A classification tool for N-way arrays
based on SIMCA methodology

M. Cocchi?, C. Durante! and R.Bro?!University of Modena and Reggio Emilia, Chemistry
Department, Modena IT

marina.cocchi@unimore.it
?University of Copenhagen, Faculty of Life Sciences, Dept. of Food Science, Frederiksberg C
DK

Dr. Marina CocchiMORE chemometrics,

TRICAP 2009 Department of Chemistry-University of Modena


mailto:marina.cocchi@unimore.it�

Outline

> context

> overview of 2-way SIMCA

> SIMCA extension to 3-way

> Simulated data / Case studies

> future perspective

Dr. Marina CocchiMORE chemometrics,

TRICAP 2009 Department of Chemistry-University of Modena



R
Context Why N-way SIMCA

» Data characterized by more that two sources of variability occur in many
different research fields

* in both explorative analysis and calibration/regression context the use of

multi way data analysis tools on multi way data lead to highly improved qu'JrajIy
models/results variable

é.lYHY.IL

» a true multi way classification tool is still missing. Up to my knowledge: i "‘““1 |
v unfolding +kohonen maps+CART Cﬁz ram:
[D. Ballabio, V. Consonni, R. Todeschini, Anal. Chim. Acta, 605 (2007) 134-146.] o % \
v/ PARAFAC scores (whole model) §_§

+ Fisher’s LDA [Guimet F., J. Ferré, R. Boqué, Chemom. Intell. Lab. Syst., 81 (2006) 94-106]
or + SIMCA [G.J. Hall, J.E. Kenny, Anal. Chim. Acta, 581 (2007) 118-124 ]

v discriminant multi-way partial least squares regression 3 4
[Guimet F., J. Ferré, R. Boque. Anal. Chim. Acta, 544 (2005) 143-152.] % Ealaimeters
[ Evrim Acar Ataman, Doctoral Thesis 2008, Rensselaer Polytechnic Institute Troy, New York] 2

v first attempt to use TUCKERS3 in conjuction with SIMCA classificatiorf_z -
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R
Why N-way SIMCA

Context

» a true multi way classification tool is still missing
> to retain 3D information

> to deal with one class modeling issue

disjoint category models w
1th Clas

| 2nd Cla
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Overview of 2-way SIMCA

1. Build a distinct PCA model for each class (separate centering/scaling & dimensionality
choice)

2. Define a distance measure to the class model

3. For a “new” sample estimate distances from each class modm
L

4. Define a limit/boundary for acceptability (classification rule)
5. Qbin~#tn mmmts hn mmnisnad tn nen esavathan ONe, OF NONe Of the Clag/wm/ﬂ
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.
Overview of 2-way SIMCA SIMCA original

_ _ _ _ S.Wold, Pattern Recognition, 1976, 127,
distance from a class, i.e q, of a test object, i.e. p: S. Wold, M. Sjostrom, ACS Symposium

o—> 0, (@ = sqrt[S @2 + @>8,Vaz(ta V@ )] Series, 1977, 243-281.
| s S(q) _ Sqrt(©kepk2/(M-A)) ............
total RSD of & class, i€ @ e

S p(Q)
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1I=1:M M=number of variables:

k= 1:N objects belonging to class q;

Classification rule

F=d,®2/s,@2 < F_; (M-A),(N-A-1)(M-A)

If true for both g and r Unique assignment only if

F = dp(q)Z / dp(f)2 > Fi (M-A),(M-A,)
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.
Overview of 2-way SIMCA SIMCA evolution

@ evolution of original SIMCA

Distances estimattion: Degrees of freedom — correction procedures:
— use Mahalonobis distance

F=d,®2/s,@2 F.. (M-A),(N-A-1)(M-A)

ruse Y2[(N-A-1)(M-A)] in F
»correct F *N/(N-A-1)

ruse F.,i; (@-A)(N-A-1)/N, (N-A-1)(a-A)
rcorrect F *(N-1)/(N-A-1)

oD GEEE MGAE fessfluals in »correct F *N/(N-A-1) and use F_,;; 1, (N-A-1)
—use only Orthogonal distance
— use only Leverage values [3] See references 15-18in [1]

