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Data

Multi-blocks data set

Sets 1 J J
/—/%
Variables 1 k K ..
1
Individuals i Xik

1

e Sensory analysis: products - sensorial, physico-chemical

e Survey: individuals - questionnaires themes (students health:
addicted consumptions, psychological conditions, sleep, id)

e Economy: countries - economic indicators each year
e Biology: samples - Omics data (brain tumors: CGH, transcriptome;
mouse: transcriptome, hepatic fatty acid measurements)

= Generalized Canonical Correlation, Procrustes, Statis, etc.
= MFA (Escofier & Pagés, 1998)
= Continuous / categorical / contingency sets of variables
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Data Common Structure Groups Study Partial Analyses To go further

Example: gliomas brain tumors

Gliomas: Brain tumors, WHO classification

astrocytoma (A)................ x5
oligodendroglioma (O) x8
. 43 tumor samples
oligo-astrocytoma (OA) X6

glioblastoma (GBM) . |x24

(Bredel et al.,2005)

Example

e Transcriptional modification (RNA), microarrays: 489 variables

e Damage to DNA (CGH array): 113 variables

<Transcriptome> <Genome alteration>
1 ol o
‘ 1
4
5
g L - X By P P ——
I
BN Avumor = DN Atumor
\ Koy, = log2( 5 o Xay, = log2 4
I
‘-omics’ data
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Data

Objectives

e Study the similarities between individuals with respect to all
the variables

e Study the linear relationships between variables

= taking into account the structure on the data (balance the
influence of each group)

e Find the common structure with respect to all the groups -
highlight the specificities of each group

e Compare the typologies obtained from each group of variables
(separate analyses)
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Data

Principal component methods

The core of principal component methods is PCA on particular
matrices

"Doing a data analysis, in good mathematics, is simply searching
eigenvectors, all the science of it (the art) is just to find the right
matrix to diagonalize"

Benzécri

MFA is a particular weighted PCA!

6/58



Common Structure

Balancing the groups of variables
MFA is a weighted PCA:

e compute the first eigenvalue A{ of each group of variables
e perform a global PCA on the weighted data table:

X1

X2 X

= Same idea as in PCA when variables are standardized: variables
are weighted to compute distances between individuals i and //

8 variables |2 var

7 highly i
correlated

S
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Common Structure

Balancing the groups of variables

Transcriptome | Genome
A1 162 12
A2 35 10
A3 21 5

This weighting allows that:
e Same weight for all the variables of one group: the structure of

the group is preserved

e For each group the variance of the main dimension of
variability (first eigenvalue) is equal to 1

e No group can generate by itself the first global dimension

e A multidimensional group will contribute to the construction
of more dimensions than a one-dimensional group
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Common Structure

Individuals and variables

Individual factor map

~ o GBM30 | o4
oMz o1
- SBkL : &
GBM21  JPA2) GBME0? o

o8 J&&W?& '
MEKAW SGBM3 u@BﬁAoa
oo Dot -
a3
3
2
S o
E ! GBM16
5 N
GBM3
N
v
@ GNNL
T
-2 -1 0 1 2 3

Dim 1 (20.99 %)

= What can be added to interpret?

Dim 2 (13.51 %)

representations

Correlation circle

Dim 1 (20.99 %)
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Data Common Structure Groups Study Partial Analyses To go further Example

Individuals and variables representations

Individual factor map

o
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Dim 1 (20.99 %)
Dim 1 (20.99 %)

= Do the means of the tumors coordinates per stage on each
dimension significantly differ from each other?
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Groups Study

Groups study

= Synthetic comparison of the groups

= Are the relative positions of individuals globally similar from one
group to another? Are the partial clouds similar?

