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A longitudinal study on weight loss induced by a low

calorie diet
& Data collected during EU project, 8 centers, 450 families
@iogenes Purpose: effect of glycemic index, protein content... on
weight maintenance after a diet for obese people

L Follow-up
Restriction Ad libitum, 5 dietary branches:
800 kcal/d Low/high Gl
Modifast® Low/high protein
| | Control |
[
cIp1 8 weeks cID2 6 months cID3
Randomization

(>- 8% weight loss)
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A longitudinal study on weight loss induced by a low
calorie diet
by Data collected during EU project, 8 centers, 450 families

diogenes Purpose: effect of glycemic index, protein content... on
weight maintenance after a diet for obese people

. Follow-up

Restriction Ad libitum, 5 dietary branches:

800 kcal/d Low/high Gl

Modifast® Low/high protein

| Control |
CID3
cpi BWekS oy 6 months
Randomization

(>- 8% weight loss)

Data description: at each Clinical Intervention Day (CID), measure of 15
clinical variables (weight, HDL, ...) on 135 obese women

Targeted problem: exploratory data analysis aimed at explaining the
success/failure of the diet (in term of weight loss/regain)
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Data description and notations

Xt
n X p-matrix
(n>p)

exploratory variables

(clinical)

numeric vector of length n
target variable

(evolution of weight:
weight,-weight, )
weight,
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Method presented in this talk

Features:

@ longitudinal data integration (with T small; here T = 3)
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Method presented in this talk

Features:

@ longitudinal data integration (with T small; here T = 3)

© multidimensional data analysis with simple graphical representations
(similar to PCA)

© designed to highlight differences in the numeric target variable
© designed to highlight differences/commonalities between variable

structure (rather than individual structure) between the different time
steps

Nathalie Villa-Vialaneix | SIR-STATIS ~— Jgilo 6/24



Sommaire

@ Presentation of Multiway-SIR

Nathalie Villa-Vialaneix | SIR-STATIS



Factor analysis methods for multi-tables data integration

Standard methods to analyze data such as (X ;)=1...7:

@ Multiple Factor Analysis (MFA) [Escofier and Pagés, 2008]

@ STATIS and DUAL STATIS [Lavit et al., 1994, Abdi et al., 2012]
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Factor analysis methods for multi-tables data integration

Standard methods to analyze data such as (X ;)=1...7:

@ Multiple Factor Analysis (MFA) [Escofier and Pageés, 2008]: weights
for tables X ; according to a measure of their variability (using first
eigenvector of the PCA);

@ STATIS and DUAL STATIS [Lavit et al., 1994, Abdi et al., 2012]
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Factor analysis methods for multi-tables data integration

Standard methods to analyze data such as (X ;)i=1
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@ Multiple Factor Analysis (MFA) [Escofier and Pages, 2008]: weights
for tables X ; according to a measure of their variability (using first
eigenvector of the PCA);

@ STATIS and DUAL STATIS [Lavit et al., 1994, Abdi et al., 2012]: larger
importance to the most consensual tables = common representation
which is the best overall compromise.
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Factor analysis methods for multi-tables data integration

Standard methods to analyze data such as (X ;)=1...7:

@ Multiple Factor Analysis (MFA) [Escofier and Pages, 2008]: weights
for tables X ; according to a measure of their variability (using first
eigenvector of the PCA);

@ STATIS and DUAL STATIS [Lavit et al., 1994, Abdi et al., 2012]: larger
importance to the most consensual tables = common representation
which is the best overall compromise. STATIS: compromise according
to individuals and DUAL STATIS: compromise according to
correlations between variables.
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Overall description of DUAL STATIS

X .1
Data: X =]
X7
same number of variables, potentially
different number of individuals

data are supposed centered and
scaled for all t

Nathalie Villa-Vialaneix | SIR-STATIS m = e 9/24



Overall description of DUAL STATIS

X 1
Data: X = : inter-structure analysis
X.r — analysis of C (T x T similarity
same number of variables, potentially matrix)

different number of individuals
data are supposed centered and
scaled for all t

MA =INA

Nathalie Villa-Vialaneix | SIR-STATIS TQULOUSE 9/24



Overall description of DUAL STATIS

X 1
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Overall description of DUAL STATIS

X 1
Data: X = : inter-structure analysis
X.r — analysis of C (T x T similarity
same number of variables, potentially matrix)

different number of individuals

data are supposed centered and
scaled for all t
compromise matrix

table weights
g ¢ =T . T} inwhich I is the
(a1, ..., ar) t=1
covariance matrix of X ;

