 1.084 6

Koh-Lanta
1.056 4 18 1.060 1 0.8318

λ « 0.865
0.3796 0.9147 17

Rel. gain (%) 0.19 4.7 16 ´0.094 4.5

Final model : dd-sPLS with Koh-Lanta for λ “ 0.8653761
G0

G1

G3

G7

F0

F1

F3

F7

TIFA

SLC6A9

FAM129B

1

0.379

0.925

ÿ

´0.962

0.272

ÿ

mdd-sPLS
ÿ

0

´0.924

´0.383

0

Gueckedou28

Gueckedou56

Gueckedou84

Gueckedou180

tG1

tG3

t s

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 26 / 31



Application to the real data-set

Comparaison Koh-Lanta/Mean imputation for dd-sPLS
model

Day 28 Day 56 Day 84 Day 180 Mean
Error # Error # Error # Error # Error

Mean
1.058 2 18 1.059 0 0.8711

λ « 0.863
0.3985 1.084 6

Koh-Lanta
1.056 4 18 1.060 1 0.8318

λ « 0.865
0.3796 0.9147 17

Rel. gain (%) 0.19 4.7 16 ´0.094 4.5

Final model : dd-sPLS with Koh-Lanta for λ “ 0.8653761
G0

G1

G3

G7

F0

F1

F3

F7

TIFA

SLC6A9

FAM129B

1

0.379

0.925

ÿ

´0.962

0.272

ÿ

mdd-sPLS
ÿ

0

´0.924

´0.383

0

Gueckedou28

Gueckedou56

Gueckedou84

Gueckedou180

tG1

tG3

t s

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 26 / 31



Application to the real data-set

Comparaison Koh-Lanta/Mean imputation for dd-sPLS
model

Day 28 Day 56 Day 84 Day 180 Mean
Error # Error # Error # Error # Error

Mean
1.058 2 18 1.059 0 0.8711

λ « 0.863
0.3985 1.084 6

Koh-Lanta
1.056 4 18 1.060 1 0.8318

λ « 0.865
0.3796 0.9147 17

Rel. gain (%) 0.19 4.7 16 ´0.094 4.5

Final model : dd-sPLS with Koh-Lanta for λ “ 0.8653761
G0

G1

G3

G7

F0

F1

F3

F7

TIFA

SLC6A9

FAM129B

1

0.379

0.925

ÿ

´0.962

0.272

ÿ

mdd-sPLS
ÿ

0

´0.924

´0.383

0

Gueckedou28

Gueckedou56

Gueckedou84

Gueckedou180

tG1

tG3

t s

Lorenzo Hadrien (SISTM) ISPED seminar of biostatistics dd-sPLS + missing samples + heterogeneous data 26 / 31



Conclusion
dd-sPLS :

Easy and well known problem (SVD),
Selects X and Y variables with one parameter,
Interpretable parameter : λ :

The minimum level of correlation between one X (or Y)
variable and any of the Y (or X) variables to potentially get

this variable in the model.
mdd-sPLS+Koh-Lanta :

+ dd-sPLS,
Ok according to simulations,
Works on real data,

Futur work :
Test on new datasets,
Publish + Finish package+vignette
Create kernel dd-sPLS,

Thank you!
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mdd-sPLS : Regression model

Objective and problem

Ŷ “
T
ÿ

t“1

XtBt,

Only pXt Ø Yq relations used :
ùñ No adequacy between block
components.
ùñ Re-order components taking all info.

Solution : classical PLS solution on the super-scores

Denoting bt “ diagpβp1qt , ¨ ¨ ¨ , β
pRq
t qpRˆRq the super-weights for

each block, t “ p
T
ÿ

t“1

Xtu
prq
t β

prq
t qr“1..R and s “ pYvprqqr“1..R :

Bt “ utbtuav
T v,T

$

&

%

pu, vq : Weights of PLS(t, s)

a “
`ă svprq, tuprq ą

||tuprq||22

˘

r“1..R
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Regularization path for rVSV-ZEBOV on mdd-sPLS
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