= Do the groups bring the same information?
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Data Common Structure Groups Study Partial Analyses To go further

Principal component in MFA

MFA = weighted PCA = first principal component of MFA

maximizes
J N J
DD DEY E e B SR
j=1 kGKJ \//\711 J=1
WKJ. , / /
Lg(F1, K;) =< BV FiF] >= trace(WKjFlFl)
1

= F1 the most related to the groups in the £, sense

Example
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Groups Study

Representation of the groups
Group j has the coordinates (L, (F1, Kj), Lg(F2, K}))

3 n CEH
2 e 2 groups are all the more
~ close that they induce the
g ° same structure
E 3 e The 1st dimension is
. common to all the groups
wHo ogr e 2nd dimension mainly due
g l T T T T T T to CGH
0.0 0.2 0.4 0.6 0.8 1.0
Dim 1 (20.99 %)
1
0< Ly(FK) = = Z cov?(xy, F1) <1
/\1 kGK_,'
<N

= Could you predict the results of the PCA for each group?
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Groups Study

The RV coefficient

X;

(1K) and X1y iy MOt directly comparable
W

uxny = XJXJ’ and Win 1y = XmX], can be compared
Inner product matrices = relative position of the individuals

Covariance between two groups:

< W), Wi >= > > cov®(x, x))

keK; 1€Km
Correlation between two groups (Escoufier, 1973):

< W: W, >
RV(K, Kyy) = — 0 Vm = 0<RV<I
(K5 Kon) = T T Wl

RV = 0: variables of K; are uncorrelated with variables of K,
RV = 1: the two clouds of points are homothetic

= Extension of the notion of correlation matrix
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Groups Study

Similarity between two groups

Measure of similarity between groups K; and Kp,;:

¢ (Ki, Km) Z Z cov <§\g,§{)

keKj leKm

Ramsay (1984): "Matrices may be similar or dissimilar in a many
ways"

Canonical correlation (Hotteling, 1936), Mantel (1967), Procrustes
(Gower, 1971), dCov (Szekely et al., 2007), kernel based HSIC
(Gretton et al., 2005), etc...
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Groups Study

Numeric indicators

> res.mfa$group$lg
CGH expr WHO

Ki o\ Ki /\j
CGH 2.51 0.60 0.46 J (M2 J_(M)?
expr 0.60 1.10 0.36 Lg(Kj, Kj) = Zk:l.( ) = 1+Zk:2.( )
WHO 0.46 0.36 0.50 (X)? (X)?

> res.mfa$group$RV e CGH gives rlche.r description (L, greater)
CGH expr WHO e RV: a standardized £,

CGH 1.000.36 0.41 e CGH and expr are not linked (RV=0.36)
expr 0.36 1.00 0.48

WHO 0.41 0.48 1.00

Contribution of each group to each component of the MFA
> ros.mia$ 4 e Similar contribution of the 2 groups to
. group$contrib

Dim.1 Dim.2 Dim.3 the first dimension

CGH 45.8 93.3 78.1 . .
e Second dimension onl H
expr 54.2 6.7 21.9 y due to CG
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Partial Analyses

Partial analyses

= Comparison of the groups through the individuals

= Comparison of the typologies provided by each group in a
common space

= Are there individuals very particular with respect to one group?

= Comparison of the separate PCA
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Data Common Structure

Data

Projection of group 1

Projection of group 2

[

Projection of group 3

Groups Study

Partial Analyses

Projection of partial points

Gl

G2

G3

XXXXXXXX
XXXXXXXX
XXXXXXXX
XXXXXXXX

XXXXXXXX
XXXXXXXX
XXXXXXXX

XXXXX
XXXXX
XXXXX
XXXXX

XXXXX
XXXXX
XXXXX

XXXXX
XXXXX
XXXXX
XXXXX

XXXXX
XXXXX
XXXXX

XXXXXXXX
XXXXXXXX
XXXXXXXX
XXXXXXXX

XXXXXXXX
XXXXXXXX
XXXXXXXX

00000
00000
00000
00000

00000
00000
00000

00000
00000
00000
00000

00000
00000
00000

00000000
00000000
00000000
00000000

00000000
00000000
00000000

XXXXX
XXXXX
XXXXX
XXXXX

XXXXX
XXXXX
XXXXX

00000
00000
00000
00000

00000
00000
00000

0000000
0000C
00000000

0

00

000000

00000000 00!

MFA individuals configuration

Partial point 1

Mean point

Partial point 3

To go further

. E{l( =& Hgi(j

Partial point 2

Example
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Data Common Structure Groups Study Partial Analyses To go further

Partial points

opinion attitude

individuals .