1. R.D. Maesschalck, A. Candolfi, D.L. Massart, S. Heuerding, Chemom. Intell. Lab.
Syst. 47 (1999) 65-77

2. G.R. Flaten, B. Grung, O.M. Kvalheim, Chemom. Intell. Lab. Syst. 72 (2004) 101
3. Todeschini et al., Chemom. Intell. Lab. Syst. In press
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.
Overview of 2-way SIMCA SIMCA evolution

@ robust SIMCA [1,2]
- use robust PCA for class models

- use a weighted sum of “reduced” orthogonal (OD, i.e. Sp(Q)Z In previous slide) and
Mahalonobis (MD, in scores space) distances

- thus classification rule will be to assign a new sample to the class for which R is
minimal:

R = © (OD/ODiim) + (1-©) (MD/MDiim) © in the range 0-1

where MDiim IS estimated by using as reference the chi-squared distribution with dof

equal to the number of retained components (A) and ODiim IS estimated by assuming

that a scaled version of chi-squared distribution is appropriate (Wilson-Hilferty
approximation)

1. K.V. Branden and M. Hubert, Chemolab 79 (2005) pp.10-21

2. M. Daszykowski, K. Kaczmareck, I. Stanimirova, Y. Vander Heyden, B. Walczak
Chemom. Intell. Lab. Syst. (2006)
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Overview of 2-way SIMCA SIMCA PLS-
toolbox

@ a somehow alternative approach (coming from MSPC

realm)
Distance from a class model:

Q is the sum of squared residuals: ©,e . (same role as Sp(Q)Z)

Q;m IS calculated by assuming a 2 distribution (approximation of Jackson and Mudholkar)

Distance in scores space (inside class model) :

use Hotelling's T-square (T?) A
calculates T2, as [A*(N-1)/N*(N-A)*F_. A, (N-A)

Variable 3

Classification rule

PC2
Assign an object to a class If its reduced combined distance

satisfies : CLASS SPACE

PLS-Toolbox SIMCA /
)

W4, () <V P
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Overview of 2-way SIMCA SIMCA comparison

original SIMCA: Rejected by both approaches

» score and orthogonal el

distances are combined / (;ass gy I Accepted by both approaches __

as a “rsd” measure _— Space > lim
i u ” i Rejected by original SIMCA Accepted by rules using

» square distance/rsd of a “new” sample is JAcceptgd b)?this it nly orthogonal distance

compared to square rsd of class by F-test

» Score distance is computed from the “box” T2
boundaries (but can be taken from average

problematic

alternative SIMCA:
» degree of freedom for F-test /CI p -

» scaling factor needed in order to combine ‘/space
score distance with orthogonal one

» reduced score distance and orthogonal distance are
combined, thus being directly comparable

» Score distance is computed from the average

Bvolution problematic

) using T2 avoids to define “box” boundaries

i using only Orthogonal distances does not take » two different reference distribution are assumed
INto account deviations inside class space » degree of freedom (?)

) using MD may avoid scaling factor

i e o o o
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SIMCA extension to N-way

> a disjoint N- decomposition model for each class (both PARAFAC & Tucker3
Implemented)

> separate multiway centering/scaling

> dimensionality (distinct for each class): CV (ncrossdecomp) or according to best SENS/
SPEC

— PARAFAC X1 Model

X=A(C @B) +E

{ 2nd Clas

X2 Model

Dr. Marina CocchiMORE chemometrics,
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SIMCA extension to N-way
DIFFERENT CLASSIFICATION RULES implemented at this stage to evaluate

performances
X (IxJxK) Factors: L, M, N (in case of PARAFAC L=M=N)