GSVD i, dec.

compromise analysis
representations of variables and of individuals
compromise positions or time-dependant positions

MA =INA
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Inter-structure analysis
Notations: Vt =1, ..., T,Ty = 1X".X yand T; =

I
ITtllF
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Inter-structure analysis
Notations: Yt =1, ..., T,y = 1X"X ; and T = ”rrﬁ

Similarity between time steps: € = (Cy)1.r—1

e = Tt Te)F

(cosinus between I'; and I'y).
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Inter-structure analysis

Notations: Yt =1, ..., T,y = 1X"X ; and T = ”rrﬁ
Similarity between time steps: € = (Cy)1.r—1

e = Tt Te)F

(cosinus between I'; and I'y).
Inter-structure analysis: Solve

T 2

Z UtFt
t=1

U = arg max
u=(Uy,...,ur)TeRT, [u]|=1

F

Nathalie Villa-Vialaneix | SIR-STATIS

MA ZINA

10/24



Inter-structure analysis

Notations: Vt =1, ..., T,Ty = 1X".X yand T; =
Similarity between time steps: € = (Cy)1.r—1

I
I ellF

e = Tt Te)F

(cosinus between I'; and I'y).
Inter-structure analysis: Solve

- 2

Z UtFt
t=1

Uy = arg max
u=(ut,...,ur)TeRT, [lul|=1

F

Solution: uy is the first eigenvector of C=> compromise weights:
th:1,...,T,at: sl

Xy Uy
o=y, ol
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Compromise analysis

GPCA of (X, 1, D) with X ; =

IIF |

andD =1

~Diag(a1, ...,
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Compromise analysis
GPCA of (X,I,,D) with X ; =
< eigendecomposition of €

IIFI andD =1 Diag(cn, s ar)®I,
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Compromise analysis
GPCA of (X,I,,D) with X ; =

< eigendecomposition of €
Solution writes:

IIFI andD =1 Diag(m, s ar)®I,

X=PAQT  withP"DP =Q"Q =1, and A = Diag( vk )k=
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Compromise analysis
GPCA of (X,I,,D) with X ; =

< eigendecomposition of €
Solution writes:

IIFI andD =1 Diag(m, s ar)®I,

X=PAQT  withP"DP =Q"Q =1, and A = Diag( vk )k=

Representations of:

@ observations: time-specific positions on the k-th principal component
Fi
k-th coumnof F=PA =| :
Fr
compromise positions on the k-th principal component: k-th column
of FC =%, aF
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Compromise analysis

GPCA of (X, 1, D) with X ; =
< eigendecomposition of €

Solution writes:

IIFI andD =1 Diag(a1, s ar)®I,

X=PAQT  withP"DP =Q"Q =1, and A = Diag( vk )k=

Representations of:

@ observations: time-specific positions on the k-th principal component:
Fi
k-th coumnof F=PA =| :
Fr
compromise positions on the k-th principal component: k-th column
of FC =%, aF

@ variables: compromise positions on circle of correlations for variable j

on k-th axis: \é—/?ij (time-specific positions can also be derived)
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SIR Regression framework

[Li, 1991]
Y=f(X"ay,..., X ag, €)

ford < pand f: R — R, an arbitrary (non linear) function.

Syix = Spanfay, ..., ag} is: Effective Dimension Reduction (EDR) space.

MA E=INA
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SIR Regression framework

[Li, 1991]
Y=1f(X"ay,..., XTag, €)

ford < pand f: R4 — R, an arbitrary (non linear) function.

Syix = Spanfay, ..., aq} is: Effective Dimension Reduction (EDR) space.

Equivalence between SIR and eigendecomposition

Sy x is included in the space spanned by the first d '-orthogonal
eigenvectors of the I, with T = E [(X - ]E(X))TX] and

re = E(E(ZIY)"E(2|Y)) for Z = [~12(X - B(X)).
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SIR in practice

Estimation (when n > p)

e compute X =1 37 x;and I = IXT(X - X)
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SIR in practice

Estimation (when n > p)
e compute X =1 37 x;and I = IXT(X - X)
@ split the range of Y into H different slices: 74, ... 7y and estimate

Y
h=1,...H

i Yi€Th

G =

=1,...,

with n, = |{i : y; € Tp}| and
r=G"MG

with M = Diag (%, ..., %)

neccon
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SIR in practice

Estimation (when n > p)
e compute X =1 37 x;and I = IXT(X - X)
@ split the range of Y into H different slices: 74, ... 7y and estimate