F>4  what you think

behavioral conflict
individual i

What you do

" Ry

Example
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Data

F

Common Structure Groups Study Partial Analyses To go further Example

Partial points

Tutorial participants

What you expected What you have learned
for the tutorial during the tutorial
o—(O)—e

What you expected
for the tutorial

R‘k
@
What you have learned
during the tutorial

>
»

F
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Data

F

Common Structure Groups Study

Partial points

Tutorial participants

What you expected
for the tutorial

What you have learned
during the tutorial

Disappointed
learner

Partial Analyses

To go further Example

What you expected
for the tutorial

.\.\Happy learner

What you have learned
during the tutorial

>
»

F
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Data

Dim 2 (13.51 %)

Common Structure Groups Study Partial Analyses To go further

Representation of the partial points

Example

< o | — CGH |
a7 e 1
o :
— "
~ 1
= GDEPM .
S i
© 2 ol T O S
L= i
g Loe :
NI | !
b £ 9 Lo ;
g o 0A
LA
2 4T
< 1
i i
0 1
Gl ¥ !
l i E/
© o i
[ | "
T T f T T T ! T f T
-4 -2 0 2 4 6 -1 0 1
Dim 1 (20.99 %) Dim 1 (20.99 %)

an individual is at the barycentre of its partial points

an individual is all the more "homogeneous" that its
superposed representations are close
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Data

Common Structure

Dim 2 (13.51 %)

Groups Study Partial Analyses

|dentify particular individuals

Individual factor map

To go further

CGH|  GBM30 ! o4
expr . ! .
cBM22 o1
JeSzlaan | %
GBM2i . JPA;} GBME02 O
CBMRT ) oGS a3 G
Gmyﬁgﬁl QﬂMQéA Iﬁ@&bA'O?’
************ GBM29- - —- -1 *.E*E*B_*Ml AOA3~~ -~~~
— Nt
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JeEM24 1 A £
GBM16 e
: L aomz AOA7
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: AA3 AOAL
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Dim 1 (20.99 %)

Example
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Partial Analyses

Numeric indicators

ZI:XJ:(F" ZI:ZJ: Fiq) +ZZ iiq — Fiq)

i=1 j=1 i=1 j=1 i=1 j=1
Total inertia = Between indiv. inertia + Within indiv. inertia
> res.mfa$inertia.ratio

Dim.1 Dim.2 Dim.3 Dim.4 Dim.5
0.84 0.56 0.44 0.59 0.43

e For the first dimension, the coordinates of each partial points
are close (0.84 close to 1)

e The within inertia can be decomposed by individuals
res.mfa$ind$within.inertia
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Data Common Structure Groups Study Partial Analyses To go further Example

Representation of the partial components

Do the separate analyses give similar dimensions as MFA?

Sets 1 J J
f—/%
Variables 1 k K 1 ¢Q
1
Individuals i Xik
I .......
l PCA
1 9@
1
%
I
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Data Common Structure Groups Study Partial Analyses To go further Example

Representation of the partial components

o CGH
s | &
WHO

- e The first dimension of
3 Dimil. WHO .
R L e i each group is well
E projected

¢ pfma.con e CGH has same

3 dimensions as MFA
T T T T T

-1.0 -0.5 0.0 0.5 1.0

Dim 1 (20.99 %)
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Data Common Structure Groups Study Partial Analyses To go further Example

Use of biological knowledge

Genes can be grouped by gene ontology (GO) biological process

GO:0006928 G0:0009966 GO0:0052276
cell motility regulation of signal chromosome
transduction organisation and

biogenesis
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Data

e Biological processes considered as supplementary groups of

- N

«—— Tumors —

Common Structure

Groups Study

Partial Analyses

To go further

Use of biological knowledge

Modules —

variables
Modular approach
1 Iyl i J
..Xlij1 B DTN . - -
‘-omics’ data

Example
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Data

Dim 2 (13.51 %)

1.0

0.8

0.6

0.4

0.2

0.0

Common Structure Groups Study Partial Analyses To go further

Use of biological knowledge

7 CGH
A

Many biological processes
induce the same structure
on the individuals than
MFA

Dim 1 (20.99 %)

