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What is an Orthogonalization Filter?

Removes spectral patterns from data which
are "interfering" with signal of interest

The interfering species are historically called
"clutter" (backgrounds, noise, interferents)

Filters return spectra with features removed
Weighted subtraction of one or more vectors

"Soft" Orthogonalization is deweighting but
not outright complete subtraction
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Some Examples Using Orthogonalization Filters
(by Eigenvector)

In vivo Tissue identification with NIR probe
Cancer detection using in vivo fluorescence

ldentification of arthlesclerosis in artery walls
using NIR

Determination of hydroxide concentration in
high-concentration aqueous ion solutions
using Raman spectroscopy

ldentification of chemical species in remote
sensing
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PLSDA — Factor-based Classification

|Identify axes in multivariate-space which best separates two or
more classes.

T2

T2

= > Projection onto axis (predicted y)
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SOME Orthogonalization Filters

Method 1: Orthogonalization of Model

OSC — Orthogonal Signal Correction (woid et. al. 1998)
OPLS — Orthogonal PLS (Trygg, Wold 2002 , patented)

MOSC — Modified OSC (POSC - Feudale, Tan, S. Brown 2003)
CPSA - Constrained Principal Spectral Analysis

(J. Brown 1990, patented)

EPO — External Parameter Orthogonalization
(Roger, Chauchard, Bellon-Maurel 2003)

GLS — Generalized Least Squares
(Aitken 1935)

SBC — Science Based Calibration
(Marbach 2005, patented (?))

Method 2: Pre-selection of "clutter"
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Two General Approaches

Method 1: Orthogonalization of Model

Calibration

Spectra

PCA or PLS
Decomposition

Y-block

Scores & (Classes)

Loadings

Orthogonalize Filtered
To Y-block Spectra

Clutter
Loadings

Repeat for
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Components

Method 2: Pre-selection of "clutter"

Clutter
Spectra

PCA
Decomposition

Clutter
Loadings

Choose
Subset
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Pre-selection Methods...

CPSA - Constrained Principal Spectral Analysi?
(J. Brown 1990, patented)

EPO — External Parameter Orthogonalization

>

(Roger, Chauchard, Bellon-Maurel 2003)

—

e |[dentical
* Choose # of PCs

—~~
e GLS — Generalized Least Squares
(Aitken 1935) * Nearly Identical
e SBC - Science Based Calibration °S[z§|"gr;'x?'ge:tvzrues
(Marbach 2005, patented (?)) — &
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Choosing Components

Eigenvalues of Clutter

<— EPO/ CPSA
X; =X - XP,P,T

log(eigenvalues)

GLS / SBC
X = X - XPDPT

1 2 3 4 5 6 7 8 9 100 11
Principal Component Number

One adjustable parameter in each method
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Other Similar Pre-selection Filters...

e Extended Mixture Model (Extended Least
Squares) orthogonal filtering for Classical
Least Squares (CLS) models!

Target (Calibration) Spectra
c = xS(S'S)*

\

Pseudo-inverse is an
orthogonalization!

Equivalent to full-rank
EPO / CPSA model

Clutter Spectra
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Pre-selecting Clutter

Calibration /. Clutter
HOW tO gEt CIUtter? Spectra Spectra

Look at differences in samples oCA
which should otherwise be Decomposition
the same.

Clutter

In classification — all samples Loadings

within a class should
. Choose
nominally be the same! Subset

Use Calibration itself! m
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PCA Scores Before and After
GLS Filtering

Pre-Filtered Data - PCA scores

¢ uknown
.’ ® K
n Y m BL
0. v SH
A AN
m Ny .O
L
o Aa
4 4,0
Vvvv AAAAA
v AMR A
>
v 'S
Y%
¢
3 -2 1 1 2 3 4

15-

10 -

-10 -

-15 -

-20 -

-25 -

.30
-40

GLS Weighted Data - PCA scores

~
w
vvO N
A
° ¢ v A%A A
% v A A
3 Lot
.
©
¢ uknown 4
® K
= BL 8
v s 4
A AN o
-30 -20 -10 0 10 20 30