Y
h=1,...H

i Yi€Th

G =

with n, = |{i : y; € Tp}| and
r=G"MG

with M = Diag (%, ..., %)

>n
@ generalized eigendecomposition of I'® with norm I
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Back to our problem: multiway SIR

Basic ideas:

@ perform DUAL STATIS analysis on center of gravity of the slices (G ;)
instead of the original variables

@ compromise analysis is similar to finding a compromise EDR space

@ using slices make the method similar to FDA but other estimates of 'y
(not based on slices) could be used
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Overview of multiway SIR

X1
Data: X=| : |and
X1
Y= yn)’

same number of variables, potentially
different number of individuals

MA =INA
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Overview of multiway SIR

X 1
Data: X=| : |and
Xr
y=(y..... ¥n)"

same number of variables, potentially
different number of individuals

inter-structure analysis
analysis of C (T x T similarity
matrix between the covariance
matrix of Gy, '®)
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Overview of multiway SIR

X 1
Data: X=| : |and
X.r
Y=y
same number of variables, potentially
different number of individuals
table weights
(a1, ..., ar)

inter-structure analysis
analysis of C (T x T similarity
matrix between the covariance
matrix of Gy, '®)

compromise matrix
ec _ T e
Me¢ =Yy aily
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Overview of multiway SIR

X 1
Data: X=| : |and
Xr
y=(y..... ¥n)"

same number of variables, potentially
different number of individuals

table weights
(a1, ..., ar)

GSVD

inter-structure analysis
analysis of C (T x T similarity
matrix between the covariance
matrix of Gy, '®)

compromise matrix
ec _ T e
Me¢ =Yy aily

M.

compromise analysis

representations of variables

and of individuals

compromise positions or time-dependant positions
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Inter-structure analysis
Notations: ¥t =1, ..., T, Tt = IXT,(X_1 = 1,X{ ), Z¢ = (Xt = 1.%; ) [} '/2,

(1Y, ) e _ QT Te _ _I7
Gt = (7 Siyiern2i)y_, ,and[f =G MG andT§ = .
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Inter-structure analysis

Notations: ¥t =1, ..., T, Tt = IXT,(X_1 = 1,X{ ), Z¢ = (Xt = 1.%; ) [} '/2,

_ (1 ¥, ) e _ QT Te _ It
G:= (nh it yiern Z:)h:1 ..... yand e =G MG and I} = qr-.
Similarity between time steps: C = (¢ ).r—1....7 With
cr =<(I{,T9)F
(cosinus between 'Y and I').
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Inter-structure analysis

Notations: ¥t =1, ..., T, Tt = IXT,(X_1 = 1,X{ ), Z¢ = (Xt = 1.%; ) [} '/2,

G;:= (nlh i yiern z,-) ., and =G MG ; and Fte B

h=1..., . T
Similarity between time steps: C = (¢ ).r—1....7 With
cr =<(I{,T9)F
(cosinus between 'Y and I').
Inter-structure analysis: Solve
T 2
U = arg max uils
u=(uy,...ur)TeRT, lull=1||{=4 E
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Inter-structure analysis
Notations: ¥t =1, ..., T, Tt = IXT,(X_1 = 1,X{ ), Z¢ = (Xt = 1.%; ) [} '/2,

—_— re
e __ T e __ t
G..t (ﬂh ZI Yi€Th zZ; )h 1,..H and rt - G..tMG-f and rt TrSlET
Similarity between time steps: C = (¢ ).r—1....7 With
cr =<(I{,T9)F
(cosinus between 'Y and I').
Inter-structure analysis: Solve
T 2
U = arg max uils
u=(U,...ur)TeRT, |lull=1||}=4 F

Solution: uy is the first eigenvector of c= compromise weights:
e Vi= 1 T at = thi

T Xy Uy
e [ef = Zt 1a,t|-e
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Compromise analysis

GPCA of (G,Ip, D) with G_; = —2._ and D = Diag(e, ..., 1) ® M

Irelle
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Compromise analysis

GPCA of (G, I, D) with G ; = l‘fr»-;” and D = Diag(a, ..., a7)®M
F

t
< eigendecomposition of [6:¢
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Compromise analysis

GPCA of (G, I, D) with G ; = l‘fr--;” and D = Diag(a, ..., a7)®M
t IF

< eigendecomposition of [6:¢
Solution writes:

G = PAQ"

.....
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Compromise analysis

GPCA of (G, I, D) with G ; = l‘rr--;” and D = Diag(a, ..., a7)®M
F

t

< eigendecomposition of [6:¢
Solution writes:

G=PAQ"  withP'DP =Q"Q =1, and A = Diag( vk )k—1....