Example
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To go further

To go further

e Mixed data: MFA with 1 group = 1 variable
continuous variables: PCA is recovered; categorical variables:
MCA is recovered
mixed: FAMD
e MFA used for methodological purposes:
e comparison of coding (continuous or categorical)
e comparison between preprocessing (standardized PCA and
unstandardized PCA)
e comparison of results from different analyses
e Hierarchical Multiple Factor Analysis:
Takes into account a hierarchy on the variables: variables are
grouped and subgrouped (like in questionnaires structured in
topics and subtopics)
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To go further
Clustering: MFA as a preprocessing

X1 X2

MFA balances the influence of the groups when computing
distances between individuals

J Kj

Z 1)\ Z Xik — X/’k

AHC or k-means onto the first principal components (F1, ..., F.Q)
obtained from MFA allows to

e take into account the groups structure in the clustering

e make the clustering more robust by deleting the last dimensions
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Data Common Structure Groups Study Partial Analyses To go further

Clustering

AHC onto the first 5 principal components from MFA

Hierarchical clustering

o Cluster Dendrogram

; j||””ﬂﬂl]uunnnnun

nertia gain

Individuals are sorted according to their coordinate on F

Example
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Data Common Structure Groups Study Partial Analyses To go further Example

Partition from the tree

An empirical number of clusters is suggested

08

04

o Cluster Dendrogram

Hierarchical clustering 1"
g Hm]ﬂl]unnnnnun
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Data

Common Structure

Groups Study

Partial Analyses

To go further

Partition on the principal component map

Dim 2 (13.51%)

-4

Factor map

GeMa0 |

cBM22 |
GBM31, GBM28
Sawat, |

oy serie U
cava GBI Games
= came
.+ Gsi
GBM29
GBML
RSN
cBMIS - Aon7
. clusterz Gz
GBM3 .
Ang AoAL
GNN1
T T T T T
-2 -1 0 1 2 3

Dim 1 (20.99%)

Continuous vision (principal component) and discontinuous

(clusters)

Example
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Data

Common Structure

v.test =

Groups Study

Partial Analyses

To go further

Cluster description by variables

Hp : random sampling of I, values from /

with X, the mean of variable x in cluster ¢, X (s) the mean
(standard deviation) of the variable x in the data set, /; the cardinal

of cluster ¢

$desc.var$quanti$1¢

v.test
TMEM49 4.488
TNFRSF12A 4.433
LGALS3 4.369
S100A11 4.300
BGN 4.273
IFI30 4.264
C9orf4s -4.411
PSD3 -4.594
AA398420 -4.635

Mean in category Overall mean sd in category Overall sd p.value

-0.
-0.
-0.
-0.
2.
0.

-0.
-1.
.324

430
794
222
737
105
987

686
684

-1.
-1.
-1.
.500
1.
0.

-1

-0.
-1.
.134

424
838
216

106
026

037
024

0.

o oo

oo ooo

722
789
861
525
697
979

.540
.419
.635

1.

277

1.357

= oo

R R e

312
024
348
300

.848
.829
.007

0.
.000
.000
.000
.000
.000

oo ooo

o oo

000

.000
.000
.000

Example
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To go further

Cluster description by observations
e parangon: the closest observations to the centroid of the cluster

min d(x;., C;) with C; the centroid of cluster ¢
iel

e specific observations: the furthest observations to the centroids
of the other clusters (the observations sorted according to their
distance from the highest to the smallest to the closest centroid)

maxmin d(x; , Cy
icl V£l (xi., Co)

desc.ind$para
cluster: 1
GBM11 GBM28 GBM5 GBM25 GBM31

0.6649847 0.7001998 0.7973604 0.8869271 0.9674042
desc.ind$dist
cluster: 1

GBM30 GS2 GBM21 GBM22 GBM27
3.227968 3.096048 3.031256 2.904327 2.778950
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To go further

Cluster description

e by the principal components (observations coordinates): same
description than for continuous variables