Data: X-ray Fluorescence — 10 metals, 75 samples

% EIGENVECTOR

L&A RESEARCH INCORPORATED



Clutter Within Classes
PCA of Olive Oil Spectra
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Mid IR spectra of oils (corn, olive, safflower, corn margarine)

Two classes: Corn-based and Not Corn-based —
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Mid-IR Absorbance Spectra
of Food-Grade Oils
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Determining Effect of Filtering
on Class Overlap

overlap = (p, + p,)/d

d = distance between class means
p, and p, = 95" percentile distance (95%
of class points fall inside this distance)

overlap
>1 when classes overlap

=1 when the 95 percentiles are touching
= 0.66 when classes are as far apart as the
average of the class sizes
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Cross-Validated Overlap

No filtering
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GLS Weighting

Separation : None, GLS Weighting (classes,alpha 10 2)
4.5 I I I I I I I I

Overlap
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Separation : None, GLS Weighting (classes,alpha 10 2.5)
4.5 I I I I I I I I

Overlap
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Separation : None, GLS Weighting (classes,alpha 10 3)
4.5 I I I I I I I I

Overlap
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Separation : None, GLS Weighting (classes,alpha 10 4)
4.5 I I I I I I I I

Overlap
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Modified OSC (Brown)

Separation : None, MOSC (1 components)
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Separation : None, MOSC (2 components)
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Separation : None, MOSC (3 components)
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Overlap

Separation : None, MOSC (4 components)
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Overlap

Separation : None, MOSC (5 components)

Latent Variables
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Overlap

Separation : None, MOSC (6 components)

Latent Variables
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Overlap

Separation : None, MOSC (7 components)

Latent Variables
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Separation : None, MOSC (8 components)
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Separation : None, MOSC (9 components)
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Separation : None, MOSC (10 components)
4.5 I I I I I I

Overlap

|
2 4 6 8 10 12 14 16 18 20
Latent Variables

% EIGENVECTOR

L&A RESEARCH INCORPORATED



Separation : None, MOSC (11 components)
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Separation : None, MOSC (12 components)
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Separation : None, MOSC (13 components)
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OPLS Filtering

Separation : None, OPLS (1 components)
4.5 I I I I I I

| |
2 4 6 8 10 12 14 16 18 20
Latent Variables

% EIGENVECTOR

L&A RESEARCH INCORPORATED



Separation : None, OPLS (2 components)
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Separation : None, OPLS (3 components)
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Latent Variables
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Separation : None, OPLS (4 components)
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Overlap

Separation : None, OPLS (5 components)
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Overlap

Separation : None, OPLS (6 components)
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Separation : None, OPLS (7 components)
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Separation : None, OPLS (8 components)
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Separation : None, OPLS (9 components)
4.5 I I I I I I
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Overlap

Separation : None, OPLS (10 components)

Latent Variables
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Overlap

Separation : None, OPLS (11 components)

Latent Variables
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Best Cross-Validated Filtering Results
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All Cross-Validated Filtering Results

0.4

NOTE: No single method did better than the best
unfiltered model!
Has been previously observed for OPLS — makes sense
for the other methods too!
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Predicted Y Values for Best Models

1.2

Not Corn

EPO Filter (classes,12 PCs)

GLS Weighting (classes,alpha 1072.5)
MOSC (10 components)

02L None

OPLS (10 components)

OSC (2 Components)
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Predicted Y Value
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All predictions are essentially identical (even noise!)
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1.

Why Exactly the Same?

Because...

All the information we've got is in the

calibration d
'GLS, SBC, C

ata (no external information)
PSA, EPO could do better if we

nad externa

(net analyte

information — noise levels]

_ittle overlap between clutter and "target"”

signal) so Soft vs. Hard methods

compare favorably.
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Regression Vectors for Best Models
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Conclusions

e Filtering methods are more similar than
published statements might have you believe

e Methods achieve similar results (albeit with
differing levels of "effort")

* Interpretation of filtered results can be
challenging — OPLS might give most

interpretable (although patented, OPLS can be

reproduced with a non-patented procedure recently
published)
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