> SIMCA original

Orthogonal distance (defined as in Flaten et al. )
ﬁs[)new = sqrt [eTe / (J-M)*(K-N) ] or dof = n. of data entry - n. free

o ) ) parameters
SDref = sqrt [erTer*(1-1)/(I-L -1)*(I-M)*(K-N) ] (SIMCA original fp)

Scores distance (defined as in original Wold et al. 1978) using T (Mode 1 loadings) and from
boundary

[Classification rule___(defined as in original Wold et al. 1978)
D?new = RSD?new + Xa®a2(Ta —9a(q),lim)?D?new crit = RSD?ref * Fcrit Fo.95 (3-M)(k-
N), (-L-1)(3-M)(K-N)

» SIMCA original CV

same as above but with residual (e) and scores (T) estimated in CV (one slab out in Mode
1)
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SIMCA extension to N-

way

> SIMCA alternative

Orthogonal distance: Q
Scores distance:

Leverage:
Hiit = diag [ Asit(Asit"Asit) LAt ]
Hcv = diag [ Acv(Arit"Asit) tAcv']

Hnew = dlag [Anew(AfitTAfit)'lAnewT]

S: mode 1 scores Covariance matrix;
A: mode 1 Score matrix;

D-statistic
Dit = diag[ Asit(Si)) *Asit"]
Dcv = diag[ Acv(Sit)*Acv']

Dnew = dlag [ AneW(Sit)'lAnewT]

DIFFERENT CLASSIFICATION RUL

Implemented

Classification rule (reduced distance as in PLS toolbox)

» Q, H, D limits:

Qim fit P distribution JM approximation

Him fit  he - o [ BV/2(ng—V-1)/2)4 ng=n°obj V=n°var
M. Forina Chemometrics and Intelligent Laboratory Systems 96 (2009) 239-245
. R( I - 1) J.A. Westerhuis, S.P. Gurden and
Dim fit ~ F(R.I-R.«a) A.K. Smilde, Chemolab. 51 (2000)

I(1—R)

R = 1¢t mode factors, I = samples

95-114.

Hiim fit AP B 1 | S
Noo o~ 1 (Nn)  — [ °(Na, 0.75) — % *(N»,0.25)] = —IQR(hy, ..., h)

Qiim fit AP ho N o

'Alexe L. Pomerantsev e ( 3
Him CV AP y J. Chemometrics (2008)

also Qiim CV AP

H CV 95%:

Hcv
Q CV 95%:
Qcv

the 95 percentile of

the 95 percentile_df
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SIMCA extension to N-way algorithm flow chart

X, Class index XvalResult
Methods Xfit Result >[Classification routine]
Fac Min - Fac MAX XtestResult I

Loop on classes
LV’s corresponding to minium press
Loop on classes apply the different classification rules
choose CV splits calculate SENS, SPEC, Test set assignation
Loop on Factors Loop on Factors
pretreatment apply different classification rules
model on calibration set calculate SENS, SPEC, Test set assignation
external test set estimation >— store SENS, SPEC as 3w-arrays(c, ...,f)
other classes samples estimation store test set assignation as structured array
CV estimation end factors
calculate H, H_CV, D_CV, D-statistics end classes
store models and statistics as structured

arrays(f,c)

end factors
store data
end classes
s — 1

S v
SENS = % of samples belonging to the class correctly recognized Graphical SENS , SPEC a
SPEC = % of samples not belonging to the class correctly refused representation —