$desc.axes$quanti$‘1¢

v.test Mean in category Overall mean sd in category Overall sd p.value
Dim.2 2.919 0.511 0 0.465 1.010 0.004
Dim.1 -4.458 -0.974 0 0.560 1.269  0.000

e by categorical variables: chi-square and hypergeometric test
$test.chi2

p.value df
type 8.433474e-06 6

= Active and supplementary elements are used
= Only significant results are presented
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Data

Common Structure Groups Study Partial Analyses To go further

Cluster description

$‘1C

Cla/Mod Mod/Cla  Global p.value v.test
type=GBM 75 94.73684 55.81395 3.300966e-06 4.651145
type=0A 0 0.00000 13.95349 2.207775e-02 -2.289028
type=0 0 0.00000 18.60465 5.071916e-03 -2.802430
$52‘

Cla/Mod Mod/Cla  Global p.value v.test

type=A 60 37.5 11.62791 0.0398214 2.055597
$¢3‘

Cla/Mod Mod/Cla  Global p.value v.test
type=0 100.0 50.00 18.60465 8.875341e-05 3.919444

type=GBM 12.5 18.75 55.81395 2.319983e-04 -3.681354

Example
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Data Common Structure Groups Study Partial Analyses To go further Example

Complementarity between hierarchical clustering and
partitioning

e Partitioning after AHC: the k-means algorithm is initialized
from the centroids of the partition obtained from the tree
e consolidate the partition
e loss of the hierarchy

e AHC with many individuals: time-consuming
= partitioning before AHC
e compute k-means with approximately 100 clusters
e AHC on the weighted centroids obtained from the k-means
= top of the tree is approximately the same

38/58



Data Common Structure

Groups Study

Partial Analyses To go further

Other methods: ade4

Two-table analysis

Available methods

individuals

variables variables

7

Function name

Analysis name

between
within
discrimin

Between-class analysis
Within-class analysis
Discriminant analysis

coinertia
cca

pcaiv
pcaivortho
procuste
niche

Coinertia analysis

Canonical correspondence analysis
PCA on Instrumental Variables
Orthogonal PCAIV

Procustes analysis

Niche (OMI) analysis

Univ. Lyon 1)

CARME 2011, Rennes 22 /31

Example
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Data Common Structure

Groups Study Partial Analyses To go further

Other methods: ade4

Other funci

K-table

variables

Function name

Analysis name

sepan
pta
foucart
statis
mfa
mcoa
statico

K-table separate analyses
Partial triadic analysis
Foucart analysis

STATIS analysis

Multiple factor analysis
Multiple coinertia analysis
2 K-table analysis

Stéphane Dray (Univ

Lyon 1)

CARME 2011, Rennes 26 /31

Example
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Data Common Structure Groups Study Partial Analyses To go further

Other methods

Predict one block with others:

e Multi-block PLS regression

e Multi-block PCA on instrumental variables..

Example

41/58



To go further

RV Tests

Is there any (linear) relationship between the 2 sets? Hyp : pV =0

Asymptotic tests: distributions normal, elliptical - rank (Robert et
al, 1985, Cléroux, 1995, Cléroux & Ducharme, 1989) nRV ~ )\,-ZI-2
= sensitive to the departure from the distribution and to n

42 /58



To go further

RV Tests

Is there any (linear) relationship between the 2 sets? Hyp : pV =0

Asymptotic tests: distributions normal, elliptical - rank (Robert et
al, 1985, Cléroux, 1995, Cléroux & Ducharme, 1989) nRV ~ )\,-ZI-2
= sensitive to the departure from the distribution and to n

Permutation tests:

permute one matrix’'s rows - compute the RV for n! permutations
p-value: proportion of the values greater than the observed one
= computationally costly (“old fashion" argument?)
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To go further

RV Tests

Is there any (linear) relationship between the 2 sets? Hyp : pV =0

Asymptotic tests: distributions normal, elliptical - rank (Robert et
al, 1985, Cléroux, 1995, Cléroux & Ducharme, 1989) nRV ~ )\,-ZI-2
= sensitive to the departure from the distribution and to n

Permutation tests:

permute one matrix’'s rows - compute the RV for n! permutations
p-value: proportion of the values greater than the observed one
= computationally costly (“old fashion" argument?)

