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The context :
Expensive cost of data points that are oil spots used

to forecast crude oil production.

The aim 1s to build
e an effective nonlinear statistical model
based on

e an as small as possible training data set.

The tools :
e boosted PLS models,
constructed with an

e incremental selection of training samples.
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Boosted PLS regression

What is L, Boosting?
The training sample: {y;, z;}7,
ye€ R, z=(x',... 2P) € R’, centered,

to estimate F™* restricted to be of "additive” type,

M
F(@; {ampgm}jlw> — Z O‘mh<§7 Qm>a
m=1

that minimizes the expected L9 cost
E[C(y, F(z))] Cly,F)=(y—F)*/2.
e )M is the "dimension” of the additive model.

— cross-validation (CV) or generalized cross-validation (GCV)

e algorithm: repeated (M-1 times) least-squares fitting
of residuals (the pseudo-responses).

e the base learner h(z, #), a parametrical function of x

(generally used to capture nonlinearities and interactions).

N

/

Bootstrap selection of MAPLSS models: MTISD 2008-3



N

The PLS base learners: latent variables

— Usual Partial Least-Squares (PLS),

PLS belongs to the Lo-boosted methods, by the choice

P
be R, t=h(z0)=<0z>=) ¢,
j=1
where, cov(t,y) is maximum.

The linear fit depending on the dimension M
p
G§(M) = F(z, M) = /(M)
j=1

Denoting Y € IR™!, X € IR™P the training data
matrices, the PLS regression is summarized as
PLS(X,Y).

— PLS specificity: M — 1 successive deflations of X,
t is a linear compromise of pseudo-predictors.
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— Partial Least-Squares Splines(PLSS),
A predictor 2/ is transformed by a B-splines family
{B(z"),..., Bﬂj(a:j)}.
Denote B’ the n x r; centered coding matrix of the z/’s
sample.
B =[BY...|BY
is the super-coding matrix of the predictors. Then
PLSS(X,Y)= PLS(B,Y).
The PLSS base learner becomes
SRWLTIE VAT

1=1 k=1
The PLSS fit capturing the main effects addltlvely

-3 Y nBi)

j=1 k=1

7 M”@

s (27) is the "coordinate’ spline function of the influ-
ence of 7 on y.
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— Multivariate Additive PLS Splines (MAPLSS)

To capture bivariate interactions, MAPLSS incorporate
two by two tensor products of B-splines families.

The centered main effects + interactions coding ma-
trix:

B=[B'...|B"|...|Bi]|..]

where (7, 7') belongs to the set Z of accepted couples of
interactions

MAPLSS(X,Y) = PLS(B.Y)

t=h(z,0) =) > 6B

j=1 k=1

Y S 0 Bl B )

(e | k=1 i=1
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A latent variable ¢ becomes a sum of univariate and
bivariate spline functions

t—Zh CC] )+ Z h o x] :1}7

5.7 yez

The MAPLSS model is casted in the ANOVA type
decomposition
p
gM) =Y sh@) + > s (@)
(4, €T

J=1

>4 N\ J

— — )
main effects  bivariate interactions

The building model stage incorporates
e an automatic detection of Z (relevant interactions)

e the selection of M by using CV (or GCV) criterion.

~
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Incremental selection of training sets
Paradigm

The principle of the iterative design of experiments is
based on the maximisation of the variance of predic-
tion estimated on a set of points designated as candi-
dates.

This criterion finds its justification in the algorithms of
exchange used in the computation of optimal designs of
experiments ( ; ). For example,
in . the variance of prediction is
calculated by a committee of neuron networks.

Iterative algorithm

Step 0: A small training sample and a set of external candidates
REPEAT
Current Step

e Construct m MAPLSS models on bootstrapped training data,

and compute for each candidate the m predicted values.

e Incorporate the candidates of largest variance.
UNTIL the sequence of PRESS values stabilizes.

~
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The reservoir simulator data

The results of the adaptive design of experiments are
shown on the reservoir simulator data
based on 10 predictors to forecast oil production.

e Starting with 12 training data (step 0) that define the
range |—1, +1] of the predictors,

e The current step implements m = 10 bootstrapped
MAPLSS models

e b new data are added at the end.

The decision to stop for the final training set is based
on the stabilization of the PRESS (step 5, 37 observa-
tions).

Figure 1 displays the boxplots of 11 Predictive Error
Sum of Squares (PRESS) values computed, at each it-
eration, on the training set and on m = 10 bootstrapped
drawings.
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PRESS boxplots
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Figure 1: Boxplots of the PRESS values computed, at each
iteration, on the training set (red point) and on its bootstrapped
drawings.
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Figure 2: (Yhat,Y) plot of test data at each step. The five red points
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mark the candidates that will be accepted in the next training set.
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Figure 3: Ordered interactions detected by MAPLSS at each
step, interaction (1,4) is the most relevant.
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Figure 4: Retained MAPLSS model (step 5): first four main effects and

interactions plots, decreasingly ordered from left to right and up to down.
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Figure 5: Retained MAPLSS model (step 5): plots of main effects number
5 and 6.
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