routine -
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Simulated data

3 (+ 2) Data sets n x40 x 40 class? |class2 |class3
»3 classes sim :;,:;m 2 | 40 32 36
»generated by a pseudo 4 Factors
. sim 1 smalll 6 7 8
PARAFAC models varying means and std
of each class ShmismaNz | 12 12 15
»two dat sets have the same means and test 10 g °
std but lower number of objects per class same for all sets v Class 1
i i i m Class 2
»for siml-sim3 each class random split Class 3
a2 | sim 1 y o sim 2 "< sim 3 . L. | © Class 1test
oars o . “'”5“ .o | O Class test2
. . - E o . . © Class 3 test
i ? o e :i' . 0.02 .EID‘:.
o 0.005 0 o .I: . o o) 0.1 = g Vu o0 Ae~ g B -
o oy . 2o, -, O o . L 001-] El.:u
0 :\“i:' :Ii_: o = - ) = :q%j_5,~— . . ~.‘. ..
0.00% . m .. ) i__\:f\l“‘i:a._%FF e EZ; FFFFF v .-. .\H“n ’ © -0.01 -] -em "IJZ Dﬂ*]:_._"—d" dl_r_d _____ N _o
- T I " . o | 4B B | S ©
0.01 o "‘.’ .y 003 u .i O -0.02 -] Wl' i:
v , "‘{ f -0.04 i 0,03 - i [ | oo
F2 F2 7 F1

F1 =
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Simulated data

SIM 1
SENS classl class2 class3 classl
train test train test train test train test
H/Q Fit 100 100 94 100 94 100 100 100
H/Q FitAP 100 100 97 100 94 100 | 100 100
H/Q CV 95% 95 100 @97 100 89 89 95 100
H/Q CV AP 100 100 97 100 94 100 | 100 100
D/Q Fit 100 100 100 100 94 89 100 100
D/Q CV 100 100 97 100 97 100 ' 100 100
DIQCVIs% 95 100 97 100 89 89 95 100
SIMCA orig 100 100 100 100 100 89 100 100
SIMCAorigCV "100 100 100 100 100 89 100 100
SPEC non SPEC

H/Q Fit 100 100 100 100 43 44 99 100
H/Q FitAP 100 100 99 100 5Yo) A1 99 94
H/Q CV 95% 100 100 100 100 72 61 99 100
H/Q CV AP — - 99 94
D/Q Fit 100 100 99 100 35 28 99 94
D/Q CV 100 100 99 100 21 17 99 94
DIQCV95% 100 100 100 100 72 61 99 100
SIMCA orig 98 100 100 100 262y 96 88
SIMCAorigCV | 98 100 100 | 26

SIMCA orig fp

98 100

SIM 2 SIM 3
class2 class3 class1 class2 class3
train  test train  test ' ' i
91 75 97 44
94 75 94 33
97 100 97 100
100 100 97 100
94 75 97 56 98 100 100 100 100 100
100 100 100 100 98 100 100 100 97 100
97 100 95 100 98 100 88 100 94 100
100 100 100 67 100 100 100 100 100 78
100 100 100 78 100 100 100 100 100 78
non SPEC
76 68 26 17
79 68 31 22
53 6 11
42 6 11
63 26 10 100 100 100 100 65 72
37 3 0 100 100 99 100 63 72
53 6 11 100 100 100 100 89 83
21 26 *ﬁ 100 100 97 100 0

26
26

ity 75’ Mode:=.



Sim 1 PARAFAC [3 4 4]

F3

TRICAP 2009

I I
4
Moy Model of class=3Factors=3 rind
B testd
. ¥ traind
50 testl
v v B train?
— O test?
— it
¥ Y v amitar ||
— QY per
— N v GGV AP
ﬂo"” - u v ——— HiHitF
Hiit.&P
¥ ‘:fﬂUT = v v ——— HI-CYper
_ v E ?E HI-C Y AP
H O W v
l. i _ - v .
u v v Sim1 class 3: 36 x40 x 40
L J w v v
I ¥ v v e
mm v »CV  95% limits are more
— HN =
- W . .
O o o specific
s v v P o
- o 0 o »the arrow out indicates box-plot
= V4 outliers omitted form CV 95% lim
PPN Lo ; | | | estimation
0 0.1 n.:2 n.3 0.4

» fitAP limits seems better than fit
lImits
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-
Sim 1 PARAFAC [3 4 4] Coomans plot 2 vs 3