Approximation of the permutation distribution
e sampling from the permutations - package ade4 (RV.rtest)
e moment matching: Pearson family, Edgeworth expansion
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To go further

Moments matching

The first three moments under Hy (Kazi-Aoual et al., 1995)

En(RV) = YO (XX _ (S0

n1 P = X)) T s

Bx a measure of complexity 1 < 8, < p
RV large: n small and many orthogonal variables per group

= Normal approximation:

RV — Ex (RV)

RV, =
td Vi (RV)
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Data Common Structure Groups Study Partial Analyses To go further

Moments matching

Problem: the exact distribution of the RVgq is often skewed

Histogram of the standardized RV

° — - - Normal
—- Gamma
Edgeworth

= Pearson type Il

f(x) (skewness= ~):

(2/7)4/72 24x (4772)/72
r(4/+%) ( ¥ )

= package FactoMineR (coeffRV) (Josse et al., 2008)

Example

e—2(2+x7)/7?
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Data

Common Structure

Groups Study

Partial Analyses

To go further

Back to the wine example!

¢ 10 white wines from Val de Loire (5 Vouvray - 5 Sauvignon)

e 27 continuous variables: sensory descriptors

> B‘ > 9] 3
< 2 0w 3B 5 i S @
z 83 28552 5|z 2| 3
243 55 E &2 gl gl 2
c 8 3 ¢ 2 2 E € s 3|T = 3
© @ 8 2 s £ Ble §
< © >0 >
< )
S Michaud 4.3 2.4 5.7 3559 4.1 14 7.1 6.7 50]6.0 5.0|Sauvignon
S Renaudie 44 31 53 3.3 6.8 3.8 2.3 7.2 6.6 3.4]5.4 5.5|Sauvignon
S Trotignon 5.1 40 53 3.0 6.1 41 2.4 6.1 6.1 3.0 |5.0 5.5[Sauvignon
S Buisse Domaine 43 2.4 36 3.9 56 25 3.0 49 5.1 41|5.3 4.6[Sauvignon
S Buisse Cristal 5.6 3.1 3.5 3.4 6.6 5.0 3.1 6.1 5.1 3.6 |6.1 5.0{Sauvignon
V Aub Silex 3.9 0.7 3.3 7.9 44 3.0 24 59 5.6 40 |5.0 5.5/Vouvray
V Aub Marigny R.1 0.7 1.0 3.5 6.4 5.0 4.0 6.3 6.7 6.0 |5.1 4.1|Vouvray
V Font Domaine 5.1 0.5 2.5 3.0 57 4.0 25 6.7 6.3 6.4 |4.4 5.1|Vouvray
V Font Brilés 5.1 0.8 3.8 3.9 54 40 3.1 7.0 6.1 7.4|4.4 6.4Vouvray
|V Font Coteaux 4.1 0.9 2.7 3.8 51 4.3 4.3 7.3 6.6 6.3]6.0 5.7|Vouvray

Example
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Example

Back to the wine example!

3 panels (oenologists, naive consumers, our students!)
60 preference scores: taste evaluation 1 - 10

Continuous variables

Categorical
Expert | Consu Student Preference Label
(27) mer (15) (60) 1)
(15)
wine 1
wine 2
wine 10

How are the products described by the panels?
Do the panels describe the products in a same way? Is there a
specific description done by one panel?
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Example

Practice with R

@ Define groups of active and supplementary variables

@® Scale or not the variables

© Perform MFA

@ Choose the number of dimensions to interpret

@ Simultaneously interpret the individuals and variables graphs
@ Study the groups of variables

@ Study the partial representations

® Use indicators to enrich the interpretation
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Example

Practice with R

library(FactoMineR)

Expert <- read.table("http://factominer.free.fr/docs/Expert_wine.csv",
header=TRUE, sep=";", row.names=1)

Consu <- read.table(".../Consumer_wine.csv",header=T,sep=";",row.names=1)

Stud <- read.table(".../Student_wine.csv",header=T,sep=";",row.names=1)