Representations of:
@ slices: time-specific positions on the k-th principal component: k-th
F1
columnof F=PA=| :
Fr
compromise positions on the k-th principal component: k-th column
of FC =X, aF ;
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Compromise analysis

GPCA of (G, Ip, D) with G_; = l‘rr--;” and D = Diag(e1, ..., a7)®M
t IF

< eigendecomposition of [6:¢
Solution writes:

G=PAQ"  with P'TDP =Q"Q =1, and A = Diag( v Ak )k—1...r

.....

Representations of:
@ slices: time-specific positions on the k-th principal component: k-th
F
columnof F=PA=| :
Fr
compromise positions on the k-th principal component: k-th column
of FC =X, aF ;
@ variables: compromise positions on circle of correlations for variable j
on k-th axis: \é_—?ij (time-specific positions can also be derived)
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Application of multiway SIR on Diogenes dataset |

H = 5, interstructure analysis:

Tables
® CID1
A A CiD2
H CID3
0.00 0.25 0.50 0.75 1.00
Comp1 -- Quality = 72.2 %
CID1 and CID2 have more similar Ff than CIDS3.
MA =INRA
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Application of multiway SIR on Diogenes dataset Il

H =5, compromise analysis: number of components

Eigenvalue
100 200 300

0
/
]
/
.
|
.
\
.
\
.
|
.
|
.
|
!
\
.
|
.
\
.

2 components are enough but we will analyze 4 for a deeper
understanding of the data.

a E=—N
MA =INA
TouLousE = £ 20/24
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Application of multiway SIR on Diogenes dataset IlI

H = 5, compromise analysis: analysis of the slices (compromise)

0.75-
o [
0.50-
0.5- . .
slices slices
(-0.0494,0.119] (-0.0494,0.119]
0.25-
[3\ <
i~ (-0.0909,-0.0494] by (-0.0909,-0.0494]
% 0@ (-0.122,-0.0909] § [ ) (-0.122,-0.0909]
© © 0.00- ®
(-0.159,-0.122] : (-0.159,-0.122]
[-0.375,-0.159] [-0.375,-0.159]
05- o -0.25-
o
[ J @
T U -0.50- ] !
1.5 -1.0 0.5 0.0 05 05 0.0
Comp 1 Comp 3
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Application of multiway SIR on Diogenes dataset IV

H = 5, compromise analysis: analysis of the variable (compromise)

1.0- 1.0-
chol
DBP
; Lo
- SBP insul - A
05 BMI 0.5 g insul
M BMI
HDL 1
(;,- CRPLDL :- gluc  adBP
0.0- 0.0 - fiot SBR
g . FM g waist et HOMAIR 1o
(&) HOMAIR waist gltc O HDL
frueto
-0.5- -0.5-
trig
adipo CRP
1.0- 1.0-
. ' i ' ! ' ' ! ' .
-1.0 -0.5 0.0 0.5 1.0 -1.0 -0.5 0.0 0.5 1.0
Comp 1 GComp 3
MA =INAA
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Application of multiway SIR on Diogenes dataset V

H =5, compromise analysis: longitudinal analysis

1.0-
chol
05 SBP DBP chol
> chole$"p ®SBP insul
BMI X3
i e Tables
N mLD B! BPII‘Ist(udO
g‘ 0.0- floMA LDLWaIéFIuHDL FM ® CID1
8 Hom:g"fm. CRRypgluglue ° CID2
"’Wafspl-tng. & gluc e CID3
g & 4ibo fructo
05- wam.‘? FM fructo
adipo  trig
adipo
1.0-

1.0- A\‘
slices
(-0.0494,0.119]
0.5- A (-0.0909,-0.0494]
(-0.122,-0.0909]
a u (-0.159,-0.122]
0.0- [-0.375,-0.159]
| Tables
N @ cipi
-0.5- “ A CID2
n W cip3
s
' | \
1 0 1
Comp 1
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Conclusion

We have presented an exploratory analysis method
@ based on DUAL STATIS
@ able to focus on a numeric variable of interest similarly to SIR

@ able to explain longitudinal evolutions when the number of time steps
is small

Future work
@ an R package is under development

@ only valid for n > p: regularization approach is under study to allows
for the analysis of n < p cases
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