1= Simca original

»all objs of class 2 are accepted by class 3 as well. If
. we adopt the more restrictive criterion of more closest

class things get slightly better
A A

Distance from CLASS3

I I I
0.6 0.8 1 1.2

Nistanca from 1 ASS2
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Sim1l small

-0.005

-0.015

F3

SENSITIVITY H/Q Fit
b o " 0w small 1 class1 class2 class3 - &
0008 . % ..:_q.gu train test train test train test
D o o | ° PEDRRCTTEREET 100 20 100 25 100 32
. PEE R P 100 80 100 62 93 33

H/Q CV 95%
SIM 1_small 50 100 38 100 33
SIM 1_small2 100 100 88 87 33
SIMCA orig CV o
SIM 1_small 100 80 |100| 75 67 |100| ' Similar performance of

SIM 1_smali2 100 | 100 | 100 | 100 | 100 | 100

small 1 & small 2

different limits

SPECIFICITY H/Q Fit
class1  class2  class3 » undersampling - overfitting
train test train test train test oo o ] Dé’.ﬂ .. - » SIMCA higher sensitivity for
PRSP RSN 100 100 100 100 100 100 N
PR PRSIV ERSE IR 100 100 100 100 96 89 | e e small ZCIaSS_ 3 _Sma” 2 but low
- O 4 O e specificity (H/Q CV 95%
H/Q CV 95% opposite)
SIM 1_small 100 100 100 100 92 100 ° v Tiuv s
SIERSUEIPA 100 100 100 100 96 89 o v
SIMCA orig CV T
SIM 1_small 100 100 100 100 23 50 -
SITERCLEPA 100 94 92 100 33 33 LTI
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Sim 2 PARAFAC [3 4 4]

» class 1 can be modeled because of small rsd (even if lies among the other two)

F3

» CV 95% limits seem too tight (however only 2 train sample are rejected, i.e. balance- o2
Q/H)
» CV AP seems best in this case
0.6 ] _
Model of Class 1 Factor 3 ¥ traini
v GV
W testl
® train2
0= O test2
train3
o O test3
T S I—— Glim-fit
I — = Qlim-fitAP
..‘,? W Glim-CV 95%
vV v - e Voo Cllim-CYAP
o - - — Hlim-fit
: ?H v/ %W: R | - | O Hlim-fit AP
0 0 0.2 0.3 — Hlim-CVY 95%
H ! Hlim-CYAP

TRICAP 2009
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Sim 2 PARAFAC [3 4 4] R

> in this case with higher class rsd and strong overlap fit limits seems better,
difference is in Qlim not much in Hlim
Model of Class 2 Factors 4 Model of Class 3 Factors 4

S—Q n

O w

trai?ﬂ
cV
testi
train2
test2
1.2 = train3
0 test3
v I—— Gilim-fit )
U Qlim-fitAP
e —— Qlim-CV 95%
Glim-CYAP
O + . —— Hlim-fit
O Hlim-fit AP
- = 0.8 o

Hlim-CV 95%
HIim-C¥AP |

O m <] <] o

0.6 —
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Sim 3

PARAFAC [2 3 2]

> it Is ok only one sample rejected by CV 95%

-0.01

-0.03

-0.04

F3

i .

Model of class=1Factors=2

&

O m <] <] +4

o

traini
Cy
testl
train2
test2
train3
1est3

I— Qilim-fit

Qlim-fitAP

— Qlim-CV 95%

Qlim-CYAP

— Hlim-fit

Hlim-fit AP

— Hlim-CV 95%

Hlim-CYAP
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F3

Sim 3 PARAFAC [2 3 2] -

wl e M
= I — =1
14 —
Model of class=2Factors=3 _
> essentially same
12O behaviour 4, _ i
¥ traini
o GV
L || 7 test
B train2
O test2
| | train3
20 test3
i T —— Glim-it !
i rejected ok | Qlim-fitAP
— Qlim-CVY 85%
- Qlim-CYAP
hal | |~ Hiimit
| - D L Hlim-fit AP
= = O — HIlim-CVY 95%
0.2 = - = g ——— | Hlim-CV AP
O | m O
. O
iﬁ] n EF‘E mg O m Oe O /D H
o e g G B | = | = ' ' R
0.1 0.2 0.3 0.4 0.5 0.6
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Sim 3

a0-

Eﬂ‘ L

[
Maodel of class=3Factors=2

&

PARAFAC [2 3 2]