Pref <- read.table(".../Preference_wine.csv",header=T,sep=";",row.names=1)

palette(c("black","red","blue","orange","darkgreen", "maroon","darkviolet"))
complet <- cbind.data.frame(Expert[,1:28],Consul,2:16],Stud[,2:16],Pref)
res.mfa <- MFA(complet,group=c(1,27,15,15,60),type=c("n",rep("s",4)),
num. group. sup=c(1,5) ,graph=FALSE,
name.group=c("Label","Expert","Consumer","Student","Preference"))
plot(res.mfa,choix="group",palette=palette())
plot(res.mfa,choix="var",invisible="quanti.sup",hab="group",palette=palette())
plot(res.mfa,choix="ind",partial="all",habillage="group",palette=palette())
plot(res.mfa,choix="axes" ,habillage="group",palette=palette())
dimdesc(res.mfa)
write.infile(res.mfa,file="my_wine_results.csv") #to export a list
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Data

Dim 2 (24.42 %)

Common Structure

Groups Study

Partial Analyses To go further Example

Representation of the individuals

Sauvignon
Vouvr% o S Trotignon
® S Renaudie
S Mighaud
-
Sauvignon O
S Buisge Cristal V Aub Marigny
® o
V Font Coteaux|
o
S Buisse Domaine
° Vouvray
=]
o +° V Font Domaine
V Font Brilés
e
V Aub Silex
.
@ T T T T T
-2 -1 0 1 2 3

Dim 1 (42.52 %)

The two labels are
well separated

Vouvray are
sensorially more

different
Several groups of
wines, ...
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Data

Common Structure Groups Study Partial Analyses To go further

Dim 2 (24.42 %)

1.0

0.5

0.0

-0.5

-1.0

Representation of the active variables

Expert !
Consumer | Odniengihibeses

JEN
O.passion_CO_flofrer
P “O.citr

Attack.i Slty Al%o{essno O.Intensity.before.shaking
0. pagsre ess o, InteFll fler, }
3N QiR o)
i

"Astri gency O.alcohol

Id'glensily

rface.feeling
‘candied.fruit

Dim 1 (42.52 %)

Example
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Data Common Structure Groups Study Partial Analyses To go further Example

Representation of the active variables

Expert '
S —  Consumer :
bl "
Acidity
O.passi 3
/ i
v O.passiory C i
° |
s -
2 Adidity_C
<
< O i
N o
N
£
a
n | Sweetness Y
<
o
Al
T T T
-1.5 -1.0 15

Dim 1 (42.52 %)
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Data Common Structure Groups Study Partial Analyses To go further Example

Representation of the groups

0
I
[}

2 groups are all the

more close that they

ER Expert induce the same
structure

A

Preference
3 a

Student e The 1st dimension is

Label A

< . Consumer common to all the
A
panels

Dim 2 (24.42 %)

g e 2nd dimension mainly
due to the experts

‘ ‘ ‘ ‘ ‘ ‘ o Preference linked to
bim 1 (4252 %) sensory description
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Data

Common Structure Groups Study Partial Analyses To go further

Dim 2 (24.42 %)

Representation of the partial points

— Expert 3
~-- Consumer |
S Trotignon o
S Renaudie;
S Michaud 3
Sauvignon !, i
1 . S Buisse Cristal Font Coteaux
Vo ;
””””””””””””””” mm 2
S BuissesDoMaine ! N
iy ! §
e 3 Vauvray,
V Fdnt Bralés
®~~.___ V Aub Silex :
T T 1 T T
-4 2 0 2 4

Dim 1 (42.52 %)

Example
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Data

Dim 2 (24.42 %)

1.0

0.5

0.0

-0.5

-1.0

Common Structure

Groups Study

Partial Analyses To go further Example

Representation of the partial dimensions

Expert
Consumer

Preference
Label

Dim¥Label

Dim1.Coysumer

Dim1.Reeference Dim2.Prefers

Dim1.Expert|
ce

-1.0 -0.5 0.0 0.5

Dim 1 (42.52 %)

e The two first
dimensions of each
group are well projected

e Consumer has same
dimensions as MFA
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Data Common Structure Groups Study Partial Analyses To go further Example

Representation of supplementary continuous variables

1.0

05
I

Dim 2 (24.42 %)
0.0

-1.0

-1.0 05 0.0 0.5 10

Dim 1 (42.52 %)

= Preferences do not participated to the construction of the
dimensions

= Preferences are linked to sensory description
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Data Common Structure Groups Study Partial Analyses To go further Example

Representation of supplementary continuous variables

‘Sauvignon
Jauvgren |, s Trotignon
* S Renaudie
S Mighaud
- §
Sauvignon ©
S Buisge Cristal V Aub Marigny
P er
S V Font Coteauy] =
3 o g
3 o
N g
[ i 3
b S Buissg Domaine Vouvray g
£
S +* V Font Domaine £
V Font Brilés
o
V Aub Silex
o
@ T T T T T T T T T T T
-2 -1 0 1 2 3 15 -1.0 0.5 0.0 05 10 15
Dim 1 (42.52 %)

Dim 1 (42.52 %)
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Data Common Structure Groups Study Partial Analyses To go further Example

Representation of supplementary continuous variables

i

ot & fubucgiires

= Main information: the favourite is Vouvray Aubuisiéres Silex
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Example

Helps to interpret

e Contribution of each group of variables to each component of
the MFA

> res.mfa$group$contrib e Similar contribution of the 3 groups
Dim.1 Dim.2 Dim.3 to the first dimension

Expert 30.5 46.0 33.7

Consumer 33.2 23.1 31.2 e Second dimension mainly due to the

Student 36.3 30.9 35.1 expert

e Correlation between the global cloud and each partial cloud
> res.mfa$group$correlation . . .
Dim.1 Dim.2 Dim.3 First components are highly ||nked. to

Expert  0.95 0.95 0.96  the 3 groups: the 3 clouds of points

Consumer 0.95 0.83 0.87 are nearly homothetic
Student 0.99 0.99 0.84
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Similarity measures between groups

> res.mfa$group$Lg

Expert Consumer Student Preference Label

Expert 1.
.94
.17

Consumer
Student

Label
MFA

> res.mfa$group$RV

0
1
Preference 1.
0
1

45

01

.89
.33

0.
.25
.04
.11
.28
.21

O R =R

94

Expert Consumer

Expert 1.
.70
.85

Consumer
Student

Label
MFA

0
0
Preference 0.
0
0

00

69

.74
.92

O O OO O

.70
.00
.82
.82
.25
.90

1.
.04
.29
.03
.62
.31

O R =R

17

Student

0.
.82
.00
.75
.55
.96

O O O O

85

1.
.11
.03
.47
.37
.18

O R =R

01

Preference

0.
.82
.75
.00
.31
.81

O O OO

69

0.
0.28
0.62
0.
1
0

89

37

.00
.67

Label

0.
.25
.55
.31
.00
.56

O = O OO

74

R O R B KRR

0
0
0.
0
0
1

MFA
.33
.21
31
18
.67
.44

MFA
.92
.90
96
.81
.56
.00

e Expert gives a richer description (L, greater)

e Groups Student and Expert are linked (RV = 0.85)
e Group Student is the closest to the overall (RV = 0.96)

Example
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Data Common Structure Groups Study Partial Analyses To go further Example

Partition from the tree

. : W= Wi
An empirical number of clusters is suggested (ming m)

Hierarchical Clustering

Hierarchical Classification

00 05 10 15 20

||Inm,__

inertia gain

S Michaud J

S Renaudie
V Font Brilés “

V Aub Silex
S Trotignon
S Buisse Domaine
S Buisse Cristal
V Font Domaine J
V Aub Marigny W
V Font Coteaux J
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Data

Common Structure

Groups Study

Partial Analyses

To go further

Partition on the principal component map

Dim 2 (24.42%)

cluster 1
cluster 2
cluster 3
cluster 4
cluster 5

« S Trotignon
« S Renaudie
o

S Michaud

S Buissbe Cristal
|

V Aub Ma!igny
ede
V Font Coteaux

S Buisse Domaine

o

V Font Domaine

V Font Brilés
\ Aulz Silex
T T T T
-1 0 1 2 3 4
Dim 1 (42.52%)

Continuous vision (principal component) and discontinuous

(clusters)

Example
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