1 o0
|
0.04

0.0
0
-0.05 noz 004 006 008

g4 002 0
F2
|

F1

¥ train |
W GV
W testl
® train2
O test2
" train3

2 test3

I—— GQilim-fit ]

oe—
0

0.05 0.1

v

0.25

v
vy ¥ H

Qlim-fitAP
—— Qlim-CV 5%
Qlim-CVAP
— Hlim-fit
Hlim-fit AP
— Hlim-CY 95%
HIim-CVAP |

15

0.35
» class 3 is not specific CV 95% & fit AP accept 8 of tr class 2 samples, CV AP 13, fit

TRICAP 2009
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s FH
- 2 o1 f.n.::
Sim3 PARAFAC |2 3 2] R
1 e A TR

win”

74 | | F ] F1

[[g F

L Coomans 2vs 3 _

P
5 H A _
F

o
g .1 = |
o
E Fy
o
8,0 > the less specific accepts 21 of class 2 .. i
§ . but if we consider the lower distance

il 2improves ]

[ |

1 ]

1] |

| | | | | | | |
2 4 B i 10 12 14 16
Distance from CLASS2 %107
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Simulated data Remarks

> not bigger difference among criteria; more in Q than
H

» D In these sets was behaving as H

» SIMCA original more sensible less specific

» CV limits ok for not too high class spread

> fit limits better for heterogeneous sample

» there may be overfitting without validation
Independently of the used criteria
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Parma Ham Data

set
Jens K.S. Mgller et al. J. Agr. Food. Chem. 2003 (51), 1224 evaluated surface

autofluorescence spectroscopy in order to measure age-related quality index of Parma ham during
processing.

Data Array consists of: 67x13x11 (samples x emission x excitation)

Samples Characteristics N Train/test
category sample
fresh meat, just prepared
Raw meat 6 42
0 months

Salted 3 months ageing 14 9/5
matured 11-12 months ageing 24 1717

Aged 15-18 months ageing 23 16/7

Dr. Marina CocchiMORE chemometrics,
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.
Parma Ham Exploratory PARAFAC

w pret: none 3 Factors analveaig
25 ' ' ' ' ' 10000
. ® class & class
i . " eom} R
. ® #® class # class 4
2 T tpee, 8, | : A000 | e 'Lt )
. tene, raw meat (red) is well . oo
* e * .. ) 7000 - e ]
L) . e " e ted | distinguishable o esty ®
. o " e * . . 6000 - e ¢, & .
| . e ° | The last two classes™| . 1
overlaps oer 1
0.5} ] 3000 - _
2000 F * ¥ : "f _
F1 4 F1 w10

To choose the number of factors to explore in NSIMCA pftest was applied to each
separate class: Facmax [1445]
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Parma Ham

Hlim_fit, Qlim_fit Hlim_95%, Qlim_95%

B SENS [ SPEC SENS TEST W SPEC TEST

: 'S 100 : f 100
|| I‘I{II || . : } i

1 1 | r 70 ' :

'. || I an | II |

With AP limits the only change is that Sensitivity for class 1 of the training set decrease to 70%

R S DO T L T (. T

class1 class2 class3 class4 class1 class2 class3 class4

SIMCA _orig_fit (dof Flaten)

class1 class2 class3 class4

88588388

entry - free parameters, almost same the results;
only the Sensitivity for class 3 of the test set
decrease to 57%

100
| I With SIMCA orig CV and with dof calculated as: data

8888388
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Parma Ham

G-

Model of class=3Factors=4

5.5

45

35

2.5

0 0.5

ﬁlu

HI-CVAP

L-R - I &

L

train3
Cv
test3
traini
testl
train2
test2
traind

testd 1

— QI-fit

Ql-fitAP

—Ql-CVper

QI-CVAP

— HI-fitF

HI-fitAP

—HI-CVper

only few mistakes from overlapping

classes

Model of class=4Factors=4

4]




Parma Ham

Distance from CLASS2

16

16

14

12

10

Coomans plots 1 vs. 2

O e

iCLASS 3
CLaSS 4
iZL&55 1
CL&3s 2
TEST SET

dist lirn fit

dist lirn

3 4

Distance from CLASS1

TRICAP 2009
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Parma Ham Coomans plots 3 vs. 4

CLASS 3 0T - |
CLASS4 @ .
A CLASS 1 %
B CLASS? T 0 _|
& TEST SET E 12l
dist lir fit 'E - ol
- - a . _
dist lirn C
G [ ] & |
[ |
5- —
" | ly f istakes f lappi
| only rew mistakes rrom overiapping
5 ! classes -
3 - 0 n
" u L
2 - u |
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R
Extra Vergin Oliv Oil (EVOQ) Data set

» Recognition of the LIGURIAN products (PDO denomination) high added value from
other Italian and Foreign olive oils (typical Class Modeling Issue)

Data Array consists of: n x 1514 x 150 (samples x GC x MS)

ORIGIN Characteristics N° sample

All samples belong to the same PDO but
comes from two different areas both in the

LIGURIA Liguria region
APULIA Mixture of different variety. 25
FOREIGN
(Greece, Spain, Different zones 31
Tunisia)
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TOTAL ION CHROMATOGRAM
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Preprocessing
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EVOO Data set NSIMCA analysis

9

~°\0
.\Q. .
4,0& 1514 GC-signals
& > — _
'(\ / /13 Training 2 PRETREATMENT :
\ LIGURIA \ STes oo e Autoscaling within the third mode
é 17 Training » Centering across the first mode
E / . .
% FOREIGN \ * Block-scaling within the second mode
8 12 Test
=
L
/ 12 Training
\ APULIA
\|10 Test

@ random split in training and test sets for
each class

@ exploratory single class data analysis
(TUCKTEST) for choosing number of
factors to explore
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EVOO Data set

x10° MAOOEN OF CIASS= | FACTOrs= 10 3 o

NSIMCA analysis

»In this case D lim were much
worst

H/Qfit H/QCV 95 H/QfitAP H/Q CVAP Simcaorig SimcaCV
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LIGURIA H/QFit H/Q CV HI/QFitAP H/QCV AP
[10 9 8] S
SENS 92 (12/13) 85 100 92
SPEC 93 (27/29) 28 93 7
SENS test 89 (8/9) 100 89 100
SPECtest 82 (18/22) O 77

5 Untiea 1 B class1 SENS class1 SENS test
class1 SPEC B class1 SPEC test

SIMCA_orig SIMCA_origCV
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100
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R
EVOO Data set NSIMCA analysis
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Final remarks Perspective

» sampling is a more critical issue than limits criteria
» choice of dimensionality as low RMSECYV suboptimal with respect to
SENS/SPEC compromise

» empirical CV 95% promising considering it is simple
» there may be cases where fit performs better then CV and viceversa
Independently of the way limits are estimated

> test on more data sets and applications needed
» code needs some refinement, availability at www.life.model.dk

> implement a parameter analogous to the variable discriminant power,
for model interpretation

> test use of only a reference distribution for combined Q and D
» robust decomposition methods
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and your writing interesting papers that
Induced me more doubts than certainty
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@ Block-scaling within the second mode

&

w10

Pretreatment

e o

Selected regions for block-
scaling pretreatment

IV
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